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ecture outline

 Biochemical reactions
* Modelling with Ordinary Differential Equations
 Kinetics : Mass Action

« Examples
— Signalling & metabolic pathways

— Trypanothione metabolism 1n Trypanosoma brucei
— Oscillators & Amplifiers

* Analysis
e ODE simulators

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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What is modelling?

e In this context:

— Translating a biological pathway into mathematics for subsequent analysis

Translating a biological Into mathematics For subsequent analysis
pathway N
d[ A] -
L — k[ A]+ Kk, [B] =
1 dt n v
00  d
. B _ppa-eiel e
dt //

[A] = 10; [B] = 0; k1 = 2; k2 = 1; Time = 10

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Richard Orton Why mOdel?

« Simplistic answers:

— Because it’s there...
—  Why not?

e Technical answer:

—  “The benefit of formal mathematical models is that they can show whether proposed causal mechanisms are at
least theoretically feasible and can help to suggest experiments that might further discriminate between
alternatives.” (Franks & Tofts, 1994)

e  Realistic answers:

— A computer model can generate new insights

— A computer model can make testable predictions

— A computer model can test conditions that may be difficult to study in the laboratory

— A computer model can rule out particular explanations for an experimental observation

— A computer model can help you identify what’s right and wrong with your hypotheses (could/is the proposed
mechanism correct)

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Richard Orton Why mOdel?

*  Inacomplex pathway, knowing all the proteins involved and what they do, may still not tell you how the
pathway works

*  Furthermore, if all the initial concentrations and rate constants are known in the pathway, a computer
simulation will probably still be needed to show how the system behaves over time

[D]=0

[H]=0

K5=5
K-5=4

[11=0

K8=6 »6
[J]=0
K-8=7

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Biology = Concentrations
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...but biological systems contain

*non-linear interaction between components
* positive and negative feedback loops

« complex cross-talk phenomena

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



The simplest chemical reaction

A—->B

* 1rreversible, one-molecule reaction

« cxamples: all sorts of decay processes, €.g. radioactive, fluorescence,
activated receptor returning to inactive state

* any metabolic pathway can be described by a combination of processes of
this type (including reversible reactions and, in some respects, multi-
molecule reactions)

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



The simplest chemical reaction

A—->B

various levels of description:

 homogeneous system, large numbers of molecules = ordinary
differential equations, Kinetics

« small numbers of molecules = probabilistic equations,
stochastics

 spatial heterogeneity = partial differential equations, diffusion

* small number of heterogeneously distributed molecules =
single-molecule tracking (e.g. cytoskeleton modelling)

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Some (Bio)Chemical Conventions

Concentration of Molecule A = [A], usually 1n units mol/litre
(molar)

Rate constant = k, with indices indicating constants for various
reactions (k,, k,...)

Therefore:
A—-2>B
d| A d| B
diA) __dIBI__, 0,
dt dt

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Description in MATLAB:
1. Simple Decay Reaction

M-file (description of the model)
function dydt = decay(t, V)
$ A -> B or v(l) -> v (2)
k = 1;
dydt = [-k*y (1)

k*y (1) 1;
Analysis of the model

>> [t y] = oded5 (ddecay, [0 101, [5 1]);

>> plot (t, Vy);
>> legend ('[A]', '"I[B]');

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Decay Reaction in MATLAB

— [B]

(c) David Gilbert, Xu Gu 2008

Modelling dynamic behaviour
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Reversible, Single-Molecule

Reaction
A <> B,or AQB
Differential equations: v everse
d| A]
=—-k|A|l+k,|B
” L4]+ k[ B]
d|B]
J =k1[A]_k2[B]

Main principle: Partial reactions are independent!

