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Results

#1: Goodness-of-fit for personalized model simulations
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2D 3D 103D 128 males and 144 females. Effect sizes computed with Rosenthal’s formula [7] for Wilcoxon rank-sum test.

Discussion

Summary: Conclusions: Outlook:

« Empirical measurements can be much better replicated by < New horizons for personalized brain modeling can be « High-dimensional brain models properly validated bear a

high-dimensional models than by low-dimensional ones. opened up by mathematical optimization algorithms huge potential for more precise and personalized
which enable the exploration of whole-brain models in studies.
« A high goodness-of-fit can be obtained for several high-dimensional parameter spaces.
configurations of “optimal” model parameters, which « The manifold on which the optimal parameters seem to
are thus less reliable in high-dimensional cases. « Multiple algorithm executions per subject are necessary In be located remains a hot topic for further investigations.
view of the complexity of high-dimensional parameter
- Differences between males and females appear to be spaces and the unfeasibility of a confirmatory grid search. « The location of optimal model parameters might serve
more pronounced in data simulated by high-dimensional as an individual subject’s personal profile.
models.
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