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Workshop motivation

(Lectures at BioModLat “Modeling in systems biology and synthetic biology” —
Erasmus intensive programme, June 2013)

Constructing, analysing and applying models of
biochemical networks for

e prediction (systems biology) or
e design (synthetic biology),
is @ major challenge that can benefit from the application

of methods originating in computer science and software
engineering.
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Workshop Synopsis

Modelling framework

— Qualitative: Qualitative Petri nets

— Quantitative: Continuous Petri nets and Stochastic Petri nets.
— Colour

BioModel engineering

Modular modelling

Model checking

Synthetic biology

Case studies

Computational tools
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Materials

 people.brunel.ac.uk/~csstdrg/workshops/biomod2013/

 people.brunel.ac.uk/~csstdrg/workshops/biomod2013/papers/readinglist.html
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Bioinformatics, Systems Biology,
Synthetic Biology

Buthow do these o

work together?

www.HamovHotov.com

Build me a
better one!
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Systems biology

Formalising
YVEt|ab understanding
experiments

observed
/ behaviour
model

(knowledge)

natural
biosystem

predicted /
In-silico experiments:

model-based behaviour .
experiment design analysis
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Synthetic Biology

design construction
>

synthetic
biosystem

model
(blueprint)

desired
behaviour In-silico Wet-lab
\ experiments experiments
validation predicted
behaviour ) € observed
o behaviour
validation

o n Brunel
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FM for molecular biology

ordinary differential equation models
process calculi

state machines

process algebras

logics

constraints-based modeling

P-system

...directly executable specifications
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Engineering

The discipline, art and profession of

acquiring and applying technical, scientific, and
mathematical knowledge to

* design, and
* implement

materials, structures, machines, devices,
systems, and processes

that safely realize a desired objective or
Invention.
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...

dedare

vertical_veloc_sensor: float;

e 1996: the ﬁrst IaunCh Of the Ariane 5 horizontal_veloc_sensor: float;

vertical_veloc_bias: integer;

booster ended with a spectacular horizontal_veloc_bias: intogor:
crash off the coast of French Guiana. |
The cause was traced to a variable declore
pragma suppress(numeric_error, horizontal_veloe_bias):
overflow that affected software begin

running in both channels of its dual e ivertical_veloc_sensor);

sensor_get{horizontal_veloc_sensor);

redundant inertial reference system. [ SIEESEONSERASI g

horizontal_veloc_bias := integer{horizontol_veloc sensori

gxception

* 2005: European Space Agency's Bhen numeric_orror => colciiiALAEATN
Huygens probe successfully beamed e:d“_”“ jers => veaities ()
back only half of its image data. The | ¥}
other half was lost because of a

single missing line of code.

david.gilbert@brunel.ac.uk Systems & Synthetic Biology 14 UNIVERSITY
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Formal Methods for molecular biology

Classical, well-established approach of modeling biological processes using
continuous and stochastic differential equations,

Formal logical models advantages:

— Easy compositionality, which allows the generation and management of
large cellular models from a number of pre-defined and reliably
manipulated building blocks;

— model checking for the rigorous exploration of model consistency,
including the comprehensive exploration of state-space and the
identification of necessary additions to an existing system description;

— unambiguous visualization based on the strictly enforced syntax of the
modeling language.

Combination of formal logical models with continuous and stochastic
differential equation models, showing important relationships between the
two approaches and further expanding the expressivity of the resulting
models.
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Jasmin Paber (R4)

Formal Methods
~in Systems Biology

P e e S R
Caminrdge B hune 2008

P

~
A ﬁ;ﬂ.ng{r

Formal Methods in Systems
Biology Cambridge, UK,
2008,

Lecture Notes in Computer
Science / Lecture Notes in
Bioinformatics, Vol. 5054

david.gilbert@brunel.ac.uk

Marco Merrarde
Prerpacio Degano
Gualiig) Zavamaes (Kda)

Formal Methods
for Computational
Systems Biology

B b s s 2 tas o b WTad e T leay

Formal Methods for Computational
Systems Biology

8th International School on Formal
Methods for the Design of
Computer, Communication, and
Software Systems, Bertinoro, Italy,
2008

Lecture Notes in Computer
Science /

Programming and Software
EngineeringyMoin5@Lgnthetic Biology

Rainer Breitling David Gilbert
Monika Heiner Adelinde M. Uhrmacher
Guest Editors

Journal Subline

Transactions on

Computational
Systems Biology XII

Corrado Priami
Editor-in-Chief

LNBI 5945

Special Issue on Modeling Methodologies

[ @ Springer

Formal Methods in Molecular
Biology

Dagstuhl Seminar 09091
February 2009

Transactions on Computational
Systems Biology XII:

Special Issue on Modeling
Methodologies. Springer LNBI
5945 2010
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Formal Methods s for synthetic biology?

Formal description techniques
Formal languages

Model construction

Model checking

System design

System verification & validation

Brunel
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Validation &

S verification
* Validation — ‘You built the right product?’. (Quality controi)

— Product / system accomplishes its intended
requirements.

— But you didn’t tell me you wanted a red bus!

* Verification - ‘You built the product right?’. (Quality assurance)
— System complies with its specification

Possible for the product to produce the required
outcome, but not in accord with its specification.

(?)

david.gilbert@brunel.ac.uk Systems & Synthetic Biology 18 UNIVERSITY
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Current Synthetic Biology development cycle

Model construction

observations

Biosystem

validate

construct

verify

construct

david.gilbert@brunel.ac.uk

verify
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Model construction

Rs
(EN{]

3

RasGDP. |,,

Ras-ShcGS

13

RasGTP
GAP-

;/ \(Raf
14 | 16
Ras-GAP Ras-Raf
17
A/R ar\\

MEC e wiiep
<
Emnmxpp
R g
Component
library
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/—\
She ShcP.
W,kes 565%9
27
SheGS

|

Future vision

Desired
behaviour
S ]
observations
=
validate
construct
>
verify
Standard
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BioModel Engineering

* Takes place at the interface of computing science,
mathematics, engineering & biology.

* A systematic approach for designing, constructing and
analyzing computational models of biological systems.

* |[nspiration from efficient software engineering strategies.

* Not engineering biological systems per se, but
— describes their structure and behaviour,
— in particular at the level of intracellular molecular processes,
— using computational tools and techniques in a principled way.

Rainer Breitling, David Gilbert, Monika Heiner, Richard Orton (2008). A structured approach for the engineering of
biochemical network models, illustrated for signalling pathways. Briefings in Bioinformatics

David Gilbert, Rainer Breitling, Monika Heiner, and Robin Donaldson (2009). An introduction to BioModel Engineering,
illustrated for signal transduction pathways, 9th International Workshop, WMC 2008, Edinburgh, UK LNCS Volume 539,
ppl3-28

Rainer Breitling, Robin Donaldson, David Gilbert, Monika Heiner (2010): Biomodel Engineering - From Structure to
Behavior; : Trans. Comp Systems Biology XllI, Springer LNBI 5945, pp. 1-12

Monika Heiner and David Gilbert (2012): BioModel Engineering for Multiscale Systems Biology; Progress in Biophysics

and Molecular Biology. BI’Uﬂel
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A A

Biomodel engineering

Problem identification
Construction
Simulation

Analysis & interpretation

Management & development
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Biomodel engineering

1. Problem identification
2. Construction
3. Simulation

4. Analysis & interpretation

5. Management & development

Brunel
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07

Concentration (relative units)

Stated

— L L L L L L
10 20 30 40 50 60 70 80 90 100
Time (sec)

david.gilbert@brunel.ac.uk

Where

time(s)

to start?

output of pyo over time (1 cell)

4 6
output of pyo

Systems & Synthetic Biology
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We need 3
Framework!
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I
Molecules/Levels . .
orL LTt Qualitative ! :>I—>.
I
I
I

Time-free R

| |

id

| | _Ti’%ea’. | I A g WA\
Quantltatlve Monika Heiner

Markov chain Approximat'ion ODES
Molecules/Levels _ > . Concentrations
Stochastic rates StOCh aSt|C Cont| NUOUS Deterministic rates
CSL < LTLc
LW Approximation % = —k, x[A] \
t AN

DiscreteState Space Continuous State Space

Gilbert, Heiner and Lehrack. “"A Unifying Framework for Modelling and Analysing Biochemical

Pathways Using Petri Nets.” Proc CMSB 2007 B
runel
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Petri nets

A O Place i D Chemical reaction of the water formation:
: 2H, +0, ->2 H,0
Before switch of t: After switch of t:
Transition
o ) o,
/ Arc
E 2
™ Token : 2 H,0 o
: H2 [ ] H 2

Marking: numbers of tokens in places

MA Blatke, M Heiner, and W Marwan (2011), Tutorial - Petri Nets in Systems Biology.
Otto von Guericke University Magdeburg, Magdeburg Centre for Systems Biology

Brunel
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Petri nets

NADH
NAD* (9)_2 Z
2
iSOk
H20 2
®)0:
Firing

/2(@ NADH

AR
@Oz

Systems & Synthetic Biology 28
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Some biochemical reactions

@ ,
O
rl
B
complexation:
rl: A+B -—>C
© .

o (O)—»

r2

decomplexation:
r2: D -->E + F

t O— F—0O

r4

@

ré —DO

2 O

david.gilbert@brunel.ac.uk

N

(b) r3

e ol

r3_rev

reversible reaction:
r3: G <--> H

sequence:
- ’OK r4: T --> 1, r5: J -->K
rs
(e

o O—}—+O-
alternative: r8 concurrency:
ré: L --> M rg: 0 --> P
r7: L -=> N r9: Q --> R

Q ( }-——Ih ————Ib< ) R

r9
Systems & Synthetic Biology 29 Brunel
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Petri net demo!

simp

el

simp

el

simp

e3

H2

NADH

web animation

Systems & Synthetic Biology
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Petri net

A standard Petri net is a quadruple
N = (P, T, f, mO), where:

P, T are finite, non-empty, disjoint sets.
P is the set of places. T is the set of transitions.

f: ((PxT) U (T xP)) > NO defines the set of directed arcs,
weighted by non-negative integer

values.

mO: P - NO gives the initial marking.

Brunel
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Marking

m(p) - the number of tokens on place p in the marking m.

©)

©)

O O O O O

Place p is clean (empty, unmarked) in m if m(p) = 0, otherwise place p is
marked in m.

A set of places is called clean if all places are clean, otherwise the set is
marked.

The postset and preset ofanodex € P U T, is defined as:
Preset: ex:={yEP UT]|f(y,x)~0}

Postset: xe:={yEP UT]|f(x,y)=0}

For places and transitions, we get four types of sets:

ot - preplaces of transition t (reaction’s precursor)
te - postplaces of transition t (reaction’s products)
ep - pretransitions of place p (all producing reactions of a component)

pe - posttransitions of place p (all consuming reactions of a component)

Brunel
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Firing rule

Let N = (P, T, f, mO) be a Petri net:

o A transition is enabled in marking m, written as m
[t),if Vp € et: m(p) =T (p, t), else disabled.

o A transition t, which is enabled in m, may fire.
When t in m fires, a new marking m’ is reached,
written as m[t)m’, with Vp € P : m'(p) =

o m(p)-f(p,t)+f(t,p).

The firing happens atomically and does not
consume any time.

Brunel
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MA1: mass-action enzymatic reaction
a E

A———B

b FrA""EIA—5>E +B

k
A: substrate 2 E
B: product k1 \k3
E: enzyme C C)< *O
E|A complex A kZ/AlE B
d[f] = —k [A][E]+k,[4]| E]
d 6/[/1::]:_kl[A][E]+k3[A|E]+k3[A|E]
d[i’ll E)  f [ANE) - kLA | E1- k. [A| E]
"[f] = k[A|E]
a
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 34 UBNH\gE]SE!
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MA1:

A: substrate
B: product
E: enzyme
E|A complex

david.gilbert@brunel.ac.uk

mass-action enzymatic reaction

A—-—B

AME_ "AIE—5 B +E

ko
E
k1
A AE k3 B

k2
% =k x[A]x[E] +k,x[AIE]
d[f:llE]=+klx[A]x[E] ~k, x[AIE] ~k, x[A|E]
d[B
% _ +kyx[AIE]
% =~k x[AIX[E] +k,x[AIE] +k,x[A|E]

Systems & Synthetic Biology

35

Biochemistry

Petri net

Ordinary
Differential
Equations
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MA1 Petri net
N = (P, T,f,mO)

Set of places P = {Enzyme, Substrate, EnzymeSubstrateComplex, Product}

Set of transitions T = {Association, Dissociation, Synthesis}
Set of directed arcs: ((PxT) U (T x P)) is the combination of the following subsets

Places connected with (=) transitions:

(P x T ) = {Substrate x Association, Enzyme x Association, EnzymeSubstrateComplex x Dissociation,
EnzymeSubstrateComplex x Synthesis}

Transitions connected with (=) places:

(T x P ) = {Assoication x EnymeSubstrateComplex, Dissociation x Substrate, Dissociation x Product,
Synthesis x Product, Synthesis x Enzyme}

Initial Marking mO = {Enzyme = 1, Substrate = 1, EnymeSubstrateComplex = 0, Product = 0};
The amount of tokens must be expressed as an integer variable.