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour

© Rainer Breitling
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Reversible, single-molecule reaction — 2

Differential Equation: % = —k[A]+ k,[B]
d| B
A ra- k1
Equilibrium (=steady- d[ Alequi [ Begui
state): 7 0
— kl[A]equi + kZ [B]equi = O
[A]equi _ kz _ K
B o k — “Yequi
[ ]equi 1

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Description in MATLAB:
2. Reversible Reaction

M-file (description of the model)

function dydt = 1somerisation(t, V)

$ A <-> B or vi(l) <=> vy (2)

kl = 1;

k2 = 0.5;

dydt = [-kl*y(1l)+k2*y(2) $ d[A]/dt
kl*y (1) -k2*y (2) S d[B]/dt

17
Analysis of the model

>> [t y] = oded5(disomerisation, [0 10],

11)7
>> plot (t, Vy);
>> legend ('[A]', '"I[B]');

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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lIsomerization Reaction in MATLAB

n, — [A]
454 -
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251 [/ N\ i
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(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 16



lIsomerization Reaction in MATLAB

— [B]

If you know the concentration at one i
time, you can calculate it for any

other time... so what would be the
algorithm for that? i

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



© Rainer Breitling

Euler's method - pseudocode
Vn+1= Vn-+ hf(tn, yn)

1. define f(t,vy)
2. input t0 and yO0.
3. input h and the number of steps, n.
4. for j from 1 to n do
a. m = £(t0,y0)
b. vyl = yv0 + h*m
C. tl = t0 + h
d. Print tl and vyl
e. t0 = tl
f. y0 = yl
5. end
Where
One step of Euler’s integration from t to t +1 =t + h
Y., =y, t+ hf(t ,y,) where h is the (time) step and

f(t,,y,)1is the differential equation

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour

is:
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© Rainer Breitling

Improving Euler's method
Vn+1= Vn + hf(tn, yn)

!

Vn+1= yn+hf(tn+%h,yn+%hf(tn,yn))

Y @ T * W
-
"
T =/ O
=/

<y . \5,4 - /_.,ﬁ‘! -------- .
L -7 (3) (5)
L g==T >/ 2/

{ i i % } f
X1 X X X1 X X3 X

(c) David Gilbert, Xu Gu 2008

(second-order Runge-Kutta method)

Modelling dynamic behaviour
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MATLAB

lon In

Isomerization React

[~]

[E]
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(c) David Gilbert, Xu Gu 2008



Irreversible, two-molecule reaction

The last piece of the puzzle

A+B->C
Differential equations:

d[4] d[B] _d[C]

dt dt dt
% — —k[A] [B] Non-linear!

Underlying idea: Reaction probability = Combined probability that both [A]
and [B] are in a “reactive mood”:

p(4B) = p(4) p(B) = k;[Alk,[ B] = k[ A][ B]

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Metabolic Networks as Bigraphs

A>B&->C+D k1~ k2/©\k3
(A- o]

kl k2 k3 d/dt decay forward reverse
A -1 0 0 [A] -k1[A]
= [B] | +k1[A] -k2[B] | +k3[C][D]
1 -1 1
[C] +k2 [B] ~k3[C] [D]
C 0 1 -1
D 0 1 -1 [D] +k2 [B] -k3[C] [D]

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Biological description = bigraph =
differential equations
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(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour KEGG



Biological description = bigraph =
differential equations

substance A

substance B

O—— EC1.1.1.2 p=——(

(A~

kl

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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S: substrate,
P: product
 E:enzyme

Mass action

E|S substrate-enzyme complex

m

[Tl

«—
>

E+S  EIS—“>E+P

(c) David Gilbert, Xu Gu 2008

kp

Modelling dynamic behaviour
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Mass action equations

. E+S-(k)=E[S
2. E|S -(k2)— E+S
3. E|S -(k3)—> E+P

E+S_ EIS—%>E+P

OR ?

. E+S=(kl/k2)=FE|S
2. E|S -(k3)— E+P

?Can you code the differential equations?

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Metabolic pathways vs Signalling Pathways

(can you give the mass-action equations?)

