Spontaneous and evoked activity in extended
neural populations with gamma-distributed
spatial interactions and transmission delay

Axel Hutt &*

a Institute of Physics, Humboldt University of Berlin, Newtonstr. 15, 12489 Berlin,
Germany

Fatihcan M. Atay"

b Max Planck Institute for Mathematics in the Sciences, Inselstr. 22, 04103
Leipzig, Germany.

Abstract

The spatiotemporal dynamics of neural activity are studied using an integro-differential
model of spatially extended neuronal ensembles. The model includes both synap-
tic and axonal propagation delay while spatial synaptic connectivities are repre-
sented by gamma distributions. This familiy of connectivity kernels has been ob-
served experimentally and covers the cases of divergent, finite, and negligible self-
connections. We give conditions for stationary and nonstationary instabilities for
gamma-distributed kernels, which can be formulated in terms of the mean spatial
interaction ranges and the mean spatial interaction times. We present novel mecha-
nisms for Turing patterns and traveling waves, which result from the special shape of
the gamma-distributed interactions. We give a numerical study of the propagation
of evoked spatiotemporal response activity caused by short local stimuli, and reveal
maximum response activity after the mean interaction time. This maximum occurs
at a distance from stimulus offset location, which is equal to the mean interaction
range.
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1 Introduction

The dynamics of neuronal activity is responsible for such major brain func-
tions as perception, memory processes or motor coordination. The present
study aims to gain some insight into the rich neuronal behavior by studying
spatiotemporal neuronal dynamics caused by fluctuations and environmental
external stimuli.

Fluctuations in space and time are always present due to the large number
of interconnected neurons and are supposed to be responsible for large-scale
coherent phenomena near unstable neural activity states. We mention the phe-
nomena of hallucinations, which frequently result from specific circumstances
such as fatigue or sleep deprivation [1] and which, in some cases, exhibits a
shift of the neural state to an instability by increased neuronal excitation [2,3].
For instance, Ermentrout and Cowan [4] introduced a mesoscopical neuronal
field theory and explained visual hallucination patterns by loss of stability at
bifurcation points.

In contrast, external stimuli may represent sensoric input as auditory speech
or visual perceptions. For instance, during cognitive experiments encephalo-
graphic measurements reveal coherent evoked brain activity and indicate syn-
chronous neuronal activity on a mesoscopic spatial level [5-9]. In this context,
Freeman [10] has shown in an early study, that encephalographic activity re-
lates to mesoscopic dendritic currents. Dipol and current source density models
support these findings [11]. Hence, this study aims to study neuronal mecha-
nisms on a spatially mesoscopic level.

Many studies investigating mesoscopic neuronal activity [12-20] treat synap-
tically coupled neuronal ensembles. This work follows the basic field approach
of Jirsa and Haken [5], who combined the ensemble models of Wilson and
Cowan [21] and Nunez [22]. This model considers a single type of neurons,
which are interconnected by axons terminating at either excitatory or in-
hibitory synapses. Though the intrinsic delay due to axonal propagation had
been introduced, it does not affect temporal and spatial dynamics. A recent
work treating intracortical activity [23,24] extends the model by introducing
synaptic response delay and thus adds a further time scale. It turns out, that
the relation between synaptic and propagation delay affects the stability of
the system.

In addition to the temporal scales, the synaptic connectivity kernels define the
spatial scales of the neuronal field. In most studies, these connectivity kernels
exhibit their maximum at zero distances, i.e. strong self-connectivity. Since
experiments observed low probabilities [22] of local synaptic connections and
the concerning effects of reduced self-connectivity has not been studied yet in



a general form, we shall discuss the family of gamma-distributed connectivity
kernels. This special type of spatial interaction may exhibit infinite, finite,
and negligible probability densities of self-connections for diverse parameters.
These cases shall be studied in the context of spontaneous and externally
evoked activity.

The paper is organized as follows. The subsequent section presents the deriva-
tion of the field equation. In Section 3, stability conditions with respect to
spontaneous fluctuations are derived analytically, followed by a numerical
study of evoked responses caused by external stimuli. Section 5 summarizes
the results and closes the work.

