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9.30-10.00 Day 3: Welcome and Registration Registration (Conservatory)
Refreshments (Boardroom)

Chair: Benjy Barnett

10.00 - 11.30 The principles of dynamic causal modelling Amirhossein Jafarian

Multimodal DCM

[ 11.30-12.35 DCM for evoked responses Daniel Hauke
12.35-13.35 DCM for Cross-Spectral Densities Dimitris Pinotsis
13.35-14.35 Lunch Boardroom

Chair: Mansoureh Fahimi

14.35-15.20 DCM demo Julia Rodriguez-Sanchez

15.20 -16.35 Bayesian model selection and averaging Peter Zeidman

16.35-17.35 Q&A clinic Karl Friston



Outlook - The DCM analysis path




Which questions can DCM for evoked responses answer?

@[ Question ]

Good questions P
o ooO¢o
* Does the network with regions A, B and C %23:0
explain my data better than the network with &0,
: Sg-Ye)
regions A and B? D s~
O°®o<§§*oo
* Are regions A and B linked in a bottom-up, top- % °
down or recurrent manner? =
 How does my experimental manipulation
change the effective connectivity between
regions?
e Or within a region? I,

 What EEG signal would | expect if | increase the

connectivity even further? Q



Which questions can DCM for evoked responses answer?

@[ Question ]

Not-so-good questions e
* We did not find an effect in our ERP analysis - %0_3‘?0

Can you model the data with DCM to find some &0,

: O 20
effects to publish a cool paper? e e~
O°®cz§§’o¢

 How does the connectivity change within our %:o

200-region network?
* How does the connectivity change within our

20-region network?
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Data collection

Preprocessing

Downsample (e.g., 100 Hz)

Filter (e.g., 1-40 Hz)

Epoch

Remove artefacts

Average
* Per subject

* Grand average

@[ Question ]

X
ooO.o
Collect %ﬁ"’o
Data &9,
O 20
_ ol



Data collection

Classical analysis
* Make sure there are effects!

« DCM is used to explain these effects

@[ Question ]

Y ad
ooo’o
Collect %O%"’O
Data &9,
Q20
T s>~



Specify model/model space

Steps

Translate your question into a model
comparison or a parameter inference
problem

Select regions
Select a variant of DCM
Example: The “ERP” model

Specify connectivity architecture

@[ Question ]

q

®

o .0
Collect %0_3"0
Data &9,
O 20
— ol

[

Specify model/ ° 4§?;

model space




Specify model/model space

Steps

Translate your question into a model
comparison or a parameter inference
problem

Select regions
Select a variant of DCM
Example: The “ERP” model

Specify connectivity architecture

@[ Question ]

q

®

Y ad
ooOJ’
Collect %ooo"’o
Data &9,
O 20
C:‘ ol

[

Specify model/ ° 4§}? e
model space ] %




Translate your question

Model comparison example

* |Is my task activating MT and V1 or only
V1?

ONOIO

* Are backward connections switched off
when individuals are sleeping?

OIONOIO

@[ Question ]

o

®

o .0
Collect %ooo"’o
Data &9,
O 20
Q‘ ol

[ Specify model/ ° 4%

model space
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Translate your question

@[ Question ]

Parameter inference example P
* |s attention increasing forward @ Collect %O"""’O
connectivity? Data &0,
O 20
D s~

Specify model/ ° 4§?7 e
model space ] %

OIOHO OB

No attention Attention
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Specify model/model space

Steps

Translate your question into a model
comparison or a parameter inference
problem

Select regions
Select a variant of DCM
Example: The “ERP” model

Specify connectivity architecture

@[ Question ]

q

®

o .0
Collect %0_3"0
Data &9,
O 20
— ol

[

Specify model/ ° 4§?;

model space
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Select regions

Ways to select regions
* Literature

* MRI

* Source reconstruction

* Dipole fitting

@[ Question ]

X
ooo’o
@ Collect %0_3"00
Data &9,
O 50
Cb

2l

Specify model/
model space

) e,
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The DCM analysis path

Ioad Study (DCM) filename ERP ERP

save DCM_subject1.mat new data

time window (ms) data and desian

IDhanning

200 bins: 5.0ms tnals
between-trial
effects
detrend 1 rare 000 1.00
subsample 1
modes & l
ECD electromagnetic model dipales

onsels (ms)

B0

duration (sd)

16 load

= reset neuronal model invert DCM
forward back lateral input

(36366 Q@O 10000 ®

OB 9888 2888 @

'{}W, 1_5 ) 2’”? lé {Q; t_'lj ) )

385 ® 3380® 8880 )

SIeLeT

%.-{;'gf?’ S8

%"%; & E.i

@ Question

@

Collect
Data

®

Specify model/
model space
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Specify model/model space

Steps

Translate your question into a model
comparison or a parameter inference
problem

Select regions
Select a variant of DCM
Example: The “ERP” model

Specify connectivity architecture

@[ Question ]

q

®

o .0
Collect %0_3"0
Data &9,
O 20
— ol

[

Specify model/ ° 4§?;

model space

15



Select a variant of DCM for evoked responses

Neuronal model Convolution-based Conductance-based
Number of neural / \ / \
populations 3 4 3 4
NMM, MFM NMM MFM NFM NMM MFM NFM NMM MFM  NMM MFM
or NFM?
Experimental input? s s 5 W
o o 5
g \2 9 \3 g \2
v \ A 4
Data EEG  LFP LFP  EEG EEG EEG LFP  EEG LFP  MEG
4 & + 3 2+ 3 1 *
MEG EEG EEG MEG MEG EEG MEG EEG
+ + + +
MEG MEG MEG MEG
Publications David et Pinotsis Pinotsis Marreiros Marreiros Gilbert et
al., 2006 et al., etal, et al., etal, al., 2016
2012 2013 2009 2009
Kiebel et Moran et
al., 2006 al., 2007 Marreiros Marreiros
v etal, et al.,
Garrido et Friston et Brown et 2010 2010
al, 2007 4l 2012 al., 2012 il !
Moran et Moran et
al., 2011 al., 2011

