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Embedding computational models in DCM 
example: audiovisual associative learning (I)  

Den Ouden et al., 2010 



Embedding computational models in DCM 
example : audiovisual associative learning (II)  

observed events 

probabilistic association 

volatility 

k 

vt-1 vt 

rt rt+1 

ut ut+1 

   )exp(,~,|1 ttttt vrDirvrrp 

   )exp(,~,|1 kvNkvvp ttt

  1kp

       

 
   

   

1: 1 1 1 1 1 1 1: 1 1 1

1: 1

1:

1: 1

prediction: , , , , , ,

, ,
update: , ,

, ,

t t t t t t t t t t t t t

t t t t t

t t t

t t t t t t t

p r v K u p r r v p v v K p r v K u dr dv

p r v K u p u r
p r v K u

p r v K u p u r dr dv dK

        













Behrens et al., 2007 



Embedding computational models in DCM 
example : audiovisual associative learning (III)  
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hierarchical Bayesian learner 
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Alternative learning models:  

• Rescorla-Wagner 

• HMM (2 variants) 

• True probabilities 

Den Ouden et al., 2010 
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d = 0.010 0.003 

p = 0.010 

d = 0.011 0.004 

p = 0.017  

• Modulation of visuo-motor 
connections by striatal PE 
activity 

• Influence of visual areas on 
premotor cortex: 

– stronger for surprising 
stimuli  

– weaker for expected 
stimuli 

Den Ouden et al., 2010 

Embedding computational models in DCM 
example : audiovisual associative learning (IV)  



Overview 

1. Embedding computational models in DCM 

2. Integrating tractography with DCM 

3. Stochastic DCM 

4. Optimizing experimental design 

5. Searching through large model spaces 

6. Some diagnostic on inversion results 

7. Experimental validation and perspectives 



Integrating tractography and DCM 
the nature of DWI information 

Parker et al., 2005 



• computes local fibre orientation 

density by deconvolution of the 

diffusion-weighted signal 

• estimates the spatial probability 

distribution of connectivity from 

given seed regions 

• anatomical connectivity = proportion 

of fibre pathways originating in a 

specific source region that intersect 

a target region  

• Asymmetry in metric accounted for 

by taking average of seed and 

target regions when interchanged 

Integrating tractography and DCM 
probabilistic tractography 

Kaden et al., 2007 
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Integrating tractography and DCM 
integrating tractographic prior information into DCM 
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• 64 different 

mappings by 

systematic search 

across hyper-

parameters  and  

• yields anatomically 

informed (intuitive 

and 

counterintuitive) 

and uninformed 

priors 
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Integrating tractography and DCM 
searching through the space of structure-function mappings 

Stephan et al., 2009 
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Integrating tractography and DCM 
structure-function mappings: group BMC results (I) 

Stephan et al., 2009 
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structure-function mappings: group BMC results (II) 

Stephan et al., 2009 
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 , ,x f x u   neural noise: 
• model imperfections 

• ongoing fluctuations 



Model comparison: evidence against the full model 
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Optimizing experimental design 
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Bayesian model selection risk 
discriminability of prior predictive densities 



design risk for DCM analysis 
canonical network identification questions (I) 
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design risk for DCM analysis 
canonical network identification questions (II) 
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design risk for DCM analysis 
identifying psycho-physical interactions (I) 
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design risk for DCM analysis 
identifying psycho-physical interactions (II) 
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design risk for DCM analysis 
identifying psycho-physical interactions (III) 
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Searching through large model spaces 
the Savage-Dickey ratio 

Friston et al., 2011 
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Searching through large model spaces 
network discovery 

Friston et al., 2011 



Searching through large model spaces 
 how does Savage-Dickey ratio compares to model inversion? 
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Diagnosing Bayesian inversion 
underfitting: residuals structure 
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Diagnosing Bayesian inversion 
underfitting: residuals structure 
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Diagnosing Bayesian inversion 
identifiability: parameters’ covariance matrix 
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EEG setup of the recording session 

Experimental validation (I) 
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Experimental validation (II) 
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Perspectives 
augmenting DCM with a behavioural output: principle 
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Perspectives 
augmenting DCM with a behavioural output: example (I) 
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augmenting DCM with a behavioural output: example (II) 
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