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In DCM: Dynamic equations mimic physiology and
produce observable brain-like responses

A coarse grained model of causal interactions among

neuronal populations produces fMRI-like data

( “inverted” using Bayesian statistical approaches)
Friston et al 2003; Stephan et al 2008

Neural Mass Models describing

¥ laminar specific directed connections;
role of forward vs. backward
connections in hierarchical networks
(EEG/MEG) Kiebel et al 2006; Garrido et al 2007

Neural Mass Models of cortical ensembles
describing neurotransmitter & neuromodulator
action at the synapse

David et al 2006; Moran et al 2007, 2008, 2009, 2011; Friston et al 2012
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Dynamic Causal Modelling: Framework

Hemodynamic Electromagnetic
forward model: forward model:
neural activity->BOLD neural activity->EEG
MEG

LFP

Neural state equation:

@:F(x,u,ﬁ)

fMRI dt EEG/MEG

. complicated neuronal model
simple neuronal model

Moran RJ, Stephan KE, Kiebel SJ, Rombach N, O'Connor WT, Murphy KJ, Reilly RB, Friston KJ (2008)
Bayesian estimation of synaptic physiology from the spectral responses of neural masses.
Neurolmage



Dynamic Causal Modelling: Framework

p(y|8,m)p(0|m)
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Inference on parameters

Inference on models

Model 1
0 Model 1
Model comparison via Bayes factor:
q(0) = p(6)y,m)
p(y|m,)

v

mm) 5 counts for both accuracy and complexity of the model

p(conn>0|y)=99.1%
mmmm)  ;|jows for inference about structure (generalisability) of the model

Stephan, Penny, Daunizeau, Moran, Friston (2009) Bayesian Model Selection for Group Studies. Neurolmage



Dynamic equations mimic physiology and produce

A Neural Mass Model (6 layer cortical regions)

)'c=F(x,u,t9)

Intrinsic
Connections

Internal
Parameters

Eg.

Time constants of
Sodium ion
channels

electrophysiological responses

State equations: A dynamical systems description
of anatomy and physiology
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Dynamics mimicked at AMPA and GABA
receptors
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Parameters quantify contributions at AMPA
and GABA receptors Neurotransritters: Glu/GABA

AP generation zone
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State equations in a 6 layer cortical model
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State equations to Spectra

Time Differential State Space Transfer Function
Equations > Characterisation > Frequency Domain
: x=Ax+ Bu
x= f(x)+ Bu
—C H(s)>C(sI-A)B
y=1(x) y=uA
Relative amplitude
Linearise
S |
mv ;_E’D.fif

0 10 20 30 40 50
Frequency [Hz]

Moran, Kiebel, Stephan, Reilly, Daunizeau, Friston (2007) A neural mass model of spectral responses in electrophysiology. Neurolmage



Given an empirical recording: estimate parameters of the
model

GABAa receptor
density

AMPA receptor
density
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Moran, Stephan, Seidenbecher, Pape, Dolan, Friston (2009) Dynamic Causal Model of Steady State Responses. Neurolmage
Friston, Bastos, Litvak, Stephan, Fries, Moran (2012) DCM for complex data: cross-spectra, coherence and phase-delays. Neurolmage




A condugtance model offers more biological plausibility

Superficial layers
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Moran, Stephan, Dolan, Friston (2011) Consistent Spectral Predictors for Dynamic Causal Models of Steady State Responses. Neurolmage



DCM can be used to assay glutamate levels in rats

[ Validation: Microdialysis measurements of glutamate in mPFC

[ For DCM: LFP recordings from same region in mPFC
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Moran, Stephan, Kiebel, Rombach, O'Connor, Murphy, Reilly, Friston (2008)
Bayesian estimation of synaptic physiology from the spectral responses of neural masses. Neurolmage



DCM can be used to assay different neurotransmitters in rats

mv PAF Validation: Pharmacological manipulation affecting
glu and gaba
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Moran, Jung, Kumagai, Endepols, Graf R, Dolan, Friston, Stephan, Tittgemeyer (2011) Dynamic causal models and physiological inference: a validation study
PLoS One



DCM can be used to assay different receptors in humans
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Moran Symmonds, Stephan, Friston, Dolan (2011) An in vivo assay of synaptic function mediating human cognition. Current Biology
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Dopamine in the Basal Ganglia

Parkinson's Disease

Substantia nigra

Normal

Hyperdirect
“brake”

Caudate
Nucleus
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“\_Nigrostriatal
Pathway

. Substantia
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Indirect Direct
“No Go” “Go”



A model of DA’s role in movement
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Dopamine to move

Hyperdirect
“brake

Indirect

“No Go” Direct

llG o"

+ Dopamine replacement therapies



Or Dopamine to not not move?

Hyperdirect
“brake”

... posture, posture, posture

Indirect Direct
”No Go” ”GO”




Beta Oscillations and DA’s role in movement

Frequency (Hz)

0 200 400
Time (ms)

In healthy controls:

[Beta actively promotes tonic hold contractions
'Raised Beta actively penalizes voluntary
movement

Beta progressively suppressed with increasing
likelihood of a movement-cue

% total LEP power

% reduction in LFP power

T T 1 ' T T T T 1
10 20 30 40 1] 20 40 60 80 100
Frequency (Hz) % Improvement in bradykinesia-rigidity

Jenkinson & Brown, 2011

TRENDS i Newroeciences
In PD:
.

'High levels of beta throughout structures in
Cortico-BG Loops

'DBS and Apomorphine reduce beta
oscillations

DCM: How does DA loss lead to beta oscillations? Altered Connectivity?