Pereira et al (2021), Neurolmage



Select a variant of DCM for evoked responses

[

Neuronal model

Convolution-based

Conductance-based

J

Number of neural

v Y

v

N

populations 3 4 3 4
NMM, MFM NMM MFM NFM NMM MFM NFM NMM MFM  NMM MFM
or NFM?
Experimental input? s |5 - %
) o o
v \4 A 4
Data EEG LFP LFP EEG EEG EEG LFP EEG LFP MEG
4 3 & 3 3 3 i 3
MEG EEG EEG MEG MEG EEG MEG EEG
+ + + +
/ MEG MEG l J MEG l MEG
Publications David et Pinotsis Pinotsis  Marreiros Marreiros Gilbert et
al., 2006 etal, et al., etal., etal., al., 2016
2012 2013 2009 2009
Kiebel et Moran et
al., 2006 al., 2007 Marreiros Marreiros
v etal., etal,
Garrido et~ Friston et Brown et 2010 2010
al,2007 4, 2012 al., 2012 v !
Moran et Moran et
al., 2011 al., 2011

Pereira et al (2021), Neurolmage

Convolution-based
SPM: ERP, SEP, LFP, CMC, NFM
* Wilson & Cowan (1973), Jansen & Ritt (1995)

Conductance-based

SPM: NMM, NFM, CMM, NMDA, CMM_NMDA

* Hodgkin & Huxley (1952), Morris & Lecar
(1981)

How to choose?

* Are you interested in ion channels:
conductance-based

e Otherwise: Convolution
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Select a variant of DCM for evoked responses

Conductance-based

R

Convolution-based

VAR

Neuronal model

4 populations
(CMM, CMC, CMM_NMDA)

3 populations
(ERP, SEP, LFP, NFM)

Number of neural

populations 3 4 3 4
NMM, MFM NMM MFM NFM NMM MFM NFM NMM  MFM NMM  MFM — A
or NFM? / .
Spiny stellate cells .r
| %
Experimental input? - < = S Pyramidal cells
o o 5 '
g % 9 % g \3
v v v Moran et al. (2013), Schobi (2019), CPC Lecture
Data EEG  LFP LFP EEG EEG EEG  LFP EEG LFP  MEG Front .Comput. Neurosci.
+ + + + + + + +
MEG EEG EEG MEG MEG EEG MEG EEG
+ + + +
/ MEG  MEG l l MEG J MEG How to choose?
Publications David et Pinotsis Pinotsis  Marreiros Marreiros Gilbert et ° DO you want to test predictive Coding?
al., 2006 etal, et al., etal., etal, al., 2016
2012 2013 2009 2009 o . .
iebel e Moran et * Do you expect specific effects in either
al., 2006 al., 2007 Marreiros Marreiros . . . ?
. s, ol deep or superficial pyramidal cells?
Garrido et~ Friston et Brown et 2010 2010
al, 2007 4l 2012 al., 2012 _ ] . . .
V. A => Canonical microcircuit
al., 2011 al., 2011

Pereira et al (2021), Neurolmage
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Select a variant of DCM for evoked responses

Neuronal model Convolution-based Conductance-based
Number of neural / \ / \ MFM: Mean-field model
populations 3 4 . B
* Considers mean and covariance
NMM, MFM NMM MFM NFM NMM MFM NFM NMM MFM  NMM MFM
or NFM?

NMM: Neural mass model

Experimental input?

ou
SaA
ou

NFM: Neural field model

=

» Describes populations by their mean
>\ \\ activity (special case of MFM)
\ v 4 v 1 e

Data EEG LFP LFP EEG EEG EEG LFP E MEG
VEG EfG  EEG wie  mic e e e * Considers spatial dimension
/ MEG MEG l J MEG J MEG
- l _ How to choose?
Publications David et Pinotsis Pinotsis Marreiros Marreiros Gilbert et
al., 2006 et al., et al., et al., etal, al., 2016
_ oy, 2012 2013 2009 2009 * MFM and NFM can express more complex
et al. 2007 arreiros | Marreiros dynamics (Marreiros et al., 2009)
v etal, et al.,
arrido e Frist t rown e . . . . .
Caidost Mz oot oo | * Go there if this is needed, otherwise stick
SIZEIGEEE L to the simpler model
al., 2011 al., 2011

Pereira et al (2021), Neurolmage 19



Specify model/model space

Steps

Translate your question into a model
comparison or a parameter inference
problem

Select regions
Select a variant of DCM
Example: The “ERP” model

Specify connectivity architecture

@[ Question ]

q

®

o .0
Collect %0_3"0
Data &9,
O 20
— ol

[

Specify model/ ° 4§?;

model space
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What do we measure with EEG?

Background

* Underlying mechanisms generating EEG

Axons from
Presyngptjp Cells
|\ T

Apical Dendrite =%

Basal Dendrites
\
\‘.

www.neurofeedbackalliance.org/eeg-electrophysiology/

Measurable dipoles

o O
Vel

"
- " ] [0 -l e - T
- L 1L - - -
- " LR P - - - -
’I, 7 - . : . .7
! o o \©°0 © o s
Axon from contraigtersi
thalamus cortex

Buzsaki et al (2012), Nature Reviews
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What do we measure with EEG?

Background

* Dipole generates to measurable electrical fields in EEG sensors

www.wikipedia.org Schobi (2019), CPC Lecture
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What do we measure with EEG?

Background

* Dipole moments change over time and lead to changes in measured scalp potentials

Scalp Activity

Dipole Activity

Schobi (2019), CPC Lecture
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What do we measure with EEG?

Question

* Can we make inferences about properties of the neuronal sources that generate these
sighals?

