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® traversing scales



From single neurons to populations

dendrites and synapses
axonal terminal

%

oligodendrocyte

myelin sheeth
neuron soma




synaptic activity

synapse

e about 6000-10000 chemical synapses
at each dendritic tree of a single neuron

e excitatory and inhibitory synapses
depolarize and hyperpolarize the
membrane potential on the dendrite

neurotransmit

ter receptor
glutamate NMDA excitatory
synaptic bouton
glutamate non-NMDA excitatory
) ‘. —  synaptic cleft GABA GABAA inhibitory
___— ©opoeet® —
membrane GABA GABAg inhibitory

receptors



PSPV, () [mV]

synaptic response on the dendrite
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(taken from Spruston, Nature Rev. Neurosc. (2008))



distribution of synapses

Dd [
A pdl][2 Dd

Dd \
Dor | \ Dd
£ . \q A ‘ 4{ }‘

Dd

* Med

‘_}'
Dd
BA
o e — Dd B
C v .
-/\_] :\“"-..‘
" O Dd

(taken from Shigenaga et al, Neuroscience (2005))
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neural populations

@ spatial patches of 500.m to
1mm width — coarse

oL » graining in space

@ patch contains from 1000 to

/ single neuron 1 05 neurons

v P @ observation: collective
behavior ( e.g. Wilson and
£ Vi Cowan 1972)
/T S _.---- @ mean impulse response
_ . /’ _ response — coarse
V -=" P

graining in time



® neural mass models

* basic assumptions
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(t) [mV]

PSPV,

single neuron

CV(t) = —qi(V(t) — Er) — g(t)(V(t) — E)

| | 1
10 20 30 40 50
time t [ms]

If V decays fast to resting state and g(t) evolves slowly:
V(t) &= Vyest = const

then [(t) ~ g(t)(vfr'est o E) — Vewt’ra, — Rl(t) ™~ g(t)

!

extra-cellular potential
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/Y

consider a population dendr\ltes \K
of neurons /X/
with
population spike train s(t) 51*/ /X/
wn =
S

ﬁ

sum of post-synaptic currents in the population
generates extra-cellular electric field
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mesoscopic scale

network of neurons

neural mini-column
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(1) )
t2 t'Z

Vewora Z/ t  P)sid(r ]_ r)dr

synaptic response spike train s(t)

— /OO h(t)s(t —t")dt’



t+At 1 00 t-+At
Vemtra (t) — A Vemtra, (T)dT — X h(t/) S(T — t/)det/
At J, N t

At :short time interval (~Ims)

s(t) : spike train of all neurons in a neuron population

Vewtra(t) — /OOO h(t/)P(t — t/)dt,

t+A n(t
/ Z Jdt’ _ALt)

P(t) : number of spikes in time interval At (population firing rate)
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synapse

PSPV, () [mV]

0 10 20 30 40 50
time t [ms]

pulse train of all pulses in population at time t P, ;(z,¢):

[
‘_/e'l(x» 1) = [ dt he i(f — T)Pe.i(-x» T)

— 00
e,i: excitatory and inhibitory synapses

probability density finding membrane potential V=V-V;
at the soma:

_ 1 | N
Pt =)= /d: ps()ps(—2)e "
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Dy (Vi — Vin, t) :number of neurons with firing threshold Vi, that fire at time t

Ny, (t) : number of neurons that fire at time t

vmax B Vh B
Ni(t) = / dV ps(V=V()) dVin OV — Vi) Dr(Vin — Vi, 1)
V

min vl

Vmax -V Vh — Vth B B
= / dw / du O(w+V(@t)—Vu) ps(w) Dy (u, t).
V, V V —Vth

min V

Ny, (t) : number of neurons in time interval At that fire at time t (population firing rate)

B 1 t+ At
Ni(t) = E[ Ni(t)dr
t

min V Vl - Vth

~ o0 w+ V(x.f)— Vth
Ni(x, 1) = / dw/ du ps(w) Dy (u, 1) for infinite borders
—00 —00

Vimax—V Vh_Vth _ _ _
> / dw ps(w) du O(w+V(t) — Vi — u)Di(u, t)
V
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for Gaussian distributed PSPs and firing threshold distributions:

