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Abstract In this paper, we present an optical stim-
ulation based approach to induce 1:1 in-phase syn-
chrony in a network of coupled interneurons wherein
each interneuron expresses the light sensitive protein
channelrhodopsin-2 (ChR2). We begin with a transition
rate model for the channel kinetics of ChR2 in re-
sponse to light stimulation. We then define “functional
optical time response curve (fOTRC)” as a measure
of the response of a periodically firing interneuron
(transfected with ChR2 ion channel) to a periodic light
pulse stimulation. We specifically consider the case of
unidirectionally coupled (UCI) network and propose
an open loop control architecture that uses light as
an actuation signal to induce 1:1 in-phase synchrony
in the UCI network. Using general properties of the
spike time response curves (STRCs) for Type-1 neuron
model (Ermentrout, Neural Comput 8:979-1001, 1996)
and fOTRC, we estimate the (open loop) optimal actu-
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ation signal parameters required to induce 1:1 in-phase
synchrony. We then propose a closed loop controller
architecture and a controller algorithm to robustly sus-
tain stable 1:1 in-phase synchrony in the presence of un-
known deviations in the network parameters. Finally,
we test the performance of this closed-loop controller
in a network of mutually coupled (MCI) interneurons.

Keywords Synchrony - Optical stimulation - Time
response curve - Arnold Tongue - Optogenetics -
Channelrhodopsin-2

1 Introduction

Neural synchrony refers to the pattern of precisely
coordinated dynamics of large numbers of heteroge-
neously connected networks of neurons within a given
region of the brain or between multiple brain regions,
leading to the generation of macroscopically observ-
able brain rhythms (Buzsaki 2006). It is believed to
be the critical mechanism by which the brain can in-
tegrate information across different sensory modalities
including in various combinations: the haptic, visual,
olfactory and auditory senses to create a coherent rep-
resentation of object properties (Uhlhaas and Singer
2006). Studies of visuo-motor integration in cat visual
cortex (Roelfsema et al. 1997) have also demonstrated
an important role for neural synchrony in facilitating
dynamic and flexible interaction between the sensory
and motor areas to allow for versatility of sensory-
motor coordination. Studies on human subjects using
non-invasive recording techniques such as EEG have
further demonstrated that neural synchrony is associ-
ated with cognitive functions that require large-scale
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integration of distributed neural activity (Varela et al.
2001). In addition, there is growing evidence from liter-
ature to support the hypothesis that neural synchrony is
a critical component of the temporal coding strategies
for information processing in the brain (Uhlhaas et al.
2010).

As a result, a number of scientific studies have focused
on the mechanisms of neural synchrony in the brain
cortical networks (Fisahn et al. 1998; vanVreeswijk
et al. 1994; Ernst et al. 1995; Chow et al. 1998). Early
computational studies by Wang and Rinzel (1992),
demonstrated that synaptically coupled interneurons
can exhibit in-phase synchrony in their firing activity
which led to the hypothesis that interneurons play
a significant role in the generation of synchronous
brain activity (Traub et al. 1996; Whittington et al.
1995). Subsequent theoretical and experimental studies
have confirmed the role for interneurons in synchrony
(Swadlow et al. 1998; Beierlein et al. 2000; Galarreta
and Hestrin 2001; Lewis and Rinzel 2003; Skinner et al.
2005). These studies lead to the general conclusion that
while homogeneous networks of fast spiking interneu-
rons can produce synchrony, the synchrony is very
sensitive to heterogeneity in network parameters. Re-
cent work by our group and others have demonstrated
that the sensitivity to heterogeneity can be mitigated
through a number of biological mechanisms includ-
ing spike timing dependent plasticity (Zhigulin et al.
2003; Talathi et al. 2008), signal propagation delays
(Crook et al. 1997; Talathi et al. 2010) and electrical
coupling (Bennett and Zukin 2004). While it is clear
that a number of different biological mechanisms exist
to induce synchrony in brain networks, very few studies
have focused on neural stimulation based approaches
to induce synchrony in brain networks.

Optogenetics is a rapidly developing novel optical sti-
mulation technique that employs light activated ion chan-
nels to excite or suppress impulse activity in neurons
with high temporal and spatial resolution (Deisseroth
et al. 2006). This technique holds enormous potential to
externally control activity states in neuronal networks.
It is, however, unclear as to how optical stimulation will
interfere with the intrinsic network dynamics shaped by
the neurons and their synaptic interactions. In this pa-
per, we investigate whether and how optical stimulation
can be used to achieve neural synchrony in the presence
of significant heterogeneity in the network parameters.
We specifically consider a simple unidirectionally cou-
pled network of two interneurons (UCI network) as a
computational test-bed for this study. Each neuron in
the UCI network expresses light sensitive ion channel
channelrhodopsin-2 (ChR2). We then systematically
study open-loop and closed-loop control strategies to
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induce 1:1 in-phase synchrony in the UCI network. We
conclude by presenting numerical simulation results for
the performance of the closed loop controller in a net-
work of mutually coupled interneurons (MCI network).

The manuscript is organized as follows: We first
present the mathematical model for the fast-spiking
interneuron, the synapse and the channel kinetics of the
light activated ChR2. We introduce the notion of func-
tional optical time response curve (fOTRC) in analogy
with spike time response curves (STRCs). This fOTRC
construct allows us to obtain a discrete non-linear map
for the evolution of the time difference in the spike
times of the coupled neurons in the UCI network in
the presence of periodic light pulse stimulation. We use
this discrete map to determine the open loop control
parameters for the light pulse actuation signal that
can trigger 1:1 in-phase neural synchrony in the UCI
network. The open loop control design is then modified
to a closed loop feedback controller design to make
the neural synchrony in the closed loop system robust
to unknown perturbations in the network parameters.
Finally we test the performance of this controller when
the UCI network is modified to incorporate feedback
synaptic coupling.

2 Methods
2.1 Model neuron and synapse

We consider a single compartment fast-spiking in-
terneuron model of Wang and Buzsaki (1996), that
consists of a fast sodium channel, delayed rectifier
potassium channel and a leak channel. In addition, we
include an ion channel for the light activated protein
ChR2. The dynamical equation for the model neuron is
given as:

PAZ0)

C
dt

= Ipc + gnamih(D(Eng — V(1)

+ gxn* (O(Ex — V(1) + gL(Er — V(1))
+ Ichro () + I5(2) (1)

where C = 1 uF/cm?. We denote by V/(¢) the membrane
potential. The external DC current denoted by Ipc is
set such that the neuron spikes with intrinsic period
To(Ipc) o< 1/4/Ipc — Iy, where I, is the bifurcation
point for the neuron to transition to regular spiking
mode. Also, Is(t) = g:S(t)(E; — V(¢)) is the inhibitory
synaptic current from the presynaptic neuron (V).
Note that g, represents the strength of the synaptic
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connection. We use E,, r = Na, K, L, to denote the
reversal potentials of the sodium and potassium ion
channels and the leak channel respectively while E;
denotes the reversal potential of the inhibitory synapse.
Moreover, g, ¥ = Na, K, L represents the conductance
of sodium, potassium and the leak channel respec-
tively. The current flowing through the light activated
ChR?2 ion channel is denoted by Icpry. Channel kine-
tics for Icpry are described in Section 2.2. The
steady state activation for sodium current is given
by Moo = ot/ (e + Bm)- The inactivation variable for
sodium channel 4(f) and the activation variable for
potassium current n(¢) satisfies the following first or-
der kinetic equation: ‘”;l(’) =pax (V)1 — X @) —
Bx(V ()X (1)), where X (t) = h(t), n(t) with ¢ = 5. The
functions ax and Bx are given in Table 1. The quan-
tity S(r) denotes the fraction of bound receptors and
satisfies the following first order kinetic equation,
(Abarbanel et al. 2003; Talathi et al. 2008),

S SO (Vpre([) : 0([)) - S(I)
0 =3
T (SI - SO (Vpre(t) : Q(t)))

where 0(f) =), 0@t —1,).0((t; + tg) — t). O(X) is the
heaviside function satisfying ®(X) =1 if X > 0 else
®(X) =0, and £ is the time of the ith presynaptic
neuronal spike (Ve (t)). The kinetic equation for S(r)
involves two time constants, tg = 7(S; — 1), the dock-
ing time for the neurotransmitter and tp = 7.5;, the
undocking time constant for the neurotransmitter bind-
ing. Finally, Sy(f) is the sigmoidal function given by,
So(6) = 0.5(1 + tanh(120(0 — 0.1))).