Axons from
Presynaptic Cells

Inference

CE——
EEE—

Apical Dendrite —&&= "

Basal Dendn'te;
Forward

Postsynaptic Cell Axon

www.neurofeedbackalliance.org/eeg-electrophysiology/
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Scales of analysis

Microscale Mesoscale Macroscale
Increasing spatial scale
Single cell Cortical Column Brain Networks Scalp potentials
1-10 ym? 1-10 mm? to 1-5 cm? 5-20 cm? 30-38 cm?

www.neurofeedbackalliance.org/eeg-electrophysiology/ Schobi (2019), CPC Lecture Symmonds et al (2018), Brain
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Scales of analysis

Microscale Mesoscale Macroscale

Increasing spatial scale

Single cell
1-10 pm?2

www.neurofeedbackalliance.org/eeg-electrophysiology/
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Source modelling at the microscale

-

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites Input: fp(ijkfestof a ptresynatF)tic c;all :rel 5Py
converted into postsynaptic potentials S
\\/ postsynaptic p
7

‘\

Axon Output: Postsynaptic potentials are converted

into a spike

27



Source modelling at the microscale

-

Microscale

Mesoscale

Macroscale

Dendrites

~

e

Axon

Increasing spatial scale

Input: Spikes of a presynaptic cell are
converted into postsynaptic potentials (PSPs)

_~

[N
(¥,

[N
o

membrane potential [mV]

time[ms]

David et al (2005), Neurolmage

{ Ht exp(—t/7) 5 50

T
0 <0

Convolution of incoming neural
activity with synaptic kernel



Source modelling at the microscale

-

Microscale Mesoscale
Increasing spatial scale

Dendrites Input: fp(;kfestofa ptresynatgtlc c:ll :rel .
converted into postsynaptic potentials S
\\/ postsynaptic p
7 8

(=)}

N

membrane potential [mV]
=Y

o

0 20 40 60 80 100
Axon time[ms]

H: Maximum postsynaptic potential

Macroscale
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Source modelling at the microscale

-

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites Input: fp(ijkfestofa ptresynatptic c:ll :rel .
converted into postsynaptic potentials S

\\/ postsynaptic p
v

membrane potential [mV]

0 20 40 60 80 100
Axon time[ms]

T. Inverse time constant
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Source modelling at the microscale

-

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites Input: Spikfes of a presynaPtic cell are
» converted into postsynaptic potentials (PSPs)

N
\/

12

10

1 spm_fx_erp.m

membrane potential [mV]
[=)]
membrane potential [mV]

0 20 40 60 80 100 0 20 40 60 80 100
time[ms] time[ms]

H. > H,, because inhibitory synapse is closer to the soma

Jansen & Ritt (1995), Biol. Cyb.

Axon
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Source modelling at the microscale

-

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites Input: fp(ijkfestof a ptresynatF)tic c;all :rel 5Py
converted into postsynaptic potentials S
\\/ postsynaptic p
7

‘\

Axon Output: Postsynaptic potentials are converted

into a spike
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Source modelling at the microscale

-

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites

\\/

p(Action Potential)

Firing Threshold

‘\

Axon Output: Postsynaptic potentials are converted

into a spike

33



Source modelling at the microscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites

o

p(Action Potential)

LAY A W— kS Firing Threshold

Output: Postsynaptic potentials are converted
into a spike

Axons ”



Source modelling at the microscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites

o

p(Action Potential)

LAY A W— kS Firing Threshold

Output: Postsynaptic potentials are converted
into a spike

Axons -



Source modelling at the microscale

N

Microscale Mesoscale
Increasing spatial scale

Dendrites

Macroscale

............... SN 3
-\/ 2:

firing rate
o

_1 L

216

3 : - :
' -20 -10 0 10
A AN \LLLLITITITIPTTTTIEN membrane potential [mv]

Output: Postsynaptic potentials are converted
into an average spike rate

Axons

20

Mean-field
approximation
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Source modelling at the microscale

Microscale Mesoscale

Macroscale

Increasing spatial scale

Mean-field
approximation
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Source modelling at the microscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites

firing rate
o

1 e,=2.5
) r=0.56
3 L - -

' -20 -10 0 10 20

A AN \LLLLITITITIPTTTTIEN membrane pOtential [mV]

i i David et al (2005), N I
Output: Postsynaptic potentials are converted avid et al (2005), Neurolmage

into an average spike rate

Axons -



Source modelling at the microscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale

Dendrites

......... 10
............ = \/ e0

2
o L)

3 S(v) , - — ¢
—4 l +exp( —rv)

firing rate
o
(%) ]

—7 e,. Maximal firing rate

-10 - - x ‘
-20 -10 0 10 20

K membrane potential [mV]

i i David et al (2005), N I
Output: Postsynaptic potentials are converted avid et al (2005), Neurolmage

into an average spike rate

Axons 2



Source modelling at the microscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale
Dendrites

........... s\\ / B r —
—0.2
/ —0.3

-
1 | - . _(r)
o —0.4 S(v) l‘ _ ¢
© ——0.5 ‘ |l +exp( —rv)
Eo 0 —0.6
‘= —0.7
ol —0.38 r: Stochasticity
0.9
2
-3 - : - :
. -20 -10 0 10 20
Y A (LLLECLTEPLECETETERN membrane potential [mV]

i i David et al (2005), N I
Output: Postsynaptic potentials are converted avid et al (2005), Neurolmage

into an average spike rate

Axons 0



Source modelling at the microscale

N

Microscale Mesoscale Macroscale

Increasing spatial scale

Dendrites

| u

\/ .......

—@

’ \ VZ 3 ‘ <10 =1 c=1000

c=1e+006 c=1e+009
0.6
. 2 2
g 4 04
£ 2 0.2 1 !
0 0 0 0
3 0 200 400 0 200 400 0 200 400 0 200 400
-20 -10 0 10 20 Time [ms] Time [ms] Time [ms] Time [ms]

membrane potential [mV]

L) L)

--------------------

Output: Postsynaptic potentials are converted
into an average spike rate

Axons

David et al (2005), Neurolmage
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Source modelling at the microscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale
Dendrites
............. 5 = \ / '~.,~..,_ ""”"’.a ‘
’ \ / 3 ‘ <10 =1 c=1000 c=1e+006 c=1e+009
6 0.6 2 2
% 4 04
£ 2 0.2 1 1
0 0 0 0
3 0 200 400 0 200 400 0O 200 400 0 200 400
-20 -10 0 10 20 Time [ms] Time [ms] Time [ms] Time [ms]

membrane potential [mV]

--------------------

Output: Postsynaptic potentials are converted

into an average spike rate
Axons

LI LI

David et al (2005), Neurolmage
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Source modelling at the microscale

N

Microscale

Dendrites

--------------------

Axons

...................