2 The model

The present study treats a three-section model of synaptically coupled neu-
ronal ensembles. Here, one section represents the ensemble set of synapses,
which convert the incoming presynaptic activity to postsynaptic potentials
(PSP). The adjacent model section contains the ensemble set of trigger zones
at somata converting PSPs to axonal pulse activity while the final one repre-
sents the set of axonal fibres linking trigger zones to distant synapses. In the
following, these model sections are discussed in some detail.

2.1 Model derivation

Chemical synapses convert incoming action potentials to postsynaptic cur-
rents by emission of neurotransmitters [25]. Most excitatory synapses (e) emit
neurotransmitters called glutamate, which enhance the activity of the postsy-
naptic cells while the neurotransmitter y-aminobutyric (GABA) emitted by
inhibitory synapses (i) diminishes the postsynaptic cell activity. In addition,
synapses may bind to dendrites or the soma of the postsynaptic neuron. Hence,
the efficacy of synapses is very diverse. Furthermore, there is evidence, that
the dendritic morphology, such as compactness of arborization and branching
patterns, affects the stability of connected neurons [14], e.g. due to propagation
delays along spatially extended dendrites. In a simplified model, dendrites are
electric conductors which exhibit passive spread of current through the den-
dritic tissue. According to this approach, Freeman [26] was one of the first to
show, that the response of chemical synapses to incoming action potentials is
approximately equivalent to the convolution of the action potential with an
impulse response function h,;(t). The presented approach accounts for this
finding and neglects shunting effects.



In experimental practice single cell activation is obtained frequently as the
number of action potentials exceeding a certain threshold potential during a
time interval. Hence it is reasonable to assume action potentials at discrete
times and the mean pulse rate at time ¢ gives the number of action potentials
in the interval. This description yields a coarse-graining in time. In addition,
the model introduces spatial patches at location x each containing a fixed
number of synapses (typically ~ 10*). That means the activity discussed is
coarse grained in space. Consequently, postsynaptic potentials averaged over
time and space obey

_ . t _
Veﬂ(l'a t) = ge,i/ dr he,i(t - 7-) Pe,i(xa 7-) ) (1)

with gg representing the efficacy of excitatory and inhibitory synapses while
Pe,i(x,t) are the presynaptic pulse rate coarse grained in time and space.
The introduced spatial patches represent neuronal assemblies or neuronal
pools [13,21,22,27], which build mesoscopic functional entities in the brain and
have been found experimentally both in cortical [28,29] and subcortical [30]
areas.

Now let us discuss the synaptic properties in more detail. According to  [10],
the impulse response function from (1) reads
a1

h(t) = ——— (e ™" — e, , > 0.
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In case of a; = ay = «, the function is the well-known alpha function h(t) =
a’texp(—at). Moreover h(t) represents a Greens function for the temporal
operator

A

0 0
L= (a + al)(a + ay)

with Lh(t) = aja6(t) and §(t) being the Dirac ¢ function.

The adjacent model section focuses on the conversion of membrane potentials
to pulse activity. A single neuron generates an action potential at time ¢, i.e.
it fires if the membrane potential at the trigger zone exceeds a certain thresh-
old. For an ensemble of neurons at spatial location x, there is a distribution of
firing thresholds, as each neuron may exhibit different membrane conductiv-
ities. If these thresholds obey the time-independant normal distribution, the
time-averaged pulse activity at location x maybe approximated by the logistic
function [31,26,32-34]

o Pmax
o 1+ e—c(V(z,t)—Vr)

N<I7t) = PmaxS(v<x7t)) (2>

with parameters ¢, V, defined in a later section.



To close the conversion chain of state variables, the final model section con-
tains axonal fibres linking trigger zones and dendritic structures of terminal
neurons. In mathematical terms, pulse activity generated at spatial location
y propagates along axons by transmission speed v.; and sums up at the ter-
minal excitatory and inhibitory synapses at the location x according to the
corresponding axonal connectivity distributions f.(z,y) and f;(x,y), respec-
tively. More precisely, these distributions are the probability density of axonal
connections between two spatial locations x and y. Thereby, the nonlocal inter-
actions yield temporal propagation delays in case of finite axonal transmission
speeds. Hence, the presynaptic pulse activity reads

|z — ]

Pa(a,t) = /v dr' f (e, )N (2t — )+ peal (2, 1) (3)

e,

with coupling factors fi. ;. The additional pulse activity I(z,t) introduces an
external input, e.g. from other cortical regions or from the midbrain [22].