2.2 Model for channel kinetics of ChR2

We adopt a four-state transition rate model as shown
in Fig. 1 for the channel kinetics of ChR2 (Nikolic et al.
2009). This model simulates the photocurrent kinetics
for the light activated ChR2 channel through two sets of
intratransitional states: C1 <> O1, which is more dark
adapted and C2 <> 02, which is more light adapted as

Table 1 Transition rates for the activation and inactivation vari-
ables of the ion channels
~ —0.1(V() +35)
T o 0IVD+35) _ |
), = 0.07e~(VO+58)/20

ﬂm — 48—(V(r)+60)/18

1
Pn = e 01(V+28) 1 |

Um

—0.01(V (1) + 34)
Un = L 00VH+34 | Pn =

0.125
e—(V+44)/88

Fig. 1 Schematic diagram of the four-state model for ChR2
channel kinetics (adapted from Nikolic et al. 2009)

shown in Fig. 1. In the absence of optical stimulation,
ChR?2 is assumed to be in state C1. In the light adapted
state, however, ChR2 molecules are distributed across
all four states, with increasing preference to be in state
O2 as the duration of optical illumination increases.
Following light absorption, the ChR2 molecules tran-
sition to the state O1. For a given level of optical
excitation, there exists equilibrium between states O1
and C1. Also, as the duration of illumination increases,
there is a transition to the state O2. The O2 state
exists in equilibrium with the state C2, which then
slowly (seconds) converts back to the state C1 follow-
ing the termination of the optical signal. This process
can be described through the following set of rate
equations:

% = G,C2+ Gy Ol — ¢, FpCl
% =€, FpCl — (Gy1 + €12) Ol + €3, 02
% = e FpC2 — (Gp +e21) 02+ ¢,01
6(11_1[7 _ So(%z:;) -P @)

where C1, C2 and O1 and O2 represent the fraction of
ChR2 molecules in closed and open states respectively,
such that C1 4+ C2 4+ O1 + O2 = 1. The number of pho-
tons absorbed by ChR2 molecules per unit time when
light of intensity I (mW/mm?) at wavelength of A (nm)
is applied is given by F = %0006/2 The muyltiplication

Wioss
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factor of 0.0006 is the conversion factor assuming the
retinal cross-section o & 1.2 x 10722 m? and wyess TEP-
resents the loss in original light flux from light absorp-
tion or scattering in the media (Hegemann et al. 2005).
The constants G;; and G, represent the transition
rates for Ol — C1 and O2 — C2 respectively, G, rep-
resents the transition rate for thermal conversion of C2
to C1 following the termination of the photostimula-
tion, and ey, and e;; represent the transition rates be-
tween O1 and O2 respectively. The quantal efficiency
for ChR2 in the dark adapted and the light adapted
closed states is denoted by €; and ¢, respectively. The
symbol Oypiicar denotes the optical stimulation protocol,
Tcpr 18 the activation time constant of the ChR2 ion
channel and p is the activation rate function for ChR2
ion channel (Nikolic et al. 2009). The function S, is
defined in Section 2.1. The photocurrent entering the
neuron membrane from this light activated ion channel
is then given as

Ichr2 = genr2 (O1 4+ ¥ 02) (V — Echra), 3)

where gcprz is the maximal conductance measured in
mS/cm?, V is the neuron membrane potential, Echry =
0 mV, is the reversal potential and y measures the
relative contribution of the two open states to the total
conductance of the channel.

2.3 Time response curves

We define spike time response curves (STRCs) for an
intrinsically firing interneuron (period 7)) as a measure
of the degree of perturbation in the neuron’s firing cy-
cle induced by a synaptic input (Oprisan and Canavier

Fig. 2 Example of the
STRC:s for a fast spiking
interneuron that receives
synaptic perturbation through
a fast-GABAA mediated
inhibitory (Eg = —75 mV)

Er = —-75mV

2001). We quantitatively define the jth order STRC
dy; as:

Tsj((SI) — Ty

Dy (1) = To

4)
where Ty;(31) is the period of jth firing cycle resulting
from synaptic perturbation arriving at time 8¢ and the
subscript “s” represents synaptic perturbation. We as-
sume that the first firing cycle j = 1 starts at time t = 0
and 0 <6t < Ty. A synaptic perturbation can either
advance or delay the occurrence of an impending spike
depending on the bifurcation character of the neuron
(Ermentrout 1996) and the type of synaptic perturba-
tion (excitatory vs. inhibitory). The number of firing
cycles for which the effect of synaptic perturbation lasts
depends on the synaptic parameters: the synaptic rise
time tg, the synaptic decay time tp, the reversal poten-
tial of the synapse Eg, and the synaptic conductance
gs- For example, Talathi et al. (2010) have shown that
for the case with shunting synapse (Eg = —55 mV),
& =0Vj>3and

(O] #0&¢s2#OWhen0§8t< Ty
®y; # 0 when §t > Ty

while for the case of fast-hyperpolarizing synapse
(ErR=-75mV), &; =0Vj> 2and

@ A0when0 <68t < Ty
®,, # 0when dt — Ty

An example of STRCs estimated for an interneuron re-
ceiving synaptic perturbation through a fast inhibitory
synapse and a fast shunting synapse is shown in Fig. 2.

Epn = —-55mV

and shunting synapse

(Eg = —55 mV) respectively.
The synaptic parameters are:
gs = 0.15 mS/cm?, tp = 2 ms,
tr =0.1ms. [P€ =05
pA/cm?, so that the neuron is
intrinsically spiking with
period Ty = 31.05 ms

-0.15

5 10 15 20 25 30 0 5 10 15 20 25 30

ot (ms)
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We now define the functional optical time response
curve (fOTRC) as a measure of asymptotic perturba-
tion in the firing cycle of an interneuron that results
from repeated optical stimulation with light pulse of
width W and intensity / that is low enough so as to
not induce a neuronal action potential (see Cui et al.
(2009) for a similar definition for repeated synaptic
perturbations). We quantitatively define fOTRC as:

T7(5t) — T,

®)

where T =t,,; —t, is the period of the nth firing
cycle in the presence of repeated optical stimulation
with light pulse that arrives at time ¢ following each
action potential (see the schematic diagram in Fig. 3(a)
and the subscript “v” represents light perturbation. In
Fig. 3(b) we show the fOTRC, obtained computation-
ally, for optical stimulation with light pulse of intensity
I = 1 mW/cm? and color coded as function of the width
W and the perturbation time §¢. The following two
observations can be made from Fig. 3(b): (1) for a

(a)

B
-’
- =
-— >
>

S —
X
> — =
X
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X

& >
>,

X

>,

X
SO—
X

0 10 20 30 40
0t (ms)

Fig. 3 (a) Schematic diagram of the optical stimulation proto-
col for determining the functional optical time response curve
(fOTRC). (b) fOTRC color coded as function of the width W of
the optical pulse of intensity H =1 mW/cm? and the perturbation
time §t. The region in white corresponds to the case when W large
for a given delay 4¢, such that fOTRC does not reach a steady
state value

fixed perturbation time ¢, as the width of light pulse
is increased, fOTRC decreases indicating an increasing
effect on the period of spiking cycle of the neuron; and
(2) the maximum perturbation time 8%V, , which results
in a stable value for fOTRC, decreases as the pulse
width is increased. Perturbations occurring at time §¢ >
stV interfere with the impending spike resulting in
failure of fOTRC to converge to an asymptotic value.
Unless otherwise mentioned, all the simulations
were performed using fixed time step 4th order Runge—
Kutta method for differential equations with time step
8t = 0.05 ms, on a 2GHz Intel Core Duo Mac OS X.
The source code that generated the figures presented
in the Results section is available for download from

http://www.neurology.peds.ufl.edu/endl/.

3 Results

3.1 Estimating the model parameters for ChR2
channel kinetics

We begin by first determining the parameters in the
four state transition rate model in order to quanti-
tatively capture the mono-exponential transition pe-
riod from peak to plateau current () and the decay
time of the ChR2 channel current kinetics (o) for
both the wild-type ChR2 and mutation thereof labelled
E123T (Gunaydin et al. 2010). The model parameters
were estimated to match the three key data points
{7,}000 71000 72} for each ChR2 variant (wild type and
E123T) available from published literature by Gunaydin
(2010), where 7! s the transition period from peak
to plateau current in the presence of light pulse of 1 s
in duration, )" is the decay time after the 1 s light
pulse is terminated, and tZ; is the decay time following
the termination of a 200 ms light pulse. The intensity
of the light pulse for each of these protocols was set at
I = 50 mW/cm? and the wavelength A = 475 nm. The
details on the parameter estimation problem under the
constraints given above is beyond the scope of present
work and will be presented elsewhere. In Table 2 we list
the estimated model parameters for both the wild-type
and the E123T mutation of ChR2. In Fig. 4a we show
the channel kinetics of the model for the voltage-clamp
recordings in the presence of optical stimulation with a
700-ms and 2-ms light pulse (intensity / = 50 mW/cm?
and the wavelength A = 475 nm) (compare the results
to Figs. 1d and 2d in Gunaydin et al. (2010)). In Fig. 4b
we show the neuron membrane potential for the whole
cell current clamp recordings in response to 10- Hz
optical stimulation (I = 50 mW/cm?; A = 475 nm) with
2 ms light pulse. As suggested in Gunaydin et al. (2010),
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Table 2 Parameters of the four state model to mimic the channel
kinetics of wild type and ET123 mutation of ChR2

Wild-type E123T
Ga (ms™") 0.084 0.1779
Gar (ms™) 0.1254 0.2362
e (ms™!) 0.0297 0.0696
e (ms~!) 0.0184 0.0268
G, (ms™!) 0.004 0.004
gCth(mS/cmz) 0.75 0.233
TChR2 (ms) 1.3 1.3
€1 0.8535 4.6125
€ 0.025 2.1969

the E123T mutation with fast channel kinetics elimi-
nates the extra spike and the plateau potential that is
observed in the membrane potential in the presence of
wild type ChR2 mutation.