Mesoscale
Increasing spatial scale

Input: Spike rates of a presynaptic cells are
converted into postsynaptic potentials (PSPs)

brane potential [mV]
= -
o v

mem
[0

o

firing rat
W oM R O Rk N ow

-20 -10 0 10 20
membrane potential [mV]

Output: Postsynaptic potentials are converted
into an average spike rate

Macroscale
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Scales of analysis

¥

Microscale Mesoscale Macroscale

Increasing spatial scale

Cortical Column
1-10 mm? to 1-5 cm?

-

A

Schobi (2019), CPC Lecture
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Source modelling at the mesoscale

at

Microscale Mesoscale Macroscale

ERP (MC

A

%
A9

o
i
A

Superficial and deep Superficial and deep
pyramidal and inhibitory pyramidal cell

cells are combined in a populations are modeled
single population individually

Schobi (2019), CPC Lecture
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Source modelling at the mesoscale

Microscale

-

Mesoscale Macroscale

Increasing spatial scale

Original
microcircuit

A|DJ
—4| P2+3

Thalamus

Douglas & Martin (1991),
J. Physiol.

Updated

Canonical Reduced
microcircuit microcircuit microcircuit
Higher cortical areas (DCM)

nput
feedforward)
stream 1

Haeusler & Maass (2006), Bastos et al. (2012),

Pinotsis et al. (2012),
Cerebral Cortex Neuron

Neuronlmage
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Source modelling at the mesoscale

gt

Microscale Mesoscale Macroscale
Increasing spatial scale

Wilson and Cowan (1972) \ Amari (1975,1977)

Er© @®@

Freeman (1975)
Lopes da Silva et al. (1974)

e @ @
f'Eﬁ?(_ul. re—
= halami
welel
el >
) —

Robinson et al. (2002) Liley et al (2002)

Griffiths (2022), KCNI Summerschool Lecture; Liley 2012 & 2015
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Source modelling at the mesoscale

-

Microscale Mesoscale Macroscale

Increasing spatial scale

But what value should y have?

Y2 = 0.8y1, 73 = 74 = 0.25y,

* Based on counts of synapsis

4 * Animal studies (mouse, cat)
Y * Visual cortex
3
‘Yl/)
Schobi (2019), CPC Lecture Jansen & Ritt (1995), Biol. Cyb.
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Source modelling at the macroscale

¥

Microscale Mesoscale Macroscale
Increasing spatial scale

Brain Networks
5-20 cm?

&l

Symmonds et al. (2018), Brain
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Source modelling at the macroscale

N

Mesoscale Macroscale

Microscale
Increasing spatial scale

B M.,
Extrinsic Backward [ et =
Input iimjimsmrizs = = e
, .

Extrinsic
Lateral Input |

i

i

: (M | v2 [PB|Pi |

: [ M |vi]r8 | P |

| ‘

* Based on Felleman & Van Essen (1991)
e Studies in macaque monkeys

* Mostly visual areas
* But see Markov et al (2013)

Pyramidal Cell
Output

Schobi (2019), CPC Lecture David et al (2005), Neurolmage



Source modelling at the macroscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale
CF CB ct
Bottom-up Top-down Lateral
— —
Supra-granular | @ L ] Y [ ] Y
Extrinsic Backward
Input |
¢ Layer 4 v W
........ 4
Extrinsic :
Lateral Input i Infra-granular P Py W ® W
1
:
]
i

* Based on Felleman & Van Essen (1991)
e Studies in macaque monkeys

* Mostly visual areas
* But see Markov et al (2013)

Pyramidal Cell
Output

Schobi (2019), CPC Lecture David et al (2005), Neurolmage



Source modelling at the macroscale

N

Microscale Mesoscale Macroscale
Increasing spatial scale
CF CB ct
Bottom-up Top-down Lateral
— —
Supra-granular | @ L ] Y [ ] Y
Extrinsic Backward
Input |
¢ Layer 4 v W
........ 4
Extrinsic :
Lateral Input i Infra-granular P Py W ® W
1
:
]
i

Potential problems:

* Need to know the hierarchical position of an area
e Based mostly on visual areas

* Based on areas with a 6-layer structure

Pyramidal Cell
Output

Schobi (2019), CPC Lecture



Source modelling at the macroscale

Mesoscale
Increasing spatial scale

Microscale

¥

Macroscale

Extrinsic Backward

Extrinsic H

Lateral Input |

Pyramidal Cell
Output

Schobi (2019), CPC Lecture

inhibitory
interneurons

Extrinsic
forward
connections

C* S(x,) [t s
A

Extrinsic

‘ lateral
X = "s connections
iy e 8 L 2y Xy
=—*((C°+C +73")3(“q))—r— =
e @ L EEEsEnEn |'
: s
Ya 73 :
(el .Gt.-n- W\QS,(.%',)+C”D?~ gwb."‘ :
i AN We SR aLs! E
Intnnsnc s
y 1 connections }’2 E
r A -
kg = X5 — Xg E
Jy = X4 .
s H 2, X, .
ks =—2((C® +C")S(x)) + 7, S(x,)) -—- = :
T, @ Ty s annnet
&y =Xy Extrinsic
,  H, 2x, =x backward
o= 74 S(x7) - r_s - z._i connections
i i/ ]

Single source model

David et al (2006), Neuroimage

Cct S(x,)

c® S(x,)



Source modelling at the macroscale

Microscale

Increasing spatial scale
v

ct S(x,)

Mesoscale

L

inhibitory

interneurons

Y v
, /) B

b

Schobi (2019), CPC Lecture

Extrinsic
forward
connections

CFS(xo)