2.2  The field equation

Now, all model sections have been defined and we combine the major results
(1), (2) and (3) to

ﬁV(x,t) = /Vaefe(a:,y)S(V(x’,t — |$U_ y|))
=90y gy 4 (e
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with Qej = ge,ipmaxa W= e — Hj.

Many previous studies [4,23,35], neuronal fields exhibit axonal connections
which are maximal at zero distance and monotonically decreasing for increas-
ing distance. Then, the combination of excitatory and inhibitory axonal net-
works may yield four different spatial interactions, namely pure excitation,
pure inhibition, local excitation-lateral inhibition and local inhibition-lateral
excitation. In contrast, the current study takes into account the gamma dis-
tribution of cortico-cortical, i.e. excitatory, connections found in mice [22]. In
addition, we set the corresponding inhibitory axonal distribution to a decreas-
ing exponential [36]. Hence, it is
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where p € R, p > 0is a parameter of the gamma distribution, I'(p) denotes the
gamma function and r.,r; are the spatial interaction range of excitatory and



inhibitory connectivity kernels, respectively. After scaling t — t\/ajas,z —
Z)Te,Vei — Vei/(Tey/a1az) the final field equation reads
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v =(a+2) > 2and r = r./r;. Equation (5) describes the dynamics of
a coarse grained field of neuronal ensembles coupled by nonlinear, nonlocal
interactions. It is damped by synaptic delay dynamics and subjected to delayed
spatial interaction and external input. The mean spatial interaction ranges of
excitatory and inhibitory connections, respectively, are given by

b= | K@l =p &= [ dK@lal=1/r
using Eq. (6).

In Figure 1, both kernels are plotted for various parameters p, r and we observe
singular local excitations for p < 1 (Fig. 1, left panel). At a first glance, this
singularity of the probability density K. may appear unphysical. However,
this effect occurs even in much more simple processes and we mention the
standard Brownian motion exhibiting a singular probability density of sojourn
times [37,38].

3 Stability analysis

We consider the case of constant external input, ul(x,t) = Iy, and a stationary
state Vp which is constant in space and time. Eq. (5) becomes the implicit
equation

Vo = (ae — a;)S(Vo) + 1o
which determines Vj subject to the external stimulus /5. Now small deviations
u(z,t) = V(x,t) — Vy around Vj obey

o lz —yl

j}u(x,t) - 3/_00 a.K . (x —y)u(y,t — o ) —a; K (x —y)u(y,t — |x; y|)dy
(7)




excitatory kernel K (x) inhibitory kernel K;(x)

location x location x

Fig. 1. Excitatory and inhibitory kernels for various parameters. All kernels are finite
except for K. (x) for p = 0.5. In case of p > 1, kernel K. (x) exhibits a maximum far
from the origin.

with the nonlinear gain s = §5S/0V at V = 1. With the ansatz u(z,t) =
eMTkT e obtain

L(\) = s/oo dz (aeKe(z)eﬁezl — aiKi(z)e_mZ) e'k= (8)

—00

When s = 0, the above equation reduces to L(\) = A + YA + 1 = 0, so that
Re A < 0 and the perturbations u are damped out. It follows by continuity,
that Vj is asymptotically stable for sufficiently small s. However, larger values
of s may result in a loss of stability.

To study the stability of V4 in case of random fluctuations, we introduce small
Gaussian fluctuations by letting pl(x,t) = Iy + ['(z,t), with

(C(x, 1)) =0, (T2, )y, 7)) = Qd(x — y)o(t — 7),

where Q' < 12 is the fluctuation strength and (-) abbreviates the ensemble



average. Then Eq. (7) becomes

Lu(z,t) = S/Oo acKe(x — y)u(y,t — = = y|)

—0o0 Ve
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)

—a; Ki(z — y)u(y,t — Ydy + T'(z, ),

whose solution is [39]

u(x,t):uh(x t)
Nor /dt / D(k, ')ri(k) exp [ika + \(k) (¢ — )] dk.
(9)