Metabolic | |
(initial substrate) Signalling cascade
S Input Signal
X
E1—> l l
S, 81 > P1
E2 _’l
S2 » P2

N I
E3 —>l

S3 —» p3

S Output
(final product)
Classical enzyme-product pathway Product become enzyme at next stage

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 27



Feedback loops (signalling cascades)

P3 + S1 = P3|S1 —P3+PI P3 + X = P3|X
Positive feedback Negative feedback
Input Signal Input Signal

X

b |
S1 > /I1 S1 > pP1

S2 » P2 S2 » P2
S3 —» p3 S3 —» p3
Output Output

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Biological description = bigraph =
differential equations

growth &
a) extracellular differentiation
signals factors

membrane ReceptorT membrane ‘ Receptor

MAP kinase kinase kinase

V

Pp Pp

cytosol o MAP kinase kinase @ cytosol

\ Y

P.P
@ MAP kinase
\cytoplasmic

substrates

cytoplasmic
substrates

Gene

Fig. courtesy of W. Kolch

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 29



The Raf-1/RKIP/ERK pathway

RKIP

MEK-PP ERK

Can you model it?

(11x11 table, 34 entries)
(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Raf-1* RKIP
m1

ERK-PP
Raf-1*/RKIP
m9
k8 k3 k4 k11
A
m8 MEK-PP/ERK m11 RKIP-P/RP

Raf-1*/RKIP/ERK-PP

m7

MEK-PP

(¢) David Gilbert, Xu Gu 2008 ERK RKIP-P RP

Modelling dynamic behaviour



Raf-1* RKIP

dm3/dt = m1
ERK-PP
Raf-1*/RKIP
m9
K8 K3 k4 k11
A
m8 MEK-PP/ERK m11
Raf-1*/RKIP/ERK-PP

m7

MEK-PP
(c) David Gilbert, Xu Gu 2008 ERK Modelling dynamic behavilc?)l%rIP-P
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Raf-1* RKIP

dm3/dt = + r1 m1
+r4
- 12
-r3

ERK-PP
Raf-1*/RKIP

m9

MEK-PP/E

Raf-1*/RKIP/ERK-PP

m7

MEK-PP
(¢) David Gilbert, Xu Gu 2008 ERK Modelling dynamic behavioht RP 13



Raf-1* RKIP

dm3/dt = + k1*"m1*m2 m1
+r4
-r2
-r3

ERK-PP

Raf-1*/RKIP
m9

MEK-PP/E

Raf-1*/RKIP/ERK-PP

m7

MEK-PP
(c) David Gilbert, Xu Gu 2008 ERK Modelling dynamic behavilc?)l%rIP-P »



Raf-1* RKIP

dm3/dt = + k1*m1*m2 m1
+ k4*m4
- k2*m3
- kK3*m3*m9

Raf-1*/RKIP

MEK-PP/E

Raf-1*/RKIP/ERK-PP

m7

MEK-PP
(c) David Gilbert, Xu Gu 2008 ERK Modelling dynamic behavilc?)l%rIP'P RP



Description in MATLAB:
3. The RKIP/ERK pathway

function dydt = erk pathway wolkenhauer (t, vy)
% from Kwang-Hyun Cho et al., Mathematical Modeling...

kl = 0.53;

k2 = 0.0072;
k3 = 0.625;
kd = 0.00245;
k5 = 0.0315;
ke = 0.8;

k7 = 0.0075;
k8 = 0.071;
k9 = 0.92;
k10 = 0.00122;
kll = 0.87;

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Description in MATLAB:
3. The RKIP/ERK pathway

Analysis of the model:
>> [t y] =
ode4db (Gerk pathway wolkenhauer, [0

(
101, [2.5 2.5 0 0 0 0 2.5 0 2.5 3
0]),; % (initial wvalues!)

>> plot (t, y);

>> legend ('[Rafl*]', '[RKIP]',
'[Rafl/RKIP]', '[RAF/RKIP/ERK]',
'[ERK]', '[RKIP-P]', '[MEK-PP]',

'RKIP-P/RP]"' );

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour

‘MEK-PP/ERK]', 'I[ERK-PP]', '[RP]',

37



The RKIP/ERK pathway in MATLAB

3 1 | L)
25 |- o —— [Rafl™] _
> — | — [RKIP]
\ —— [Rafl/RKIP] L
. —— [RAF/RKIP/ERK]
20 N —— [ERK] .
VN - [RKIP-P]
e | — [MEK-PP]
185k N — [MEK-PP/ERK] _
. — [ERK-PP]
S —— [RP]
\ N — [RKIP-P/RP]
1} o - _
T T~ \'::-:332::::- . T .
os5}f/ / — T T -
!/ T ———— —
{ —
D I o ____——'_____
0 2 4 5 6 7 5 10

(c) David Gilbert, Xu Gu 2008

Modelling dynamic behaviour



Further Analyses in MATLAB et al.