Brunel
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Petri net demo!

enzymatic reaction

Brunel

UNIVERSITY
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MA1: Mass action for enzymatic reaction

_klﬁ k
E+A ElA——F +B
-
k2
* A:substrate
B: product E
E: enzyme
E | A substrate-enzyme complex
K1
AJE

' E I E
k1 k2 AlE k3 MA1

Brunel
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MA2 model

AE_"AIE —b B |E_ "B +E

ko k5

O

A

Brunel

UNIVERSITY

L OND ON
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MA3 model

AE~ "AIE_ "B IE_ B +E

E

K'2
A : A|E BIE ]><g
k2 k'4 K'1
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 40 Brunel
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Multiple substrates

klAl k1A2
5 k3
A+ Ay + F Aq|E + Ay A|As|E — B+ By + E
k2 4, szz
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 41 UBN'I'\gE]Sﬁl
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Metabolic pathways vs Signalling Pathways

? enzyme_1
?enzyme_1 ?enzyme_Z (i)enzyme_B O— -(fenzyme_2
k1

O—> »(—>» »(—> () O—> »(fenzyme_B
k2

k1 k2 k3

O— —0

k3

demo

Brunel

UNIVERSITY

L OND ON
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What is a biochemical network model?

Raf-1* RKIP
-~
m2

Structure graph
QUALITATIVE
Kinetics (if you can) reaction rates
d[Raf1*]/dt = k1*m1*m2 + k2*m3 + k5*m4 QUANTITATIVE
k1 =0.53; k2 =0.0072; k5 =0.0315
Initial conditions marking , concentrations
[Raf1*],_,= 2 uMolar QUANTITATIVE
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 43 UBN'I'\g'R‘]Sﬁl
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The Raf-1/RKIP/ERK pathway

Raf-1%* RKIP

By

Brunel

UNIVERSITY

L OND ON
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ERK-PP

m9

m7

k8

Raf-1* RKIP

Raf-1*/RKIP

k3 k4

Raf-1*/RKIP/ERK-PP

ERK Systems & Synthetic BiologRKIP-P

k11

RKIP-P/RP

45 RP

Brunel
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dm3/dt =

ERK-PP

m9

m7

k8

m1l

Raf-1* RKIP

Raf-1*/RKIP

k3 k4

Raf-1*/RKIP/ERK-PP

ERK Systems & Synthetic BiologRKIP-P

k11

RKIP-P/RP

46 RP

Brunel
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Raf-1* RKIP

dm3/dt=+rl m1l
+r4
-r2
-r3

ERK-PP

Raf-1*/RKIP
m9

RKIP-P/RP

Raf-1*/RKIP/ERK-PP

m7

Brunel

UNIVERSITY
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Raf-1* RKIP

dm3/dt = + k1*m1*m2 ™!
+r4
-r2
-r3

ERK-PP

Raf-1*/RKIP
m9

RKIP-P/RP

Raf-1*/RKIP/ERK-PP

m7

Brunel

UNIVERSITY
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Raf-1* RKIP

dm3/dt =+ k1*m1*m2 ™1
+ k4*m4
- k2*m3
- k3*m3*m9

ERK-PP

Raf-1*/RKIP
m9

RKIP-P/RP

Raf-1*/RKIP/ERK-PP

m7

Brunel

UNIVERSITY
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Raf-1Star

Continuous to stochastic

First order reactions: The stochastic and deterministic

rate constants are equivalent

Second order reactions: fs is a scaling factor to map

the given mass in the continuous concentration onto a

finite number of levels (i.e tokens), with N being the

highest level number, i.e. fs = mass/N.

MEK-PP ERK RKIP-P RP
# reaction equation rate function v;  rate constant ¢
stochastic deterministic
rl sl+s2 — 83 c;-sl-s2 ¢l =cf c; =0.53
2 s3 — sl +s2 cy- 83 ch = c; =0.0072
3 s3+s9 — ¢4 c3- 83 - 59 ¢y =c3-f c3 = 0.625
r4 s4 — 83 +5s9 cy- 4 Ch =c4 cs = 0.00245
5 s4 — sl +s5+s6 cs 84 c'5 =Cs cs =0.0315
6 s5+s7 — s8 ce* S5 - s7 s = C6 * fs c6 =0.8
r7 s8 — 85 +5s7 c7- 88 c'7 =7 c7 = 0.0075
18 s8 — s7+5s9 cg- S8 cg = Cg cs =0.071
9 s6 +s10 — sll cy- 86 - s10 Co =C9 - fs co =0.92
r10 sll — s6+sl10 cio- s11 CllO =C10 c10 = 0.00122
rll sll — s2+sl10 ¢y sll C'“=6‘11 c11 =0.87
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 50
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Petri net demo!

Enzymatic reactions

* MA1 (qualitative)
e MA1 (continuous)
e MAI1 (stochastic)

 RKIP (continuous)
e RKIP (stochastic)

Brunel

UNIVERSITY
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Modules modelling:

Cell signalling

Brunel
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* Construct topology

e  Check literature

Construction

Define all the proteins/molecules involved
Define the reactions they are involved in
Where do you draw the model boundary line?

What is known about the pathway and proteins? MEK-PP
What evidence is there that protein A binds directly to protein B?

Protein C also binds directly to protein B: does it compete with protein A or do they bind to
protein B at different sites?

Trust & Conflicts: it is important to recognize which evidence to trust and which to discard
(talk to the people in the wet lab)

* Simplifying assumptions

david.gilb
ert@brun
el.ac.uk

Many biological processes are very complex and not fully understood
Therefore, developing a model often involves making simplifying assumptions
For example, the activation of Raf by Ras is very complicated and not fully understood but it
is often modelled as:
* Raf + Ras-GTP = Raf/Ras-GTP -> Raf-x + Ras-GTP
Although this is a simplification, it is able to explain the observed data

Brunel

o >3 UNIVERSITY
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MAPK Pathway

 Responds to wide range of stimuli:
cytokines, growth factors,
neurotransmitters, cellular stress and
cell adherence,...

STIMULUS
* Pivotal role in many key cellular
processes: /\
— growth control in all its variations, MKKK P-MKKK

— cell differentiation and survival

— cellular adaptation to chemical and %

physical stress.

MKK P-MKK
* Deregulated in various diseases: cance
immunological, inflammatory and \//\
degenerative syndromes, MAPK P-MAPK

* Represents an important drug target. \_/

Gilbert et al (2006) Computational methodologies for modelling, analysis and simulation
of signalling networks, Briefings in Bioinformatics 2006

david.gil
bert@br BI"U nel
unel.ac. UNIVERSITY
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Phosphorylation - dephosphorylation step
Mass action

* R:unphosphorylated form S
* R,:phosphorylated form
e S:kinase \

 P:phosphotase

R[S unphosphorylated+kinase complex R /\ R
 R|P unphosphorylated+phosphotase complex \/

ReS — RIS —sR 4§ |

ko

p

kry A
R IP R, +P

kry

R+P <

Breitling, Gilbert, Heiner & Orton “A structured approach for the engineering of biochemical models, illustrated for signalling pathways”. Briefings in Bioianﬁﬁl
UNIVERSITY
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Phosphorylation - dephosphorylation step
Mass action model 1

* R:unphosphorylated form S
* R,:phosphorylated form
e S:kinase \

 P:phosphotase

* R|S unphosphorylated+kinase complex R /\ R
 R|P unphosphorylated+phosphotase complex \/

ReS ~ RIS —L >Rp+S |

ko P

R4P <= R, P~ R +P

— > P

Breitling, Gilbert, Heiner, Orton. A structured approach for the engineering of biochemical network models, illustrated for signallierathways. I

Briefings.in Bioinformatics, 2008
UNIVERSITY

L OND ON



Composition
Vertical & horizontal

2-stage cascade

‘ >
RR ~_ _~ RR, 1-stage cascade
I double phosphorylation step
P,
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 57 UBN'I'\%'R‘]Sﬁl
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Composition
Vertical & horizontal

2-stage cascade /\ P
RR ~_ _~ RR, 1-stage cascade
I double phosphorylation step
P,
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 58 UBNH%E]SE!
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Phosphorylation cascade + feedback

[t o5, 15
S1

Ree  _— R
L
Pl
RR

Overall effect RRV\_/ P
Positive feedback ]

P,

Overall effect
Negative feedback

RR +P__RR | P,

R+RR IP__R|RR |RL——>RR |P +R

david.gilbert@brunel.ac.uk

Overall effect
Positive feedback

Systems & Synthetic Biology

RR +S,RR 15,

R+RR IS__RIRR1S,—>RR IS+ R,

a

Overall effect
Negative feedback

=

. Brunel

UNIVERSITY
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Phosphorylation cascade, negative feedback.
Inhibitor on 2nd stage

RRR +S§, RRR LS,

ReS_TRIS—5—R,+5, Tl
R+P<“—R IP” R +P,
) 7

R R
RR+R,iRRIR —"k*—>RR,+RP S~ °
RR+ P,<"“—RR, IP,”__RR,+P, l

R
RRR + RR TRRRIRR — > RRR, +RR, RR ~_ - RR,  —
RRR+ P,<““—RRR,|P___RRR,+P, 1 /\ 1
U|RR ~___~ UIRR,

U+RR _ "UIRR :

P
[ /\
k

U+RRpiUIRRp RRR ~_ _~ RRR,
UIRR +R, “ — ~ UIRR IR, —3—>UIRR +R,
UIRR+ P, <% _UIRR AP UIRR + P,
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Petri net demo!

e 3 stage cascade (no dephosphorylation)

e 3 stage cascade

e 3 stage cascade + negative feedback
e Kholodenko model (continuous)
e Kholodenko model (stochastic)

e 3 stage cascade + negative feedback + inhibitor

david.gilbert@brunel.ac.uk Systems & Synthetic Biology 6
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Negative Feedback Amplifier

- In practice
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ERK cascade well known biological amplifier

* Amplifies the original signal to create effective cellular responses.

e 1:3:5 are the approximate ratios of Raf-1, MEK and ERK in fibroblasts.

* Well known negative feedback loop:

phosphorylation of SOS by ERK-PP (via Negative feedback
MAPKAP1) resulting in the dissociation [Ere -
of the Grb2/SOS complex. /v
[MEK |<: ERK
N
 New negative feedback loop: 1 1 ;. o
ERK-PP phosphorylates Raf-1 resulting [Recepor} {505 |—+[Fes |—[raf 1} —{mex [ [erk | 5
in a hyper-phosphorylated inactive form Input \ &
of Raf
(Dougherty et al. 2005) /.

ek [So[r ]
N
Amplifier

Dougherty et al. (2005), Regulation of Raf-1 by Direct Feedback Phosphorylation, Molecular Cell 17 215-224 Brunel
UNIVERSITY
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Negative Feedback Amplifier

Standard Amplifier Negative Feedback Amplifier

u +

e R
—~0— 2 I—=0— "O—la —0—=

y=Uu*A F

Negative feedback amplifier from electronics
Amplifier with a negative feedback loop from the output of the amplifier to its input.

NF loop = a system much more robust to disturbances in the amplifier.

NFA was invented in 1927 by Harold Black of Western Electric.
Originally used for reducing distortion in long distance telephone lines.