3.2 Analysis of 1:1 synchrony in the UCI network

Here we describe the intrinsic properties of the UCI
network in terms of its ability to sustain 1:1 synchrony
in absence of external stimulation. In Fig. 5(a) we show
the schematic of the UCI network comprising of an
intrinsically firing (period T§') interneuron A inter-
acting with an intrinsically firing interneuron B (pe-
riod T®) through a fast-GABA, mediated inhibitory

synapse (with synaptic parameters: gy = 0.15 mS/cm?,
Egr=-75mV, tp =2 ms, tg = 0.1 ms). The DC cur-
rents in A and B are different and are related via the
heterogeneity parameter H as:

H
Ipe = Ipe <1 + ﬁ) < Ipe

such that T8 > T4. For all the results presented below,
unless otherwise mentioned, / Sc = 0.5 pA/cm?, corre-
sponding to intrinsic period 7§ ~ 31.05 ms.

We will now briefly explain how STRCs can be used
to analytically estimate the range of heterogeneity over
which the UCI can exhibit 1:1 synchrony (Oprisan and
Canavier 2001; Talathi et al. 2008). As discussed in
Oprisan and Canavier (2001), Talathi et al. (2008), our
goal is to determine the stability of phase locked state of
1:1 synchrony between the two coupled neurons. Let ¢/
(i=1,2,---)and t]B (j=1,2,---) represent the spike
times for neurons A and B respectively. We define the
mean period (7%) = lim,_ %, (X = A, B) and the
time difference 8, = t5 — 12 > 0 between the nearest
spike times of the two neurons. The index m represents
the spike time of neuron A such that t8 | <2 < 5.
The two neurons are said to be in 1:1 synchrony if mean
firing periods (T 4) = (Tg) = T and §, approaches §; <
T.The two neurons are said to be locked in 1:1 in-phase
synchrony if §; = 0. In Fig. 5(b), we plot §,, (shown in

Fig. 4 (a) Voltage clamp (a) o 0 -
(=100 mV) response of the
four state model with —2
parameters for the wild-type o =101 o
(black) and E123T mutation E E -a
(red) when stimulated with < -20¢ <
optical pulse of 700 ms and 2 o i =B
ms pulse-width respectively. £ 30} — wild-type E ;
The think black line in the =3 —— E123T =~ -8 — wild-type
figure represents the time —40} “10 — E123T
when optical stimulation is
present (b) Current clamp 0 200 400 600 800 1000 1200 180 200 220 240 260 280 300
response of the interneuron time (ms) time (ms)
expressing wild-type and
E123T mutation in response b :
to 10 Hz optical stimulation. ( ) 40 WI'd t_ype - , 40 E1 23T
H = 50 mW/cm?2, A = 475 nm,
Viest = =70 mV 20
0
s )
£ E 20
= >
-40
-60
L. } 2 N N Gy .
K 1 1 1 1 1 1
80 400 500 600 80 400 500 600
time (ms) time (ms)
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Fig. 5 (a) Schematic diagram
of the UCI network. The
bottom figure demonstrates
the schematic of spike times
of the neurons in the UCI
network, when they are phase
locked in 1:1 synchrony

(b) Plot of the time difference
3, between the spike times of
neuron’s A and B is plotted
(shown in black) as function
of heterogeneity H. Overlaid
in red dots, we plot the ratio
()

(TP)

(a)

B
IDC -

(b)

between the mean firing

Js

(T

periods of the two neurons in
the UCI network. Inset shows 30
an example for the P 1
calculation of stable fixed "L i
point for Eq. (5). With i '
H=-30% (I8, =035 : i
1A/cm?), solution to Eq. (6) . =
exists with a stable fixed point

at 8; &~ 21 ms. With 20
H=-34% (15, =033 . '
uA/ecm?), Eq. (6) has no :
solution corresponding to the
case when the two neurons
cannot lock in 1:1 synchrony
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black) as function of H. We also plot 10% (red dotsin

Fig. 5(b)) as function of H. We see that the two neurons
can lock in 1:1 synchrony for a finite range (=32 < H <
—5) of values for the heterogeneity H. However, only
for —9 < H < —7 are the two neurons able to lock in
1:1 in-phase synchrony with §; ~ 0.

Following earlier works (Oprisan and Canavier 2001;
Talathi et al. 2008), for the case of UCI network with
hyperpolarizing synapse (Eg = —75 mV), the stability
of §; can be determined by analyzing the nonlinear map
for the evolution of §,, which is given as:

Spt X 8+ Ty — T (1 + Pyoo(8n)) (6)
where @y, (x) = Oy (x) + Oy(x) (We note that for the
case of the UCI network with shunting synapse, the
contribution from higher order STRC terms is sig-

nificant and Eq. (6) is no longer valid (Talathi et al.
2010)). The fixed point §; of Eq. (6) can be obtained
by solving the following equation:

T+ @uy(8) = TP @)

The stability of the §; requires 0 < %b:g‘, < Tié“ For

the specific case of H = —30% i.e., 5. = 0.35 pA/em?,
we see from Fig. 5(b) inset that the stable fixed point
solution to the nonlinear map in Eq. (6) exists at §,, ~ 21
ms and the two neurons are phase locked in 1:1 syn-
chrony (as confirmed through numerical simulations of
Eq. (1) for the UCI network with §; ~ 21 ms). For H =
—34% 1i.e., Igc = 0.33 pA/cm?, there is no solution to
Eq. (7) and therefore for this value of heterogeneity
in the UCI network, the two neurons cannot lock into
synchronous state.

@ Springer



J Comput Neurosci

3.3 Open loop control architecture for inducing 1:1
in-phase synchrony in the UCI network

Our goal is to design an optical stimulation based con-
troller that can induce stable 1:1 in-phase synchrony,
i.e., 8 = 0 is a stable fixed point, in the UCI network
for a broad range of H. For this purpose, we use the
nonlinear map for the evolution of §,. We propose
an open loop controller that continuously stimulates
neuron B via a light pulse with parameters: delay t,
width W, and low intensity (/ = 1mW/cm?) that is such
that the timing of an impending spike is modulated but
the stimulation itself does not induce an action poten-
tial spike. The schematic of the controller is shown in
Fig. 6(a).

In the presence of optical stimulation, the nonlinear
map for the evolution of §, is obtained as follows.
Following from the definition of fOTRC (see Eq. (5)),
and the schematic in Fig. 6(a), we have for neuron B,
tB =18+ TE (14 &XB(r, W)) Now, following from
earlier works (Oprisan and Canavier 2001; Talathi
et al. 2008), for neuron A receiving hyperpolarizing
inhibitory synaptic input we have, r | =4 + T5'(1 +
D, (81)), Where again Py (x) = Dy (x) + Oyn(x). The
discrete map for the evolution of §, is then given as:

Sup1 = 8+ TE(1 + B (z, W)
— T5' (1 4 oo (81)) (8)

The fixed point §; of Eq. (8) satisfies

TB
1+ Qs (85) = T—‘;a + 2P (r, W)) )
0

The local stability of the equilibrium point §; = 0 again

requires 0 < % lxzs, < % We note that this stability

condition is independent of the control parameters for
the open loop control design considered above. It is
clear from Eq. (9) that in order to achieve stable 1:1
in-phase synchrony the optical stimulation parameters,
i.e., the width W and the delay 7 of light pulse should
be such that

dXB(r, W) = T—‘)A(cp O +1)—1 (10)
) ’ - Té; oQos

The open loop control parameters W and t that can in-
duce stable 1:1 in-phase synchrony in the UCI network
therefore satisfy the constraint

TA
E =11 —l—@ioB(T, W)_T_%(l'i‘q)soo(o)) =0 (11)
0
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In Fig. 6b.1 and b.2, we plot E as a function of ¢
and W for the case when the neurons are expressed
with the wild type and the E123T mutation of ChR2 re-
spectively. The curve in blue represents the optimal set
of open-loop control parameters {t*(H),W*(H)} that
satisfy Eq. (11). In terms of the controllers ability to
induce 1:1 in-phase synchrony in the UCI network we
see that it is more sensitive to the width of light pulse.

In Fig. 6(c), we demonstrate the open loop controller
in action for a specific case of the UCI network com-
prising of interneurons transduced with E123T muta-
tion of ChR2. We numerically solve Eq. (1) for neuron
model and Eq. (2) for channel kinetics of ChR2 and
observe the time evolution of the firing times of the
two neurons in the network in the presence of the open
loop controller. The initial UCI network configuration
is such that H = —30%. As a result, in the absence
of optical stimulation, the network exhibits 1:1 syn-
chrony with §; ~ 21 ms (see Fig. 5(b)). When the open
loop controller is turned on, neuron B receives re-
peated light pulse stimulation with parameters {t* =
3.92, W* = 5.5}, such that the constraint in Eq. (11)
is satisfied. As can be seen from Fig. 6(c), following
an initial transient period after the controller is turned
on, the time difference §,, — 0 and the UCI network is
locked in 1:1 in-phase synchrony.