¥

Macroscale

xtrinsic

X, =Xg

iy = Hecp+ct + ¥21)Sx,) " -
& [ L]

lateral
connections

lll'.'lll'
Ya £ :
i T e S S E R _.’ .-";'w.*‘u" et E
‘-"4‘-—&?-:;‘..’”.‘.‘“““"‘r'"» .o "”(. .
- ,H :
m %“"""‘(0‘? + th- 7\051&)+C"W- 2‘ 4‘1 ! :
" . \ ,‘ y; u \ \. . r ,‘_ :
‘I. . - T :
y Intnnsnc }/ H
1 connections ? .
. .
Xo = X5 = Xqg E
X, = l'.; E
. ‘ = " 2(‘5 Ay .
s =—=((C" +C")S(xy) + 725(x; ) — - . .
u a l’e ‘----l-l-ﬂ
£y = Xg Extrinsic
H \ 2xy x, backward
ke = —I}’.s S(x;) - % connections

Single source model
David et al (2006), Neurolmage

c" S(x,)
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Source modelling at the macroscale

¥

Microscale Mesoscale Macroscale
Increasing spatial scale

Synaptic Kernel Maximum
Parameterised Sigmoid 12 — Post
. . . i
s 1| Synaptic
¥ il fo ol Potential
> od
® 04
Intrinsic g !
connectivity 02 Te Inverse
Y 20 00 002 o004 006 ooe o1 Time
4 e Constant
R Htexp(—t/1) (>0 ;
Y v=h®p h(t) = T = V= j h(t — 6)odt
0 t<0 -

il

Schobi (2019), CPC Lecture

Moran et al (2013), Frontiers in Computational Neuroscience
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Source modelling at the macroscale

N

Microscale Mesoscale Macroscale
B Ht exp(—t/7) >0 ;
v=h®@p h(t) = T e v = jh(t — 8)odt
0 t<0 7
Y, . . . .
System of Ordinary Differential Equations (ODEs)
Y, . V=

() e

Schobi (2019), CPC Lecture

Moran et al (2013), Frontiers in Computational Neuroscience



Source modelling at the macroscale

Microscale

Increasing spatial scale

Extrinsic Backward
Input
=" =
........ o .
A Extrinsic : Y4
1

Pyramidal Cell
Output

Schobi (2018, 2019), CPC Lectures

Mesoscale

N

Macroscale

V=1
i = f(Input) —%1’7 — 1y

T2

I

H, ~B H, ~L H,
TeC A+reC A"'T Ys A

P @+t @4y, A+ CY

He

B +2<Ct A+—y2‘

e Te

=1 @
T, Y3
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Source modelling at the macroscale

Microscale

Increasing spatial scale
v

ct S(x,)

Mesoscale

L

inhibitory

interneurons

Y v
, /) B

b

Schobi (2019), CPC Lecture

Extrinsic
forward
connections

CFS(xo)

¥

Macroscale

xtrinsic

X, =Xg

iy = Hecp+ct + ¥21)Sx,) " -
& [ L]

lateral
connections

lll'.'lll'
Ya £ :
i T e S S E R _.’ .-";'w.*‘u" et E
‘-"4‘-—&?-:;‘..’”.‘.‘“““"‘r'"» .o "”(. .
- ,H :
m %“"""‘(0‘? + th- 7\051&)+C"W- 2‘ 4‘1 ! :
" . \ ,‘ y; u \ \. . r ,‘_ :
‘I. . - T :
y Intnnsnc }/ H
1 connections ? .
. .
Xo = X5 = Xqg E
X, = l'.; E
. ‘ = " 2(‘5 Ay .
s =—=((C" +C")S(xy) + 725(x; ) — - . .
u a l’e ‘----l-l-ﬂ
£y = Xg Extrinsic
H \ 2xy x, backward
ke = —I}’.s S(x;) - % connections

Single source model
David et al (2006), Neurolmage

c" S(x,)
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Source modelling at the macroscale

.

Microscale Mesoscale Macroscale
Increasing spatial scale

a’ =40 a’ =40 a’ =40 a’ =40

| u c=103

Area 1 Area 2 Area 3 Area 4 Area 5
: : — 0.3 : :
Y = | O
0:2 | 0.2} o4l | 0.1}
o} 0 ’
0r \~ brh___nj~ {01}
0 ﬁﬁﬂ 0 500 0 500 0 500 0 500

Time [ms] Time [ms] Time [ms] Time [ms] Time [ms]

David et al (2005), Neurolmage 59



Source modelling at the macroscale

N

Microscale Mesoscale Macroscale

Increasing spatial scale

c=103 aFf =40 P

0 500 "0 500 0 500 0 500
Time [ms] Time [ms] Time [ms] Time [ms]

David et al (2005), Neurolmage



Scales of analysis

¥

Microscale Mesoscale Macroscale

Increasing spatial scale

Brain Networks
5-20 cm?

Symmonds et al. (2018), Brain
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Specify model/model space

Steps

Translate your question into a model
comparison or a parameter inference
problem

Select regions
Select a variant of DCM
Example: The “ERP” model

Specify connectivity architecture

@[ Question ]

q

®

Y ad
ooOJ’
Collect %ooo"’o
Data &9,
O 20
C:‘ ol

[

model space

Specify model/ ] ° ig}?%
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The DCM analysis path

load i Study (DCM) filename ERP ERF
save DCM_subject1.mat new data
et data and desian display | B
1 200 bins: 5.0ms trials (Cihanning
between-trial 1 3
effects
detrend 1 rare 0.00 1.00
subsample 1
modes B
< ECD electromagnetic model dipales. =
source names and locations: prior mean (mm)
left A1 42 -22 T
onsels (ms) right A1 46 -14 8
B0 left STG 61-32 B
right 59-25 8
duration (sd) right 45 20 &
16 load

invert DCM

forward back lateral

Biout i it £

FB-model

O

....I..*

input

Garrido et al. (2009), HBM
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The DCM analysis path

§ load j Study (DCM) filename ERP ERF
save DCM_subject1. mat new data
el data and desian display | Ed
1 200 bins: 5.0ms trials {Ihanning
between-trial 1 2
effects
detrend 1 rare 0.00 1.00
subsample 1
modes B
< ECD electromagnetic model dipales. H]
source names and locations: prior mean (mm)
left A1 42 -22 T
onsets (ms) right A1 4614 8
B0 left STG 61-32 B
right STG 59-25 8
duration (sd) right IFG 46 20 &
16 load
< | reset | neuronal model invert DCM
fnlward Iateral
g <>8 g
.
3
( ) @)

