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In budding yeast, we model stochastic microtubule dynamics and their regulation in 2D- and 3D geometries created with COMSOL. Our C++
simulation engine improves on state-of-the-art in performance. Its results can be used for virtual microscopy and experimental design.

We use models based on the reaction-diffusion master equation [RDME] to combine stochastic mi-
crotubule dynamics with reacting & diffusing regulatory and signaling molecules:

Reaction-Diffusion Model on Dynamic Subdomains (Microtubules)
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We are currently step-by-step adding regu-
latory molecules that modify microtubule dy-
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consists of 13 protofilaments.

Workflow for Simulation & Analysis of Stochastic Reaction-Diffusion Models —— _
/n silico Experiment
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We tested our C++ Next Subvolume Method (NSM] in vivo, we often image at the resolution limit, where distinguishing ~Example: GFP-MinD Timelapse
solver against the state-of-the-art C solver URD- hypotheses may not be trivial. 1000 Membrane-bound MinD copy number in one of the poles.
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Model Schematic
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Performance Evaluation:
MinD Oscillations in E. coli
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