Next, in order to determine whether optical stimu-
lation with the right control parameters can indeed en-
hance the domain of 1:1 in-phase synchrony, in Fig. 6(d)
we plot §, as function of H for UCI network in the pres-
ence of open loop controller with optimal control para-
meters. The figure is generated as follows: for a given
value of H, we solve Eq. (11) (fminsearch in matlab) to
identify {t*,W*}. The open loop controller is turned on
with these computed controller parameters. Then we
numerically measure the asymptotic value of §,,. When
comparing the resulting plot of the time difference with
those presented in Fig. 5(b), we make the following
two observations: (1) The domain of 1:1 synchrony
is widened with the UCI network now being able to
lock in 1:1 synchrony for values of H < —6 %. (2) 1:1
synchrony is in-phase with §, — 8, ~ 0 for the entire
range of heterogeneity values when the two neurons
in the UCI network are locked in 1:1 synchrony. Thus,
with an open loop optical stimulation based controller,
the UCI network is able to synchronize in 1:1 in-phase
synchrony for a wide range of heterogeneity which is
not possible intrinsically for the UCI network.

So far, we have assumed that the value of H is known
in designing the open loop controller parameters. This
is a significant limitation of open loop control. Indeed,
the open loop controller is not robust to unknown
changes on the value of H as shown next.
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Fig. 6 (a) Schematic diagram of the UCI network in the pres-
ence of optical stimulation for open-loop control of 1:1 in-phase
synchrony. The bottom figure demonstrates the schematic of
spike times of the two neurons and the application of optical
stimulation pulse in the UCI network. (b) The plot of function E
in Eq. (12), as function of the optical stimulation parameters; the
width W and the delay t for the case when the neurons express
wild type ChR2 (b.1) and E123T mutation (b.2). E = 0, corre-
sponds to the case when the two neurons in the UCI network
are locked in 1:1 in-phase synchrony. (¢) Example demonstrating
open-loop control in action. The controller is turned on at time
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t = 500 ms. The UCI network parameters are / SC =0.5 pA/em?,
H = —-30%, gy =0.15 mS/cm?, Eg = =75 mV, and 7p = 2 ms.
The neurons in the network are expressed with E123T mutation
of ChR2. The controller parameters are t = 5.5ms and W = 3.92
ms. (d) Scatter plot of the time difference §, between the spike
times of neuron’s A and B is plotted (shown in black) as function
of heterogeneity H in the presence of open-loop controller with
parameters such that £ = 0. Overlaid in red dots, we plot the
A

ratio ;B between the mean firing periods of the two neurons
in the UCI network
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3.4 Closed loop control architecture to enhance
robustness of 1:1 in-phase synchrony
in the UCI network

In the last section, we presented an open loop control
architecture and controller parameters to induce 1:1
in-phase neural synchrony in the UCI network. The
parameters of the controller satisfy the constraints in
Eq. (11) for a given value of heterogeneity in the
UCI network. In order to demonstrate the sensitive
dependence of the open-loop controller performance
on the heterogeneity value, in Fig. 7, we show the
plot of §, for the UCI network using the open loop
controller with fixed parameters {r* =5.5 ms,W* =
3.92 ms} estimated for the specific case H = —30%
as discussed in the last section. We see that the open
loop controller only induces 1:1 in-phase synchrony for
H* = —30%, the specific case for which the controller
was designed, and a small range of heterogeneity values
around H* = —30%. In addition, the range of hetero-
geneity over which the UCI network can exhibit 1:1
synchrony is reduced as compared to the case when
no optical stimulation is present (see Fig. 5). At the
same time open loop optical stimulation induces higher
order synchrony states, i.e., 3/2, 5/3, 2/1, not observed
in the UCI network in absence of optical stimulation
(detailed analysis for the role of optical stimulation
in generating these higher order synchrony states is

ML L L L L L L L L
L]

Fig. 7 Plot of the time difference §, between the spike times
of neuron’s A and B is plotted (shown in black) as function of
heterogeneity H in the presence of open-loop controller with
optical stimulation parameters set at t = 5.5 ms and W =3.92
ms, corresponding the case when H = —30%. Overlaid in red
()
(T7)
the two neurons in the UCI network

dots, we plot the ratio between the mean firing periods of
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beyond the scope of present paper and will be pursued
in future research).

The results from Figs. 6d and 7 suggest that while
the open loop architecture can induce 1:1 in-phase
synchrony with the appropriate choice of optical stim-
ulation parameters, the open loop controller is very
sensitive to the UCI network parameters and any per-
turbations will results in the failure to establish 1:1 in-
phase synchrony. This conclusion is not unexpected as
it is well known from basic control theory that open
loop control is not robust against variations in system
parameters. We have therefore developed a closed-
loop feedback controller architecture so as to allow
the parameters of optical stimulation to depend on the
use of §, as a feedback signal. The schematic of this
control architecture is shown in Fig. 8(a). A general
mathematical description of the controller is as follows:

Xn+l = f(xns an)

=1" + hl(-xna an)
= W* + hy(x,, 8,) (12)

u

I 3=

u

with the constraint: 0 < u', u?> < 15. As before, t* and
W* are the open loop control parameters satisfying
Eq. (11) for a given nominal value of heterogeneity
H* in the UCI network. The controller is a general
discrete-time nonlinear system with state vector x and
state-trasition map f and output maps hy, h,. The
closed loop controller modifies the open-loop settings
* and W*. A specific simple controller design will now
be given below.

We will use a simple proportional plus integral (PI)
controller given by:

Xntl = Xp + g(an)

ul =" +a@, + x,)

n

2= W+ b6, + x) (13)
The function g(8,) is a continuous and differentiable
function of §,, and satisfies the following constraint:

if §, = 0;

5) = 0
8(n) 8, = TE—TA—T,

(14)

The first constraint implies that g =0 when the two
neurons are firing in-phase. The second constraint cor-
responds to the periodic boundary condition, where 74
and TP represent the instantaneous period of the two
neurons in the nth firing cycle. These constraints imply
that the control input becomes zero if the two neurons
fire in synchrony.
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Fig. 8 (a) Schematic diagram of the closed-loop control im-
plementation for control of 1:1 in-phase synchrony in the UCI
network. (b) Example demonstrating the sensitivity of the open
loop controller to perturbations in the UCI network parameters.
The open loop control parameters (t* and W*) are the same
as in Fig. 6(c), while the parameters a, and b are each set to 0.
(¢) Example demonstrating the closed loop controller in action.
The controller is able to maintain §, ~ 0, even in the presence

In Figs. 8(b, ¢) we present the results from ap-
plication of this closed loop controller with g(3,) =
8y, sin( T%T;’f, ). The UCI network parameters are simi-
lar to those considered in Fig. 6(c) with H* = —30%
and the optimal optical pulse parameters {t* = 5.5 ms,
W* =3.92 ms}. We again numerically solve Eqgs. (1)
and (2) for the UCI network in the presence of optical
stimulation with the light pulse parameters determined
by the closed loop controller in Eq. (13). For all the
calculations presented below, we set a = 0.25c and b =
0.1c, with c being a design parameter. We choose a > b,
because the optical stimulation based controller is more
sensitive to variations in the width W of the light pulse
in comparison to variations in the delay 7. For the case
considered in Fig. 8(b), we have ¢ = 0; simulating the
scenario when the closed loop feedback is turned off.
For the case considered in Fig. 8(c), the feedback loop
is turned on and the closed loop control parameter is set

of sudden perturbations in the parameters of the UCI network.
The closed loop controller parameters are a = 0.25cand b = 0.1c
with ¢ = 0.3. In both cases (b) and (c¢), the network perturbations
are obtained as follows: at time 7= 2,000 ms, H is abruptly
increased from —30 to —24.25%. At time t = 4,000 ms, H is
abruptly decreased from —24.25 to —35%. At time ¢ = 6,000 ms,
H is changed back to —30%

at ¢ = 0.3. At time ¢ = 2,000, H is abruptly changed to
H = —24.25%. This corresponds to the case when the
UCI network with open loop control parameters set at
—30%, can no longer exhibit 1:1 synchrony (see Fig. 7)
and therefore §, oscillates without settling into steady
state value &;. At time ¢ = 3,500 the heterogeneity is
again abruptly changed to H = —35%. This situation
corresponds to the case when the UCI network with
open loop control parameters set at —30% is phase
locked in 1:1 synchrony with § ~ 35 ms (see Fig. 7).
Finally at time ¢ = 6,000, the heterogeneity is changed
back to H = —30% corresponding to the case when the
UCI network with open loop control parameters set at
—30% exhibits 1:1 in-phase synchrony. In the absence
of closed loop feedback, we see from Fig. 8(b) that
the network is unable to sustain 1:1 in-phase synchrony
with fluctuations in the heterogeneity in the network.
However, as can be seen from Fig. 8(c), the closed
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loop controller with feedback, dynamically modulates
the parameters of optical pulse, such that following
a short transient period after each abrupt change in
heterogeneity value, the UCI network is able to return
to the state of stable 1:1 in-phase synchrony.