E%@ﬁiéﬁ

FB-model

> ...l...l.l.l.l?. @

....I..*

input

Garrido et al. (2009), HBM



The DCM analysis path

FB-model

> ...l...l.l.l.l?. @

L oad | Study (DCM) filename ERP ERP
save DCM_subject1.mat new data
el data and desian display | Ed
1 200 bins: 5.0ms trials {Ihanning
between-trial 1 2
effects
detrend 1 rare 0.00 1.00
subsample 1
modes B
< ECD electromagnetic model dipoles >
source names and locations: prior mean (mm)
1. jeft A1 42-22 7
onsels (ms) 2. right A1 46 -14 8
B0 3, left STG -61-32 B
« right STG 59-25 8
duration (sd) * right IFG 46 20 8
16 load
< Ffom reset | neuronal model invert DCM
forward back lateral input
. .
o ROBR NG HBUR §
St Heo® Bt
He 8o 30

s

....I..*

input

Garrido et al. (2009), HBM
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The DCM analysis path

i load j Study (DCM) filename ERP ERP

save DCM_subject1.mat new data

data and desian

time window (ms) display | >
1 200 bins: 5.0ms trials {Ihanning
between-trial 1 2
effects
detrend | rare 000 1.00
subsample 1
modes B
< ECD electromagnetic model dipales. =
source names and locations: prior mean (mm)
left A1 42 -22 T
onsets (ms) right A1 46 -14 8
B0 left STG 61-32 B
right STG 59-25 8
duration (=d) night IFG 46 20 8
16 load
reset | neuronal model invert DCM

(

%
s

0.l

lateral input

TR

()

Garrido et al. (2009), HBM

FB-model

....I..*

> ...l...l.l.l.l?. @
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The DCM analysis pat

h

load j Study (DCM) filename ERP ERF
save DCM_subject1. mat new data
el data and desian display | Ed
1 200 bins: 5.0ms trials {Ihanning
between-trial 1 2
effects
detrend 1 rare 0.00 1.00
subsample 1
modes B
< ECD electromagnetic model dipales. =
source names and locations: prior mean (mm)
left A1 42 -22 T
onsels (ms) right A1 46 -14 8
B0 left STG 61-32 B
right STG 59-25 8
duration (sd) right IFG 46 20 &
16 load
invert DCM

% 1R e

s

FB-model

4

....I..*

input

Garrido et al. (2009), HBM

> ...l...l.l.l.l?. @
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The DCM analysis path

load j Study (DCM) filename ERP ERF
save DCM_subject1. mat new data
el data and desian display | Ed
1 200 bins: 5.0ms trials {Ihanning
between-trial 1 2
effects
detrend 1 rare 0.00 1.00
subsample 1
modes B
< ECD electromagnetic model dipales. H]
source names and locations: prior mean (mm)
left A1 42 -22 T
onsels (ms) right A1 46 -14 8
B0 left STG 61-32 B
right STG 59-25 8
duration (=d) night IFG 46 20 8
16 load
< | reset neuronal model invert DCM
forward back lateral input

()E (

s

Bant e e

FB-model

-

input

> ...l...l.l.l.l?. @

....I..*

Garrido et al. (2009), HBM
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Scales of analysis

¥

Microscale Mesoscale Macroscale

Increasing spatial scale

Brain Networks
5-20 cm?

Symmonds et al. (2018), Brain
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Scales of analysis

N

Microscale Mesoscale Macroscale

Increasing spatial scale

Scalp potentials
30-38 cm?
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Scales of analysis

N

Microscale Mesoscale Macroscale

Increasing spatial scale

Scalp potentials
30-38 cm?

Scalp responses
Leadfield
\4 e

y=Lx+c¢
f

Neuronal
source
activity

71



Scales of analysis

Microscale Mesoscale Macroscale
Increasing spatial scale
Single cell Cortical Column Brain Networks Scalp potentials
1-10 ym? 1-10 mm? to 1-5 cm? 5-20 cm? 30-38 cm?

www.neurofeedbackalliance.org/eeg-electrophysiology/ Schobi (2019), CPC Lecture Symmonds et al. (2018), Brain
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What do we measure with EEG?

Axons from
Presynaplig: Cells

Apical Dendrite =<

Basal Dendrites

Forward

www.neurofeedbackalliance.org/eeg-electrophysiology/



What do we measure with EEG?

Question

* Can we make inferences about properties of the neuronal sources that generate these
sighals?

Axons from
Presynaptic Cells

Inference

CE——
EEE—

Apical Dendrite —&&= "

Basal Dendn'te;
Forward

Postsynaptic Cell Axon

www.neurofeedbackalliance.org/eeg-electrophysiology/
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The DCM analysis path

load Study (DCM) filename ERF ERP

save DCM_subjectt mat new data

S data and desian

IDhar‘uning

200 bins: 3.0ms tnals
between-trial
affecls
detrend 1 rare o000 1.00
subsample 1
modes O
ECD E‘|E¢TI‘DI‘T‘IEQI‘IEﬁC model dipales
source names and locations: prior mean (mmj
left A1 42 -2 7
onsets (ms) right A1 46 -14 8
51-32 B

B0 left STG 31-32 8

T It 59-25 8

duration (sd) right IF '-’.? 46 20 &
16 ad

< reset neuronal model

forward back lateral input
Q8 OBEE O8HE &
.§mfg§§§3 '}z,?{“;%?j :f >§tﬁgg I.B
8008 88008 Bal8 §
og"“ftfgg“n

Eéﬁ?'%?%é'ﬁg

invert DCM

@ Question

®

Specify model/
model space

Collect %025"0
Data &9,
O 50
—_— ol
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The DCM analysis path

WAIT FOR IT




The DCM analysis path

Observed

bw-si stual
Y

Predicted

@[ Question ]

oo
. ey | {
)
»
hu e ~ - — -
. -
“J
. ' _— ™ b . d

Collect =3
@[ Data ]g.%

Specify model/
model space

Invert
DCMs

Check
Results

@

I

Do
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The DCM analysis path

Observed Predicted

@[ Question ]

Collect ] O%C_@'

Data

&0

Y

Specify model/ o®°é§§

model space

| t GC>°
nver
@ DCMs ]
Check
@[ Results ] O
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The DCM analysis path

Observed Predicted

@[ Question ]

| . A

Specify model/
model space

Y ad
o,o’o
Collect %2‘2"’0
Data Gcoo
Q20
T o~

Check

79



The DCM analysis path

Check your data

Did something go wrong with
preprocessing?

