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DCM: introduction
structural, functional and effective connectivity

• structural connectivity

= presence of axonal connections

• functional connectivity 

= statistical dependencies between regional time series

• effective connectivity 

= causal (directed) influences between neuronal populations

structural connectivity functional connectivity effective connectivity



DCM: introduction
connections are recruited in a context-dependent fashion

• meta-analysis on single-word reading (Turkeltaub, 2002)



Introduction
DCM for evoked responses: auditory mismatch negativity

S-D: reorganisation

of the connectivity structure
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Neural ensembles dynamics
systems of neural populations
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Neural ensembles dynamics
from micro- to meso-scale: mean-field treatment
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Neural ensembles dynamics
synaptic dynamics
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Neural ensembles dynamics
intrinsic connections within the cortical column
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Neural ensembles dynamics
from meso- to macro-scale: neural fields 
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Neural ensembles dynamics
extrinsic connections between brain regions
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Neural ensembles dynamics
systems of neural populations
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main DCM evolution parameters:

- action potential firing threshold + ensemble PSP spread

- synaptic time constants + axonal propagation delays

- effective coupling strengths + modulatory effects



Neural ensembles dynamics
the observation mapping

main DCM observation parameters:

- sources location/orientation (ECD) or spatial profile (distributed responses)

- relative contribution of cortical layers to measured signal
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a note on causality
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Bayesian inference
forward and inverse problems

 ,p y m

forward problem

likelihood

inverse problem

posterior distribution

 ,p y m



Bayesian inference
deriving the likelihood function

- Model of data with unknown parameters:

 y g  e.g., GLM:  g X 

- But data is noisy:  y g   

- Assume noise/residuals is „small‟:
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generative model m

likelihood

prior

posterior

Bayesian inference
likelihood and priors
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measured data
specify generative forward model 

(with prior distributions of parameters) 

Variational Bayesian (VB) algorithm

iterative procedure: 1. compute model response using

current set of parameters

2. compare model response with data

3. improve parameters, if possible

1. posterior distributions of parameters

2. model evidence (free energy)

Bayesian inference
zooming in the VB algorithm



 Y

• define the null and the alternative hypothesis in terms of priors, e.g.: 
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Frequentist versus Bayesian inference
testing point hypotheses
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Bayesian inference
model comparison for group studies
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Conclusion
back to the auditory mismatch negativity

S-D: reorganisation

of the connectivity structure
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Conclusion
DCM for EEG/MEG: variants

 DCM for steady-state responses

 second-order mean-field DCM

 DCM for induced responses

 DCM for phase coupling
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Bayesian inference
the variational Bayesian approach



Principle of parsimony :

« plurality should not be assumed without necessity » 

“Occam‟s razor” :
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Bayesian inference
model comparison

Model evidence:
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