NFA a key electrical component used in a wide variety of applications

Brunel
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C)

D)
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The negative feedback imparts
signalling robustness

Standard Amplifier

S o—{&xt+—o-L

y=A*u

Sudden drop in
Amplifier (A) gain

Output (y)

Time
david.gilbert@brunel.ac.uk

Negative Feedback Amplifier

u o+ + y
40 LA | @)

y=A*u/(1+A*F)

Sudden drop in
Amplifier (A) gain

T 4 Ay Output
|/

=
E v
o
5 {
o
Time |
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How to test if the ERK pathway is a NFA?

Generate input:

Stimulate with GF \

Ras-GTP
Raf-1 <
Remove negative
i feedback
3 /
\ 4 O
<))
MEK1/2 Y
“Disturb the Amplifier”: S
Use a MEK inhibitior, such -]
as U0126 o126 |— 2
A
\ 4
ERK1/2
Measure signal output: _—
i.e. ERK phosphorylation B I
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 67 UN'I'\‘/.g'R‘]SﬁY
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Hypothesis: Breaking the feedback should sensitise the
ERK pathway to MEK-inhibitor

Feedback intact

Ras-GTP

Raf-1

A

uo0126

ERK1/2

»1 Negative Feedback

david.gilbert@brunel.ac.uk

A
¢
24 %
I-IIJ %
o s
N %
a .
8 ‘_
i o “‘.
a | e
MEK inhibitor

Systems & Synthetic Biology

Feedback removed

Ras-GTP

Raf-1

Uo0126

ERK1/2
—Bljunel
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How to test if the ERK pathway is a NFA?

Strategy
In vivo system that allows us Computational Model of
to compare feedback broken ERK pathway with/without
to feedback intact model. feedback

Brunel
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Schoeberl et al. (2002), Computational modeling of the dynamics of the MAP kinase cascade ac
durface and internalized EGF receptors, Nature Biotechnology 20, 370-375

Computational Modeling 1:

Build the model

Non-linear ordinary differential
equations (ODE's).

ODE's were solved using Math Lab
and Gepasi.

Models are based on the Schoeberl et
al. (2002) model

Mass Action Kinetics instead of
Michaelis Menten

Kinetic parameters are from
literature, previous models and
"guesstimates”

ert@ run

el.ac.uk
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The experimental systems

Negative feedback One feedback loop Both feedback loops
loops intact eliminated by eliminated by BXB-ER
constitutively active (4-OHT regulatable
EGFR RasV12 mutant Raf-1 mutant)

i — 4557W EGFR inhibitor

S0S ¢t

R£s RasV12 4-OHT
—> Raf —> Raf BXB-ER
MEK MEK MEK
ll_ MEK
u0126 | F—vo1z6 |Fu0126  Giitor
ERK ERK ERK
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Ablation of feedback by BXBER decreases
robustness to MEK-inhibitor U0126

Computer Simulation

EGFR

|— 4s57W

v "
. Sos 0000 £ ]
—e— Feedback Intact; 4557W

—a— Feedback Intact; UD126

14000000

= 10000000 ¥ —
v o —— Feedback Broken: UD126
=
Ras-GTP &
< 5000000
B
»
)
f, 6000000
Raf-1 < bt
= 4000000

U m
v
9, X ,Q q & Q G & WX Q
ERK1/2 FLIELFPELFFISFEFF LI ESE L
Feedback Broken Initial [RasGTP] (decreasing) representing Initial [4557W] (increasing) or Initial [U0126] 5
o o {increasing) I
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 72 2

unNIveErDITY
LOND O N



Ablation of feedback by BXBER decreases
robustness to MEK-inhibitor U0126

Experiment
4HT v
1.2
| 5\ ——Feedback Intact: EGF, U0126
<
BXB-ER \S —#- Feedback broken: BXBER, 4HT, U0126
g 0.8 1 \ —4— Fedback Intact: EGF, 4557W
o
K —
[=-3
2 0.6
L
} 3 \
&
MEK1/2 lt: 0.4
2
‘_6 l
— vo12e6 <, LN
L 4 W %\
ERK1I2 0 T T T T T T T T T 1
0 10 20 30 40 50 60 70 80 90 100
Inhibitor/[mM]
Feedback Broken
L . i1 VI Icl
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Figure 3

(A) Model prediction (B) Biochemical validation

B)
14X108 14
12X10 1.2
10X10 +EGF +increasing 4557W 14 { +EGF +increasing 4557W
i }
« 8X109 | | < 0.8 |
‘S 6X10 [ECF +increasing 0126 5 0671 +EGF +increasing U0126
4X108 041}
2X109|  +4HT +increasing U0126 021 yeilTyrncreasing LA120 |
O T T T T T T T i| ? T
uo1z6 0 X106 10X10°  15X106 20X106 25X106 V0126 0 5 10 20 30 40 50 uM
Ras-GTP 5350 4280 3210 2140 1070 0 4557TW 0 5 10 20 30 40 50 uM
_ _
Inhibitor concentrations Inhibitor concentrations
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Model checking

Brunel

UNIVERSITY

L OND ON

david.gilbert@brunel.ac.uk Systems & Synthetic Biology 75



I
Molecules/Levels : .
OTLLTL Qualitative ! :>I—>.
I
I
I

Time-free D \
L= 5
ol T Rl “\063 ------
Quantitative \*
?

Concentrations
Deterministic rates

Continuous LTLc

Molecul “o
Stochas

d[A] a
—= =kxlAl |

s Approximation

——— DiscreteState Space Continuous State Space

Gilbert, Heiner and Lehrack. A Unifying Framework for Modelling and Analysing Biochemical

Pathways Using Petri Nets.” Proc CMSB 2007 B
runel
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Model Checking

In a sentence:

*  “Formally check whether a model of a biochemical system does what we
want”

Components:
e A model
— the current description of a biochemical system of interest

* A property
— a property which we think the system should have

* A model checker
— a program to test whether the model has the property

Brunel

UNIVERSITY
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To formally express time properties we use
a temporal logic

"l am hungry.”

"I am always hungry", "I will eventually be hungry",

"I will be hungry until | eat something”.

Linear time logics restricted to single time line.

Branching logics can reason about multiple time lines.
“There is a possibility that | will stay hungry forever.”

“There is a possibility that eventually | am no longer hungry.”

Various logics :
— Computational Tree Logic (CTL)
— Continuous Stochastic Logic (CSL)
— Linear-time Temporal Logic (LTL)

each with different expressivity. B |
rune
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Model Checking
Biochemical Pathways

Property

Eg, “Order of peaks is; RafP, \
MEKPP, ERKPP
, Yes/no or
Model Checker |[—

probability
Pathway Model /

Formalising

Yvetlab understanding
experiments observed
behaviour
natural model
biosystem (knowledge)

\ predicted /
model-based behaviour analysi
runel

experiment design
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Why model check in
Synthetic Biology?

Biologists will often talk in qualitative or semi-quantitative
language (trends).

— “this protein peaks after 5 minutes, then falls
to half concentration”

— Often quite certain about time, _
— But not about concentrations _

0 10 20 40 80min

Part of model design process, validate the model
conforms to the observed data.

Brunel
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Properties...

Examples:

* After 100 seconds the concentration of Proteinl is stable
* Proteinl peaks and falls

* Proteinl peaks and stays constant

* Proteinl peaks before Protein2

* Proteinl oscillates 4 times in 5,000 seconds

 Molecules of Protein2 are required for molecules of Proteinl
to be created

Brunel
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Analytical vs Simulative
. anaiviat Model Checking

— Exact probabilities & prove properties

— A model state is an association of #molecules/levels to each of the species
* Proteinl has 10 molecules & Protein2 has 20 molecules

— Analytical assesses every state that the model can be in (reachable states)

— State space can grow even worse than exponentially with increasing molecules, or
even be infinite!

— Stochastic model checking with even as little as 12 molecules/levels can be
impossible with today’s technology

* Simulative:
— Instead of analysing the constructed state space, analyse simulation outputs
— Simulate the model X times and check these simulations
— Simulation run = finite path through the state space
— Can’t prove probabilities

Brunel
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Simulative Model Checking

* In-line: check the observations as they arrive

— Requires complex computational machinery: ‘combine’
simulator & model checker

— Good for biochemical observations
— Don’t always need to finish the experimental run

e Off-line: check the observations after all have been
generated

— Easier to implement computationally (simulate then
check)

— Need to always define when to ‘stop’ generating
observations
Brunel
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Simulation-based Model Checking
Biochemical Pathways

Property
Eg, “Order of peaks is
RafP, MEKPP, ERKPP”

"\

Time series data

Behaviour Checker

RN

Model Lab

david.gilbert@brunel.ac.uk

construchon

de5|gn
model
l verification

desired
behaviour \

validation predlCtEd
behawour
validation

Systems & Synthetic Biology

Yes/no or
probability
synthetlc
b|osystem
observed
behawour
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MC2: Monte Carlo Model Checker

* Offline Monte Carlo Model Checker for PLTLc properties.
* Operates on a finite set of simulations — simulative approach

* Typically, many stochastic simulations to approximate probabilities

— Approximate probability = fraction of simulations which satisfy the property over
the #simulations

* Monte Carlo approximation — 2 approximations made:
— finite number of simulations
— Simulations of finite length

Brunel
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(P)LTL Linear Temporal Logic

G(d) :o always happens
F(d): d happens at some time
X(p) :d happensinthe next time point

¢, Ud, : d, happens until ¢, happens

* Protein stability:

P_, [ time >=100 -> ([Protein] >= 4 ” [Protein] <=6) ]

* Protein concentration rises to a maximum value and then remains constant:

P_, [ (d[Protein] >0) U ( G([Protein] >= 0.99*max[Protein]) ) ]

Brunel
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MC2 with ODE Output

P, F(X>5) ]

=>P =1

david.gilb Brunel
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MC2 with Gillespie Output

Pl F(X>5) ]

=> P = 4/6

Brunel
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MEKPP and ERKPP remain at 0?”

Stochastic Analysis

Check the property S2:
“What is the probability that RafP will reach concentration X while

P_, [ (MEKPP =0~ ERKPP = 0) U (RafP > X)
{RafP = 0 A MEKPP = 0 A ERKPP = 0} ]

0.8

0.6

Probability

0.4

0.2

- 4levels (scaled} —i—
8 Ievels 44444 x 44444

4 LEVELS : 4 HOURS
8 LEVELS : 24 HOURS

16 LEVELS: ??

David Gilbert, Monika Heiner and Sebastian Lehrack (2007). A Unifying Framework for

Modelling and Analysing Biochemical Pathways Using Petri Nets. Proc CMSB 2007
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Checking the property at varying levels

Probability

Probability

4 Molecules

40 Molecules

D - ==
— T~ —— Deterministic — " —— Deterministic
o ",g - —- Stochastic o \\ - —- Stochastic
L \\ -~ L] -.l
o N = w .
l:i ] \\ _5 l:l - l'.
AN [\ai 1
-q: _ \\ R -q: _ '-'.
(] ~ 8 o 1
o Y a o %
= . =1 :
\\ “
= T~ = N
= T T T T T = T T T T T
0 1 2 3 4 0 10 20 30 40
Level Level
400 Molecules 4,000 Molecules
S S ey =
A Y — Deterministic A \ — Deterministic
o | ' ——- Stochastic o || - —- Stochastic
w _|| ! = w ||
o . e o .
1 [\ :
-t ! ] - .
[ T : 8 o '
o= 1 [ T !
1 L
= s =T I
= T T T T T = T T T T T
0 100 200 300 400 0 1000 2000 3000 4000

Monika Heiner, David Gilbert, and Robin Donaldson (2008), Petri Nets for Systems and Synthetic Biology. In M Bernardo,

P Degano, and G Zavattaro (Eds.): Formal Methods for Systems Biology SFM 2008, Springer LNCS 5016
david.gllbert@brunel.ac.uk
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Model searching

Peaks at least once

(rises then falls below 50% max concentration)

P._,[ ErkPP <=0.50*max(ErkPP) A d(ErkPP) >0 U ( ErkPP = max(ErkPP) A
F( ErkPP <= 0.50*max(ErkPP) ) ) ]