Are there artefact?

Is there high-frequency noise?

@[ Question ]

Specify model/ ° 4%? e
model space % S

Check
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The DCM analysis path

Check your sources

* |s there a relevant source that you
have not considered in your network?

@[ Question ]

q

Collect %23"0 @
Data &0,

S =20
Cb

Specify model/
model space

vy

G [ Check

@cz%?oo .

e
Invert
[ DCMs ]

Results

I

/9:/1%0
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The DCM analysis path

Check your model

* If you simulate from your model can
you produce the effects in simulations?

* Do you need to estimate additional
parameters?

* Pick a more complex model?

@[ Question ]

q

Data

&,

Collect ] %025"00

S =20
—_—

O°°D~ =)
@ Specify model/ @:Z% e
model space % S

vy

@ Invert
DCMs

E

G [ Check

Results

I

5

s/
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The DCM analysis path




Example 1

What network explains the mismatch negativity best?

* Roving paradigm to elicit MMN

N 1 it Dttt bttty D/t1 t tea
510 0| = I I T I I T R (R S

>

O

8 ....... o0

g_ ® 0000 0---0

& 500(

b SOA=0.5s

time (s)
D/t; = deviant
t, =triali, 1<i<11

mvV
LR I I - SN U Ry

00 O 100 200 300 400
ms

= {6 (6th trial)
= t1 (oddball trial)

Garrido et al. (2006), Neurolmage
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Example 1

What network explains the mismatch negativity best?

* Model space: Networks with different regions

S2

input

S2i S4i

input
Foward  weee.
;
Backward Modulation
— of effective
Intrinsic connectivity

Garrido et al. (2006), Neurolmage
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Example 1

What network explains the mismatch negativity best?
a

S2
* Model space: Networks with different regions
[
input

>

2

g S2i S4i

)

o

2

©

=

©

()]

0]

c

L input
Forward ...
—_— .
Backward Modulation
— of effective
Intrinsic connectivity

Garrido et al. (2006), Neurolmage



Example 2

Are backward connections required to explain the
mismatch negativity?

* Model space: Models with and without backward
connections

A B C

with backward connections and without

FB

o
|

input

Forward —
Backward —

Garrido et al. (2007), PNAS 87



Example 2

Are backward connections required to explain the
mismatch negativity?

* Model space: Models with and without backward
connections

A 30
&
” 200} :
g . . :
© Y moft . : '
L. oM
L
S
g 0 =
8 .
‘&’; -
. = :
" g -1} .
S
o 2 .
> -
(¢+] _ L
® 200

_3DD 1 1 1 1 1 L 1
160 190 200 210 220 230 240 250 260

Peristimulus time (ms)

A B C

with backward connections and without

FB @

Forward —
Backward —

Garrido et al. (2007), PNAS 88



Example 2

Are backward connections required to explain the
mismatch negativity?

* Model space: Models with and without backward
connections

A 300
@ .
n 200 F . : [
h -
() : . 3
> E ' - - : >
© . 100f - : 1 = . ! B
et ot - .’j;_‘__‘_’_/—“

e : : . ' .

:6 ) -

5 0 =

T { -

] -
L (% : 5 % [
&, a -100 " . b ] |
o g .
> — .
m - B . [ -
o 200 *

-300

180 190 200 210 220 230 240 250 260
Peristimulus time (ms)

A Predicted and observed response with
backward connections

o 20 T 40

B and without backward connections

Garrido et al. (2007), PNAS
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Example 3

How does ketamine affect connectivity during the mismatch negativity?

r Channel Fz
A = Placebo
1.5f Ketamine
] -
EO'S '/\/\
. ,/'\l\v VN
-1 L
15 . . N . \/ . . . . ,
S100 =50 0 50 100 150 200 250 300 350 400
Time (ms)
, Channel Cz
= Placebo
1.5p Ketamine
1k
El),f\ 3 5
T
. //\J‘ﬂ ‘/\’\
I
-0.5L v
-] L
-1.5 . . . . . . . 2
2100 -50 0 50 100 150 200 250 300 350 400
Time (ms)

Schmidt et al. (2013), Cerebral Cortex
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Example 3

How does ketamine affect connectivity during the mismatch negativity?

A IFG IFG IFG IFG IFG IFG
it it | i it i
; Y ¥: :

Sis-— G s G Sis-— G STG~—STG En—6% S -— @

it o 4ot ¢y it i’y
Left & —& Right Left ¥ @ Right Left  ama Right Left e Right Left ‘H‘ Right Left .H‘ Right

'» Input Input . Input ',, Input
Modulation of Post-synaptic
effective connectivity modulation

4o
o« @—@

Schmidt et al. (2013), Cerebral Cortex

IFG
A
Y:
STG STG
7 A
\K

¥
®-@
Right Left Right

Input
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Example 3

How does ketamine affect connectivity during the mismatch negativity?

A v
i

STG™ = STG

it

Al -—[ Al
Left Right

| Input

(1]

Modulation of
effective connectivity

Left

IFG IFG IFG IFG
fi i i it
! Y ) &
STG*—ISTG STG-—STG STG*STG STG*ISTG
e | 4 it
: : Y Y Y Y
Al ~—( Al Al ~—~ Al
Right Left Right
Input ! Input Input ! Input
Post-synaptic
modulation

B Placebo: population-level best model C

Model exceedance probability

0.9

0.8[

o © © © © o o
- N W A NN

(=]

12 3 4

Model exceedance probability

5 6 7 8
Models

Ketamine: population-level best model

0.
0.7,

0.6

0.5

0.4

0.3

0.2

0.1

0!