Here, uy(z,t) represents the solution of Eq. (7), T'(k,t) is the spatial Fourier
transform of the Gaussian fluctuations with

T(k,t)) =0, T(k,T(K, 1)) = Q5(k — K)ot — 1),

Q = Q' /V2r, ri(k) € R are weight factors. Further, \;(k) are the roots of
Eq. (8) of the finite number m. It is important to note, that in general Eq. (8)
owns an infinite number of roots. However, the present study presumes large
but finite transmission speeds, which yield the finite number of roots. Please
see the section 3.3 for more details.

From Eq. (9) it turns out, that the stability of the field is given solely by A\;(k)
for finite random fluctuations I'(k, ) [40]. These fluctuations represent small
deviations from the stationary state and repell the system from its stationary
state in case of Re(A(k)) > 0 and T'(k,t) # 0. Since the sign of Re(\) in
Eq. (8) determines the stability at the presence of random fluctuations, the
subsequent sections classify spontaneous instabilities by the values of .

3.1  Spontaneous stationary instability

At the stability threshold, Re(\) = 0. In addition, for stationary bifurcations
A =0, and the threshold for s is found from (8) as

1 1
Se = = = = —

acKo (ko) — a;Ki(ke)  K(k.)

where Ke and KZ are the Fourier transforms of K, and Kj;, respectively, and

N Qe 1
R(k) = = cos(parctan(k) = air® .



In case of a spatially constant bifurcation (k = 0), the stationary state loses
stability due to spontaneous fluctuations for

On the other hand, for (a.+a;) > K (k.) > (a.—a;) a non-constant bifurcation
may emerge with wavenumber k. > 0 and a. > a; [31]. The corresponding
sufficient condition reads

K (k)
k2

Qe

ko >0 = &> o
(2

é-e <£6 + 1)
with

an((k) _ acp(p +1) cos((p + 2) arctan(k)) + 2a;r

NV

(T2 _|_k2)3’

which ensures a local maximum of K (k) at finite k. > 0. This bifurcation has
been found first by Turing in non-equilibrium activator-inhibitor systems [41].

For £, < 1, Turing patterns are present for & > &, while for £, > (a./a;)/(2 —
ae/a;),a. < a; they occur for & < &, as well. This latter case reflects a larger
mean excitation range than mean inhibition range and has not been found
in previous studies. Moreover, Turing instabilities may also occur for & = 2
although the kernel elicits local inhibition-lateral excitation interaction. Both

latter novel cases are simulated in section 4.

3.2 Spontaneous non-stationary instability

A non-stationary bifurcation is characterized by a solution pair (A, k) of (8)
with A = +iw, w > 0. It can be shown, that such bifurcations are possible
only if the transmission speeds v, ; are not too large [31]. Indeed, considering
the imaginary part of (8) gives

wy = —28 /OOO dz (a. K (z) sin(wz/v.) — a; K;(z) sin(wz /v;)) cos(kz)

using the fact, that integrands which are odd functions over (—oo, c0) have
vanishing integrals. Employing the estimate |sinz| < |z| one obtains

lwly < 2s /OO dz (ae| Ke(2)wz /ve| + a;| Ki(2)wz/v4])
0



and since w # 0 at a non-stationary bifurcation,

v<s (Ze/o dz2K.(z)z + %/0 dz 2Ki(z)z) :

The integrals express the mean spatial interaction ranges &, and &; for excita-
tory and inhibitory connections, respectively. Hence we define

1 foo 1 oo
o= — [ K =&, = [ dz K2l = &/
Ve J—00 Vi J—o0
as the mean delay times respectively for the excitatory and inhibitory informa-
tion transmission in the field. Thus, a necessary condition for non-stationary
bifurcations to occur is N
§> 8§ =—"—. 10
= AeTe + Q;T; ( )

For the particular case when the distributions are given by (6), we have

Qe a;/r
P /

Ve (%

<

by using the mean values of the gamma and exponential probability density
distributions. This relation elicits a decreased threshold s, for increased values
of p and 1/r, i.e. the larger p and 1/r the easier nonstationary bifurcations
may occur.

