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Modelling aim and approach

amplitude (uV)

Modelling Aim

XL Explain all data with few
parameters

How to ...

Assume data are caused by few
interacting brain sources ...

... and / or their respective intrinsic
connectivity / intrinsic parameters

*M/EEG are complex data

Analyses / modelling: in time, frequency,
time-frequency and space domains

Adapted from Kiebel (n.a.), Dynamic Causal Modelling for
EEG and MEG, Presentation at TU Dresden;
Stoff (n.a.), DCM for ERP/ERF, Presentation at UCL



Conventional analyses vs. DCM

“Conventional” Analysis

Which regions are involved in a task?

Sensor space / functional connectivity
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Input (stimulus)

A1 - left and right primary auditory cortex
STG - left and right superior temporal gyrus

DCM Analysis

How do regions communicate?
What role do intrinsic connections have?

Source space / effective connectivity
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Adapted from Kiebel (n.a.), Dynamic Causal Modelling for
EEG and MEG, Presentation at TU Dresden;
Stoff (n.a.), DCM for ERP/ERF, Presentation at UCL



Does network XYZ explain my data better than network XY?
Which XYZ connectivity structure best explains my data?
Are X & Y linked in a bottom-up, top-down or recurrent fashion?
Is my effect driven by extrinsic or intrinsic connections?
Which neural populations are affected by contextual factors?
Which connections determine observed frequency coupling?

How changing a connection/parameter would influence data?
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The DCM analysis pathway

Build model(s)

Fit your model Make an

parameters to inference
the data (conclusion)

Pick the best

Collect data model
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Data for DCM for ERPs / ERFs

oK~ wh =

Downsample
Filter (e.g. 1-40Hz)
Epoch
Remove artefacts
Average
Per subject
Grand average
Plausible sources
Literature / a priori
Dipole fitting
Source reconstruction
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The DCM analysis pathway

Build model(s)

Fit your model Make an

parameters to inference
the data (conclusion)

Pick the best

Collect data model
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The DCM analysis pathway

‘Hardwired’
model features

Build model(s)

Fit your model Make an
parameters to inference
the data (conclusion)

Pick the best

Collect data model




Models
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COMPUTATIONAL NEUROSCIENCE

REVIEW ARTICLE
published: 28 May 2013
doi: 10.3389/fncom.2013.00057

Neural masses and fields in dynamic causal modeling

Rosalyn Moran'2°*', Dimitris A. Pinotsis' and Karl Friston'
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Canonical Microcircuit Model (‘CMC’)

Original Updated ' ~ Canonical microcircuit Reduced model
microcircuit microcircuit (predictive coding) ' (DCM)
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Douglas & Martin (1991) Adapted from Haeusler & Maass (2006) Bastos et al. (2012) Pinotsis et al. (2012)
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Canonical Microcircuit Model (‘CMC’)

N Voltage change rate: f(current)
p7 o D8 Current change rate: f(voltage,current)
5 2P, P
N 4 F 8 7
ps =— (A S(pz)_71oS(p7)_7/98(p5))____2
T, T, T,

Pinotsis et al., 2012



Canonical Microcircuit Model (‘CMC’)

N ) Voltage change rate: f(current)
p7 — M8 Current change rate: f(voltage,current)

. - 2
By =4 (ATS(p,) - 7S (py) - 7S (ps)) - =26 - 1

Ty y 7
H 1 Kernels: pre-synaptic inputs -> post-synaptic membrane potentials
[ H: max PSP; 1: rate constant ] T S R B
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Impulse voltage response Synaptic input as a
to synaptic input function of voltage

David et al., 2006; Pinotsis et al., 2012
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Canonical Microcircuit Model (‘CMC’)
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Motor Cortex
Microcircuit

(MMC)

Basal
Ganglia

Thalamus
(BGT)

Van Wijk et al., 2018
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Fitting DCMs to data
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Fitting DCMs to data
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Fitting DCMs to data
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Fitting DCMs to data

1. Check your data
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Fitting DCMstodata ==l u

1. Check your data

2. Check your sources

H. Brown



Fitting DCMs to data

1. Check your data
2. Check your sources

3. Check your model

IPL

(v4)

Model 2

IPL

(v4)

H. Brown



A

Fitting DCMs to data

1. Check your data
2. Check your sources
3. Check your model

4. Re-run model fitting

H. Brown
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The DCM analysis pathway
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Does network XYZ explain my data better than network XY?
Which XYZ connectivity structure best explains my data?
Are X & Y linked in a bottom-up, top-down or recurrent fashion?
Is my effect driven by extrinsic or intrinsic connections?

Which connections/populations are affected by contextual factors?

context



Example #1: Architecture of MMN
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Example #2: Role of feedback connections

A B C -
with backward connections and without
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Garrido et al., 2007



Example #3: Group differences

A DCM models
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Example #4: Factorial design & CMC

Attention

Auksztulewicz & Friston, 2015



Attention cue

(block-level)
Fixation “Early”
time window “Late”
| time window
+ Fixation
100% validity * i | Response

Across 90 trials: «P=0.5 «P=0.5
® ... ¢ 2
o =
o ... a 2x2 design:
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a6 [ Q- S VS
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Auksztulewicz & Friston, 2015



Attention
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Mismatch (attended) Mismatch (unattended)
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Connectivity structure
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Example #5: Same paradigm, different data

JEEHE
e ReReReXe]

Connec tions

D MEG Model families

Fele o llF o eo)

SOROI0  ORORO
OO
OeOs

Tl Forward & 1 Sensory
backward > n:
l Prediction
A
A deviants -
. J

Phillips et al., 2016



Example #5: Same paradigm, different data

A : ECoG DCM results
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Example #6: Hierarchical modelling

A Evoked response potentials at Fz z B Mismatch negativity waveform

Placebo
2uV

Placebo

b g ol C Scalp topography of mismatch responses
D1-S6 D1-836
Ke
D1
2uV
536
300ms
Deviance D1 - 536 = I — e
Repetiion 536 - 52 -- . - Fz

Rosch et al., 2017
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Example #6: Hierarchical modelling

A First level model space: Effects of repetition
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Example #6: Hierarchical modelling

Parameter changes during repeated exposure
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Bayesian model comparison on reduced models explaining ketamine effects
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Motivate your assumptions!
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