All mitial concentrations can be varied at will, e.g. to test a
concentration series of one component (sensitivity analysis)

Effect of slightly different k-values can be tested (stability of the model
with respect to measurement/estimation errors)

Effect of inhibitors of each reaction (changed k-values) can be
predicted

Concentrations at each time-point are predicted exactly and can be
tested experimentally

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 39



Example of Sensitivity Analysis

function [tt,yy] = sensitivity(f, range, 1nitvec,
which stuff vary, ep, step, which stuff show, timeres);

timevec = range(l) :timeres:range(2);
vec = [1nitvec];
[tt y] = oded5(f, timevec, vec);

]
yy = y(:,which stuff show);

for 1=initvec(which stuff vary)+step:step:ep;

vec (which stuff vary) = 1i;

[t y] = oded5(f, timevec, vec);

tt = [t];

vy = [yy y(:,which stuff show)];
end

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Example of Sensitivity Analysis

>> [t y] =
sensitivity(@erk pathway wolkenhau
er, [0 1], [2.5 2.5 0 000 2.50
2.5 3 01, 5, 6, 1, 8, 0.05);

>> surt (y);

varies concentration of m5 (ERK-PP) from 0..6,
outputs concentration of m8 (ERK/MEK-PP), time
range [0 1], steps of 0.05. Then plots a surface
map.

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Example of Sensitivity Analysis

after Cho et al. (2003) CSMB

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Example of Sensitivity Analysis

(longer time course)

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Simulation in BioNessie

chemical Project 200601251500 == x|
File Edit Wwiew Mavigate Source Build Run  Tools ‘Window Help
D '-If Ej Kinetic Law Creatar
JPro... 40 X | | Files | | Runtime Simulation of REIPpathway . xml x] A=

E& BioProject

525 madels

E\‘; REIPpathway (In this pathwa
A= Reactions (7)

@ Species (11

------ {B] Global Parameters (113
{1 paramscan

1 sens

- simulations

K1 I— 2]
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(c) David Gilbert, Xu Gu 2008

Modelling dynamic behaviour
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SBML: http://www.sbml.org

*  The Systems Biology Markup Language (SBML) is a computer-readable format for representing models of biochemical
reaction networks. SBML is applicable to metabolic networks, cell-signaling pathways, regulatory networks, and many
others.

SBML has been evolving since mid-2000 through the efforts of an international group of software developers and users.
Today, SBML is supported by over 75 software systems including Gepasi. Also an SBML->MatLab converter

*  Advances in biotechnology are leading to larger, more complex quantitative models. The systems biology community
needs information standards if models are to be shared, evaluated and developed cooperatively. SBML's widespread
adoption offers many benefits, including:

— enabling the use of multiple tools without rewriting models for each tool
— enabling models to be shared and published in a form other researchers can use even in a different software environment
— ensuring the survival of models (and the intellectual effort put into them) beyond the lifetime of the software used to create them.

Systems Biology
Markup Language

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 45




SBML - XML Based Language

<sbml>
<model>
<listOfCompartments> <compartment/> </listOfCompartments>
<listOfSpecies> <specie/> < /listOfSpecies>
<listOfReactions>
<reaction>
<listOfReactants>
<specieReference/>
</listOfReactants>
<listOfProducts>
<specieReference/>
</listOfProducts>
<kineticLaw>
<listOfParameters>
<parameter/>
</listOfParameters>
</kineticLaw>
</reaction>
</listOfReactions>
</model>
</sbml>
(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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SBML Example

