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Overview

1. Embedding computational models in DCM



Embedding computational models in DCM

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

example : audiovisual associative learning (II)

p(k)ocl
p(vt+1 | Ve, k) ~ N (Vt 1 eXp(k))

volatility

p(rt+1 | rt’vt)~ Dir(rt’eXp(Vt))

probabilistic association

observed events

prediction: p( V, K‘ult 1) _U tl V, 1) p(vt |vt_1,|<) p(rt—l'Vt-l’K‘Un_l)drt_ldvt_l
p(r Vo K‘ult 1) ( |I’)
I” ( Vi K‘ult 1) |r)dl’dVdK

update: p( v, K ‘Uu)

Behrens et al., 2007



Embedding computational models in DCM

example : audiovisual associative learning (1)
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Embedding computational models in DCM

example : audiovisual associative learning (V)

p(H) p(F)

/ «  Modulation of visuo-motor
nd connections by striatal PE

activity

* Influence of visual areas on

d =0.010 + 0.003 d =0.011 + 0.004 premotor cortex:
p=0.010 PMd p=0.017 — stronger for surprising
stimuli
— weaker for expected
stimuli

Den Ouden et al., 2010
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2. Integrating tractography with DCM



Integrating tractography and DCM

the nature of DWI information

structural connectivity functional connectivity effective connectivity
W')r./ W\ /

Parker et al., 2005



Mean connectivity

Posterior probability

Integrating tractography and DCM

probabilistic tractography

Diffusion tensor model

Parametric spherical deconvolution

« 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

Kaden et al., 2007



Integrating tractography and DCM

Integrating tractographic prior information into DCM
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Integrating tractography and DCM

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

structure-function mappings: group BMC results (1)
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Integrating tractography and DCM

structure-function mappings: group BMC results (1l)
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3. Stochastic DCM



Stochastic DCM for MR

the effect of state noise on network dynamics

X=f (X,@,U)H: - neural noise: © Model imperfections
« ongoing fluctuations

2-regions DCM structure

state-space landscape
of the normal rate of convergence 4., (x)

moving frame
of reference v, (t)

I
L&)

Daunizeau et al., 2012



Stochastic DCM for fMRI

mediated influence: canonical model comparison
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Stochastic DCM for MR

example: epileptogenic network
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4. Optimizing experimental design



Optimizing experimental design

new competing hypotheses
about a neural system

definition of a set of candidate
DCMs as neural system models

design an experimental study
to discriminate among
candidate DCMs

data acquisition
and selection of
activated ROls
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time series analysis:
Bayesian model comparison
of candidate DCMs
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Bayesian model selection risk

discriminability of prior predictive densities

bLC(u)zl—;log[Ag(u)2 +1} if Q(u)~=Q,(u)=Q(u)

4Q(u)

Daunizeau et al., 2011



design risk for DCM analysis

canonical network identification questions (I)

G Qs

U, U,
modulatory input 1 j g 2 ; 1 ) 2
U, u, 4
feedback connection 1 j (:29 @ @
U, U,

Daunizeau et al., 2011



design risk for DCM analysis

canonical network identification questions (Il)
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design risk for DCM analysis
identifying psycho-physical interactions (1)
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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 (l11)

Laplace-Chernoff risk

Laplace-Chernoff risk
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5. Searching through large model spaces



Searching through large model spaces

the Savage-Dickey ratio
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Searching through large model spaces

network discovery
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Free-enargy

Searching through large model spaces

how does Savage-Dickey ratio compares to model inversion?
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6. Some diagnostic on inversion results



Diagnosing Bayesian inversion

U,

deterministic

underfitting: residuals structure

U,

deterministic

U,

stochastic
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Diagnosing Bayesian inversion

underfitting: residuals structure

ROI region #1: response versus prediction
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Diagnosing Bayesian inversion

identifiability: parameters’ covariance matrix
ma '
N 0.5

-0.5
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7. Experimental validation and perspectives



power (A.U.)

Experimental validation (1)

best channel fit: EEG frequency modulation

EEG setup of the recording session
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Experimental validation (I1)

activation deactivation
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Perspectives

augmenting DCM with a behavioural output: principle
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Perspectives

augmenting DCM with a behavioural output: example (1)

Exec: M1
Prep: preM
NoGo: DLPFC
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Perspectives

augmenting DCM with a behavioural output: example (1)

prepare left prepare right Go left Go right NoGO
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