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Overview

• DCM for fMRI (yesterday)
– Fitting single subject 
– Talk by Rik: https://www.youtube.com/watch?v=1VOKsWWLgjk

• DCM for MEG/EEG (today)
– Fitting single subject
– Talk by Pranay: https://www.youtube.com/watch?v=HNaAvKmVCYo



Overview
• MEG/EEG connectivity – lots of methods…

– Lectures by Olaf (MNE Python) 

– Talk by Rik: https://www.youtube.com/watch?v=6b35VvQpPDU

• …but we will focus on DCM for evoked responses:
– Talk by Pranay: https://www.youtube.com/watch?v=HNaAvKmVCYo
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Modelled spectra in PFC
from MEG as a function of
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Neuronal ModelObservation Model

Neural state equations
describe dynamics of brain activity

Forward model
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Generative Modelling in DCM

Evoked Responses Distributed ‘Imaging’ Solution Jansen-Rit Model
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DCM for Evoked Responses

Observed ERP/ERF Causal Mechanisms

Forward Modelling

What measurements of brain
activity does the model predict

given some parameters?

Model Inversion

Neuronal
Model

Observation
Model +

Generative Model

What parameters of the model
best explain observed

measurements of brain activity?
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The Jansen-Rit model with extrinsic connections
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The Jansen-Rit model with extrinsic connections

The three ‘A’ Matrices in DCM
encode causal interactions between
regions as ‘gain’ modulation, which
varies as per experimental condition!
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‘Full’ model
Faces modulate both between-region & self connections

‘Self’ model
Faces modulate only self-connections
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The Dataset



1700 ms
400‐600 ms

800‐1000 ms

N=16 subjects (BIDS format)

EEG =  70 channels, nose‐reference (concurrent with MEG)
MEG = 102 magnetometers + 204 planar gradiometers

fMRI = BOLD EPI 3x3x3mm (3T Siemens Trio)
MRI  = T1 MPRAGE 1x1x1mm

Stimuli: 3 types of greyscale face images:
~300 x Famous
~300 x Nonfamous (previously unseen)
~300 x Phase‐scrambled versions of above

Task: Judge left‐right symmetry

M/EEG

fMRI

FFAOFA

Wakeman & Henson (2015), Scientific Data, http://www.nature.com/articles/sdata20151



Wakeman & Henson (2015), Scientific Data, http://www.nature.com/articles/sdata20151



https://openneuro.org/datasets/ds000117/versions/1.0.5



SPM Manual for fMRI+M/EEG



Preprocessing

• fMRI preprocessing in Appendix 2 of Supplementary material: 
https://www.frontiersin.org/articles/10.3389/fnins.201
9.00300/full#supplementary‐material
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├── sub‐05
├── sub‐06
├── sub‐07
├── sub‐08
├── sub‐09
├── sub‐11
├── sub‐12
├── sub‐13
├── sub‐14
├── sub‐15
└── sub‐16

This folder contains all processed data

‘basedir’

Data organization



ds000117
└── derivatives

└── SPM12
├── sub‐01
├── sub‐02
├── sub‐03
├── sub‐04
├── sub‐05
├── sub‐06
├── sub‐07
├── sub‐08
├── sub‐09
├── sub‐11
├── sub‐12
├── sub‐13
├── sub‐14
├── sub‐15
└── sub‐16

These should already be present if you began with raw data
and processed as per Henson et al 2019.

Else, download from figshare and extract here.

Data organization



ds000117
└── derivatives

└── SPM12
├── sub‐01
│ └── meg
│ ├── wmaMcefspmeeg_sub‐01_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.dat
│ ├── wmaMcefspmeeg_sub‐01_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.mat
│ └── SPMgainmatrix_wmaMcefspmeeg_sub‐01_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg_1.mat
├── sub‐02
│ └── meg
│ ├── wmaMcefspmeeg_sub‐02_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.dat
│ ├── wmaMcefspmeeg_sub‐02_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.mat
│ └── SPMgainmatrix_wmaMcefspmeeg_sub‐02_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg_1.mat
├── sub‐03
│ └── meg
│ ├── wmaMcefspmeeg_sub‐03_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.dat
│ ├── wmaMcefspmeeg_sub‐03_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.mat
│ └── SPMgainmatrix_wmaMcefspmeeg_sub‐03_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg_1.mat
├── sub‐04
│ └── meg
│ ├── wmaMcefspmeeg_sub‐04_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.dat
│ ├── wmaMcefspmeeg_sub‐04_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg.mat
│ └── SPMgainmatrix_wmaMcefspmeeg_sub‐04_ses‐meg_task‐facerecognition_run‐01_proc‐sss_meg_1.mat
...

Data organization

3 files per subject
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Data organization
Processed data Forward model
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Neuronal Models

How is the cortical column modelled?
eg. how many neuronal populations in each column/source?

How is the average firing rate derived?
eg. based on mean depolarization (convolution)

or modelled membrane/channel conductance? (conductance)

How is a neuronal population treated?
eg. are all neurons lumped into a point mass or, (neural masses)

are spatial correlations taken into account? (neural fields)
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Kiebel et al 2006
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DCM Specification

ECD
Equivalent Current Dipole

‘Imaging’
Distributed, cortically-constrained patches

Kiebel et al 2006 Daunizeau et al 2009

3 location parameters
3 orientation parameters

radius of sphere
number of modes

Simultaneous optimization of spatial forward model & temporal neuronal model

𝑦 ൌ 𝑔 𝑥, 𝜃ଶ ൌ 𝐿 𝜃ଶ 𝑥

Observation Model: Parametrizing the Leadfield



Single‐subject 
(fMRI timeseries)

GLM
(1st‐level)

SPM

EVC



rFFA

lFFA

Group
GLM

(2nd‐level)
SPM
(fMRI)

PY1



Slide 119

PY1 Update to show EVC
Pranay Yadav, 08/02/2024



bEVC 0, ‐90,   0 
lFFA ‐42, ‐56, ‐20
rFFA +42, ‐52, ‐14
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Names & Locations of sources
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4. Neuronal Model

B Matrix
All A-Matrix + Self Connections

EVC
(1)

Right
FFA
(3)

Left
FFA
(2)

Visual Input
(Faces + Scrambled)
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4. Neuronal Model

Fully specified network:

• Input (C) to EVC

• Fixed connections (A) fully 
connected between the 3 nodes

• All fixed matrices potentially 
modulated by Faces (B=A) EVC

(1)

Right
FFA
(3)

Left
FFA
(2)

Visual Input
(Faces + Scrambled)
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Observed M/EEG data features
(eg. evoked responses)

Specify generative model 
(with prior distributions of parameters) 

Expectation-Maximization algorithm
Iterative
procedure:

1. Compute model response using
current set of parameters (forward)

2. Compare model response with data
3. Improve parameters, if possible

Posterior distributions of parameters
Model evidence )|( myp

),|( myp 

DCM Inversion



Demo

Review of DCM fit



Thank you!



Feedback

https://www.surveymonkey.com/r/K3S6XTH



Extras



Connections = Parameters