Following from Egs. (8) and (13), the nonlinear
map for the evolution of the time difference §, in the
presence of the closed loop controller is given as:

Spp1 =8+ TE T2

s 4 s,
Xpe] = Xp, p.8in | ———
o T 1Y

u,ll =1*+a(s, + x,)
n =W 4D+ x,) (15)

where, TA = T3 (1 + @00(80)) and T8 =
T8 (1+ @B(ul, u2)). Equation (15) represents a
two dimensional nonlinear map A, = _f)(A,,), where
A, = {6,, x,,}, for the evolution of the time difference in
the firing times (§,) of the two neurons in the presence
of closed loop optical stimulation (x,) with parameters
{u', u?}. 1:1 in-phase synchrony implies the existence of
stable fixed point solution §; = 0.

In order to determine whether the nonlinear map
presented in Eq. (15) is able to successfully reproduce
the numerical simulation results presented in Fig. 8, we
plot the time series for evolution of §,, x,, T2, TA, u}
and u? for the cases when the closed loop controller is
turned off (Fig. 9(a)) and when the controller is turned

on (Fig. 9(b)). We see that the nonlinear map can
successfully reproduce the results of the full numerical
simulation of the UCI network.

We will now analyze the stability of this nonlinear
discrete-time system given by Eq. (15), viewed as a
mathematical representation of the closed loop system
consisting of the UCI network and the closed loop con-
troller for the specific case when H = —24.25%. The
parameters of the controller are the same as described
in Fig. 8(c), i.e., a = 0.25¢, b = 0.1¢ with ¢ = 0.3 and
* = 5.5 ms, and W* = 3.92 ms. From Eq. (15) we see
that the fixed point for the nonlinear map is given as
As = {0, x,}, where x; satisfies the constraint:

1 * uSZ — W*

g = bl = 1
X p 5 (16)

and u! and u? represent optical stimulation parameters
that satisfy the constraint:

TA0) = TE(uy. 1)) (17)

NESRa

We solve Eq. (17) (fmincon in matlab) under the con-
straint given in Eq. (16) to obtain u! ~ 3.23, u? ~ 3.012
and x; &~ —30.26. The fixed point for the nonlinear
map A &~ {0, —30.26}. Local stability of the closed loop
equilibrium point A; can be determined using tools
from linear stability analysis for discrete-time dynam-
ical systems (Strogatz 2001; Khalil 2001) by calculating
the eigenvalues A; (j = 1..2) of the Jacobian matrix

%ﬁ”ﬂ A,- Stability requires |A;| < 1. We numerically

(a) —30% :—24.25% ) —35% ) —30% (b) —30% C_24.95% + —35% + —30%
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Fig. 9 (a) Evolution of the time difference §,, the controller vari-
able x,,, the instantaneous period T;¥ (X = A,B) and the optical

]

pulse parameters u;, (j = 1,2) determined through the nonlinear
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iteration number n

map in Eq. (13) when the closed loop controller is turned off
(a = 0.25¢,b = 0.1c with ¢ = 0). (b) Evolution of these variables
when the closed loop controller is turned on (a = 0.25¢,b = 0.1¢
with ¢ = 0.3)
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estimate the eigen values for the Jacobian as: {0.79+.31,
0.79—.3i}. Thus, the closed loop controller, for the
choice of control parameter given above, is able to
sustain locally stable 1:1 in-phase synchrony in the UCI
network.

We will now use the Eq. (15) to determine the bound
on the value for ¢ as a function of H for which the
UCI network coupled to a closed loop controller will
exhibit stable 1:1 in-phase synchrony. For each value
of H and c, we evolve the nonlinear map to determine
whether the trajectory of A,, — A;. In order to demon-
strate the difference in the evolution of the trajectory
of A, for the case when the discrete map evolves to
a stable fixed point A, vs. the case when it does not,
in Fig. 10 we show the evolution of {§,, x,} for the
cases: (a) H = —24.25,¢ = 0.3 and (b) H = —24.25 and
¢ = 1.05. We see that ¢ = 1.05 is beyond the range of
closed loop control parameters allowed for the discrete
map to trigger stable in-phase synchrony in the UCI
network with H = —24.25%. We perform the above
calculation for all —40 < H < —20. The result of this
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Fig. 10 Evolution of the nonlinear map (Eq. (13)) with parame-
ters: 7% = 5.5ms, W* = 5.5ms, H = —24.25%. (a) The trajectory
of A, when ¢ = 0.3 (b) The trajectory of A,, when ¢ = 1.05
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Fig. 11 The range for the value of the closed loop parameter c as
function of heterogeneity H, for the UCI network with open loop
control parameters: t* = 5.5 ms, W* = 5.5 ms. The red dotted line
represents the default heterogeneity value for the UCI network.
The regions shaded in blue and green lines correspond to the
range of values of ¢ for which the nonlinear map (Eq. (13))
exhibit stable fixed point A

analysis is summarized in Fig. 11. From the results, we
can conclude that the maximum range of variability in
the heterogeneity H around H* can be sustained with
a closed loop controller with parameter set at ¢ = 0.5.

3.5 Closed loop control of the UCI network
in the presence of feedback synaptic coupling

In the final section, we address the issue of the influence
of feedback coupling in the UCI network on the perfor-
mance of the closed loop controller. We start with the
specific UCI network with heterogeneity H = —30%,
optimal open loop parameters 7* = 5.5 ms, W* = 3.92
ms and the closed loop parameter ¢ = 0.3. Our analy-
sis of the previous section suggests that the the UCI
network will exhibit robust 1:1 in-phase synchrony. We
now introduce feedback synaptic coupling from neuron
A onto neuron B of strength g = %gs. When § =
0, we get the UCI network and when S = 100, we
get the MCI network wherein the strength of synaptic
interaction between the two coupled neurons is equal.
The schematic of the MCI is shown in Fig. 12(a). In
Fig. 12(b), we show the plot of the time difference §,
as a function of the strength of the feedback signal, in
the presence of the closed loop controller. As expected,
for weak feedback synaptic perturbations i.e., S < 10
the closed loop controller is able to sustain robust
1:1 in-phase synchrony in the network. However, for
strong feedback coupling i.e., S > 50, this closed loop

@ Springer



J Comput Neurosci

(@)
Igc = 0-7130 ISC
(b)
30[ ) _
(Trs) 1

Fig. 12 (a) Schematic diagram of the network of mutually cou-
pled interneurons. (b) Plot of the time difference §,, between the
spike times of neurons A and B is plotted (shown in black) as
function the percent strength S of the feedback coupling g7 of
the in the presence of closed-loop controller. The parameters are
H=-30%,t*=55ms, W*=392msandc=0.3

controller is unable to sustain 1:1 synchrony in the
network. For intermediate strengths of feedback signal
ie., 10 < § < 50, we see that while the closed loop con-
troller is largely able to sustain 1:1 in-phase synchrony,
there are regions of § values where the network does
not exhibit 1:1 in-phase synchrony.

Here, we have designed and investigated a simple
proportional plus integral controller for the UCI net-
work and used it for the MCI network. The field of
control theory offers a wealth of controller structures
and design techniques that have the potential to as-
sure better robustness and performance for the general
problem of neural synchrony in neuronal networks. As
such, the detailed mathematical analysis of the results
presented in Fig. 12, and suitable modifications to the
controller design to sustain 1:1 in-phase synchrony in
the MCI network for a wide range of network parame-
ters will be considered in a future publication.

4 Discussion

Optogenetics is an emerging technology with an un-
precedented ability to probe neural circuitry in vivo at
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the spatial and temporal scales previously unachievable
(Deisseroth et al. 2006; Boyden et al. 2005). While the
technology is still nascent, in the last couple of years
there has been a great surge in the interest in this novel
tool to address fundamental neuroscience (Huber et al.
2008; Cardin et al. 2009) and neurological disease
(Gradinaru et al. 2009; Tgnnesen et al. 2009) related
questions. In this paper, we conduct a computational
study for the utility of optogenetic technique for active
control of inhibition induced neural synchrony in brain
networks. This study is motivated from the knowl-
edge that synchronous firing activity within networks
of fast spiking soma inhibiting interneurons is known
to play an important role in the generation of gamma
rhythms in the brain (Bartos et al. 2007). These rhythms
contribute to cognitive functions such as memory for-
mation and sensory processing and are disturbed in
certain psychiatric disorders such as autism (Colwyn
2005) and schizhophrenia (Symond et al. 2005). A pos-
sible modality of therapy for these illnesses can there-
fore be through novel brain stimulation techniques
that attempt to selectively induce inhibitory neuronal
synchrony and thereby restore gamma rhythms in the
brain.