With Eq. (10) and the previous condition 1/(a. + a;) < s < 1/(a. — a;) for
nonconstant bifurcations , the parameter regime for nonstationary bifurcation
is given by
v 1 1
— <as< ,
Tl +T %] e 11

aq

< a;S

As can be shown by simple calculus, there is a threshold

‘l‘Ti
ae/ai:,y ) Te <7
T Te

beyond which no nonstationary bifurcations occur while 7, > v allows nonsta-
tionary bifurcations for all a./a; > 1. The novel oscillatory space-time activity
for local-excitation lateral-inhibition interactions is discussed numerically in
the subsequent section.

3.8  FEvoked stimulus response

Now, we aim to examine the evoked response of the system to external stimuli.
For simplicity, in this section it is v, = v; = v and K (x) = a.K.(r) — a; K;(x).

10



Thus Eq. (7) reads

Lyu(z,t) :5/ dyK (z — y)u(y,t — |x_y|)+E(m,t).
—00 (%
with the external stimulus F(z,t). With the Greens function G(z,t), it is
u(z,t) = / dx/ dt'G(z — o't —t')E(', 1)

and the application of the Fourier transform yields

4 N 1, /
L(-’lu) ik(z—ax') / dyK 'Lw|:p7y\/v ezk(yf:v) G(k,w) _ 276116(:1:71 )
™
F(x—y,w)

Here, G(k,w) represents the Fourier transform in space and time of the Greens
function. Some more calculations lead to

1
2 L(—iw) — sv2rF(k,w)’

Gk, w) =

where F(k,w) is the Fourier transform of F(z,w). For large transmission
speeds v it is

F

1 8] . . N 1 71 U roo .
—/ dzK (2)e/veths 3™~ (uu) / dz|z|'K (2)e'**

27‘( =0 [! (% —o0

1 1 -

=2 lK(k)

l

In the following K;(k) is called the kernel Fourier moments of [-th order. Then
for finite number of kernel Fourier moments N the Fourier transform of the
Greens function in k-space reads

efzwt

Vor /— o L(—iw) — sv27F(k,w) (1)

:R{ Vol Sy m)—esjtz_ﬂ(k m} {ﬁZR“ }
(12)

g(k,t) =

Here, R denotes the real part. According to the residue theory, Res(€l,)
represents the residuum of the integrator in (11) at the M singularities €2,
while the complex integral in (12) is closed along the path C. The choice
of C depends strongly on the singularities €,,, i.e. the roots of L(—i)) —
sv2mF(k, Q) = 0. For finite N, the number of these roots M is finite and the

11
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Fig. 2. The integration paths in the complex plane.

path C encloses a finite regime in the complex plane. Subsequently Eq. (12) is
valid.

Considering terms up to second order, i.e. short-range interactions with N = 2,
the roots are given by

Q1 = 2141(@ (z’B(k) + \/;g) (13)
with

W = —B*(k) — 4AR)C(K) , A(k) = =1+ sKa(k)/(207)
(14)
B(k) = ysKi(k)/v , C(k) = 1 — sKo(k)

and Ky = K. Figure 2 shows the complex plane with the two different cases
w?>0and w2 <0with A< 0, B>0and C >0, ie s5/v? < 2/Ky(k), s/v <
—y/Ki(k) and s < 1/K(k) for all k. According to previous studies [24], the
latter two conditions prohibits stationary and non-stationary bifurcations and
thus guarantee asymptotic stability of V.

The closed path C = C; + C, separates into the half circle C; and the path Cy
along the real axis. With Q = Rexp(i¢), — 7 < ¢ < 27, we find

e—iQt

/cl L(—iQ) — sv21F(k, Q)

dQ2—0 VR—o00,t>0.

