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Translational systems pharmacology for acquisition of knowledge and
prediction of drug pharmacokinetics across patient populations
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Translation of knowledge as a key challenge in clinical 72
development (&
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Thiel et al., Drug discov. today: disease models, 2017
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Physiologically-based pharmacokinetic (PBPK) models ¢
enable patient stratification and individualization &
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Kuepfer et al, CPT:PSP, 2014

Open

Systems
Pharmacology
Open-Systems-Pharmacology.org
Import Software Tools Common Core
Excel® csv Sim’ —
e o || SEECSIM

E rt

Xpo e, =0

) <+l EMol |o

Excel® csv Biological modeling & simulation
PDF ry

v

g"‘ MATLAB® (technical computing)
MoBi Toolboxes/ Lo < MODEL

Interfaces for ool > (XML-Formulation)
E‘. R (statistical computing)
e

J

Page 3 PAGE Meeting 2017 - Markus Krauss - 09.06.2017



Bayesian population PBPK combines prior knowledge 72
i . : Y
and information from experimental data ;
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A translational learning workflow for prediction of drug 72
pharmacokinetics \&
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Krauss et al., npj Syst. Biol & Appl., 2017
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A translational learning workflow for prediction of drug 2
pharmacokinetics R
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A specifically-designed drug cocktail probing study 2
provides experimental data N
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The same experimental setting was considered for two
different cohorts of individuals

BAYER

Healthy cohort Diseased cohort
103 healthy volunteers 79 obese patients

N Male age[years] body weight body height body mass

[#] [kg] [cm] index
[min  median [min  median [min median [min
max] max] max] max]
healthy 103 54 28 [18 74.5 [48.5 174 [154 [18.8
individuals 56] 113] 194] 32.3]
diseased 79 33 45  [20 138 [52 175 [156

patients 77] 206] 192]

median

Krauss et al., npj Syst. Biol & Appl., 2017
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Application of the developed workflow as a proof of 72
concept study \&
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Individualized PK simulations as a key result of each

Bayesian PBPK learning step

BAYER
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Krauss et al., npj Syst. Biol & Appl., 2017
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Individualized PK simulations as a key result of each

Bayesian PBPK learning step

BAYER
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Individualized PK simulations as a key result of each

Bayesian PBPK learning step

>
wm.oj

m

A

parent ven. pls. [uM]

ind. no. 15 ind. no. 16

ind. no. 20

e

0.0001
0 246 8 0 2 4638 0 2 468 0 2 468 0

time [h] time [h] time [h] time [h]

== Midazolam, healthy == {Orasemide, healthy

2 46 8 0 2 46 8
time [h] time [h]

= Midazolam, obese

Krauss et al., npj Syst. Biol & Appl., 2017

Page 12 PAGE Meeting 2017 - Markus Krauss - 09.06.2017



Starting from mean patient models...

BAYER
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Krauss et al., npj Syst. Biol & Appl., 2017
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... model individualization strongly improves model
accuracy
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Krauss et al., npj Syst. Biol & Appl., 2017

Page 14 PAGE Meeting 2017 - Markus Krauss - 09.06.2017



Qualified models on a population level...

o
/E:”
A

Aam

parent drugs metabolites

0.1

= Midazolam, healthy 0.001

mh [uM]

1e-05

: s
== torasemide, healthy 2
1e-05
0.1
. _ s
=== midazolam, diseased = o.001
E i

1e-05

Buluuea

population

diseased

health

translate

Krauss et al., npj Syst. Biol & Appl., 2017
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... allow translation and prediction of population PK Ny
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Use of PBPK models allow to assess knowledge
acquisition on a parameter level...

BAYER
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... and demonstrates potential for model-based
pathophysiological characterization
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Specific hepatic clearance correlates well with changes in gene expression
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The presented prototypical workflow could provide a
basis for iterative use in pharmaceutical development
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Krauss et al., npj Syst. Biol & Appl., 2017
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