The M/EEG inverse problem
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Inversion depends on choice of source covariance matrix
(prior information)
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Some popular priors

SAM,DICs
Minimum norm Beamformer
Dipole fit LORETA
fMRI biased

dSPM




Y (measured field

ow do we chose between priors ?

Measured

,,,,,,,,, Freuieu
Predicted

| &

P

Variance
explained




Use prior info (possible ingredients)
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Possible priors




Which is most likely prior (which prior has highest eviderlce) ?
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Consider 3 generative models
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How do we chose between priors ?
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Muliple Sparse Priors (MSP), Champagne
Candidate Priors

Prior to maximise model evidence
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Multiple Sparse priors

So now construct the priors to maximise model evidence
(minimise cross validation error).
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Conclusion

* MEG inverse problem can be solved easily
with some prior knowledge.

* All prior knowledge encapsulated in a source
covariance matrix.

e Can test between priors (or develop new
priors) using Bayesian framework.
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Analytical approximation to model
evidence

* Free energy= accuracy- complexity
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