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Bayesian Inference

= (Gaussians

= Posterior Probability Maps (PPMs)
* Hemodynamic Models (HDMs)

* Comparing models (DCMs)
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Posterior Probability Maps - PPMs
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Effect Size

Bayesian Estimates
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Effect Size

Bayesian Estimates
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SPMs and PPMs

contrasf(s)

SPM{T, .}
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Design matrix Design matrix

PPMs: Show activations SPMs: show voxels with
of a given size non-zero activations



Hemodynamic Models - HDMs
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PPMs

Advantages Disadvantages
One can infer a cause USF of shrinkage
DID NOT elicit a response priors over voxels

1s computationally
SPMs conflate effect-size demanding

and effect-variability

Utility of Bayesian
approach 1s yet
to be established



Comparing Dynamic Causal Models
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