We specifically study the problem of control of
neural synchrony in a simple unidirectionally coupled
network of heterogeneously firing interneurons in-
teracting through a fast-GABA, mediated inhibitory
synapse (UCI network). The choice of a “relatively”
simple network for control is motivated for the follow-
ing reasons: (1) there is no prior work on the use of
optogenetic stimulation for neural synchrony. In fact,
there is very little prior work on mathematical analysis
of optogenetic stimulation for neuronal systems. The
case of two neuron feed-forward network is complex
enough (set of 9-nonlinear ordinary differential equa-
tions) yet, amenable to mathematical analysis for the
problem of controller design and (2) over last decade
a number of researchers have focused on the role for
interneuronal synchrony in the generation of gamma
rhythms (Wang and Rinzel 1992; Wang and Buzsaki
1996). In particular, many researchers have focused on
the sensitive dependence of interneuronal synchrony
on the hetererogenity in the intrinsic neuronal dynam-
ics. Many of these investigations use the setting of two
interacting neurons (vanVreeswijk et al. 1994; White
et al. 1998; Jeong and Gutkin 2007; Talathi et al. 2008).

While most research has focused on intrinsic mech-
anisms that allow coupled interneurons to synchro-
nize, here we ask the specific question: can external
optical stimulation (as opposed to intrinsic neuronal
and synaptic properties such as plasticity, electrical
coupling, delays etc.) overcome heterogeneity and
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generate robust in-phase synchrony? We have precisely
answered this question and to the best of our knowl-
edge, this is the first study to systematically investigate
the utility for optogenetics tools to design a controller
for the specific task of control of neural synchrony in
brain networks. While it is beyond the scope of present
work, we hope that in future, the techniques developed
in this work, for example, f{OTRC, can be utilized to de-
velop optogenetics based control strategies for inducing
neural synchrony in a more realistic interneuronal net-
work such as those considered by Bartos et al. (2007).

We begin by first constructing a deterministic four-
dimensional transition rate model to simulate the ki-
netics of ChR2 in response to optical stimulation. This
model is then incorporated into the Hogdkin—Huxley
framework to simulate the effect of optical stimulation
on neuronal dynamics. We then introduce the concept
of functional optical time response curve (fOTRC),
which quantifies the response of neuron to repeated
optical stimulation respectively. This construct is anal-
ogous to the concept of STRC. An important point
worth noting here is that fOTRC is calculated under the
assumption that the intensity of light pulse in the optical
stimulation is low enough so as to not induce an action
potential spike, but merely perturb the timing of an
impending action potential spike. Time response curves
such as STRC and fOTRC are effective experimental
tools for the study of neuronal network synchrony
because they can be easily measured experimentally
without the need for a detailed biophysical model for
neuronal dynamics (Netoff et al. 2005).

We utilize these time response curves to design an
open loop architecture for control of in-phase neural
synchrony in the UCI network. The basic idea behind
the design of the controller is to utilize optical stimu-
lation to activate the ChR?2 ion channel which in turn
can selectively enhance the excitability of the under-
lying neuron by depolarizing its membrane potential.
The optimal open loop parameters of light pulse (the
stimulation time 7 and the pulse width W) for optical
stimulation are selected to satisfy the constraint that the
asymptotic period of the driver neuron receiving optical
stimulation matches the the instantaneous period of
the driven neuron in the UCI network. We demon-
strate that optical stimulation with optimal parameters
not only enhances the domain of 1:1 synchrony but
the two neurons in the network can sustain 1:1 in-
phase synchrony for a wider range of heterogeneity
in the intrinsic firing rates of the coupled neurons.
We then modify the open loop scheme to incorporate
closed loop feedback control architecture, which has
the ability to dynamically modulate the parameters of
the optical stimulation signal dependent on the state

of UCI network. The closed loop control architecture
with a suitable choice of controller parameters is able
to sustain 1:1 in-phase neural synchrony in the network
even in the presence of relatively large and unknown
variations in the network heterogeneity. Using the time
response curves we are able to derive a nonlinear map
for the evolution of time difference in the spike time of
the two coupled neurons, which is then used to deter-
mine the bounds on the value of the closed loop control
parameters required to continually sustain 1:1 in-phase
synchrony in the network. Finally we demonstrate that
the performance of the closed-loop controller does not
diminish in the presence of weak synaptic feedback
signal.

In summary, the utility for the tools from the math-
ematical field of control theory and engineering to
study problems in computational neuroscience, in par-
ticular neural synchrony, is relatively nascent (Schiff
2009). At the same time, the possibility of controlling
pathological brain synchrony in neurological diseases
has spurred interest in the control community to de-
vice novel control algorithms, that are based on intrin-
sic neural populations dynamics (Danzl et al. 2010).
As such, in future we expect increased collaborations
among computational neuroscientists, control theorists
and biomedical engineers to utilize modern technology
such as optogenetics to develop intelligent strategies for
control of brain activity with therapeutic implications
for brain related diseases.
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Abstract Recently Haas et al. (J Neurophysiol 96:
3305-3313,2006), observed a novel form of spike timing
dependent plasticity (iSTDP) in GABAergic synaptic
couplings in layer II of the entorhinal cortex. Depend-
ing on the relative timings of the presynaptic input at
time f. and the postsynaptic excitation at time fpos,
the synapse is strengthened (Af = fyost — fpre > 0) Or
weakened (Af < 0). The temporal dynamic range of
the observed STDP rule was found to lie in the higher
gamma frequency band (>40 Hz), a frequency range
important for several vital neuronal tasks. In this paper
we study the function of this novel form of iSTDP in
the synchronization of the inhibitory neuronal network.
In particular we consider a network of two unidirec-
tionally coupled interneurons (UCI) and two mutu-
ally coupled interneurons (MCI), in the presence of
heterogeneity in the intrinsic firing rates of each cou-
pled neuron. Using the method of spike time response
curve (STRC), we show how iSTDP influences the
dynamics of the coupled neurons, such that the pair
synchronizes under moderately large heterogeneity in
the firing rates. Using the general properties of the
STRC for a Type-1 neuron model (Ermentrout, Neural
Comput 8:979-1001, 1996) and the observed iSTDP
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we determine conditions on the initial configuration
of the UCI network that would result in 1:1 in-phase
synchrony between the two coupled neurons. We then
demonstrate a similar enhancement of synchrony in
the MCI with dynamic synaptic modulation. For the
MCI we also consider heterogeneity introduced in the
network through the synaptic parameters: the synaptic
decay time of mutual inhibition and the self inhibi-
tion synaptic strength. We show that the MCI exhibits
enhanced synchrony in the presence of all the above
mentioned sources of heterogeneity and the mechanism
for this enhanced synchrony is similar to the case of
the UCIL.

Keywords Inhibitory synapses -
Spike timing dependent plasticity - Synchronization -
Networks - Heterogeneity

1 Introduction

It is generally accepted that inhibitory interneurons
are important for synchrony in the neocortex. Several
studies have reported a role for inhibitory interneurons
in generating stable synchronous rhythms in the neo-
cortex (Bernardo 1997; Jefferys et al. 1996; Michelson
and Wong 1994; Whittington et al. 1995; Bragin et al.
1995). Cortical oscillations in the gamma frequency
band (20-80 Hz), are thought to be involved in binding
of object properties such as color and shape of a given
object through synchronization, a process of great sig-
nificance in the brain and its conscious perception of the
surrounding world (Ritz and Sejnowski 1997).

The set of experimental findings and the importance
of the binding property mentioned above has led to a
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number of theoretical studies of synchrony among in-
hibitory interneurons (Ernst et al. 1995; vanVreeswijk
et al. 1994; Wang and Rinzel 1992). The result of these
studies can in general be summarized as: depending on
the decay time of the inhibitory synaptic coupling, mu-
tually coupled inhibitory neurons exhibit in-phase syn-
chrony (zero phase difference) or out-phase synchrony
(phase difference of 7). However much of the above
investigations did not explore the effects of hetero-
geneity in the intrinsic firing rates on synchronization
nor did they take into account noise, which is invari-
ably present in neuronal systems. In another set of
theoretical investigations, White et al. (1998) explored
the effects of small heterogeneities on the degrada-
tion of synchrony of fast spiking inhibitory neurons,
and the mechanism by which the degradation occurs.
They found that introduction of even small amounts
of heterogeneity in the external dc current that drives
the firing rate of the neuron, resulted in a significant
reduction in the coherence of neuronal spiking. They
attributed this loss in synchrony to the failure of a
heterogeneous network to entrain the frequency of
firing. It is important then to understand what medi-
ates observed in vivo synchrony of inhibitory neuronal
networks under biologically realistic conditions of noise
induced unpredictability and intrinsic heterogeneity in
the spiking rates of the neuronal ensemble.

In this paper we study the issue of sensitivity of syn-
chrony to heterogeneity in neuronal firing rates, in the
context of recently observed spike timing dependent
plasticity in inhibitory synapses (iSTDP; Haas et al.
2006). We begin our analysis by considering a pair
of unidirectionally coupled interneuron’s (UCI) with
dissimilar intrinsic firing rates. We study the influence
of iISTDP on the synchronization properties of these
two coupled neurons. We observe that iSTDP modu-
lates the synaptic coupling strength such that the driven
neuron fires synchronously in-phase with the driving
neuron. The stability of this in-phase synchronous so-
lution is then studied in terms of the stability of the
fixed point of spike time evolution map for the coupled
neurons using the spike time response method (Acker
et al. 2004).