Brown

*  Brown

4e+5
|

*  Kholodenko
* Schoeberl

Concentration
2e+05
1

Oe+00
|

T T T T T
20 30 40 50 60

o
o

Rises and remains constant

Time

(99% max concentration) Levehenko

P._,[ErkPP <= 0.50*max(ErkPP) A ( d(ErkPP) >0 ) U ( G(ErkPP >=
0.99*max(ErkPP)) ) ]

e Levchenko

Concentration

0.0000 0.0005 0.0010 0.0015

T T T T T
100 200 300 400 500

o

Oscillates at least 4 times
P>=1[ F( d(ErkPP) > 0 A F( d(ErkPP) < 0 A )) ]

e Kholodenko

Time

david.gilbert@brunel.ac.uk Systems & Synthetic Biology

Concentration

Concentration

Oe+00  4e+06  Be+lB

150 250

50

i

Schoeberl

T T T T T T T
500 1000 1500 2000 2500 3000 3500

Time

Kholodenko

| | | 1 I |

T T T T T
1000 2000 3000 4000 5000

Time
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Qualitative to quantitative
descriptions in PLTL

Qualitative:

Protein rises then falls
P=? [ ( d(Protein) >0 ) U ( G( d(Protein)<0) )]

Semi-qualitative:
Protein rises then falls to less than 50% of peak concentration
P=? [ ( d(Protein) >0) U ( G( d(Protein) <0) A F ([Protein] < 0.5 * max[Protein] ) ) ]

Semi-quantitative:
Protein rises then falls to less than 50% of peak concentration by 60 minutes
P=? [ ( d(Protein) >0) U ( G( d(Protein)<0) A F(time =60 A Protein < 0.5 * max(Protein) ) ) ]

Quantitative:

Protein rises then falls to less than 100uMol by 60 minutes
P=? [ (d(Protein) >0) U ( G( d(Protein)<0) A F(time =60 A Protein<100))]

Brunel
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Model checking demo

e Queries — deterministic

e Queries - stochastic

* Deterministic model checking

e Stochastic model checking:w

Brunel
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So - Synthetic Biology

design construction
>

synthetic
biosystem

model
(blueprint)

desired
behaviour In-silico Wet-lab
\ experiments experiments
validation predicted
behaviour ) € observed
o behaviour
validation

o n Brunel
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Current Synthetic Biology development cycle

Model construction

observations

Biosystem

validate

construct

verify

construct

david.gilbert@brunel.ac.uk

verify
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Our future vision

Desired

Model construction benaviour

|/
08/

behaviour

= observations
LQ:\. —

LT validate

/—\
She SheP.
\@/,,l,es <5GSPE>
27
SheGs

RasGOR. |, \
e construct

13

RasGTP
GAP-

}/ \{Raf
14 | 16
Ras-GAP Ras-Raf | .,
17 <
Raf*

‘. verify

19N
MEK  MEKP  MEKPP
<

728 25
ERK - BRip - ERKPP
N2~

LR
Component
library Standard Brunel
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Synthetic biology compilation

* From behaviour to gene sequence...

Brunel
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Automated construction of
Models / Designs

Given some target behaviour of desired system
Build model (from scratch or a suitable skeleton):
* Topology (hard!)

* Rates (easier)

Brunel
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Topologies

Approaches — no knowledge of connectivities or
complexes

* Piece-wise (bottom-up)
— Template patterns from library

e (Large) Network based

— Generate random possible networks, then mutate
towards target behaviour

Brunel
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Hybrid Optimization of Topology and Kinetic Rates
based on Evolution Strategy(ES) and Simulated Annealing(SA)

|

Mutate
Topology

SA
Platform

[

Mutate
Rates
Sto
david.gi ic Bi P Brune|
.gilbert@brunel.ac.uk Systems & Synthetic Biology 140 UNIVERSITY
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Biochemical Models
Construction Based on Reuse of Components

Zujian Wu
A Big picture of building pathways for desired behaviour
ims:
» To achieve the target-driven Target System Constructed Models Library of Model
; ) ] ( Model or Biosystem) T Components
construction of biochemical models by e

reference to their desired behaviours Build models

» To address the construction problem by
+* building a library for storing
reliable biochemical functional
submodels (as components) / Modify the topology of
s intelligently selecting, combining »  model based on FitFun
and mutating these submodels to FitFun=f(\/§([PGT]i_[PTT]i)2)

generate complex systems

Generate behaviour

Methods: 6 Concentration 6 Concentration
» Petri Nets: Components & Model 4 - 4__
> Simula'ted Annealir.lg: Kinetic rates 7 Minimize the distance by 2 =
» Evolutionary Algorithms: Topology FitFun = Euclidean Distance
0 0
1 Time 10 30 5 '
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Evolution Strategy — Topology Optimization

ANl
| |

Indm

1 .v_.\.v-:v
10 e B
s B->B--E-
- B~ -~
~B--B--0--E
||v- |v-||v

Ind1
Ind1

G1:
Gn

Brunel
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Genetic operators

* Addition — composing component to an existing network
e Subtraction — removing component from an existing network
e Cross Over — recombining two networks by ‘cut and splice’

(a) Addition (b) Subtraction (c) Cross Over
F T
| |
| C3 Cc7
| C6 l
1 | I ~ |
| I S o |
| ~ - |
| : 4 & ;
|
L o ©3 Cl o 1
L 8 b ;
|
! :
X Brunkl
&stgms_&}ynﬁhe_ﬁc_Bio@gL _________ 103 —l:l-NrI-‘}‘JE'R‘]SI?Y




Basic building block patterns

E
T1
k1 B
1O
A T3
k2 A|E
T2
P1 P1
O\ P3
E]—O O
C/Tl P3 T2
P2
P2
P1
o
P3 r \‘Opz'
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Addition

Component Ca is added to model M without modification Component Ca is modified by replacing labels and added to model M

P Pz

(O -

Prn

o
O & =
Ca P1

P3 P2

Ln # L and P is a complex L # Laand Pm is not a complex
Pm1

Creation of a new component Ca’ by P3 and Pm
Replacement of labels in Ca by the species in M

Brunel
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Subtraction

Component Cm is removed directly from the model M

Pl P2 PC4>
\ / \ / im0
- D 2 D deleted with arcs -> DTI
. '
O O O O

O\ /Opz NO\ /O O\ /9\ /S\D/O

O
o \“?;/ )j_.o
Q\D/O\D/O \.D/ . A

Corr

Transition T1 is deleted with arcs.
Two components are created.
Transitions T2 and T3 are added.

Removal of Cm and linkages of isolated components

Brunel
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Crossover

Cut and splice:

Children

o I

Brunel
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Simulated Annealing — Kinetic Rates Optimization

|
| Afixed topology | _)m; {k1,k2,k3,....kn}
: + =1~

| L
| A set of kinetic rates ' :

v

Mutate rates by Gaussian distribution

{k1,k2,k3,... kn} -> {k1’,k2’ k3’,....kn’}

uation & ; The fixed topology
Evaluation & Acceptance —_— D> +

|
|
|
I
I
I
I
|
|
|
|
I
I
I
I
|
|
|
|
: A set of optimized rates :
I

ES platform _ EA_plat;fo_rm_ ___________ I

I |
e Brunel
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Kinetic rates optimization based on simulated annealing

Algorithm KROSA

A A A

10:
11:
12:
13:
14:
15:
16: end while

Require: Ty, 7)., CoolingRate, My, N, M and Kt‘\;qb (M)
Ensure: K(M)

1: while TO > Tmi'n do

2:

while N # 0 do
KX, (M) + Modify(K .Yy, (M), N (i, 0));
A C=Cost(K Y, (M)")-Cost(K;Y, (M));
if AC < 0 then
KLy (M) « KLy (M)
else
if exp(—(AC/T)) > Random(0, 1) then
K (M) + KLy (M)
end if
end if
N« (N —-1);
end while
Reset N
Ty + (CoolingRate x Tp)

david.gilbert@brunel.ac.uk Systems & Synthetic Biology 109
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Approaching the target behaviour

Iterations / topologies Behaviour

Distance

5 —
45 -
\/ Euclidean

4 I distance

TN

i
By

2 \/
| —Target

——G@Generated

O

o G =

10 20 30 40 50 60 70 80

Wou, Gao & Gilbert. CMSB 2010, Published by the Iteration
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Case Study 1 : RKIP Pathway

Reference:
[1] Cho et al. (2003) Mathematical modeling of the influence of RKIP on the ERK signaling pathway.

[2] Calder et al. (2004) Modelling the influence of RKIP on the ERK signalling pathway using the stochastic process algebra PEPA
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Raf-1Star

MEK-PP ERK

Concentration

Populations of solutions

RKIP

0 |
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Time(s)
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Ind2 Ind15 Ind28 Ind41
Ind3 Ind16 - Ind2g Ind42
Ind4 Ind17 Ind30 - Ind43
Ind5 Ind18 Ind31 Indd4
Indé Ind19 Ind32 Ind45
Ind7 Ind20 Ind33 Ind46
Ind8 Ind21 Ind34 - Ind47
Indg Ind22 Ind35 Ind48
Ind10 Ind23 Ind36 Ind49
Ind11 Ind24 Ind37 Inds0
Ind12 Ind25 Ind38 Target RKIP
Ind13 Ind26 Ind33
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Concentration

Concentration
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Ind29 Ind41
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Ind31 Ind43
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Concentration
(5]
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1
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Compression and Percentage
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Rai-1Star RKIP
& O
[ |2
ERK-PP
., —1 . Ra—1Star_RKIF

\

r8 . r4

MEK-PP ERK

. r3

Raf-1Star IP ERK-PP

- r? rﬁ

MEK-PP FRK RKIP-P
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Target RKIP Pathway
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[l]i

RKIP-P RP

I'9 . ro

O

RP
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Model Information:

Continuous places: 11
Continuous transitions: 11
Parameters(Reactions): 11
Edges(Arcs): 34

C , \Intersection)|
Jompression =
P Maz(|Target|, |Generated|)
|Intersection| is the number of common

(matched) arcs between generated and target
models;

| Target|
pathway;

is the number of arcs in target

| Generated| is the number of arcs in generated
model.

.. Brunel
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Goodness of generated topology

‘Small(er) is Beautiful’?

 Compression: matched ‘arcs’ in target and generated (normalised 0..1)

Generated

af-1*/RKIP

Matched arcs:

, | Target N Generated|
Compression, =
MaxQTarget : Generated‘)
= 0 =0.176
Max(34,6)
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 118 UBNllﬁ\gE]Sﬁl

L OND ON



One Generated Model

Model Information:

Continuous places: 14
Continuous transitions: 13
Parameters(Reactions): 14
Edges(Arcs): 39

Matched arcs(in RED colour): 17

Compression = 17/Max(34, 39)
ERK_MERFP = 17/ 39
=0.44

REIPP_RP
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Comparison between Generated and Target Models
| ntities | Topologyryge | Topologyen

Rafl v ) )
RKIP v
Raf1|RKIP

— Raf1|RKIP | ERKPP

ERK

Entities in
target RKIP

RKIPP — | pathway

MEKPP

MEKPP | ERK ey .
Entities in
generated
— | RKIP

pathway

ERKPP

<L L <L L L <L

RP

mmmmm)  RKIPP|RP B

ERKPP|Rafl

<L < < < < L < Lo L <

RKIPP |Rafl
ERK | Rafl
ERKPP | MEKPP
RKIPP | MEKPP
RKIPP |Rafl
ERK|RP
RKIP|RP

< L <L L <L L L L <L

ERKPP|RP
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Case Study 2 : Levchenko2000

Reference:

[1] Andre Levchenko et al. (2000) Scaffold proteins may biphasically affect the levels of mitogen-activated protein kinase signaling and
reduce its threshold properties

RasGTP I
 —

Raf1 Raf1P

| P'tase1 I

Mek MekP MekPP
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Genetic programming — Simulated
annealing

GENETIC
< INPUT ) N {PROGRAMMING} JE— ( OUTPUT )

||

SIMULATED
ANNEALING
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GP-SA integration
i

GP iteration

Brunel
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GP elements

e Solution representation
* Fitness function
* Genetic operators (mutation and crossover)
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Solution representation

* a network of reactions together with their
kinetic rates.