Specie representation: m1 in RKIP model:
<specie name="m1" compartment="compartment" initial Amount="2.5" boundaryCondition="false" />

Reaction representation: k1 in RKIP model: m1 + m2 -> m3 (rate = k1 = 0.53)
<reaction name="k1" reversible="false">

<listOfReactants>
<specieReference specie="m1" stoichiometry="1" />
<specieReference specie="m2" stoichiometry="1" />
</listOfReactants>

<listOfProducts>
<specieReference specie="m3" stoichiometry="1" />
</listOfProducts>

<kineticLaw formula="k 1*m1*m2">
<listOfParameters>

<parameter name="k 1" value="0.53" />
</listOfParameters>

</kineticLaw>

</reaction>

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



Slide from
Richard Orton

ow to model...1: Identification

« Identify the biological pathway to model (what)

— RKIP
— EGF and NGF activated MAPK

« Or, more importantly, identify the biological question to answer (why)

— What influence does the Raf Kinase Inhibitor Protein (RKIP) have on the
Extracellular signal Regulated Kinase (ERK) signalling pathway?

— How do EGF and NGF cause differing responses in ERK activation, transient and
sustained, respectively?

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 49
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Richard Orton

How to model...2:

*  This is the key step and is not trivial

*  Draw a detailed picture of the pathway to model

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

. Check the literature

What is known about the pathway and proteins?
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

(c) David Gilbert, Xu Gu 2008

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

Modelling dynamic behaviour

Definition




Slide from
Richard Orton

How to model...2: Definition

» Define the kinetic types

— Each reaction has a specific kinetic type
—  All the reactions in the RKIP model are mass action (plain,
uncatalysed kinetic type):
e V=kI[ml][m2]-k2[m3]
— Another common kinetic type is Michaelis Menten (enzyme
catalysis):
*  V=Vmax[S]/(Km+[S])

» Define the rate constants (k’s, km’s, Vmax’s etc)

 Define the initial concentrations

*  Check the literature

— What values have been previously reported?
— What values are used in similar models?

— Do you trust them? Are there any conflicts?
— Measure them yourself in the wet lab

— Parameter estimation techniques: estimate some parameters based
on others and observed data

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 51



How to model...3: Simulation

*  Once the model has been constructed and parameter data has
been assigned you can simulate (run) the model

»  This is a relatively straightforward step as there are many
software tools available to simulate differential equation based
models

*  For example:

—  BioNessie

— MatLab

—  Copsai / Gepasi
—  CellDesigner

— Jarnac

—  WinScamp

— Many many more

*  Runtime options include setting the time to run the model for
and-the-number of data points to take
Slide from

Richard Orton

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour

BioNessic

MATLAB
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Slide from
Richard Orton

How to model.. .4:

«  Simulating the model typically returns a table of data which
shows how each specie’s concentration varies over time

»  This table can then be used to generate graphs of specie
concentrations

* Do the model results match the experimental data?
—  Yes: validation
—  No: back to definition and check for errors
*  Simple typos
*  Wrong kinetics
*  Over simplifications of processes
*  Missing components from the model
* Incorrect parameter data

*  The model can then be validated further by checking the
system behaves correctly when things are varied:

— It might be known how the system behaves when you over-
express or knockout a component

—  The model should be able to recreate this behaviour

»  Ifthe model’s results do not match known biology, we cannot
rely on predictions about unknown biology

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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How to model...5: Analysis

» After the model has been validated we can then analyse and interpret the results

—  What do the results imply or suggest?
— What do they tell us that is new and that we did not know/understand before?
—  What predictions can we make?

« Sensitivity analysis can be used to identify the key steps and components in the pathway as well as
monitoring how robust the system is:

— Vary an initial concentration or rate by a small amount and see what affect it has on the system as a whole:
small changes in a key value are likely to have a large affect

— How robust is the system to changes?

