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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 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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parameters to inference
the data (conclusion)
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Collect data model
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Data for DCM for ERPs / ERFs
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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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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’)
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Canonical Microcircuit Model (‘CMC?’)
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Canonical Microcircuit Model (‘CMC?’)

N Voltage change rate: f(current)
p7 _ D8 Current change rate: f(voltage,current)
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Canonical Microcircuit Model (‘CMC’)

N ) Voltage change rate: f(current)
p7 — M8 Current change rate: f(voltage,current)
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CMs 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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Flttlng DCMstodata e R

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

Model 1
IPL IPL
(va)  [v4)

Model 2

H. Brown
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Fitting DCMs to data

1.

4.

Check your data

. Check your sources

. Check your model

Re-run model fitting

H. Brown
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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?




Example #1: Architecture of MMN
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with backward connections
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Example #2: Role of feedback connections
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Example #3: Group differences

A DCM models
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Example #4: Factorial designh & CMC

Attention

Auksztulewicz & Friston, 2015



Attention cue
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time window “Late”
| time window
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Auksztulewicz & Friston, 2015
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Mismatch (attended) Mismatch (unattended)
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Connectivity structure
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Winning model
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Example #5: Same paradigm, different data

MEG Model families
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Example #5: Same paradigm, different data

A : ECoG DCM results

Bayesian Model Selection

L1 R2
T % AF,=69 300
% 40 AF =53
2
§ 30 200
3 20
= 100
o
o
I [ ] | 6
= 12345678 9101112 12345678 9101112
[ Models

C: MEG DCM results
Family Inference Bayesian Model Selection

1600

AF; =824
: |I| II
0 I|I nII

123 456789101112
Families Models

IS
=]
S

L12 L12 R12 R12
Rinput Linput

Family Posterior Probability
o
Relative Log-evidence (F)
@
3
3

Prediction Input

Winning model:
Family LI R12,
Model 6

Both
hemispheres in
agreement with

ECoG results

Sensory Input

Phillips et al., 2016



A

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



A

Example #6: Hierarchical modelling

A First level model space: Effects of repetition

o SN
o Gal Al Gl oy A &

o A SA8 &8
Gol G G & G ) @J@J

0i I F Bi FBi
B Second level model space: Effects of ketamine

Superficial
pyramidal cells

Inihibtory
interneurons

Spiny stellate
interneurons

Deep
pyramidal cells

Parametric effects of repetition

Monophasic Decay

D1 S2 S6 S36
Phasic Effect
D1 S2 S6 S36
Extrinsic coupling
AFAZ,
L\ AL\ -
) ] B
BBWD
Intrinsic coupling
Lo 7 <, -
) l g
h'l "l N

Rosch et al., 2017



Motivate your assumptions!

Perfect
model

Perfect Useless Useless
data model results
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