Input species set Output species set Kinetic rates
{Raf1*, RKIP} {Raf1*_RKIP} rl kinetic rate
{Raf1*_RKIP} {Raf1*, RKIP} r2 kinetic rate

{ERK-PP, Raf1*_RKIP}  {Rafl*_RKIP_ERK-PP}

r3 kinetic rate

{Raf1*_RKIP_ERK-PP} {ERK-PP, Rafl*_RKIP}

r4 kinetic rate

{Raf1*_RKIP_ERK-PP} {Rafl*, RKIP-PP, ERK}

r5 kinetic rate

{MEK-PP, ERK} {MEK-PP_ERK} r6 kinetic rate

{MEK-PP_ERK} {MEK-PP, ERK} r7 kinetic rate

{MEK-PP_ERK} {MEK-PP, ERK-PP} r8 kinetic rate

{RP, RKIP-P} {RKIP-P_RP} r9 kinetic rate

{RKIP-P_RP} {RP, RKIP-P} r10 kinetic rate

{RKIP-P_RP} {RP, RKIP} r11 kinetic rate
david.gilbert@brunel.ac.uk Systems & Synthetic Biology
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Solution validity

* a chromosome is valid if it contains every
complex specie (composed of several simple
species) in the output of at least one reaction

Brunel
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Fitness function

m

fitness = ii s.(t) — target l.(t)‘ - 2 E penalty _missing, + E penalty _extra,

t=0 i=0 =0 \i€X jey

penalty _missing is a constant representing penalty for missing specie from the
current specie set

penalty _extra is a constant representing penalty for extra specie in the current
specie set

Brunel
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Mutation operators

Alteration of a kinetic rate

Replacement of a species

Insertion of a reaction
Deletion of a reaction

{Rafl*, RKIP} | {Rafl* RKIP} ’ 0.53
{Rafl*, RKIP} | {Rafl* RKIP} 0.27
{Raf1*, RKIP} {Rafl*_RKIP} 0.53
{Rafl* ERK} | {Rafl* ERK} ’ 0.53
Brunel
UNIVERSITY
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Crossover operators

e Cut and splice

Parent 1

R_12 | R_13 - R_15 I R_16 I R_17 I
Parent 2
!
= I ’ e ’ | ’ e ’ I ‘ R ‘ | ’ e ‘ -

' crossover I
Offspring 1
R_12 I R_13 | R21 I R_23 | R_24 |

Offspring 2 \
R_25 I R_26 | R_27 I R_15 | R_16 | R_17 |
Parent 1
| I(Rafl*, RKIP} {Raf1*_RKIP} o.sal ‘ ‘ | | ‘ |
Parent 2
| | ‘ ‘ {Raf1*, ERK}‘ {Raf1*_ERK} 0.21| |
N
” Offspring 1
| ‘ I(Rafl", ERK} {Rafl*_ERK} ‘o.ssl I ‘ | |
Offspring 2
david.gilbert@brunel.ac.uk Systems & Syrthetlc Buflogy ] e i 0.21| #5@
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Now the rates...
(Parameter fitting)

1. Standard time-series distance-based

2. Model checking: logical description of
behaviours

Brunel
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Rs
L1

Parameter estimation using the {\_\.
Monte Carlo Model Checker ﬂj‘f

g/ !

3

Continuous Brightman & Fell model: | R?'"!CPP/
.\bﬁ".
e
. . ~7 9 Sa
* The EGF signal transduction pathway produces S"S\,/“""GS%SP
transient Ras, MEK and ERK activation ShoGS ’
RasGDP. |,
whereas NGF stimulation produces sustained Ra:ihcas \
activation.

RasGTP

* Parameter V28 has the the highest probability - &R‘j
of generating the desired behaviour, but PPN

requires 40-fold increase in value w%ﬁ"
Emamkpp
2 w2~

Brightman & Fell, FEBS Lett 2000. “Differential feedback regulation of the MAPK
cascade underlies the quantitative differences in EGF and NGF signalling in PC12 cBH,nel
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Response with EGF vs. NGF signal

EGF NGF

Transient activation Sustained activation of
of Ras, MEK and ERK Ras, MEK and ERK
v o2 v " '
A ‘ A
Proliferation Difterentiation
(cell division} | 3 (neurite
PCl12cells £, g ., outgrowth)
: :
g 3
5 .
1 ,
% 5 2 « “ %0 15 » s %
Tine (min) Tima (e
100+ o T B 0o b o lu—x B
80 } a0
4 ‘
g &0 :E o0 ) a
ﬁ f: | EX
é 40 ; a0 )
= ERx ;
ol VEX i 2 |
4:, .- . - - 3 - A s — A -
0 T 2 a w 0 s - P %
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Desired Behaviour in PLTLc

The desired (sustained) NGF behaviour of the pathway was written informally in the original paper.
We can formalise it in PLTLc as:

Sustained Ras: Active Ras peaks within 2 min to max 20% total Ras and stable between 5%..10%

P_, [ d(active Ras) >0 U (time <2 A active Ras 2 0.15*total Ras
A\ active Ras < 0.2*total Ras A ( d(active Ras) < 0)
U ( G( active Ras = 0.05%*total Ras A active Ras < 0.10%*total Ras) ) ) ]

Sustained MEK: Active MEK peaks in 2 to 5 min and is stable between 40%..50% of peak value

P_, [ d(MEKPP) >0 U (time 22 A time<5 A d(MEKPP) <0
U ( G( MEKPP 2 0.40%max(MEKPP) A MEKPP < 0.50%max(MEKPP) ))) ]

Sustained ERK: Active ERK peaks in 2 to 5 min and is stable between 85%..100% of peak value

P_, [ (d(ERKPP)>0) U (time>2 A time <5 A d(ERKPP) <0
U ( G( ERKPP > 0.85 * max(ERKPP) ) )) ]

Robin Donaldson and David Gilbert (2008). A Model Checking Approach to the Parameter Estimation of Biochemical
Pathways In proceedings CMSB 2008 (Computational Methods in Systems Biology). LNCS 5307/2008, pp269-287 Brunel
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Critical parameters

Critical parameters can produce sustained

activation of Ras, MEK or ERK. sustained |[sustained |sustained
parameter Ras MEK ERK

Used to give an idea which parameters to vary V-20 0.01 0.0 0.001
V_24 0.076 0.0 0.0

e om Lo | om

- Vary the kinetic rate corTstant parameftgrs in v 98 0478 0151 0.679

range + 2 orders of magnitude from original 114 0.0 0.0 0778

value. k116 0.0 0.0 0.001
k118 0.001 0.0 0.807

- Perform 1,000 simulations using different k2 18 0.191 0.0 0.0

values for each parameter, linearly spaced in Km_20 0.001 0.0 0.797

the range kcat_21 0.001 0.0 0.688
kcat_23 0.001 0.0 0.186

- The ‘significance values’ are the fraction of Km_23 0.121 0.0 0.0

values in the range which give rise to Km_25 0.001 0.0 0.157

sustained behaviour for each protein kcat_26 0.0 0.0 0.001
Km_26 0.0 0.0 0.005

- Found through model checking

david.gilbert@brunel.ac.uk Syst & Synthetic Biol 135 Brunel
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2000 models, 100 generations, 2.10° simulations/checks ot

Model construction -0 "o e

ess Test Genel‘ation "/‘"\ ~

Starting with the EGF (transient) model, construct the <. selectsest parents

NGF (sustained) model by varying the values of the critical kinetic rate constants.

l.e. minimise the distance of the model to sustained behaviour.
Could vary the initial concentrations, or topologies (ongoing research).

Genetic algorithm:

» Define a parameter space (£2 orders of magnitude for each parameter)
« Initialise a population of models randomly throughout parameter space
* For each generation of the algorithm:

— Perform genetic operations on binary representations of the models’ parameter
values (crossover, mutation, reproduction)

— Evaluate all models’ fitness values using model checking — fitness is the distance
to sustained behaviour

— Probabilistically select models to survive to the next generation based on their
fitness value

Brunel
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Fitness function using PLTLc

Probability:
e Can optimise the probability of a behaviour, which works fine on stochastic models.

— On continuous models, the probability is boolean so not good in a fitness function — no
gradient

Free variables:
* Can use the free variables in a PLTLc behaviour, works for continuous or stochastic models.

— Can always get a numerical value for the fitness function, even in continuous models —
good for search algorithm

 We specify the behaviour in PLTLc and at the same time characterise the ‘tail’ of the peak
in a free variable.

* We have an idea of the desired behaviour of the tail and can calculate the distance, using
the free variables, to give us a numerical value for the fitness function, whilst....

e the behaviour in PLTLc enforces a peak at the right position.

Brunel
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Fitness function using PLTLc

Fitness function for sustained ERK
Enforce a peak between time 2 and 5 and characterise the tail in SErkppTail:

P=?[(d(ERKPP)>0) U (time>2 A time<5 A d(ERKPP) <0
/A G( ERKPP > SErkppT ail ) ) ]

* Fitness function is distance between tail and 85% of the peak height (sustained
activation), calculated using the probabilistic domains:

Simulation Output of Probabilistic Domain of Probabilistic Domain of
ERKPP $ErkppTail $ErkppTail_des
8 - o _ o _
| | | |
S - ® _ ® _
(ee] o o
c
2 o z o | z o |
s 8 : © z o
o 3 3
(] o (o] < o <
S ¥ o S & oS 7
o
o Al [aV}
Al _J — o S
- o o
B S S T —T T T 1 S T —T T T 1
0 100 300 500 0 20 40 60 80 100 0 20 40 60 80 100
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Distance metric

Uses Residual Sum of Squares
Over probabilistic domains in range m,n

RSS(X.X'.m.n) = E $X(@)-$X'G)I

Dist(Model,Model’)=
(dist(Ras)+dist(MEKpp)+dist(ERKpp) )/3

Brunel
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Results

* Built a fitness function for sustained Ras, MEK and ERK
* Ran the genetic algorithm with 100 generations with results:

Simulation output of RasGTP Simulation output of MEKPP Simulation output of ERKPP
o o
O - O - .
P T —
[2] .
g 2 5 & 5 2|
5 g S |
8 5 8 5 8 -l
5 o | p ® o |
o _| s o
g A s T
(0] (0]
[0] [&] (8]
e 5 > o 5 o
p o 8 o 8
o - o -
| | | | | | | | | | | | | | | | | | | | |
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60
Time (minutes) Time (minutes) Time (minutes)

* Original model of the NGF signalling pathway varying V28 (dotted)
* Best model returned when varying the critical parameters (solid)
* Critical parameters without V28 (dashed).

The best model returned when varying the critical parameters only required a 16-fold increase
in V28 (compared with 40-fold in original paper)

Even possible to get similar behaviour without varying V28

Robin Donaldson and David Gilbert (2008). A Model Checking Approach to the Parameter Estimation of Biochemical
Pathways In proceedings CMSB 2008 (Computational Methods in Systems Biology). LNCS 5307/2008, pp269-287 Brunel
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What about scaling up?
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Multiscale Modelling in Biology

Carbohydrate
Metabolism

Cell surface
receptors

vival, motilty and cytoskeletal rearrangement|

Integrin B3 NFAT2 TRAP
CATK Myc  Calcitonin
INF-B Src receptor

Brunel
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Multiscale Modelling Challenges

* Variation — genetic mutants; random variants

* Organisation - regular / irregular patternsin 1, 2 or 3
dimensions

e Communication — short & long distance

* Hierarchical organisation — intra or inter cellular (tissues,
organs, ...)

« Movement — mobility (passive) & motility (active)

(Components could be molecules, organelles, cells, tissues,
organs, organismes. )

Brunel
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Multiscale Modelling Challenges
(continued)

* Replication - reproduction

e Deletion — cell death

* Irregular/semi-regular organisation of components —
for example a not-exact honeycomb grid.

* Dynamic grid size — for example alter size and/or
topology of grid to model development. Also required
for ability to insert/remove items.

« Differentiation of components - for example,
differentiation of embryonic stem cells or immune cells
makes a less specialized cell more specialized.

* Pattern formation of components - organizing a
number of cells in appropriate one, two or three
dimensional structures in space and time.

Brunel
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Repetition of individual components

Components within a cell (organelles etc)
Multiple cells each of which having a similar

definition

Repeatec
Repeatec

Repeatec

tissue fragments
organs (wings,...)
individual organisms

Brunel
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Variation

* Sets of similar components with ©
variations s ‘

Mutations
of the Fruit Fly

e Random mutation
e Genetic mutants

B e
S )
3
2
y 1w
b4
rt
i
r
0+
. P . R
Meaa Coll Sare L)

Stem Cell

e Cancerous tissue

e Differentiation

eura
strocyte
Miroghia
Myog | Oligodendrocyte
rdic Photorecep!
smx?mk 3|
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Spatial organisation

e Between cells

— how they are organised into regular or irregular
patterns over spatial networks in one, two or
three dimensions. o

Upper epidermis

. Palisade
mesophyll cell

7. _Bundle sheath cell
Xylem
o Phloem

Lower epidermis

Spongy mesophyll
d cells

Cuticle

Brunel
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gap junction

* Between immediate neighbours (intracellular
complexes)

* Long-distance (cytokines etc)

Further constraints:
* Type of relationship between partners
* Type of component(s)

e History of component(s)

e Position of component(s) in spatial network.
Brunel
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Hierarchical organisation

Components containing repeated sub-components

* Cell containing ¢ @&
components.