We then explore the function of iSTDP in enhancing
synchronization between mutually coupled interneu-
rons (MCI) with self inhibition in the presence of
heterogeneity in the intrinsic firing rates. We consider
the following set of heterogeneity in the MCI: (a) het-
erogeneity in external dc current, 1°C, (b) heterogene-
ity in the synaptic decay time, tp and (c) heterogeneity
in the self inhibition strength, g;.

Earlier work (Nowotny et al. 2003; Zhigulin et al.
2003) has explored the function of synaptic plasticity

@ Springer

at an excitatory synapse in improving synchronization
of a unidirectionally coupled neuronal network. They
demonstrated that STDP of excitatory synapses with
the property that the synaptic strength decreases when
postsynaptic spike occurs after the presynaptic spike
(At = tpost — tpre > 0) and vice-versa, result in increased
synchronization. In addition the role of gap junction
coupling between interneurons in enhancement of syn-
chronization has also been well studied (Skinner et al.
1999). It was shown in Kopell and Ermentrout (2004),
that gap junction coupling plays a complementary role
with respect to chemical synapses in synchrony of in-
hibitory neuronal network. The authors demonstrated
that while, inhibition through GABAergic synapses
is important for mitigating the effect of the initial
conditions, it is the gap junction coupling that signif-
icantly improves synchronization in the presence of
heterogeneity. Our results in this work demonstrate that
inhibitory plastic synapses can serve similar role by
significantly improving synchronization in the presence
of heterogeneity.

The paper is organized as follows: In the methods
section we present the mathematical model for the
neuron, the synapse and the network studied. We then
define the spike time response curve (STRC) for an
isolated neuron with self inhibition. We then present
the empirical iSTDP rule, observed by Haas et al.
(2006) and use it in this paper to study the synchro-
nization properties of the inhibitory network in the
presence of heterogeneity. In the results section, we
begin with the demonstration of the influence of iSTDP
on synchronization of the two unidirectionally coupled
interneurons. We then derive an analytic expression
for the evolution of spike times for each neuron using
STRC and then demonstrate how the iSTDP modulates
the synaptic strength to synchronize the driven neuron
to fire in-phase with the driving neuron for a broad
range of heterogeneity in the firing rates. A similar en-
hancement in synchronization brought about by iSTDP
is observed in the MCI with different intrinsic firing
rates.

We have also done some investigation on the in-
fluence of noise in the presence of iSTDP on the
synchronization property of the MCI. We considered
two potential sources of noise through the milieu of
the neuronal environment which might influence the
dynamics of the network. The first source of noise
considered was in the intrinsic firing frequency of each
neuron and the second source of noise was considered
in the modulation strength of the iSTDP. We found
that even in the presence of mild noise, iSTDP plays
a critical role in maintaining the synchronous state
under heterogeneity. All the details on iSTDP induced
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synchrony in the UCI and the MCI in the presence of
noise will be presented in future work.

2 Methods
2.1 Model neuron

Each neuron is modeled based on Hodgkin Huxley
framework as a single compartment model with fast
sodium channel, delayed rectifier potassium channel
and a leak channel. The parameters of the model are
set such that it represents a cortical neuron model of
type I (Ermentrout 1996). Each neuron is self inhibited
through a GABAergic synaptic model which obeys
second order kinetics. The dynamical equation for the
model neuron is given by,

dV() _ pc

C
dr

+ gnam® (DA () (Exa — V(1))

+gxn* (1) (Ex — V(1) + gL(EL — V(1)
+ 1y () + Is(t) (1)

where C = 1 uF/cm?. V(1) is the membrane potential,
I1PC: external DC current drive, is set such that the
neuron spikes at a given intrinsic frequency F(17°).
Is(t) = g;Ss(t)(Er — V (1)), is the synaptic current due
to self inhibition and Iy() = gu(®)Su(O(E; — V(1)) is
the synaptic current from external inhibition. gs is the
synaptic strength of self inhibition and gy (¢) is the
dynamic synapse, whose strength is determined by
the inhibitory synaptic plasticity rule discussed below.
E, (r =Na, K, L) are reversal potentials of the sodium
and potassium ion channels and the leak channel re-
spectively. Ey, is the reversal potential of the inhibitory
synapse. g (r = Na, K, L) represent the conductance of
sodium, potassium and the leak channel respectively.

The gating variables X = {m, h, n} satisfy the fol-
lowing first order kinetic equation: % =ax(V(t)
1-=X@®)—-Bx(V(@®)X (), where ay and By are
given by

_0.32(13—(V()—Vth)) B = 0.28((V(t)— Vth)—40)

Um = B—V (Vi) m = VO Vil)—40)
e 4.0 — e 5 —
17— (V(O)—-Vih) 4
ap = 0.128¢ 18 Br = -V Vi
e 5 +1
_0.032(15—(V()—Vth)) _ 0.5
oy = T5—(V— Vi) Brn = —wo—vm-w0
e 5 -1 e 40

with V;, = —65 mV.

Sy(®), (Y ={S, M}) gives the fraction of bound re-
ceptors and satisfy the following first order kinetic
equation (Abarbanel et al. 2003),

So(0(n) — Sy(®)

§uip = 00O — Sy
YO = S = S00)

where Y={S, M},and 0(1)=)", ©(t—1;).0((t; + tr) —1).
®(X) is the heaviside function satisfying O(X) =1
if X>0else ®(X)=0 and ¢ is the time of the ith
presynaptic neuronal spike. In the case of self inhibi-
tion the presynaptic neuron is the same as the post
synaptic neuron. The kinetic equation for S(f) involves
two time constants, tg = 7(S; — 1), the docking time
for the neurotransmitter and tp = 7S;, the undock-
ing time constant for the neurotransmitter binding. Fi-
nally, Sy(0) is the sigmoidal function given by, Sy(6) =
0.5(1 4 tanh(120(@ — 0.1))).

In Table 1 we list all the parameters for the model
considered, unless otherwise stated in the text and
figure captions.

All the model parameters given above are within
physiological range and give high spike rates typical
of the fast spiking interneurons (Lacaille and Williams
1990; McCormick et al. 1985).

All the simulations were done using 4th order
Runge—Kutta method for differential equations with
time step 8t = 0.01 ms, on a 2 GHz Intel Core Duo
Mac OS X. The source code is available from authors
on request.

2.2 Spike time response curve (STRC)

As a measure of the influence of synaptic input on
the firing times of a neuron, we define the spike
time response curve (STRC) &(¢, tr, 7p, & T°) = T —
T° (Acker et al. 2004; Oprisan et al. 2004), where T° is
the intrinsic period of spiking for a given neuron model
obtained by driving the neuron with a fixed DC current
IP€ and T is the time at which the neuron fires a spike
after it has received a perturbation through synaptic
input at time ¢ < 7, in its spiking cycle. The key to
the computation of STRC is that the perturbation is
through a model GABAergic input with synaptic para-
meters, Tg: the synapse rise time, 7p: the synaptic decay
time and g: the synaptic strength. In general this input

Table 1 List of all the parameters for the model considered

Neuron model EnNa 50 mV
EK —95 mV
EL —64 mV
8Na 215 mS/cm?
8K 43 mS/cm?
gL 0.813 mS/cm?
Synapse model E; -8 mV
gs 0.2 mS/cm?
gum (static synapse) 0.1 mS/cm?
R 0.2 ms
™ 5ms
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need not be weak. The STRC is obtained numerically
here using the direct method of STRC computation as
shown in the schematic diagram of STRC calculation in
Fig. 1(a). The neuron firing regularly with period 7,
is perturbed through inhibitory synapse at time ¢ after
the neuron has fired a spike at reference time zero. The
spiking time for neuron is considered to be the time
when the membrane voltage V, crosses a threshold (set
to 0 mV in all the calculations presented here). As a

Fig. 1 Spike time response
curve (STRC). (a) Schematic
diagram demonstrating the (a)
perturbation effect of
synaptic input to neuron
firing at given period 7°.

A perturbation is delivered
to the neuron through the
inhibitory synapse at time ¢
after the last neuronal spike
at reference time ¢. The
perturbation results in the
next spike of neuron
occurring at time 7" which is
different from the time of
spike for neuron 79 in the
absence of any synaptic
perturbation. The STRC
measures this shift in spike
time as function of the time ¢,
when the perturbation is
delivered (b) STRC of
neuron firing with period

T = 10.6 ms. The synaptic
parameters are: Tg = 0.2 ms,
tp =5ms,and g =0.1

mS/cm? (b)

result of this perturbation, the neuron fires the next
spike at time T which is different from 7, the time at
which the neuron would have fired a spike in absence
of any perturbation through inhibitory synapse. The
STRC measures this shift in firing time of the neuron
T — T° as a function of the time of perturbation in
the neuronal firing period through the synaptic input.
As shown in Fig. 1(b) the STRC is obtained by vary-
ing the perturbation time t, over the entire cycle of

synaptic input at time t

('TR;TD:Q)

STRC ® (t) ms
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spiking (7° = 10.6 ms, for the example considered) and
plotting ® versus the perturbation time t. The synaptic
parameters for computation in Fig. 1(b) are, tg = 0.2
ms, Tp = 5 ms, g = 0.2 mS/cm? .

