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Outline

Dynamics of in vitro signaling
v'Network motif = computational function
v'Interpretation of in vitro experimental results

Dynamics of cell-cell interactions
v'Cellular communication = biological function
v'In vitro and in vivo model difference

Multi-scale modelling
v'Reconciles difference between in vitro and in vivo data
v'Signaling + PK models: animal data = human prediction
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Systems in scientific paradigms

Number of components (scale)

Linear

inearity

Nonl

Nonlinear

n=1

Growth, decay,
equilibrium
*Exponential
growth

Radioactive
decay

n=2

n»1

.

Oscillations LAY CUITA Co/icctive

*Linear oscillator
*Mass and spring
*2-body problem
(Kepler, Newton)

20th - 21st Century

*Fixed points
*Bifurcations
*Overdamped
systems,
relaxational
dynamics
‘Logistic equation
for single species

*Pendulum
sAnharmonic
oscillators
*Biological
oscillators
(neurons, heart
cells)
*Prey-predator
cycles

*Nonlinear
electronics (van der
Pol)

Civil engineering,
structures
*Electrical
engineering

attractors
*3-body problem
(Poincaré)
*Chemical

*Fractals

*Forced nonlinear
oscillators
(Levinson, Smale)

Nonlinear dynamics and chaos,

phenomena

*Coupled harmonic
oscillators
*Solid-state
physics

*Molecular
dynamics
*Equilibrium
statistical
mechanics

*Coupled
nonlinear
oscillators
*Lasers, nonlinear
optics

*Heart cell
synchronization
*Neural networks
s*Ilmmune system
*Ecosystem
*Economics

Steven H Strogatz, Perseus Books Figure 1.3.1

Continuum

Waves and patterns

*Elasticity

‘Wave equations
*Electromagnetism
(Maxwell)
*Quantum
mechanics
(Schrodinger)
*Heat and diffusion
*Acoustics
*Viscous fluids
Spatio-temporal
complexity

*Nonlinear waves
*Plasmas
*Earthquakes
*General relativity
*Turbulent fluids
*Reaction-
diffusion,
biological and
chemical waves
Life
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Bistable Switch
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Bistable Switch
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Bistable Switch - Irreversible
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+BH3-BCL2-BAX module constitutes a bistable (on-off) switch
ApO ptOSiS 1. Once turned on, the switch remains on despite small decreases in stress
2. The higher the stress, the more quickly the switch is turned on
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EGFR: suvival and proliferation
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NF-kB: survival/death decision

Dynamic functions of apoptosis regulatory network

+*NF-kB module constitutes an oscillator

1. NF-kB induces dual negative feedbacks in its inhibitor IkB. This renders
NF-kB activities osscillate

2. NF-kB oscillates with different periods in individual cells.

3. Oscillatory NF-kB crosstalk with p53 waves to influence the decision
between cell cycle arrest and apoptosis
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Dynamics of in vitro signaling

Network motif = computational function

Key signal

integrators =
}

O

\

and effectors

@
.
TL a b

O

Output @
devices
Celleycle

Tyson et al. (2011) Nat Rev Cancer. 11:523-532
12 Tao You tao.you@astrazeneca.com Computational Biology | Discovery Sciences

!
6
%

|
—0

E
=
A



Dynamics of cell-cell interactions

Cellular communication = biological function

13 Tao You

Stimuli-control
of dual-delayed
kB leadback

. .-""‘1‘.

Cell-to-call
MNF-xB

Nt/
y,._{.f"

k]
A
I
I
I-ur'"
i

¥ "'ir_-\“\ |IU|
| £
\____,/:.II" .:;
A
L |
r i [ ¥
....I l:- \g

Tissue-lkevel
paracring signal
| ? 3
| [
X |
" U

A
i é )
]

..-ll..-""'h\._/

"

et Cljanaer in Chantics & Devslopresn)

tao.you@astrazeneca.com

Computational Biology | Discovery Sciences

NF-kB signaling: weakly
coupled oscillators

Paszek, P., Jackson, D. & White, M
(2010). Oscillatory control of signalling
molecules. Curr Opin Genet Dev, 20(6),
670-6.




Dynamics of cell-cell interactions

Cellular communication = biological function

EGFR signaling:
autocrine, paracrine

Wiley et al (2003) Trends in Cell Biology. 13(1):43-50
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EGFR autocrine signaling
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Can we build a model that...

v'Integrates in vitro evidence with in vivo animal data?
v Consolidates different information and build confidence

v'Helps predict outcomes for a clinical dosing schedule?
v Efficacy D
J J
MMOA [ PK/PD
J J
Mechanistic PK/PD

Key parameter In vivo
adjustment xenograft

Calibrated
Mechanistic PK/PD

predicted
human PK

Human
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Outlook

Multi-scale model:
v'Integrates in vitro and in vivo results

1. Ensures consistency and builds confidence
v'Encompasses important clinical biomarkers
1. Provision of a basis for selection and evaluation of different biomarkers at clinical trial
2. Evaluation of different dose scheduling for clinical trial
3. Potential insights into population heterogeneity and personalised dose scheduling
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EGFR Signaling
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