* Knockout experiments are easy to do in a model: for example, simply set the initial concentration of
the desired component to 0

— Knockout experiments can be used to identify which components are essential and which are redundant
— Can also knockout reactions (set rate to 0) to identify essential and redundant reactions in the system

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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How to model...Overview

Identification

Yes

Analysis Validation Definition

Simulation

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 55



BioNessie

AAn,

B

. Platform independent

BioNessie ODE workbench

—  Windows, Linux (1386 or AMD64) and Mac Os with Intel i386.
—  Released on 5™ October 2006 for internal use.

—  JAVA Web Start

. Simulation

—  Multithreaded: simulation of different models at the same time.

—  User-friendly data viewer and printable data output

. SBML model construction

—  Graphical tool supports creation & editing of SBML biochemical models

—  Kinetic Law creation and management

. Parameter Scanning

. Sensitivity Analysis

. Grid

. Model Version Control System

. Model Development Management
. Optimisation

(c) David Gilbert, Xu Gu 2008
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Multi-threaded Parameter Scan

|Biochemical Project 200601251500

=18
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{1 paramscan
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{1 simulations

4 |
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C:/Documents and Settings/xliu/Desktop/BioProject/paramscan/Scank22007151135...

Create at Mon Feb 05 11:35...

Title: |Scank2

Author: IXuan

Note: |

~Parameter setting

Apply |

Scan Parameter Name: IkZ

Beqin Yalue: IU.D

End Yalue: |5.0

Scan Steps: IlO

Denisty: |Iinear

[
=l

~Time setting

End Time: IllJlJ.U Total Steps: IIOU

SBML file path: |C:'LDocuments and SettingsixliuiDeskkop\BioProjectimodels\RKIPpathway . xml

Prameter scan not complete.

Multi-threaded

Create new scan... I

Edit |

Clean

Slide from Xuan Liu

Do mutilthread param scan! |

4 Do Local Parameter Scan Now! |

(c) De
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de from Xuan Liu

This plot shows the whole trace of selected species - ERKPP for a parameter scan in RKIPpathway.xml of parameter K2 from 0 through 4.5 in
steps of 0.5 with linear density for the timecourse of 100 timesteps of 100 time units.

(c) David Gilbert, Xu Gu 2008
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Slide from Xuan Liu
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parameter value

— Min — Max — Final

Raf1+RKIP

This plot shows the min. max and final values of monitoring function Raf1+RKIP for a parameter scan in RKIPpathway.xml of parameter K2 from
0 through 5 in steps of 0.5 with linear density for the timecourse of 100 timesteps of 100 time units.

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 61



Sensitivity analysis

« Sensitivity analysis investigates the changes in the system outputs or behavior with respect to the
parameter variations. It is a general technique for establishing the contribution of individual
parameter values to the overall performance of a complex system.

» Sensitivity analysis is an important tool in the studies of the dependence of a system on external
parameters, and sensitivity considerations often play an important role in the design of control
systems.

« Parameter sensitivity analysis can also be utilised to validate a model’s response and iteratively,
to design experiments that support the estimation of parameters

Slide from Xuan Liu

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Sensitivity Analysis Creation in BioNessie

scan
& 5cankK2200715115416.xml
sens

simulations

New Sensitivity

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Xuan Liu

0

0 20 30 40 5 60 70 8 9 100 110 120 130 140 150 160 170 180 190 200 210

|— Rafl — RKIP — RaflRKIP  ERKPP — RaflRKIPERKPP — ERK ~— RKIPP -~ MEKPP — MEKPPERK — RP — RKIPPRP

<« | _,] {|Result of:

This creates a plot of the sensitivity of species Raf1, RKIP, Raf1RKIP, ERKPP, Raf1RKIPERKPP, ERK, RKIPP, MEKPP,

MEKPPERK, RP and RKIPPRP to the values of the parameter K6 for the timecourse of 200 timesteps of 200 time units.

(c) David Gilbert, Xu Gu 2008
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Other simulators include...

eee
0| |E|= %2
Copasi
»Model
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- Cutput
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(c) David Gilbert, Xu Gu 2008

||Zoom Print Save data...

Copasli Plot: ConcentrationPlot m [ E4
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more simulators ...

