
Modelling large scale brain dynamics 
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Electroencephalogram (EEG) power spectrum

EEG records the activity of 
~ 105 pyramidal neurons. 



MEG

0

0.04

0.08

0.12

0.16
(a) (b)

oscillatory brain modes, large scale distributed brain networks, pattern connectivity, cortical micro 
states, predictive coding, … [Magnetoencephalography in Cognitive Neuroscience:  A Primer, 2019 
Neuron, Joachim Gross]
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activity of 

~ 105 pyramidal neurons



Localised    rebound?�
S E Robson, M J Brookes, …, P F Liddle, and P G Morris. Abnormal visuomotor 
processing in schizophrenia. NeuroImage: Clinical, 12:869 – 878, 2016. 
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Cortical modelling

Santiago Ramón y Cajal
1900 Golgi’s black reaction
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Traditional (phenomenological) approaches

g = ⌘ ⇤ f
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or
Qg = f

h

Firing rate activity f(E)



Spatially extended models

g = w⇥ � � f
Simplest neural field model:  Wilson-Cowan (‘72), Amari (‘77)

g = u(x, t)

w(|x ⇤ y|)

f(u(x, t ⇤ |x ⇤ y|/v))

x y

u(x, t) =

Z1

-1
dyw(|x- y|)

Zt

0

ds⌘(t- s)f � u(y, s- |x- y|/v)

<latexit sha1_base64="03WK17iLSgFpPKITlUnnvVSC6yE="></latexit>
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Turing instability analysis
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A spherical brain (Nunez) model

VK. Jirsa, et al. Spatiotemporal Forward Solution of the EEG and MEG Using Network Modeling, IEEE Trans. Med. Img., Vol. 21, 2002

Figure 1. Magnitude and phase plots at normal mode 
frequencies. Left: magnitude. Right: cosine phase. 
top: I d .  middle: 1 4 .  bottom 1=8. 

conditions and hnite propagation velocities associ- 
ated with the neocortex 

NONLINEAR DYNAMICS. 

We introduce a nonlinearity in order to e m i n e  
the impact of complex local cirucit dynamics on the 
global wave phenomenon. Since we arc shnulatbg J. 
metaphorical system, the choice of nonlinearity is ar- 
bihaxy, and we pick a cubic nonlinearity. The system 
is now a sphericil membrane with nonhear stiffness, 
similar to a stiffening spring. Membrane dynamics 
are then govemed by 

where we seek solutions of the form of Eq. 1 for dif- 
ferent initial conditions. Direct substitution of Eq. 1 
into Eq. 5 yields the infinite set of differential equa- 
tions 

Where 

-7. .,, ... .. L , I, ,, .. . I  ' 
Figure 2. Amplitude spectrum and phase-plane pro- 
jection for the eigenfunctions of the nonlinear spheri- 
cal membrane. Left:amplitude spec". Right: 
phase plane projection Top: Y Middle: Y ,. Bot- 
tom: Y, 

Truncated solutions are computed of inmasing order 
until spatial and tempoxai convergence criteria are 
met. Examples of the calculated amplitude spectra 
and phase plane projection are given in Egure 2, 
where the initial condition is given by 

REFERENCES 
[I] Nunez, P.L. and Srinivasan, R. "Implications of 
Recording Strategy for Estimates of Neocortical Dy- 
namics with EEG, CHAOS, in press, 1993. 
[2] Srinivasan. R and Nunez, P.L. "Neocorticd Dy- 
namics, EEG Standing Waves and Chaos", Proceed- 
ings of the Second Conference on the Nonlinear Dy- 
namical Analysis of the EEG, B. H. Jaosen (ed.), 
Houston, TX, ApZ 3 4 ,  1992, World Scientific h b l .  
Co. , Singapore. 1993. 
133 Jackson, JD. "Classical Electrodynamics" 2nd 
Edition, Wdey, New Y 01% 197 5 .  

362 

Figure 1. Magnitude and phase plots at normal mode 
frequencies. Left: magnitude. Right: cosine phase. 
top: I d .  middle: 1 4 .  bottom 1=8. 

conditions and hnite propagation velocities associ- 
ated with the neocortex 

NONLINEAR DYNAMICS. 

We introduce a nonlinearity in order to e m i n e  
the impact of complex local cirucit dynamics on the 
global wave phenomenon. Since we arc shnulatbg J. 
metaphorical system, the choice of nonlinearity is ar- 
bihaxy, and we pick a cubic nonlinearity. The system 
is now a sphericil membrane with nonhear stiffness, 
similar to a stiffening spring. Membrane dynamics 
are then govemed by 

where we seek solutions of the form of Eq. 1 for dif- 
ferent initial conditions. Direct substitution of Eq. 1 
into Eq. 5 yields the infinite set of differential equa- 
tions 

Where 

-7. .,, ... .. L , I, ,, .. . I  ' 
Figure 2. Amplitude spectrum and phase-plane pro- 
jection for the eigenfunctions of the nonlinear spheri- 
cal membrane. Left:amplitude spec". Right: 
phase plane projection Top: Y Middle: Y ,. Bot- 
tom: Y, 

Truncated solutions are computed of inmasing order 
until spatial and tempoxai convergence criteria are 
met. Examples of the calculated amplitude spectra 
and phase plane projection are given in Egure 2, 
where the initial condition is given by 

REFERENCES 
[I] Nunez, P.L. and Srinivasan, R. "Implications of 
Recording Strategy for Estimates of Neocortical Dy- 
namics with EEG, CHAOS, in press, 1993. 
[2] Srinivasan. R and Nunez, P.L. "Neocorticd Dy- 
namics, EEG Standing Waves and Chaos", Proceed- 
ings of the Second Conference on the Nonlinear Dy- 
namical Analysis of the EEG, B. H. Jaosen (ed.), 
Houston, TX, ApZ 3 4 ,  1992, World Scientific h b l .  
Co. , Singapore. 1993. 
133 Jackson, JD. "Classical Electrodynamics" 2nd 
Edition, Wdey, New Y 01% 197 5 .  

362 

synchrony 
assumed / cannot 

rebound

Symmetric bifurcation theory

Normal form analysis



An exact mean field model

i = 1, . . . ,N
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Qg =
w

N

NX

j=1

X

m

�(t- Tm
j )

d

dt
vi = ⌘i + v2i + g(t)(vsyn - vi)
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Ask Carlo!
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Synapse model

Phase variable
(theta neuron)

vi = tan(✓i/2)

t0



Routes to mean field N ! 1
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Continuity eqn for density                                          ⇢t +r · J = 0
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Dynamics are neural mass like
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Next generation rate and synchrony model
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Self inhibition and a excitatory background drive
(square pulse response)

A Byrne, M Brookes and S Coombes 2017 

A mean field model for movement induced changes in the β  rhythm, JCNS, Vol 43, 143-158
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SC & FC

[surface of the brain visualisations coloured depending on nodal degree] 



Sheets: including gap junctions & axonal delays
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Turing-Hopf

Turing

Turing instability analysis

Linearise around a homogeneous steady state and look for 
patterns of the form 
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Higher dimensional sims



Dynamic FC (local control ~ gaps)
https://github.com/UoN-Math-Neuro/NFESOLVE



Exploring (r)TMS 

(a) No TMS
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New mean field thalamo-cortical model
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