1 2 3 4 5 6 71 8
Models

IFG

i

STG~—STG

i’y

! Input

[¢]

IFG IFG

T A

Y ) &
STG—(STG STG—(STG
i : A A
VT VT Y Y:

D-@ ar--ia ®-6. ®-6 ®--
Left Right Left Right Left Right Left Right Left Right

‘\(J

! Input Input

Schmidt et al. (2013), Cerebral Cortex 92



Example 3

How does ketamine affect connectivity during the mismatch negativity?

% %k

>
w

25
IFG z
! z

A B 2
i §

STG ~—(STG o158
TS z

v v g !
I

LeftOH. Right < -
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| Input 04
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2 25}

@
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= 20¢
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/

(=]
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Reduction in left A1- left STG coupling

Schmidt et al. (2013), Cerebral Cortex



Example 4

What is the role of muscarinic receptor function for MMN generation?

e Oddball task in rats

* Pharmacological intervention: muscarine receptor agonist scopolamine and
antagonist pilocarpine

* Intracranial recordings

 DCM: Canonical microcircuit/LFP

Schhobi et al. (2021), Neurolmage



Example 4

What is the role of muscarinic receptor function for MMN generation?

A (g Superficial Layer
Ay
Ay, ‘ /T/
-
/\ , Ar
Ag J
C/ V\ A2

L)

Deep Layer

AB'/T/

B s

N4
. 01 02 03 04
13
2| 4
05 06 07 08
A
m B
| o 09 10 11 12

13 14 15 16
—11 ! .\ ﬂnu.
|
N _ s

Schhobi et al. (2021), Neurolmage
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Example 4

What is the role of muscarinic receptor function for MMN generation?

A L onomine B Al Standard PAF, Standard A1, Deviant PAFE, Deviant

o B £
0103050709111315

Img scopolamine

0 l----l--l-lll-ll

0103050709 111315

&

0.8
0.6

0.4

o

———— A
0103050709111315

Protected Exceedance Probability

0.8
0.6

0.4

Ol s o BB gl
0103050709111315
| +57
0.8
0.6
0.4
0.2
T T R B S PR P e ] - R g P T T e
0 0.05 0.1 015 0.2 0 005 01 015 02 0 0.05 0.1 015 02 0 0.05 0.1 015 02 025
Models Time [s] Time [s] Time [s] Time [s]

Schhobi et al. (2021), Neurolmage 96



Example 4

What is the role of muscarinic receptor function for MMN generation?

= 2mg scopolamine

=] mg scopolamine

A
> A Matrix (A) Modulation (B) Kernel Gain (G) Kernel Decay (1)
|
}
]_
3 ]h I{ { ! 1
%().5* } } I
é 0 [ J EEI T h } l
T ]
SJJ.S* { I {
2 }[ L3
’ i 1 ] f
-1.5+ i
24
3 A AF Ay A3 Bl B2 B3 B4 Gl G2 G3 G4 G5 G6 T1 T2 T3 T4
B
0.5 1.5 15 12
0.6 I
1 1 i ! | 0.4 0.8 i
RN _ IR
o | 0-5 0 0.4
15 bojos | o | 0 0o
| 0| :
2 0 0.5 T 0 I 0.2
AL B2 B3 G2 T3

= Omg pilocarpine

Schhobi et al. (2021), Neurolmage

97



The DCM analysis path




The DCM analysis path

@[ Question ]

@ Collect
Data

&,

Y

@ [ Specify model/

model space

vy @ [ Success ]

o

Invert
DCMs

Check
Results

o

Answer
qguestion

5|
)

I

el

s/

SRS LD
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Resources

Overview Papers

* Moran, Pintosis, & Friston (2013), Neural masses and fields in dynamic causal
modeling, Front. Comput. Neurosci.

* Pereiraetal. (2021), Conductance-based dynamic causal modeling: A
mathematical review of its application to cross-power spectral densities,
Neurolmage

Books

* SPM manual: https://www.fil.ion.ucl.ac.uk/spm/doc/manual.pdf

Videos

* Previous SPM courses: https://www.fil.ion.ucl.ac.uk/spm/course/
*  Zurich CPC courses: https://www.tnu.ethz.ch/de/teaching/cpcourse

* KCNI Summer Scool: https://www.crowdcast.io/e/kcni-summer-school-2021

In-depth reading

Garrido, M.1,, Kilner, J.M., Kiebel, S.J. and Friston, K.J., 2007. Evoked brain responses are
generated by feedback loops. Proceedings of the National Academy of Sciences, 104(52),
pp.20961-20966.

David, O., Harrison, L. and Friston, K.J., 2005. Modelling event-related responses in the
brain. Neurolmage, 25(3), pp.756-770.

Hodgkin, A.L. and Huxley, A.F., 1952. A quantitative description of membrane current and its
application to conduction and excitation in nerve. The Journal of physiology

Jansen BH, Rit VG (1995) Electroencephalogram and visual evoked potential generation in a
mathematical model of coupled cortical columns. Biol Cybern

Marreiros, A.C., Kiebel, S.J., Daunizeau, J., Harrison, L.M. and Friston, K.J., 2009. Population
dynamics under the Laplace assumption. Neuroimage

Litvak, V., Jafarian, A., Zeidman, P., Tibon, R., Henson, R.N. and Friston, K., 2019, October.
There’s no such thing as a ‘true’model: the challenge of assessing face validity. In 2019 IEEE

Zeidman P, Friston K, Parr T (2022) A primer on Variational Laplace

Pinotsis, D.A., Leite, M. and Friston, K.J., 2013. On conductance-based neural field
models. Frontiers in computational neuroscience

Pinotsis, D.A. and Friston, K.J., 2014. Neural fields, masses and Bayesian modelling. In Neural
fields (pp. 433-455). Springer, Berlin, Heidelberg.

Marreiros, A.C., Pinotsis, D.A., Brown, P. and Friston, K.J., 2015. DCM, conductance based
models and clinical applications. Validating Neuro-Computational Models of Neurological and
Psychiatric Disorders, pp.43-70.
https://www.researchgate.net/publication/274078765_DCM_Conductance_Based_Models_and
_Clinical_Applications
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Thank you for your attention!
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ISCUSSION

Questions & D
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