Systems Biology
Workbench

SBW - standard parts

E-CELL Development Overview

Grid I

View Session
Database Monitor
i
database View - Session Manager
> Computing
Model Model | Algorithm
Pisoduil .o =
E-CELL Anzlysis
Modeling Toolkdt

Environment

(c) David Gilbert, Xu Gu 2008
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Human African Trypanosomiasis

T.b. gambiense

e Numbers hit around 300,000 at
the end of the twentieth century

e Drugs exist, but not satisfactory
¢.g the arsenical melarsoprol

HO;;/S‘\ YQ /©\f /iOaH
HO;S O SO, :K©/\ SOzH

Suramin
NH> :S OH

Trypanosomiasis Y ~ - L., v o
| . cr N o0 ""0 HQNJ\N//J\N
_ | No risk /| H

Ak S/ Pentamidine Melarsoprol

ns /

Endemic / fr

High endemic | \ “2NV\—T;|COZH

Epidemic o J Eflornithine

- | Tb.rhodesiense
(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Human African trypanosomiasis (1999)

Number infected 0.3 million

Deaths per year 50,000

DALYs 1 598,000
Distribution Sub-Saharan Africa

Causative organisms 7. brucei rhodesiense

T. brucei gambiense

Vector Tsetse fly (Glossina)
Natural habitat forested rivers & shores
(gambiense)

Savannah (rhodesiense)

Natural host Ungulates & other mammals
(rhodesiense). Mainly man
only (gambiense)

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 63



Genomic Biological Research Center,
University of Glasgow

eflornithine

ornithine putrescine spermidine spermine

dAdoMet dAdoMet

Gly

O\
@,
Cys v-Glu-Cys GSH GspdSH
(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Trypanothionine ODE model

Equations and parameters References
ODE
~ ()D(" Or
Vopc = Ymas [1£] tn] (11)
1"§)/DP(1' KOD(') #[Orn]
SAMdc
i SAMdc SAM] 11
Vsanrae = Vinag * . [ (11)
; S . csavde [dSAM .
1+ ﬁq—\—,”i[ ] = KSAMde (1+ ! "[’i)] [:\ Tig‘x’\'/ ] ) +[SAM]
MAT
be _ vaar
Virar = AT [ x\l\[] (11)
“ ( l\l(‘l ) (1' KiMet )
SpdS®
Vspas viardS . [dS AM]«[P] 1)
KPS (1.[&2&) spas (uﬂ%}t) RSP (1«%) [ASAM]+ 5245, « ( [ﬁ,;?\%ﬂ)*[P].[dSAM]*[P]
iMTA iD iD KiMT A
SpmS*
Vt@pmS’ - 7 Vi % [(lel\I] [ ] ; (1)
Spms ,(HM),(Hﬁ)H (1+ [?,L)*[(,ISAI\I]H\'jg;;*;*(1+%)*[D]+[<ISAM]*[D]
YiMTA Kis s YiMTA
~+GCS?
v Ges [ Glul* [Aba] [ATP] (2)
/. — arBry K -
VaGes = T TGH] | [Aba] | [ATP] [GIu*[Abal (Gl [ATD] " TADa[*[ATP] | [GIuJ*[Aba]*[ATP]
KGlu KAba Karp T*KGlu*KAba B*Kgiu*KaTpP a*Kapa*KaTP arfey+ KGlu*Kapa*KaTP
vGCS*
AP — > b2 >3 D12 [(;SII] b1 12
Vages = ¢+ @ T [ATP] T [ATa(CD] T ATPFGI] T [Glu] \Ru T moa[ATP]
[GSH]+6. [Glu-Ala(CD] ([ o, b1 [ADP]+¢, (4)
TIATPx,, (Glu] K T [ATPler )~ [ATPl&,ap o

+ [AA DP]* do 1 + 1 + 1
[Ala‘( CI )] Kiapp [}\TP] *Kiapp*Kaarp [AATP]*[(;IH] *Kiapp*KaarpPp*KKaGlu

“The equation takes MTA into account, which behaves behaves as competitive inhibitor onto dAdoMet (dSAM)

POnly one Cys residue (Cys-319 in T.brucei vyGCS) is invariant. Mutation of Cys-319 to Ala in T. brucei vGCS renders the enzyme insensitive to
cystamine inactivation without significantly affecting the enzyme’s catalytic effciency, kinetic mechanisms or substrate affinities.