2 2
max _—y-/20-
e U /20,

v 2mop

ps ~ MO, 03) Di(u, 1) =

e 1) P 1 ot eef Vix, 1) — Vg , , . .
((¥, 1) = Fmax 5 Neh . sigmoidal firing rate function

Se(V(x,1)),

firing thresholds are Gauss-distributed —

mean impulse reponse sigmoidal firing function
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these are the major elements of
neural mass models:

®* mean synaptic response functions

* population firing rate - nonlinear transfer function

So

(G2 «{ Sigm <01 )=

2
@ 0 e ’ -
S]_ P
. -{._»-__Y;_ |
Jansen-Rit model 2 -1 |
for cortical coloumn i) [Ty
S3

19



® neural mass models

* Local Field Potentials and EEG

20



electroencephalographic activity (EEG)

AP

synaptic bouton

induced current |(t)

membrane

current source j

origin of
Local Field Potentials and EEG

L

apical dendrites

INPUT SIDE \/

excitatory synapac

o+
electrode i

inhibitory synapse

eleclirode O .

OUTPUT SIDE 4[| myetinsted axon

(taken from Freeman, Int.]. Bif. Chaos (1992))
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Local Field Potentials
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Pettersen et al., In: Handbook of Neural Activity Measurement (2010)
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spatial structure
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Layer /1l Layer V CA3

of dendrites

CAl Subiculum

Apical
dendrites

= Soma

Basal
dendrites

(taken from Spruston, Nature Rev. Neurosc. (2008))

neocortical pyramidal cells have apical dendrites
orthogonal to cortex surface
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model example of simple neural population

1
mesoscopic dipol moment P (Z,t) = —/ ws(Z, 0, t)d>w.
dw W 4

volume current source density

—= (I)scalp("F,t) — / 6( l)ﬁ( ) (13;1.’.
neo—cortex

» Ve(X,'[) ~ mean excitatory
extracellular current

v (x,t ~ mean inhibitory
extracellular current

local current —[ %) | inhibitory currents

(Nunez and Srinivasan, Electric Fields of the Brain:The Neurophysics of EEG (2006))
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simulation of EEG activity

static dipol placed in a three-sphere head model:

dipol source in head model

(thanks to Christoph Herrmann, University of Oldenburg)
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map on cortical surface

(taken from Bojak et al., Brain Top. (2010))




neuronal populations are spatially extended:

spatial interaction play an important role

’\ w}

Ny

(prefrontal cortex)

—>

neural fields

(visual cortex)
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Modell: mean-field approach — coarse-grained field

AT
)

Input

“each grain is a location x”
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® neural field models

* spatial connectivity

29



axonal connectivity

K(x,y): axonal connectivity function from neurons at spatial
patch x to synapses in spatial patch y:

P(z,t) = [y K(2,9)8 |V (y,t = 254)] dy

example for axonal connectivity' prefrontal cortex in monkeys

I e el T i e A ¢ - R4
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(taken from J.B.Levitt et al., J.Comp.Neur.338,360(1993))
® short-range lateral connections in layer 5

® periodic connectivity in layer 3
— Ke(x,y) ~ Kp(x —y) + Kp(x, y)

® K,(r,y): Inhomogenous, anisotropic and periodic
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visual cortex in monkeys

500um

(taken from P.C.Bressloff, Physica D 185, 131(2003))

® tangential section through layer 2/3 showing lateral projections

® periodically spaced connection patches
— Ke(x,y) ~ Kp(x —y) + Ky, y)

- ® K ,(x,y): Inhomogenous, anisotropic and periodic

31



axon-dendrite connectivity in layer 2 and 3 in rat visual cortex

connection probability

spatially homogeneous axonal connectivity
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(taken from Hellwig, Biol. Cybern. (2000))
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® neural field models

* axonal transmission speed
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passive axonal propagation (.

speed of action potential in a passive (un-myelinated ) cable:

