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Surrogate model

« Application to difficult-to-treat infections for predicting efficient treatment strategies
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e The gradual increase of model complexity from SBM to hABM enables us to describe chemokine- o | | .

induced guidance of cells to sites of infection.

e The parameter inference for the SBM module allows prediction for experimental design.

» Surrogate modeling enables parameter inference for computationally expensive ABM simulation.

« MuMoSim is a general framework that aims to quantify host-pathogen interactions for various
conditions (bacterial/fungal infections in patients cohorts) and to predict treatment strategies.
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