“the equation includes the inhibitory terms resulting from the presence of glutathione (GSH) and all the inhibitor terms containing phosphate
concentration have been omitted due to the lack of phosphate binding to enzyvimes species.

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour




Kinetic Data

Discription Experimental measurements References

K,, = 038£0.15mmM
Vinae = 3s ! (4umol /min/myg)

s-adenosylmethionine decarboxylase k. = 0.0013 % 0.0004s! (9)
AdoMetDC iy = 0.25 — 03729
[AdoMet|, ... = 0.04dmM

K,, = 280 £+ 30uM

K,[)p_\!o = 220 =% 70[1..‘\’!

Vinar = 2.7 x 10°0molCO,/h/mg (7)
[Ornithine] = 50puM

Ornithine decarboxylase

i_m(_ic_al

pe— ———

A black art?

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



© Rainer Breitling

Conclusions and Outlook

« Dafferential equations allow exact predictions of systems behaviour
in a unified formalism

* Modelling = in silico experimentation
 Difficulties:

— translation from biology

* modular model building interfaces, e.g. Gepasi/COPASI, Genomic Object Net, E-
cell, Ingeneue

— managing complexity explosion
» pathway visualization and construction software

 standardized description language, e.g. Systems Biology Markup Language
(SBML)

— lack of biological data
 perturbation-based parameter estimation, e.g. metabolic control analysis (MCA)
* constraints-based modelling, e.g. flux balance analysis (FBA)
« semi-quantitative differential equations for inexact knowledge

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour 7



Modelling and modularisation

Example:
Signalling pathway cascades



Mass action for enzymatic reaction -

phosphorylation
S
R — l - R

P

R: substrate,
R, : product (phosphorylated R)
* S,: enzyme (kinase)

R|S, substrate-enzyme complex

RS, “RIS,—“—>R +5,

k2

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Phosphorylation - dephosphorylation loop
Mass action model 1

R: unphosphorylated form S
R : phosphorylated form 1
S,: kinase l
S,: phosphotase
R|S, unphosphorylated+kinase complex R /\
R|S, unphosphorylated+phosphotase complex Rp
\/
kg
RS RIS, —“—>R +S, |
%) S
ca 2
K
R+S, < R, 1S, _ R, +38,

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Phosphorylation cascade:
2-stage, Mass Action model 1

R+S,_ RIS, —“—>R +5— f1
R+S,«<“—RIS,” "R +S6, _—
R\/ Rp
RR+R,_ RRIR,—*—>RR +R s, /l\
- RR RR,
RR+ SS, < RR1SS,” "RR, + S8, \T/

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour

76



Phosphorylation cascade.:
3-stage, Mass-Action model 1
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Phosphorylation cascade + negative feedback: 3-

stage, Mass Action, model 1
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Phosphorylation cascade + negative feedback: 3-
stage, Inhibitor on 2nd stage, Mass Action
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Further Analyses

All mitial concentrations can be varied at will, e.g. to test a
concentration series of one component (sensitivity analysis)

Effect of slightly different k-values can be tested (stability of the model
with respect to measurement/estimation errors)

Effect of inhibitors of each reaction (changed k-values) can be
predicted

Concentrations at each time-point are predicted exactly and can be
tested experimentally

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour
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Combination of positive & negative feedback: Simulation

No Feedback Positive Feedback
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Combination of positive & negative feedback:
Simulation vs. Experimental Data
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ecture outline

 Biochemical reactions
* Modelling with Ordinary Differential Equations
 Kinetics : Mass Action

« Examples
— Signalling & metabolic pathways

— Trypanothione metabolism 1n Trypanosoma brucei
— Oscillators & Amplifiers

* Analysis
e ODE simulators

(c) David Gilbert, Xu Gu 2008 Modelling dynamic behaviour