) 1/2
Upassive — (RmRiC’TQn)

d : diameter of the cable, R; : intracellular resistivity, Rm : cross-membrane resistance,
Cm :membrane capacitance

simulation of cable equation (GR=8):

geometrical ratio

GR=1Y":_,(d;/dp)3/?
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myelination

oligodendrocyte 'ﬂ«_ — AXONS
. g

Mpyelin sheath

Q@ 7 “

A Nodes of Ranvier

node of
Ranvier

——t——t— Myelin
\ 4
,’ A

intra-cortical axons :
not myelinated Myelin

sheath «..__

axons between cortical areas :
myelinated

the myelination level may change on single axonal branch

35



number of cells

finite axonal conduction speed

synapse

o oAU M ”H , H

005115225 3354455556657 75828599510

conduction velocity (m/s)
(taken from Girard_etal, ] Neurophysiol 85: 1328—1331 (2001))

cortico-cortical connections between
V1 and V2 in monkeys

1

- 09

08
0,7

06

- 0,5

- 0,4

- 0,3

- 0,2

0,1

0

CFeedback
CFeedforward
—a— Feoadback
~&- Feedforward

cortico-cortical connections
In Mice

1.0/

f 0.5

0.0+

(taken from P. Nunez, Neocortical Dynamics and Human ECG Rhythms (1995)  VELOCITY (m/sec)
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assumption of homogeneous axonal connectivity:

Pei(z,t) = [, K(z —y)Se, [V(y,t |x;y|)} dy

e e

Ver(z,t) = /too he,i(t —T) /Q K(z —y)Se,i |:V(y7t Ty )} dy

C

if only one synapse type: he(t)=hi(t) :

( h

LV(z,t) = /QdyK(y)S[V(x — .t ‘il )|+ E(x,t)

. J

neural field equation E(x,t): input



mathematical remark: what is the operator L !

assume  h(t) = o (e—t/n _et/m)

T — T2

d? ho ho A 1
—V ——— P | T t/mm =t/ To P d
dt? () T172 ’7'1—7'2/oo<7'126 ’7'226 ) (7)dr
ho 1 1\ d 1
= —P(t) - | —V V(t
T17T92 () (7’1 7'2) dt () T17T92 ()

./ d d2 d
_> (LV(t):hOP(t)J with L(E):ﬁﬁﬁ%-(ﬁ%—m)%—l—l
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® neural field models

* various models

39



Integral-differential equations

RS
)

Input

considers probability that
two neural grains are connected

40



Integral-differential equations

spatio-temporal dynamics of population firing rates

RN

Wilson and Cowan,
Kybernetik (1973)

Tangat) _ —E(:C,?f) + [1 — reE(aj,t)]Se [OzKee ®E — BK@'G Q1+ P(:I},t)]
ﬁ[gi’ )ty + [ - il (@, 0] 0K @ B - BKg @ 1+ Q(a, )

Kov= [ K(e—y)Vi
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Integral-differential equations

spatio-temporal dynamics of mean membrane potential

Amari (1977)

Ou;(x,t)
ot

— —ui(gjj) —+ ZKij &) Sj [u]] -+ hi =+ Si(ajat)
j=1
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(1

10

o Ot

link to partial-differential equations

)=

oot = [ K-S |t - Ty

U

— / / G(QZ‘ —y,l— 3),0(?/, S)dde




(143~
@7

2 ((

~ 1+
/2IG(:Z€,’LU):( Ilw 2+k2

W 2 o\ ~ B WY
1+2;) +k>u(k,w)—(1 | zv>p(k,w)

nonlinear damped wave equation

Jirsa and Haken, Phys. Rev. Lett. (1997); Coombes et al., Phys. Rev. E (2007)
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for more general spatial kernels:

"Viz)

| K-V =3 K.°

partial differential equations
are specific cases of
integral-differential equations

(A. Hutt, Phys. Rev. E (2007))

ox™
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Partial differential equations

consider wave propagation
of pulse activity between
neurons

46



Partial differential equations

5 07 0 4 0°
v - v N
Ot? ot Ox? T
pulse activity
Ohe ;(t)
B% —
ot
B 2
exc. postsyn. potential <’Ye at) Ie,i
0

inh. postsyn. potential (%’

>¢(a¢,t) - <f02 | v§t> Slhe(z,t)]

1

dendritic potential

h, — he,i -+ Cleﬂ;(t) -+ DJeﬂ;(t)

T o

E (Selhe(x,t)] + Fo(x,t) + p(z,t))

A,B,...H: constants

) T = G (Silhaa )] + Ho(x, 1))

(Liley et al., Neurocomputing (1999))
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Partial differential equations

includes spatial range . J oI transmission speed

(aZI L s : la2>

'zei_ e,q a o
gz T eigy Tei TV 53

be.i(®,t) = Ve, S[Ve,i(z, t)]