Here, the positive sign of ¢ guarantees causality. Further some calculations
yield for w? > 0

) = —— 2 e BmAm)] gy “olR)

V2rn (k) 21A(k)

12
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Fig. 3. Variables of Eq. (13) subject to k. Top row, left panel: the first three kernel
Fourier moments for a typical local inhibition-lateral excitation kernel K (zx); top
row, right panel and bottom row, left panel: plot of the three variables A(k), B(k)
and C(k), which depend on the kernel Fourier moments by Eq.(14); bottom row,
right panel: values of wg subject to k.

and for wj < 0

We point out, that values of k determine the sign of w3. Figure 3 shows plots
of the kernel Fourier modes and A, B, C and w? with respect to k. Hence,
the field evolution is given by

1 t o] oo .
= / dt / dy / dkg(k,t —t')e D By, 1)
T J—c0 —00 —0o0

while g(k,t) is chosen in correspondence to the sign of w3 (k).
In order to illustrate the findings, let us expand the stimulus E(x,t) by spatial

Fourier series and assume a block stimulus, which sets in at ¢ = 0 with duration

AT, ie.

i M, cos(knz) + N, sin(k,z)) (©(t) — O(t — AT)).

n=1

13



Then we obtain for ¢t > AT

AT e_B(kn)(t_t/)/mA(kn)' . ( wWo k‘n)
Sin

_ - T / ( oy
u(z,t) =Y Dy(z) ; dt i) 72|A(kn)](t t)) (15)

u(z, t) = i D, (x) dt

AT —B(kn)(t—t") /2| A(kn)| —w(ky
< sinh (2 ol )(t - t’))

=1 0 —w2 (k) |A(kn)|
(16)
for wi(k,) < 0 and w3 (k.) = 0 leads to
AT o= Blke)(t=t")/2|A(ke)]
u(z,t) = D.(x) dt’ (t—1t). (17)

0 2| A(ke)]

with D, (z) = 2M,, cos(k,z) + 2N, sin(k,x). The integrals in Eqs. (15), (16),
(17) determine the temporal behaviour of the response and their evolution
in time is shown in Fig. 4 for various k . We observe a temporal response
maximum at

tan(Btg) = sin(BAT)/(cos(BAT) — exp(—aAT))
for w? > 0 and
tanh(Bty) = sinh(BAT)/(cosh(BAT) — exp(—aAT))
for w3 < 0 with 8 = wy/2|A| and a = —B/2|A|. In case of vanishing propaga-

tion delay, |A| = 1 and B = v are constant while C' = C(k), i.e. the response
maximum still depends on k in case of vanishing propagation delay.

4 Numerical analysis

Now we aim to simulate the spontaneous and the evoked neural activity. For
the numerical investigations the parameters of the sigmoidal function S(V)
is chosen physiologically reasonable as ¢ = 1.8,V,. = 3.0 [42]. The subsequent
temporal integration procedure applies an explicit Euler algorithm while the
spatial integration algorithm obeys

/OL QZ; Fzi) + flzinn) da (18)

i=1
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Fig. 4. Plot of the integral of Egs. (15),(16) and (17) showing the temporal evolution
of the system.

for an integrand f and the field length L with N = L/dz. Furthermore,
periodic boundary conditions are set, yielding

" R = ahrtdy = [ KL/~ |L/2 ~ 2~ gl o)y

Initial values VO(xz,t) = V; for —L/v, < t < 0 guarantee negligible initial
transients.

4.1 Spontaneous activity

For the simulation of spontaneous activity, the spatial field exhibits N = 200
discrete elements with width dx = 0.3, the temporal iteration is applied with
the time interval dt = 0.06 and the transmission speeds are set v, = v; = v.
This equivalence of both transmission speeds is a reasonable assumption for
intracortical fields [23]. Further parameters are given in the corresponding
figures. Fig. 5 shows the novel Turing instability for local inhibition and lateral
excitation while Fig. 6 presents the novel wave instability for local excitation

15
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Fig. 5. Space-time plot revealing the Turing instability for local inhibition-lateral ex-
citation interaction. Parameters are set to &, = 2.0, & = 1.92, a, = 131.0, a; = 130.0,
ve = v; = 10.0, v = 2.0. The greyscale encodes the deviation from the stationary

322 \\ \
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Fig. 6. Space-time plot revealing the wave instability for local excitation-lateral
inhibition interaction. Parameters are set to & = 0.9, & = 0.5, a. = 10.0, a; = 7.5,
ve = v; = 1.66, v = 0.2. The greyscale encodes the deviation from the stationary
state.

and lateral inhibition.

