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Systems Pharmacology and Pharmacy

We aim to develop precision medicine approaches to characterize and predict variation
Iin treatment response and enhance translational drug development strategies.

/Systems & clinical pharmacology: Develop systems level understanding of \
drug action, disease heterogeneity, and inter-individual variation.
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PK: pharmaco kinetics, PD: pharmaco dynamics
QSP: quantitative systems pharmacology
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Model informed drug discovery and development (MID3)
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QSPRPRED: A FLEXIBLE OPEN-SOURCE QSPR MODELLING TOOL

Extensive data-preprocessing functionality. I

Suitable for building single-task, multi-task
and proteochemometric models.

Preprint

Helle W. van den Maagdenberg, Martin Sicho, David Araripe,
Sohvi Luukkonen, Linde Schoenmaker, Michiel Jespers, Olivier J.
M. Béquignon, Marina Gorostiola Gonzélez, Remco L. van den
Broek, Andrius Bernativicius, J.G. Coen van Hasselt, Piet H. van der
Graaf, and Gerard J. P. van Westen

*Example SAR study of Spautin-1 for novel NEK4 inhibitors from Elsocht et al. /nt J Mo/ Sci. 2020 7



Learning and confirming cycle in generating novel compounds
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* Liu, X., et al. J Cheminf. (2019) * Sicho M. et al., J. Chem. Inf. Model. 2023



Learning and confirming cycle in generating novel compounds
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* Liu, X., et al. J Cheminf. (2019) * Sicho M. et al., J. Chem. Inf. Model. 2023



QSPR models trained with QSPRPRED

A2AR binding affinity Fraction unbound
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Model-informed novel molecules in chemical space
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Bridging the in vitro — in vivo gap in drug development
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High-throughput quantification of PKPD in zebrafish
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Drug exposure in zebrafish translates to higher vertebrates

R.C. van Wijk, 2024
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Drug efficacy in zebrafish translates to higher vertebrates
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Preclinical experiment of tuberculosis relapse
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Relapse data published for different regimens of antibiotics

R.C. van Wijk, 2024
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Model-informed ranking of regimens based on relapse
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High-dimensional omics-derived predictors for tumor growth dynamics

Patient measurements
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Mechanistic model of tumour growth inhibition
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Pathway detection

R.C. van Wijk, 2024
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Individual tumour growth prediction to personalize treatment

Estimation —— Prediction from omics
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Simulating trial outcomes in virtual populations
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Using copulas (Al) to generate and share realistic virtual populations

Copula, a joint distribution function
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Performance in time-dependent covariates and large data
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