Glutamatergic stellate cells

GABAergic cells
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Model Inversion
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Model Inversion

Cortex Striatum GPe STN
5 5
0 W 0 VT -
0 20 40 0 20 40 0 20 40 20 40
5
1 \\ \‘(\\
N 0
€ 0 20 40 0 20 40 20 40
—
(4]
3
o 5
> 0
0 20 40 20 40
Frequency (Hz)
20 40
Control

Fit

Xa10)

wnjeus

ad9

N1S

6-OHDA Lesioned

Cortex Striatum GPe STN
5
,/\\ , _/\‘ /\\
20 40 20 40 0 20 40 20 40
5
ol T 1L
20 40 0 20 40 20 40
5
0
0 20 40 20 40

20

40

X3140)

wnjews

3dd

N1S



Two Connectivity Changes

Control ¢ 1.44 £ 0.18 Parkinsonian Patients (Off -On) levodopa
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PD Rats 3.07.%

100 ¢

>}

B
lll"

ﬁ
% change
o

50

Hyperdirect
“brake”

v
I s0f
W B T v 5 & 2 £ 2 g ¢
1|+|+ £ § 35 § 5§ B g ¢
w-— e
[] Hyperdirect (brake) pathway to the STN increased in the Parkinsonian animals
[] STN input to the GPe decreased in the Parkinsonian animals (compensatory)
[] PD Patients off levodopa also exhibit increased hyperdirect connectivity

Moran, Mallet, Litvak, Dolan, Magill, Friston, Brown (2011) Alterations in brain connectivity underlying beta oscillations in Parkinsonism. PLoS Computational Biology
Marreiros, Cagnan, Moran, Friston, Brown- Submitted



Indirect D2 pathway activity exacerbates the problem

14 Cortex to Striatum

12
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The Indirect (D2) mediated pathway is a Potent
Promoter of beta oscillations in the Parkinsonian
network (Consistent with the attenuation of beta in
patients with apomorphine a D2 agonist)

A tonic pathway ....lending it degenerative
susceptibility?
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Moran, Mallet, Litvak, Dolan, Magill, Friston, Brown (2011) Alterations in brain connectivity underlying beta oscillations in Parkinsonism. PLoS Computational Biology



Outline




The Neurobiology of the Bayesian Brain

1 Helmholtz (1867)
Perception as Inference

1 Montague, Dayan, Sejnowski (1996)
A Framework for Mesencephalic Dopamine Systems based on Predictive Hebbian Learning

] Rao & Ballard (1999)
Predictive coding in the visual cortex: a functional interpretation of some extra-classical receptive-field effects

] Friston (2010)
The free-energy principle: a unified brain theory?

Make Predictions (priors)

Glutamate at NMDARs to GABAaR React to Prediction Errors

Glutamate at AMPARs

Prediction Error

Probability Distributions




Dopamine in the Bayesian Brain

1 Helmholtz (1867)
Perception as Inference

1 Montague, Dayan, Sejnowski (1996)
A Framework for Mesencephalic Dopamine Systems based on Predictive Hebbian Learning

] Rao & Ballard (1999)
Predictive coding in the visual cortex: a functional interpretation of some extra-classical receptive-field effects

] Friston (2010)
The free-energy principle: a unified brain theory?

Make Predictions (priors)

Glutamate at NMDARs to GABAaR React to Prediction Errors

Glutamate at AMPARs

Neuromodulators?

Prediction Error

Probability Distributions




Dopamine in the Bayesian Brain

1 Helmholtz (1867)
Perception as Inference

1 Montague, Dayan, Sejnowski (1996)
A Framework for Mesencephalic Dopamine Systems based on Predictive Hebbian Learning

] Rao & Ballard (1999)
Predictive coding in the visual cortex: a functional interpretation of some extra-classical receptive-field effects

- Friston (2010) N , Prediction Errors
The free-energy principle: a unified brain theory?

Make Predictions (priors) Uncertain Prediction Error

Glutamate at NMDARs to GABAaR Low DA -> Low precision

N

~
7

Neuromodulators?

\
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Certain Prediction Error

High DA -> High precision?




DA Predictions & Prediction Errors

_diminished by lack of DA at D1-type receptors

Friston, Shiner, Fitzgerald, Galea, Adams, Brown, Dolan, Moran, Stephan, Bestmann. (2012)
Dopamine, Affordance and Active Inference. PLoS Computational Biology

enhanced by lack of DA at D2 —type receptors
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Dopaminergic Precision in Motor Systems

Healthy Parkinson’s Disease

Dopamine (D2) and fast cortical pathways of rats leads to precise predictions to not move:
Moran, Mallet, Litvak et al (2011) PLoS Computational Biology

Prediction Error Precision mediated through D1-type Dopamine receptors:
Friston, Shiner, Fitzgerald, Galea, Adams, Brown, Dolan, Moran,
Stephan, Bestmann. (2012) PLoS Computational Biology

Fast cortical pathways & synchronous beta overexpressed in PD patients:
Marreiros, Cagnan, Moran et al. Submitted



Summary

Dynamic Causal Modelling
Provides a cross-species platform to
interrogate aberrant connectivity

DCM suggests pathological increase in
hyperdirect pathway

DCM suggests that D2 dependent
indirect pathway is a potent promoter
of beta in a pathological Parkinsonian
network

The Free Energy Principle links beta to
motor prediction and DA D1 deficiency
to low precision on prediction errors




Therapy angles for PD supported by this work

Advanced Stage Refined DBS stimulation
parameters for exacerbated beta
(eg while patient is at rest)

Targeted
pharmacogenetic/optogenetic
therapies to D2 expressing cells in
striatum

Calcium antagonists/Potassium
agonists to these cells

Cognitive/Motor strategies to
boost prediction error processing
novel and salient movements (cf.
dance/balance exercise/tai chi)

Early/Genetic Risk
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