Enables the use of abstraction over level of detail
used to describe components

Brunel
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Movement

Cotransport Cotransport
Antiport active transport Symport facilatator Protein
Na'- K" ATPase pump Na*driven glucose carrier

* Mobility — passive movement.
Protein transport
Sodium transport

* Motility —active movement.
Cells using organelles (flagellae)

General cellular motility

david.gilbert@brunel.ac.uk Systems & Synthetic Biology




Replication

S
* E.g. cell division ‘g

Can take into account:
* Mutation
» Spatial organisation / position

the cells in this region are dividing

gpnooo

CeOIC[®®] [o]e[e[et]]e
CTOCOcy] e

the cells in this region are expanding

Brunel
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Exchange

Exchange of (genetic) information

* Sexual
* Asexual
b & - A
;s ¢ (> S
Asexual ) Sexual "
E,l exchange & Fp o
: +fusien {5 { %
(’ @ meiosis -
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Death etc

* Cell death:
— apoptosis (programmed), necrosis (traumatic)

e Quiescence

Multiple mutations: Single oncogenic
checkpoints inactivated = mutation triggers
senescence inactivated; / senescence

o e
. clone expands but many
cells die; in surviving cells /

telomeres shorten to /

critical length
/ Senescent
clone of cells

NECROSIS

Restriction point Crisis /

Quiescence

Rarely: telomerase
activation/increase;
l or ALT activation

Cell death

SECONDARY
NECROSIS

/

Clone of immortal
cancer cells

Brunel
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Coloured Petri Nets (CPN)

Tokens distinguished via their colours.

Each place gets a colour set, specifying the kind of tokens
which can reside on the place.

Each transition gets a guard, specifying which coloured
tokens are required for firing.

Each arc gets an arc expression specifying the kind of
tokens flowing through it

Allows for the discrimination of species (molecules,
metabolites, proteins, secondary substances, genes, etc.).

Colours can be used to distinguish between sub-
populations of a species in different locations (cytosoal,
nucleus and so on).

Brunel
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Repeated Petri Nets...

Example: Prey-Predator

reproduction_of_prey predator_death reproduction_of_prey predator_death
2 2
Prey1 Predator1
)
2
consumption_of prey consumption_of prey
Pr@%\htﬁém&ﬂ’t@brunel.ac.uk Systems & Synthetic Biology 155 UBN'I'\l/fE'R‘]Sﬁl
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... folded to

Coloured Petri Nets (CPN)

Example: Prey-Predator

@

reproduction_of_prey predator_death

Predator

CS
100 all()

2 X

consumption_of_prey

* Definitions
colourset CS = 1-2;
A
2" X X
Prey
CS
var x: CS; 50°all()
X
p@f/iﬂéiih@’p@brunel.ac.uk SySLCIIID oL JYIILIIELIL DIVIVEY
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CPN Folding

rt
N

(a) ()

| X=1) {X++ pDeclarations:
\
)

{ + ) ++ colorset CS = int with
< - N
| X=£ )X variable x : CS;

r—f

.l
Y
r?

N

(c) (d)

++: multiset addition
(+x): successor
[x=2]: guard
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Coloured Petri Nets (CPN)

Permits

* Discrimination of species (molecules,
metabolites, proteins, secondary substances,
genes, etc.).

* Repeated elements

* Locality: distinguish between sub-populations
of a species in different locations (cytosol,
nucleus and so on).

Brunel
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1-D diffusion

.------------.4.__‘.- S E—_

t1.2_1 t1_3_2 t1_4_3 t1_4.5

cAMéiI\\\\\‘ cAMP:Z\\\\\\\ cAMP_5

t1.1.2 t1.2_3 t1_3_4 t1_5_4

Brunel
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1D

Q definitions
const D1 =5; // grid size
colorset CS = 1-D1;  // grid positions
var x,y : CS;

function neighbour1D (CS x,a) bool:
// a is neighbour of x

(a=x-1|a=x+1) & (1<=a) & (a<=D1),

X 100" 3
[neighbourlD(x,y)] cAMP
CS
tl y
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 160 UBN'I'\l/fE'R‘]Sﬁl
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1D, 15 grid positions

10C
100 %0
60
40

20

10

20 Cellin 1D

40

Time 80
! 1000

Brunel
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1D, 150 grid positions, scaling

100
S 100 80
E 80 60
®
< 60 40
$
< 40 20
$ 20 0
0
60
0
2 Cellin1D
Time o0
150 GRID POSITIONS, SCALING OF INITIAL MARKING AND RATES
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2-D (8)

N AL |
HE.\/.AE

------ Be > I3

| YN |
LTV

OOOOOO



2D (8)

Q SCHEME

Q definitions
const D1 = 5; // grid size first dimension
const D2 = 5; // grid size second dimension
colorset CD1 = 1-D1; // row index
colorset CD2 = 1-D2; // column index

colorset Grid2D = CD1 x CD2;  // 2D grid

varx, a: CD1;
vary, b: CD2;

Brunel
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2D (4)

Q four neighbours
function neighbour2D4 (CD1 x, CD2 y, CD1 a, CD2 b) bool:
// (a,b) is one of the up to four neighbours of (x,y)
(a=x & b=y-1) | (a=x & b=y+1)
| (b=y & a=x-1) | (b=y & a=x+1),

X, .
) 100°(3,3)
[neighbour2D4(x,y,a,b)] cAMP
t1 Grid2D
(a,b)
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 166 Brunel
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2D (8)

Q eight neighbours

function neighbour2D8 (CD1 x, CD2 y, CD1 a, CD2 b) bool:
// (a,b) is one of the up to eight neighbours of (x,y)
(a=x-1| a=x|a=x+1) & (b = y-1 | b=y | b=y+1)

& (I(a=x & b=y))

& (1<=a & a<=D1) & (1<=b & b<=D2);

X, .
2 100°(3,3)
[neighbour2D8(x,y,a,b)] cAMP
+1 @b Grid2D
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L OND ON



david.gilbert@brunel.ac.uk Systems & Synthetic Biology 169 J\IVERSITY
OOOOOO



2D (4) gradient

0.1

Brunel
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2D (8) gradient

0.48

0.47

0.46

0.45

0.44

0.43

0.42

0.41

Brunel
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2D (8) gradient, higher resolutionb

12
10
8
6
4
2

david.gilbert@brunel.ac.uk

Systems & Synthetic Biology

0.5

0.48

0.46

0.44

0.42

0.4

0.38
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Modelling phase variation in bacterial colonies
(Monika Heiner, Ovidiu Parvu)

-
. -
»
P N
7 »
M ‘ 4 .
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Models cont’d

POOLSIZE" (1<=x&x<=D1) & (l<=y&y<=D2) & (x<>MIDDLE|y<>MIDDLE)++
POOLSIZE 1° (x=MIDDLE & y=MIDDLE)

[div=replicate] ((xn,yn),c) ++

[neighbour2D8r (%, y,xn,yn) ] [div=mutate] ((xn,yn), (+c))

1'dot (2 crid
Dot division cell
run ((x,¥),C) 1" (x=MIDDLE) & (y=MIDDLE) & (c=A)
<1'> 1 dot
stop Dot
size
COLONYSIZE dot
Rectangular
{david.gilbert,ovidiu.parvu} Multiscale Systems Biology Basic 174 Brunel
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Parameter scanning

(Variable height)

height = 12 height = 29

Brunel
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Discretising the polar space

... obtaining N x M annular sectors.

Brunel
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Models

fill pool

[x>0]1" (x,¥)

[valid (x,y)]

[x>0] (((2*¥x - 1) * POOLSIZE) + 1) (x,y)

2" (xn, yn)

[neighbour2D8r no diagonal (X,y,xn,yn)]

[x>0]11" (x,V¥)

09 POOLSIZE x=1&y=1

Grid2D
pool
» Grid2D
(%,v) /" src_index
(xn,yn) yd

/

/” [div=mutate]

1 dot (1

Dot division

run ((z,¥),c)
(i) 1'dot

COLONYSIZE ‘dot
stop Dot
size
Circular
{david.gilbert,ovidiu.parvu} Multiscale Systems Biology Basic

@brunel.ac.uk

applications

[valid(x,y)]

fill src_index

[x>0]1x" (%X,¥)

//Tdiv=replicate] ((xn,yn) ,c) ++
((xn,yn), (+c))

Grid
cell
1" (x=1)&(y=1) &(c=R)

Brunel
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Parameter scanning

(Variable height)

height = 12 height = 29

Brunel
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|II

Visualising results and “visual” model

verification

Simulation time: 0 1

0.8

0.6 2
kel
J<
IS
(O]
(8]
[
o

04 O

0.2

Simulation time: 0

%)
.0 ¢
el
@
S
=
()]
o
c
@]
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Spatial analysis

<

Distance from centre /

Vrd 5
Distance from centre
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Phase variation simulations

 Rectangular

 Circular

Brunel
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Multiscale: from signalling to organs

- Petri nets (coloured, hierarchical)
” Monika Heiner

Figure 4: Plots of concentrations of key proteins over time obtained by solving
0OEs,

ODEs, stochastics

Planar Cell
Polarity

Pam Gao, David Tree

Brunel
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Drosophila

Dissecting fly wings to analyse wing hair

What is great about flies: patterns: knock-out and knock-in genes

e Short life cycle - 10 days in a single vial
e Cheap - small, simple food source
¢ ‘Small’ genome (100 megabases)
e Around 14,000 genes
¢ Only 3 major chromosomes
e Good vertebrate model
® 75% human genes
® 60% human disease gene homologues

Immuno-fluorescence imaging: imaging
of a developing wing

Disadvantages

*Cannot be frozen/stored - require
continuous culture

* No targeted mutagenesis - e.g.
homologous recombination

e Able to fly!

Inel
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Drosophila Development

* Patterning: groups of cell aggregate and later become organs

The life cycle of Drosophila melanogaster

- ~ / embryo B S~
@D o & pupa ‘

labial clypeo dorsal y‘ haltere genital
: labrum prothor > ,-'
3 1st instar larva

s
L .
% )
prepupa - M

2nd instar larva %
%ﬁ,ﬂ ’, 2\“:/“ = ";'
A o

"

3rd instar larva
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Planar Cell Polarity

Mechanism through which a number of tissue types determine the
polarity of their cells perpendicular to their cellular apical-basal axis.

* Mammals: ear (sensory hair cell), eye (Equipotent R3/R4 cells) epithelia

Proximal

Apical

A
90 °C
< 1

\ 4

Basal

Planar Polarity

Distal

<
Apical-

Basal

Axis .

david.gilbert@brunel.ac.uk
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PCP: Vertebrate Phenotypes

Fz6 Knockout: Hair Polarity Fz5 Knockout: Coloboma

Vangl2 Knockout: Impairs
Dactl Knockout: Urogenital Defects Cranial Neurulation

C)

/ 3|
S UNIVEKDITY
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PCP: Drosophila Wing Phenotypes

e o

-
1

Mutant
phenotype

Wild type
or ‘normal’
phenotype

Brunel
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Biological Model

* PCP proteins involved in the intercellular signalling: Flamingo (Fmi) , Frizzled
(Fz), Dishevelled (Dsh), Prickle (Pk) and Van-Gogh (Vang) .

* A core machinery mediates a competition between the proximal and distal
proteins: Frizzled (Fz), Dishevelled (Dsh), Prickle (Pk) and Van-Gogh (Vang).
Flamingo (Fmi) localises at both distal and proximal edges.

* Feedback loops: cells tent to align cell polarity as asymmetric distribution.

