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Formalizing the ODE model

Biological cartoon Reaction network (SBGN) ODE formulation

Frequently used rate equations:
e Mass action: A+B—C
A=B=-C=-kAB
e Enzyme kinetics: E+S < ES — E+P
_ 211 approx. by Michaelis-Menten:
STAT1:STAT2 heterodimer A P . Vmax.S/(KM + S)
& @ o g A .y
STATISTATZIRESrimer (SGF3) b b8 ¢ e Inhibition: A — B inhibited by C:
— Y B = kAl +k;C)
/ ® s N 55 ] pS"V\Tmmm psTATIpSTAT2N) 1-7, ?
oo O il I
_ ’\ m Nucleus “ ’ :T:sznm\
ISRE ISRE 0 \ X 5-4‘_8% ; ; M ]
. - — e Determine unknown parameters by
() e Ot o Clmdondaid Maximum likelihood estimation
e e Cscomope W
O o -} translation @ deugcrla\d ’
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STAT1 homodimer
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Calibration of the ODE model
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dMod, R

D2D, Matlab

Time derivative of ODE model states x: - :
Implementation in modeling toolboxes:
x = f(x,p,u),
Observables y: Kaschek et al. “Dynamic modeling, ...”
o Journal of Stat. Software (2019)
y _ g(xa pa f) *
. _ _ Raue et al. “Data2Dynamics ...”
Minimize weighted residual sum of squares: Bioinformatics (2015)
m dy 2
Vg = g;(p 1)
i = 33 |
b=117=1 g7
o s é 2
p = arg min x5, (»)].
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Calibration of the ODE model
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Model size:
e 40 dynamic variables
e 85 parameters
e 11700 data points for 20 observables

Measurement techniques:
e Western blot (WB)
e gPCR
e Mass spec (MS)

Experimental conditions:
e Time course over 32 hours
e Dose response at 1h, 4h and 24h

e USP18 over-expression and inhibition (siRNA)
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objective function

objective function

Parameter estimation in the b
presence of multiple optima

o low performance method

© high performance method

systematic
comparison

parameter 2

parameter 1

Epo receptor model
© stochastic optimization
(12 different algorithms)

o deterministic optimization
(finite differences)

© deterministic optimization
(sensitivity equations,
no reparameterization)

o hybrid optimization

o deterministic optimization
(sensitivity equations)

Performance visualization

JAK2/S model
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a b c

identifiable parameters structural non-identifiability practical non-identifiability

Raue et al. “Structural and Practical ...”
Bioinformatics (2009)

confidence level
confidence level
confidence level

Current Opinion in Systems Biology
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Strategy 1 More data => Experimental design
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Strategy 2 Model reduction

Remove intermediate step
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Model correctly predicts dose-dependent sensitization at gene level
GAS: no hypersensitization, only desensitization
ISRE: potentially strong hypersensitization, if dose and timing is chosen properly
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Dynamics of Promoter Regions

2800

2804

28+

2.8

0.284

IFN prestimulation [pM]

0.028 1

10 20 30 40
Timepoint of stimulation with 1400pM IFN
[hours post prestimulation]

30 60 90

AUC ISRE [a.u.] I

IFN prestimulation [pM]

2800 A

2804

28

10 20 30 40
Timepoint of stimulation with 1400pM IFN
[hours post prestimulation]

50 100 150 200

AUC GAS [a.u] l

e Model correctly predicts dose-dependent sensitization at gene level
e GAS: no hypersensitization, only desensitization
e ISRE: potentially strong hypersensitization, if dose and timing is chosen properly
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model design
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Kok et al 2020
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Pharmacokinetics of Interferon
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Summary JETI

Rof / Peg subcutan /
intramuscular

Dose-dependent sensitization observable across:
- Multiple cell systems (including PHH)
- Different stimuli including their PK
- Transcription factors, promoter regions and ISGs
- Dynamic of ISPs (work in progress)

Patient-individual optimal treatment is influenced by
- Abundance of feedback proteins
- PK parameters
- Desired readout (ISRE vs. GAS, Target protein)
- But interestingly: Optimal treatment time point is relatively stable

What next?
- Optimize response given a multiple treatment scheme
- Compare to clinical application
- More patient data?
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Dynamics of Transcription Factors

Timepoint of 2nd Treatment

Dr. Marcus Rosenblatt, University of Freiburg — Sensitization of IFNa signaling
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A Knockdown efficiency USP18
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Model selection
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Type lll interferons disrupt the lung epithelial barrier
upon viral recognition
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Immunity

Excessive negative regulation of type | interferon
disrupts viral control in individuals with Down
syndrome
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Analytical steady-state constraints JETI

LaB

x = f(x’p7”)7

Rosenblatt et al. “Customized steady-state constraints ...”
Frontiers in Cell and Developmental Biology (2016)
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