1 1

axonal pr'opagation pulse activity dendritic potential

07 9,
( - 20— +042> Veilz,t) = ga Q[ Ve i(z,t), pei(x,t), x,t]

oz o
1

input to synapses: external stimulation, pulse activity

(Robinson et al., Phys. Rev. E (1997)

synaptic response
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new field models

. are subjected to from e.g.
* ion channel fluctuations
* spontaneous synaptic activity

* how do translate into

® to answer question,
necessary by considering

49



new models - 2 -
Bressloff, SIAM J. Appl. Math. (2009):

* assuming two-state neurons (no firing/firing)

* a jump process between neurons (Master equation)

Taf(aa;,t) — —f(z, )+ 8 [/Q K(:z:,y)f(y,t)dy]
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Of(x,t) _
T o

~f.t)+ 8 | [ Ko o)y

+—S”[/K:z;y ytdy]//Kazy (z,2)C(y, z, t)dydz
PO o0y, t) + 8 (f(:v H+S [ | Ko t>dyD 5<a:—y>

ot
—|—”}/S,/K$Z ztdz}/K:cz (z,y,t

+~.5’ LK(y,z)f(z,t)dle K(y,2)C(z,y,t)dz

* f(x,t) is mean firing rate, C(x,),t) is covariance
* neglecting covariance yields original mean field equation

a more realistic mean-field equation
implies the spatial covariance of the activity !
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new models - 2 -

Faugeras, Toboul and Cessac, Front. Comp. Neuroscience (2009):

* coupling of different populations, no spatial extension

* connections between single neurons are randomly
distributed

dV;t(t) = 2 Va) + %: JosS [Va(b)]
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Wolt) 1y o)+ > [ 8 |2/Cante.t) + V()| Naf0. )

to

t t
Cp(t,t) = Cap (tazgiﬁ /t / e(ww)/mﬁ(u,v)dudv)
B 0

—\/CBB (t,t)Cps(s,s) — CGa(t, s) Cps(t, s) >
Baltos) = [ 5 VoD Tt e T

XSg {\/055 (t,t)y + ‘75 (t)] N (0, 1)Ny(0, 1)dxdy

e V/ is the mean membrane potential,
C'(t,s) is the temporal correlation function
o C(t,s) = Oyields standard Amari model

a more realistic mean-field equation
implies the temporal covariance of the activity !
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new models - 3 -

Baladron et al.,]. Math. Neuroscience (2012):
* mean field equation for spiking neural networks

* network exhibits all-to-all coupling
* leads to McKean-Vlasov Fokker-Planck equation

Fokker-Planck Equation

Neural Network, N = 100, Monte Carlo sim.s = 10,000

y)

bility Density p{t=1.5V

Marginal Proba

Potental vV

=3)d Apsua) Appqeqoid jewbrepy

C ) - - ~
o W o v o

Conductance y

(A'A'G)
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® perspectives
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neural fields

d ® do not

® consider single neuron

® consider mean synaptic and .
activity

dendritic currents in population

® consider single dendritic
branches

® involve
threshold properties of neurons

® consider axonal structures

® assume rate coding

® describe LFP+EEG

recent extensions:
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Effects of additive noise

Kilpatrick and Ermentrout, SIAM J. Appl. Dyn. Systems (201 3):

dV (x,t) = <—V(:z:', t) + /_7T K(x—y)S|V(y,t) dy + I(x)) dt + /edW (z, 1)

(a)

70
60
50
4 extinction of bump by noise
30
20

10




Hutt et al., Physica D (2008):

dV(zx,t) = (—V(az, t) + /OO K(x—y)S|V(y,t) dy + IO> dt + kdW (t)

no fluctuations global fluctuations
100 100
()
£ 50 50
4.83 9.66 4.83 9.66
space space

extinction of spatial pattern by noise
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related workshops at CNS:

Wednesday:

Network and Neuroscience: structure and dynamics
Metastable dynamics of neural ensembles

Advances in neural mass modeling

Thursday:

Network and Neuroscience: structure and dynamics
Recent advances in experimental and computational characterization of neural assemblies
Modeling general anaesthesia: from theory to experiment

Validating neuro-computational models of neurological and psychiatric disorders

Full brain network dynamics
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