Symmetric distribution Polarising signalling Asymmetric distribution Prehair formation I
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 188 UNIVERSITY
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Hypotheses in

* Morphogen Factor X gradient

— Tissue-wide

— Within cell

* Microtubules
Directional transport of proteins

david.gilbert@brunel.ac.uk

Systems & Synthetic Biology

PCP

¢ J.D. Axelrod, C.J. Tomlin (2011). Modeling
the control of planar cell polarity. WIREs
Systems Biology and Medicine, p865

(a) I ‘Morphogen’ gradent

I

(b)

Factor X response

=
-

(<)

Factor X response

-
-
=

(@

Factor X response

-
-

(e)

O Factor Zor X
wa . B Fz

Ds — Factor X — yga
2 ~ Ear m’\ﬁ —Dsh — Polanty
Fmi?
OCgo?

Brunel
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Issues

* Petri Nets and ODEs do not have specific facilities
to create our multiscale descriptions of PCP.

— Hard to scale up
— Difficult to describe variants (mutations)

e Coloured Petri nets (CPN)

— methodology for engineering robust multiscale
models

Brunel

UNIVERSITY
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Single cell
Abstract Level

E left

r4

Lp—O—[—0O-"
rl A r3

* Four spatial regions as labelled (Labelled colours are not CPN colour sets)

 D_left & E_left: two molecular species (places) from the left-hand side
neighbouring cell(s)

P tems & Synthetic Biology Brunel
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Hierarchical Organisation

* Hierarchically coloured

Intracellular compartments

Tissue (Cells) Proximal Distal
P1 D1
1 P2 M D2
” P3 D3
3
. VARIRERN
Cell: (3,2)

5 Compartment (2,1)

(2,1)| (2,2) |(2,3)

\(3,1) (3,3)/

Colourset = {..., {((3,2)(1,1)), ((3,2)(2,1)), ((3,2)(3,1)),......((3,2)(3,3))}, --.
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PN Model for Single Cell

HCPN Model for Tissue

(Hierarchically Coloured Petri Net)

D,zsji,NN :i 2_(1,1) o . 2_(1,3) i: D_(3,3)_NN A b St ra Ct | e Ve I
E_(3,1)_NN E_(3,3)_NN|
D_(2,3)_NW .\i 2_(1.1) / E irz_(i.aj Jl_/. D_(2,1)_NE
E_(2,3)_NW .‘/"’ c_(1.1) c.1.3) "‘\s. E_(2,1)_NE
B.GINN @ : i o : @ B_B3) NN
- .‘/T (1,1 D_(1.3) T\.. @3 NN - NN(X,y,a,b,r)++ :
PV H KX 21| @ o ne NW(x,y,a,b,r)++ | [Gd2(x,y,a,b,1)] CS3
C_(2.3)_NW .‘/T 1,11 = B9 1 g T\“. C_(2.1)_NE D SWixy.aby) i- (((X’Y)’(a’b))’r)

1 ]
peaynw@— V| ren e B.23) 2@y || @o@innNe (X y) (a b)) r)

I e AN Hl

. .‘/? ?\.. £ o ne CSmembrane | ()
D_(1,3)_SW .\1_ 2_(2,, 2_(2.3) ’I’/. D_(1,1)_SE E NN(le‘a,b,r)-H- | CSmembrane Y) ((X ) (2 2)) 2‘3”()
E_(13) sw@=[T| c_(2,1) C_(2.3) T—@ E_(1.1)_SE NW(X,y,a,b,r)"H' | ’y = .
B_(33)_NW @ : i~ S : @5 1) NE SW(X,y,a,b,r) | CSmiddle
o (33) NW ../T ( _@.1) 0(2,3)2 E T\‘.c,(s.u,NE 1 C
B_(1,3)_SwW - = B_(1,1)_SE I
C (n 3)> sw :‘/+ [2,1] e =2 [2,3] \L\“: 071(1 '1:735 |
_(13)_ g L2 : . _(1.1)_
b 295w @ I/ 26) B@EY B33 233 |1 P NN(X,y’a,b’r)H_ :
oo @71 g e e NWixyabrs |
:(; : ss :/ : @ @ : \.:D‘((l's))-ss B O SW(X,V,a,bJ) | [GdZ(X’y’aYb’r)] (((X’y)’(a’b))’r) C
£ (11).88 .¢/T m_(gv‘::_m) c_33) - T\‘ € (19,55 I D
B 29 sw @ : 1 Ll @ s (21)sE

- D@1 M_(31 r_(33) D‘:"s)‘z E M !
. easw @ | : o1 -0 : 3_(3,3) : | ® c.cnse CSmembrane ! (((x,y),(a,b)),r) CSmembrane
B_(1.1).ss @ 0 ® . 8 ] @ 5_(1.3)_ss I
coss @ [ 1] 131 v Y e @ c_.9ss . c ”w();’);’z%?):i I

. - 1)1y |
| Neighbours | SWixvabn 1 ;
s o | | c— ===

* 4 spatial regions: communication, proximal, transport and distal.
e Seven virtual compartments ((1, 1), (2, 1),..., (3,3)), denoted by ((x,y), (a,b)).
* Each place or transition belongs to a specific compartment.
([ ]

NN, NW and SW denote three left neighbours of the current cell.
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CPN Model
Abstract Level

[Gd2(x,y,a,b,r)]

NN(x,y,a,b,r)++
CS3  NW(x,y,a,b,r)++

D O SW(x,y,a,b,r)

(((xy),(a,b)).r)

CSmembrane

E NN(x,y,a,b,r)++ 24all()
NW(x,y,a,b,r)++ .
SW(x,y,a,b,r) CSmiddle

NN(x,y,a,b,r)++
NW(x,y,a,b,r)++
css SW(x,y,a,b,r)

8 O

[Gd2(x,y,a,b,r)]

CSmembrane (((x.y),(a,b)).r) CSmembrane

NN(x,y,a,b,r)++
NW(x,y,a,b,r)++
SW(x,v,a,b,n

e Seven virtual compartments ((1, 1), (2, 1),..., (3,3)).

* Each place or transition belongs to a specific compartment.
* NW and SW denote two left neighbours of the current cell.
david.gilbert@brunel.ac.uk Systems & Synthetic Biology 194
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HCPN Model for Tissue
(Hierarchically Coloured Petri Net)

Detailed level

(((x.y).(a,b)).r)++
NN(x,y.a,b.r)++

1:all() )
(v v = NW(x.y.a,b,r)++ [Gd1(x.y)] (X.y)
Gd2(x.y,a,b, y) Gd1(x,
M SWixy.a.b.0) e (@O (@onn B (@b o
2 | S g T
(((x.y).(a,b)).r)++ ri1 Fmi i Fmi_pro rp1
NN(x,y.a,b,r)++
NW(x.y.a,b,r)++
SW(x,y.a,b,r) 1:all()
[Gd1(x.y)] 683 [Gd1(x.y)] cs3 [Gd1(x.y)]
cs3 ((xy).@b)r) (((x.y).(a.b)).r) (((x.y).(a,b)).r) ] (((x.y).(a,b)).r) O x.y),(a,b)).r ] (x.y),(2.2))
21510 e, s N >
FmiFmi r2 Vang n2 Vang_pro rp2
(x.y).(a,b)).r) (((x7(a,b)).r) ((xy).(22))
182(;;, :w&’;z%rr);l o [Gd1(x.y)] 15‘;‘3’ [Gd1(x.y)] csa [Gd1 (x.y)]
Fz ©
SW(x.y.a,b, (((x.y)44,b)).1) (((x.y).(a,b)).r) ((x.y).(a,b)).r) (((x.y).(a,b)).r) (((x.y).(a,b)).r)
beyabn O n (D n O ]

iVang Pk 3 Pk_pro P 2:all()
((x.¥).(2.2))

((x.y).(a.b)) (((x.y).(a,b)).r) {600 ) CSmidc.ile
CS3 . Protein_Production
FmiFz NNy 2D s i Gd2(x.y,a,B\)] CSmembrane Gd1(x.y)]
NW(x.y,a,b,r)++ ri2 rve O ‘4 (e 2.23)
SW(x.y.a,b,r) (((x.y).08,b)).r)
y).(a.b)), 1-all() o o
ﬁﬁ&’y(ib”r)?f (Gd1(x.y)] Ccs3 [Gd1(x.y)] cs3 [Gd1(x.y,
NW(x.y,a,b,r)++ (((x.y).(a,b)).r) > (((x.y).(ab))r) e (((xy).(ab))r) 7=J (((x.y).(a,b)).r)
ab, Q60p L =
SW(x.y.a,b,r) ré T ) Fz na Fz_pro rpd ((x.,¥).(2.2))
((Ix.y).(a,b)).r)
NN(x,y.a,b.r)++ X . )
14all() N\N((x.);'.a.b.r))++ [Gd2(x.y.a,b.r csa [Gd1 (x.y)] Py [Gd1(x.y)] ces [Gd1(x.y)]
CS3 gmye SW(x.y.a.b.r (((x.y).(2.b)).r) (((x.y).(a,b)).1) Z~ (((x.y).(a,b)).1)
€e (xy).(2b)).n @,

FmiFz Dsh_pro PS5

N(x.y.a,b.r)++ (Gev). @)
NW(x.y.a,b,r)++
CS3 SW(x.y.,a,b,r)

. . CSmembrane ((x.y).(a.b))
FmiV. ( >
miVang
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Declarations

Systems & Synthetic Bi
david.gilbert@brunel.ac.uk

Declaration

Constant M = int with 5 ;

Constant N = int with 5;

Constant C' = int with 3;

Constant R = int with 3;

colourset Row = int with 1 — M;

colourset C'olumn = int with 1 — N;

colourset ComR = int with 1 — R;

colourset Com(C = int with 1 —

colourset C'St4 = enum with ¢b, c6_1, c6_1, T;

colourset C'S1 = product with Row x Column;

colourset C'S2 = CS1 with z%2 = 1&y%2 = 0|z%2 = 0&y%2 = 1;
colourset C'S = product with Row X Column x ComR x ComC;
colourset C'S4 = CS3 with z%2 = 1&y%2 = 0|1z%2 = 0&y%2 = 1;
colourset C'Sdistal = C'S4 with b = 3;

colourset C'Sprozimal = CS4 with b= 1;

colourset C'Smiddle = C'S4 with b = 2;

Variable z : Row;

Variable y : Column;

Variable a : ComR;

Variable b : Com(';

Variable r4 : C'Sr4;

Function C'Sprozimal NW(Row z,Column y,ComR a,ComC b);
Function CSprozimal SW(Row z,Column y,ComR a,ComC' b);
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Analysis Results

Stochastic simulation results ;" ——
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* Q. Gao, F. Liu, D. Tree & D. Gilbert. A Multi-cell Modelling Using
Coloured Petri Nets Applied to Planar Cell Polarity. BiolBliLﬁ)ffel
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Initial CPN Model
PCP Signalling
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Simulations

Continuous simulation
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Stochastic simulation
(average of 10 runs)
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FFD accumulates at the distal edge of the cell rather than the proximal edge
at the end of signalling.
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Different
Compartmentalisation
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1:1

1:2
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Symmetric Models
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Unfolding,
Simulation & Analysis
(Snoopy)

Unfolding

Automatically

Standard Petri Nets

(H)CPN Model
Model

Simulation &
Analysis
. . Brunel
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Some Statistics

Unbiased PCP model size and runtime? for unfolding and continuous simulation over 1000 time units.

Size Unfolding runtime (seconds) Simulation runtime (seconds)

Grid(M x N) Cells Places  Transitions | Before optimisation  After optimisation
bxs 12 2028 2,802 3.195 1.154 3.145
10x10 50 845 11,826 9.714 2613 14618
15x15 112 18928 26,622 2.771 4495 42.586
20%x20 200 33,800 47,646 44,818 9.231 88.886
40x40 800 135,200 191,286 280.598 83.162 371.647
40 x 40° 800 164,000 229,686 329.384 120.186 7,399.544

@ performed on a Mac Quad-core Intel Xeon, CPU 2x 2.26GHz, memory (DDR 3) 8 GB; ® for the biased model BEXW.

Constraint solver used for optimisation — enables larger size tissue to be simulated.
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Modelling Mutant Clones

///’///47),;1.«4
77 //’3\\3 =7 -
/) /////;b\‘;,/' .
/7]
VA

= o, ot

* Knock-out: cell clones in which a certain gene
is knocked out are induced in the tissue

(Biological experiments)

— no corresponding protein produced.

