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INTRODUCTION: WHAT CAN INFORMATICS DO FOR
BroLoGgy?

SYSTEMS BIOLOGY. New approaches are needed to determine the logical
and informational processes that underpin cellular behaviorur.

PauL NuUrse. Understanding Cells. NATURE voL. 24 (2003)

[--.] An important part of the search for such explanations is the
identification, characterization and classification of the logical and
informational modules that operate in cells. For example, the types of
modules that may be involved in the dynamics of intracellular
communication include feedback loops, switches, timers, oscillators and
amplifiers. Many of these could be similar in formal structure to those
already studied in the development of machine theory, computing and
electronic circuitry. When these modules are coupled in space by processes
such as reaction diffusion and regulated cytoskeletal transport, they help to
provide a basis for the spatial organization of the cell. The identification
and characterization of these modules will require extensive experimental

investigation, followed by realistic modelling of the processes involved.[...|
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COMPUTATIONAL SYSTEMS BIOLOGY

COMPUTATIONAL SYSTEMS BIOLOGY.

H. Kitano. Computational Systems Biology. Nature vol. 420 (2002)
To understand complex biological systems requires the integration of
experimental and computational research - in other words a systems biology
approach. Computational biology, through pragmatic modelling and
theoretical exploration, provides a powerful foundation from which to
address critical scientific questions head-on. The reviews in this Insight
cover many different aspects of this energetic field, although all, in one way
or another, illuminate the functioning of modular circuits, including their
robustness, design and manipulation. Computational systems biology
addresses questions fundamental to our understanding of life, yet progress
here will lead to practical innovations in medicine, drug discovery and

engineering. |[...J
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OUTLINE

@ MODELING

Q THE STOCHASTIC INGREDIENT
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Modeling

WHAT DOES IT MEAN MODELING?

modeling = describing “systems” using the precise and formal
language of mathematics. Useful for:

o (re)organization of knowledge;
o simulation;

o prediction of properties and behaviors.

WHAT WE CAN MODEL IN BIOLOGY?

o Protein interaction networks, genetic regulation networks...

(already now)

o cells, tissues, organs, organisms... (in the future)
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Modeling

AN EXAMPLE: MAPKINASE

(input)
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(output)
E2 KK-P'ase K-P'ase
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Modeling

AN EXAMPLE: MAPKINASE

(input)

l ! 1o !
KKK 2 KKK* KK T KK-P —— KK-PP| K —— K-P ._-

(output)
E2 KK-P'ase K-P'ase
MAPKinase cascade with rates as in [Huang et Ferrell]
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Modeling

CHOOSING THE DETAIL OF MODELS

The choice of the level of detail of models is an art, depending
on the phenomenon one wishes to describe. J
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Modeling

CHOOSING THE DETAIL OF MODELS

on the phenomenon one wishes to describe.

PHOTOSYNTHESIS - SIMPLIFIED MODEL
6COy + 6H0 — CgH120¢ + 609

The choice of the level of detail of models is an art, depending J
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Modeling

CHOOSING THE DETAIL OF MODELS

The choice of the level of detail of models is an art, depending
on the phenomenon one wishes to describe. J

PHOTOSYNTHESIS - SIMPLIFIED MODEL
6COy + 6H0 — CgH120¢ + 609

PHOTOSYNTHESIS - EXTENDED MODEL

LIGHT-DEPENDENT PHASE
2H;0+ADP+Pi+2NADPY — O+ ATP+2NADPH +2H™

CARBON-FIXATION PHASE

COy+ ATP +2NADPH +2HT —
(CHQO) + HoO + ADP + Pi + 2NADP*
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Modeling

MODELING PROCESS

model
building

model
refining

prediction
of properties
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Modeling

WHAT MATHEMATICS?

WHAT WE WANT TO CAPTURE OF BIOLOGICAL SYSTEMS?

The dynamics, i.e. their temporal evolution.

DIFFERENTIAL EQUATIONS

o Concentration of molecules
o The instantaneous o Number of molecules
variation of the o The variation of the
concentration of a molecule number of molecules is
is given by the balance of governed by probabilistic
ingoing and outgoing laws (noise).
fluxes. | ‘
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Modeling

AN EXAMPLE: REACTION CATALYZED BY AN ENZYME

Enzymatic Reaction with Mass Action Dynamics

Enaymaio Reaction
time evolution with Mass Acton equations 600
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The stochastic ingredient

THE DILEMMA: DETERMINISTIC OR STOCHASTIC?

Let’s consider a colony of bacteria, in which every bacteria
generates new offspring with rate A (i.e. it generates A new
bacteria per unit of time) and dies with rate p (i.e. the fraction
of bacteria dying per unit of time is ).

FORMALIZATION

X (t) is the number of bacteria at time ¢.
Birth rate at time t: o< X (¢) (= AX (?))
Death rate at time ¢: o< X (t) (= pX(t))
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X(t) is a continuous variable (taking values in R).
The speed of change of X (t):

dX(t)
dt
This differential equation has solution

X(t) = XoeP 11,

= AX(t) = pX(t) = (A — ) X (1)
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The stochastic ingredient

MODEL WITH STOCHASTIC PROCESSES

X (t) is a discrete variable (values in N).

We observe a sequence of (discrete) events in (continuous) time,

each happening with a certain probability. Mathematically, the

model is a Continuous Time Markov Chain.

Xo Xrli-l Xo
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prob. birth =
AX(t
AX(t)+pX(t)

prob. death =

pnX(t)
AX () +puX(t)
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The stochastic ingredient

COMPARING THE TWO MODELS

ODE STOCHASTIC PROCESSES

o Population of bacteria does o Noisy evolution.
not fluctuate. o Bacteria can extinguish in
o Bacteria can finite time.
asymptotically go extinct. o Dynamics determined by
o Dynamics determined by A — p (trend) and A+ p
A — . ) (variance).

time
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The stochastic ingredient

ANALYSIS OF THE STOCHASTIC MODEL

o Analysis are usually performed simulating the model
several times.

o We can study the average behavior, or distributions at
specific times or of specific events.

Distribution of bacteria at time t =1 Distribution of extinction time

Distribution at time t=1 Distribution of extinction time

o

ensity
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The stochastic ingredient

STOCHASTICITY IN BIOLOGICAL SYSTEMS?

Stochastic mechanisms act when number of molecules is low.
They are central in genetic regulatory networks. For instance,
they may be responsible for phenotypic variation in isogenic
population of bacteria.

H. H. McAdams and A. Arkin. Stochastic mechanisms in gene expression. PNAS, 1997.
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The stochastic ingredient

STOCHASTICITY IN BIOLOGICAL SYSTEMS

o 200 400 800 800 1000 1200

ma

o 200 400 600 200 1000 1200
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The stochastic ingredient

EFFECT OF STOCHASTICITY

LOTKA-VOLTERRA SYSTEM
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