4.2 Fvoked stimulus response

Essentially we aim to extract further spatiotemporal properties from the neu-
ral system for different excitatory spatial ranges £.. In experimental practice,

16



neural tissue is stimulated by local external input during a finite time interval.
We choose the external stimulus to be

Loew @ o<z <axg+Azx, 0<t<AT
[(.T,t):[0+ focal 0 0

0 : otherwise

For the numerical investigations additional parameters are chosen to a; =
ay = 200Hz [43,44], i.e. v = 2. Further, spatial ranges are r, = 20mm, r; ~
Imm [22], i.e. & = 0.05, and &, = 3. The spatial field exhibits N = 400 discrete
elements each of the length dr = 1mm while the time period is discretized
by 100 time steps each of duration dt = 0.4ms. In addition, the transmission
speed along excitatory axonal connections is v, = 8m/s while the delay along
short-range inhibitory connections is neglected. For synaptic parameters a, =
25,a; = 5 the constant external stimulus [y = 0.1 guarantees asymptotic
stability at the stationary state V; = 0.23. Then the additional local stimulus
of strength ;.. = 5 of width Az = 10mm and duration AT = 8ms evokes
spatiotemporal activity, which is shown as space-time plots in Fig. 7 for various
excitatory spatial ranges £ = p. During stimulation no activity spreads into
the field. In contrast after stimulus offset activation travels from the stimulus
center. Graphical evaluations reveal, that the activation propagates with the
transmission speed v, and exhibits its maximum at a distance &, - r. from
stimulus offset location, i.e. at the mean excitatory interaction range. Hence,
the expected time for maximum stimulus response is the mean interaction
time 7,. This result coincides for all parameters £, = p in Fig. 7.

Finally, we examine the activity response evoked by a different stimulus

5.0 -cos(kox) : 0<t<AT
I(iL‘7 t) = Io —+
0 : otherwise

for the same parameters as above. Figure 8 shows results for two different
values of ky. We observe diverse periodic spatiotemporal patterns, which reveal
the spatial periodicity of the stimulus and again exhibit the mean excitatory
interaction time as the occurrence time of global maximum activity.

5 Conclusion

The present work discusses a model for nonlocally interacting neural pop-
ulations. It considers synaptic and axonal propagation delay effects besides
general gamma-distributed excitatory and inhibitory axonal connectivities.
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Fig. 7. Spatiotemporal stimulus response to a local stimulation for various param-
eters £, = p. Left column: Space-time plots of field activity while the greyscale
encodes positive (white) and negative (black) deviations from the stationary state
(grey). The activity V has been clipped for |V — V| > 0.05 due to illustrative rea-
soms, i.e. equal-greyscaled areas occur due to clipping. Activity transmission speeds
are computed for all p along estimated lines which are similar to the dashed line
plotted for p = 3. Right column: several time samples of spatial activity for the
corresponding values of p.
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Fig. 8. Spatiotemporal stimulus response to a spatially periodic stimulus. The pa-
rameters are (a) kg = 27/20mm~' and (b) kg = 27/200mm~!. The greyscale
encoding is the same as in Fig. 7.

The neural population is studied with respect to its stability towards random
fluctuations and external stimuli. We find two novel mechanisms for pattern
formation, namely Turing patterns for local inhibition-lateral excitation and
travelling waves for local excitation-lateral inhibition. Moeover conditions for
stationary and nonstationary instabilities exhibit only a few parameters. That
is, mean excitatory and inhibitory spatial interaction ranges define the suffi-
cient parameter regime of spontaneous Turing patterns while mean excitatory
and inhibitory interaction times determine the necessary parameter regime of
spontaneous nonstationary phenomena. Interestingly, these parameters also
appear to play an important role in the evoked response activity caused by
local external stimuli. In the numerical study, evoked activation propagates at
axonal transmission speed and its maximum occurs at a distance from stimu-
lus onset equal to the mean spatial interaction range after the corresponding
mean interaction time. This rather intuitive finding gives new insights to stim-
ulus responses in nonlocally interacting fields and, especially, to information
processing in local brain areas during cognitive processing of external stimuli.
Future work shall discuss evoked responses analytically subjected to diverse
stationary and nonstationary spatiotemporal stimuli.
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