* Petri nets: set the protein concentration zero

 CPN (repeat, with variations)

— Big enough patch (tissue): 800 cells

— Size / shape of clone: 80 cells (10% of the patch) in

a circle-like shape
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Models

 Unbiased model: U [Wt]

— wild type, no bias

e Biased models: B F [X] [T] [Wt]
— Wild type
— Always include feedback loops, and optionally either
or both

* Factor X
 Directional transport

 Mutant models: B F [X] [T] [Fz|Vang]

— One mutant clone induced to a biased model
Brunel
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Experimental vs In-silico

File

Mutated tissue

dsh1-1001005_012.TIF_1

dsh1-1001005_012.TIF_2

dsh1-1001005_012.TIF_3

dsh1-1001005_012.TIF 4

dsh1-1001005_012.TIF 5

dsh1-1001005_012.TIF_6

dsh1-1001005_012.TIF_7

dsh1-1001005_012.TIF_8

dsh1-1001005_012.TIF 9

sh1-1001005_012.TIF_10
dsh1-1001005_012.TIF_11
dsh1-1001005_012.TIF_12
dsh1-1001005_012.TIF_13
dsh1-1001005_012.TIF_14
dsh1-1001005_012.TIF_15
dsh1-1001005_012.TIF_16
dsh1-1001005_012.TIF_17
dsh1-1001005_012.TIF_18
dsh1-1001005_012.TIF_19
dsh1-1001005_012.TIF_20
sn1-1001005_012.TIF 21
dsh1-1001005_012.TIF_22
dsh1-1001005_012.TIF_23
dsh1-1001005_012.TIF_24
dsh1-1001005_012.TIF_25
dsh1-1001005_012.TIF_26
dsh1-1001005_012.TIF_27
dsh1-1001005_012.TIF_28
dsh1-1001005_012.TIF_29
sh1-1001005_012.TIF_30
dsh1-1001005_012.TIF_31
dsh1-1001005_012.TIF_32
dsh1-1001005_012.TIF_33
dsh1-1001005_012.TIF_34
dsh1-1001005_012.TIF_35
dsh1-1001005_012.TIF_36
dsh1-1001005_012.TIF_37
dsh1-1001005_012.TIF_38
dsh1-1001005_012.TIF_39
dsh1-1001005_012.TIF_40
dsh1-1001005_012.TIF_41
dsh1-1001005_012.TIF_42
dsh1-1001005_012.TIF 43
dsh1-1001005_012.TIF 44

Syst@|
Biology

() OLUJyfI"Ll reuc o

AphaDifference _ Diffe
027

Degree Aipha Lx Ly g
Gsh1-1001005_012.TIF () 105 340 15 1 5 312
dsh1-1001005_012.TIF 2 2 1469 28 206 15 1 106 2 312
dsh1-1001005_012.TIF 3 24 82 113 355 15 1 043 5 312
sh1-1001005_012.TIF 4 25 57 158 433 15 1 121 2 312
dsh1-1001005_012.TIF 5 25 1602 46 237 15 1 075 3 312
dsh1-1001005_012.TIF 6 26 1479 28 208 15 1 104 2 312
dsh1-1001005_012.TIF 7 28 1489 20 192 15 1 121 2 312
dsh1-1001005_012.TIF 8 28 1545 177 485 15 1 153 0 312
dsh1-1001005_012.TIF 9 30 1517 67 273 15 1 0.39 5 312
dsh1-1001005_012.TIF 10 31 1635 1N 176 15 1 1.36 1 312
dsh1-1001005_012.TIF 1 32 1619 36 219 15 1 093 3 312
sh1-1001005_012.TIF 12 3 1426 59 260 15 1 052 4 312
sh1-1001005_012.TIF 13 3% 1380 40 227 15 1 085 3 312
dsh1-1001005_012.TIF 14 35 1563 82 301 15 1 0.12 6 312
dsh1-1001005_012.TIF 15 3 777 15 184 15 1 128 1 312
dsh1-1001005_012.TIF 16 97 835 149 417 15 1 105 2 312
dsh1-1001005_012.TIF 7 a7 1446 68 275 15 1 037 5 312
dsh1-1001005_012.TIF 18 a7 1535 15 184 15 1 128 1 312
dsh1-1001005_012.TIF 19 39 805 153 425 15 1 112 2 312
dsh1-1001005_012.TIF 20 41 1464 50 245 15 1 0.68 4 312
sh1-1001005_012.TIF 20 44 92 123 372 15 1 060 4 312
dsh1-1001005_012.TIF 2 44 1554 16 186 15 1 121 1 312
dsh1-1001005_012.TIF 23 44 1608 19 190 15 1 123 1 312
dsh1-1001005_012.TIF 24 46 1376 50 245 15 1 068 4 312
dsh1-1001005_012.TIF 25 46 1484 53 250 15 1 062 4 312
dsh1-1001005_012.TIF 2 47 1087 67 308 15 1 004 6 312
dsh1-1001005_012.TIF 27 4T 1626 178 467 15 1 155 0 312
dsh1-1001005_012.TIF 2 49 846 111 351 15 1 039 5 312
dsh1-1001005_012.TIF 2 49 1524 18 188 15 1 124 1 312
dsh1-1001005_012.TIF 0 49 1645 40 227 15 1 086 3 312
dsh1-1001005_012.TIF 31 50 1502 36 220 15 1 093 3 312
sh1-1001005_012.TIF 2 51 818 144 409 15 1 097 2 312
dsh1-1001005_012.TIF 351 1164 26 202 15 1 111 2 312
dsh1-1001005_012.TIF 3451 787 16 186 15 1 127 1 312
dsh1-1001005_012.TIF 3% 53 1009 58 260 15 1 052 4 312
dsh1-1001005_012.TIF 3% 53 1145 51 247 15 1 066 4 312
dsh1-1001005_012.TIF 37 53 1431 75 289 15 1 024 6 312
dsh1-1001005_012.TIF 38 53 1667 10 174 15 1 1.38 1 312
dsh1-1001005_012.TIF 39 53 1683 10 174 15 1 138 1 312
sh1-1001005_012.TIF 40 54 1573 22 196 15 1 147 2 312
dsh1-1001005_012.TIF 41 55 92 106 342 15 1 029 5 312
dsh1-1001005_012.TIF 42 %5 1412 60 262 15 1 051 4 312
dsh1-1001005_012.TIF 43 57 1393 39 225 15 1 087 3 312
dsh1-1001005_012.TIF 44 57 1451 69 277 15 1 035 5 312

FFD at distal vs FFD at proximal over Tissue
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* Q. Gao, F. Liu, D. Gilbert, M. Heiner

& D. Tree. CMSB 2011, Paris, Fr,
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Analysis & Visualisation

* Clustering
— DBScan
— Hierarchical clustering

— K-means
— SOMs

* Model checking
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Influenced, up

fluenced, central

Influenced, down
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Clustering of behaviours

(1.1) 2.1) (3.1) (1.3) (2.3) (3.3)
raal 0.6 06[ ] — ] 26 ]
0.8| 0.5 0.6
06 04 04 ‘ 04 04 24
0.3 :
0.4
0.2 0.2 ‘ 0.2 0.2 22
0.2 0.1 It
oL 0
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
0.6 26
0.8 05 0.8 0.6
06 0.4 06 04 0.4 24
0.3 :
04 04
0.2 0.2 0.2 22
0.2 01 L 0.2
0 0 0 0 2
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
067 06 p 26
05" 0.8 0.6
04 047 06 04 04 24
0.3 :
0.4+
02 0.2: 0.2 02 22
0.1 02

ol
100 200 300 400 500

ol
100 200 300 400 500

100 200 300 400 500

100 200 300 400 500

Systems & Synthetic Biology

100 200 300 400 500

207

100 200 300 400 500

Brunel

UNIVERSITY

L OND ON



Clustering

* DBScan with Principal Component Analysis

Fz- mutant clone model:
Unbiased model: A patch of mutated cells lacking Frizzled (Fz) in a
Grid 40*40 (800 cells) wild-type background

) OROSO=O=O, DR DRORORORORO-O=0N A S \L;_,..—-—-
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Simulation-based Model Checking

* PLTL using MC2 [Donaldson&Gilbert CMSB 2008]

Property

"\

Time series data

Behaviour Checker

/'

Model

david.gilbert@brunel.ac.uk
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Yes/no or
probability
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PLTL Language

* Behaviours to be checked against a model is expressed in temporal
logic

* Probabilistic logic called Probabilistic Linear-time Temporal Logic
(PLTL) — MC2 [Donaldson&Gilbert CMSB 2008]

* Main PLTL operators:
G (P) — P always happens
F (P) — P happens at some time
X (P) — P happens in the next time point
(P1) U (P2) — P1 happens until P2 happens
P1{ P2 }—-P1 happens from the first time P2 happens
time > € — After a time point

Brunel
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Model Checking ( \>
ST Primary data \eren/
Fz- mutant clone model

Unlike in the wild-type cells, for the cells distally neighbouring to the Fz- clone the
concentration of FFD in the middle distal compartment is always lower than that of the
middle proximal compartment:

P=? [time > 0 -> G(D2 < P2)]

Moreover, the trace of D2 exhibits a peak followed by a trough, which is not true for P2:

P=?[F(d(D2) >0 A F(d(D2) <0 A F(d(D2) > 0)))]

Model-BFXFz Cell (20,11) Model-BFXFz Cell (21,26)

. 45 . 45
Wild-type @) , Distally J e
35| | neighbouring a5} |
3 ; 3 WW
~ to the clone ~ -
s 2.5 S 25( - o
@ 2 @ 2 4 M
1.5 15
1 1
0.5¢ 0.5¢ i
bW L WO Brunel
0 200 400 600 800 1000 0 200 400 600 800 1
david.gilbert@brunel.ac.uk Time Units Systems & Synthetic Biology Time Umtlel rune
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Big idea — check cumulative signal!

e Cumulative signal: time-series of accumulated
concentrations of FFD (secondary data)
* Why?

- The localisation of PCP signalling at any given time point is the result of
the cumulative effect of the sum over the signalling events until that

point.
Model-BFXWt Cell (20,11) Model-BFXWt Cell (20,11)
45 ‘ ‘ ‘ ‘ 600 ‘ ‘ ‘ ‘
> CP2 o CP2
4]  cD2 1 cD2
500
35

Cumulative Signal
)
S
=)

100~
0 260 460 660 860 1000 o- e ‘ ‘ ‘
Time Units 0 200 4(_)|_(i)me Uni?go 800 1000
Primary data Secondary data Brunel
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Model Checking

Unbiased model: reproduce the lack of polarisation, causing proteins to be
symmetrically distributed along the cell membrane.

Query:
P=?[G(P1=P2 +6 AP1=P3 16 AP1=D1+6 AP1=D2+6/AP1=D3 15]]

Where P1, P2, P3, D1, D2 and D3 denote the concentration of FFD in the proximal and
distal compartments. Note that P1 = P2 +6 is a short-hand for P1< P2+ & A P1>P2-6.
Primary data set 6 = 0.003

Secondary data set 6 = 0.04 due to the cumulative nature of variations

UWT Cell (20,11) UWT Cell (20,11)
. 45 ‘ | ] 00—
Primary , (0 | Secondary 2
(2.1) sool @1
a5l @) , (31)
Data ol () Data 5 (1,3)
3 (2,3) 5’ 400 (2,3)
5 2.5/ —&3) @ (33)
) 2 300
n 2 o
=}
15 g 200
o
;
| B |
OO 200 4OQ 600 800 1000 00 200 200 500 300 1000 rU ne
Time Units Time Units ) N |VE RS ITY
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\&b Model Checking ert [\

N
AN
"“'///H '\\\‘\\\i X

\«4 (\\\\\b Secondary data b2 | M |cp2
Fz- mutant clone model

Wild type cells in the tissue (i.e. away from the clone area).
After short initial period: Always middle distal cumulative[FFD] greater than middle proximal cumulative[FFD]

P=? [time > £ - G(CD2 > CP2)]

(P3 | (D3

Wild type cells distally neighbouring to clone in the tissue
After short initial period: Always middle distal cumulative[FFD] less than middle proximal cumulative[FFD]

P=? [time > € - G(CD2 < CP2)]

Hairs grow normally in wild-type, but disturbed in WT distally near clone, influence from the clone

BFXFz Cell (20,11 . .
Wi|d-type 600 FzCel@.1n Wild-type distally BFXFz Cell (21,26)
1,1 . . 600
2 neighbouring (1,1) D2
500|( . (31) CD2 2,1)
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% 300 CP2 2
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% 200 400 600 80 1000 o
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