STRC is analogous to the phase response curve
(PRC; Ermentrout 1996). Similar to the PRC for type
I neurons, the STRC results in the subsequent spike of
the neuron receiving an inhibitory input to be delayed
in time. For brevity of notation, in all further calcu-
lations, unless otherwise mentioned, we suppress the
dependence of ® on tg, 7p and define O (¢, tg, Tp, g) =

o, g)-

2.3 Spike timing dependent plasticity of inhibitory
synapses

A spike timing dependent plasticity rule for inhibitory
synapses (iISTDP) has been recently reported in Haas
et al. (2006) and an empirical fit to the observed experi-
mental data was obtained with the following functional
form

80 of | Ar| AP~ eI )

8&norm

Ag(AL) =

where At = tpost — Ipre- fpre 1 the time of presynaptic
spike input arrival and fpo is the time of a spike

Fig.2 STDP rule for 1

generated by the postsynaptic neuron. g is the scaling
factor accounting for the amount of change in in-
hibitory conductance induced by the synaptic plasticity
rule and is set to go = 0.02 in all the calculations pre-
sented here. gnorm = Be? is the normalizing constant.
With parameter values @ = 1 and 8 = 10 (Haas et al.
2006), we obtain a window of +20 ms over which the
efficacy of synaptic plasticity is non zero. In Fig. 2 we
show the iSTDP rule fit with functional form given in
Eq. (2). Four key properties of the iSTDP rule are
summarized below:

Ag(At) > 0 for At >0
Ag(At) < Ofor At <0
Ag(At) = 0 for At ~ 0 and
Ag(—Al) = —Ag(AD)

A=

Properties 1 and 2 above imply that a pre-synaptic spike
occurring before post-synaptic excitation will always
enhance the strength of inhibitory synaptic input and
vice-versa. Property 3 imply that the synaptic strength
of self inhibition is not modified by the spiking neuron
as the pre and the post synaptic spikes for the self
inhibitory synapse occur at the same time, i.e., At = 0.
Property 4, emerges from our choice of same values for
parameters « and 8 for both positive and negative At
regions. We have also explored the effect of asymmetry

inhibitory synapses. The
parameters are o = 1,

p=10and gy =1 0.75 |

0.25

Adglg,
o

-1 I I
-30 -25 -20

-15 -10 -5

1
1
1
1
1
1
1
1
1
1
1
1
1

0

5 10 15 20 25 30

t_ (ms)

At=t -
post pre

@ Springer



J Comput Neurosci

in the empirical rule on the synchronization properties
of the inhibitory network. We find that for level of
asymmetry as presented in Haas et al. (2006), where for
At > 0, a =0.94 and for At < 0, « = 1.1, with g = 10,
the enhancement in synchronization window through
iSTDP remains essentially the same as presented in
Fig. 6. In all the calcutions presented in this work,
unless otherwise mentioned, the parameters for the
empirical fit for iSTDP define in Eq. (2) are, & =1,
B =10and gy = 0.02.

Fig. 3 Inhibitory neuronal
network. (a) Unidirectional
coupled interneurons (UCI),
Igc > Igc; (b) mutually
coupled interneurons (MCT),
Ifc # 15, The ~in (K ~),
K = {A, B}, represents the
fact that the strength of
constant input drive 7€ is
such that each neuron is
driven above the threshold
for spiking and has an
intrinsic firing rate F(/ DCy
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2.4 Inhibitory neuronal network

We consider a network of two neurons with self inhibi-
tion in (a) unidirectional coupling and (b) bidirectional
coupling (mutual inhibition), configuration as shown
in Fig. 3. Synchronization in the case of unidirectional
coupling requires that the driven neuron (1) fires at
a higher rate as compared to the driving neuron (2)
because the effect of inhibition is to slow the firing rate
of the inhibited neuron.
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3 Results
3.1 Single self inhibited neuron

We begin with the study of the firing characteristics of
single self inhibited neuron dependent on the synaptic
parameters: the rise time g, the decay time tp and the
strength of self inhibition, g;. Spike based adaptation,
dependent on self inhibition is considered for the
following reasons,

e Biological neural networks often have local in-
hibitory interneurons which deliver feedback inhi-
bition to the cells that activate those interneurons
(Sheperd 1990).

e [t has been shown by Traub et al. (2001), that the
frequency in the gamma regime in a distributed
network of inhibitory interneurons is highly depen-
dent on synaptic decay time. This effect has been
simulated through self inhibition in our model.

e The iSTDP learning rule considered in this work,
has a zero at At =0, which implies, the strength
of self inhibition is not modulated through the
iSTDP rule. As a result, the synchronization in the
UCI and the MCI, is not modulated by changes
in self-inhibition strength of through iSTDP. In
addition, self-inhibition provides a control over fre-
quency range of operation of the neuron through
the synaptic parameters.

In Fig. 4, we show the frequency response of the
neuron for the following set of synaptic parameters,
g = {0.2,0.5,0.75, 1.0} mS/cm?, 7 = {0.1, 0.5, 1.1, 2.0}
ms and tp = {5, 10, 25, 50} ms. We see that while the
biologically realistic time scales for synaptic rise time do
not have a significant effect on the firing characteristics
of the self inhibited neuron, the synaptic decay time and
the strength of self inhibition do significantly decrease
the firing frequency of the neuron for a fixed level
of input drive 7P€. This results from the fact that for
slower synaptic decay times the effect of inhibition
persists longer. As a result the neuron takes longer
time to recover from hyper-polarization to produce a
spike again. Also if the strength of inhibition is high, the
neuron is strongly inhibited and it takes a longer time to
recover back to produce the next spike. Thus tp, the de-
cay time of self inhibition and gy, the synaptic strength
of self inhibition determines the frequency regime of
operation of the neuron. Heterogeneity in one of these
parameters will significantly affect the synchronization
properties of network of inhibitory neurons.

3.2 Spike time scheme for the analysis of iSTDP
induced synchrony

For the analysis of iSTDP induced synchrony in the
UCI and the MCI in the presence of heterogeneity
using STRC, we adopt the following representation for
spike times from neuron A and B:

Let WA =[wA(1),wA(2), . ~u)A(i), e -wA(NA)], where
w4 (i) = ¢, and ¢, represents the time of ith spike from
neuron A and Ny4 is the total number of spikes
from neuron A. Similarly we define the set Wp =
(wp(1), wp(2),---wa(j),-- -, wp(Np)] with wp(j)=tp,
where ¢}, again represents the time of jth spike from
neuron B. We now define a new set W comprising of
all spike times from the coupled system (UCI/MCI)
arranged in monotonically increasing order as follows,
Weg=W4s® Wp =[we(l),we?), --wep(Na + Np)l.
For example, if ¢!, <t < ¢%, the first two elements in
the set Wg are, wg(l)=1¢,, and wg(2) =1} res-
pectively. In the case when neurons A and B
fires at the same time, we have for some i, and },
t, =t}. These two simultaneous spike events are
added to Wg such that, for some n, wg(n) = t‘A and
wen+1) =t2. We next define two new sets, WA

and VT/B, which represents a modified spike time
series for neurons A and B defined by, WA /B =
[II)A/B(D,LT)A/B(Z),-'-II)A/B(NA+NB)],Where each
element w4,p(n) is obtained from Wy, 5 and Wk as
follows,
Wa/p(n) =max (wa/p(i) <wpm) (0 <i=< Nasp)
We now define an inter spike interval (ISI) time se-
ries s(n), for the coupled system as s(n) = wg(n + 1) —
wg(n). When the two neurons show in-phase synchrony
with period 7, we have s(2n — 1) =0 and s2n) = T,
¥V n > 0. For the case of dynamic synapse, the synaptic
strength g(¢) is modulated by the pre-post synaptic
spike pairs through iSTDP [Eq. (2)]. We define g(¢) =
g(n) when wg(n) <t <wgm+1). In Fig. 5 we show
the schematic diagram for the spike time scheme used
for the analysis of the iSTDP induced synchrony as
presented in this section.

3.3 iSTDP induced synchrony in the UCI
3.3.1 Numerical simulations
We consider two self inhibited neurons with unidirec-

tional coupling [Fig. 3(a)] in the presence of hetero-
geneity in their intrinsic firing rates introduced through
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Fig. 4 Frequency response of single self inhibited neuron as
function of the input current 1€, for given synaptic parameters
of self inhibition: The synaptic decay time tp, The synaptic rise
time tg and the strength of self inhibition g. In each case,{a,b,c,d}

different external drive (IP€) and study the synchro-
nization properties of the coupled neurons in the con-
text of dynamic synapse. We set Igc =2.5 uA/cm?,
such that neuron B is firing at frequency of F(/ 2 =
56 Hz, giving an intrinsic period of 7% ~ 17.85 ms.
We define heterogeneity

i)c _ Igc
H =100-4—25-
1€+ 1€

where IADC is the steady input current in neuron A.
When I59€ ~ I9€, the heterogeneity H ~ 0 and if all
other neuronal parameters are identical, the two neu-
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all the parameters for neuron model are constant, however we
vary the strength of self inhibition as, g={0.1,0.5,0.75,1.0} mS/cm?
respectively. See online publication for the color version of this
figure

rons have identical firing rates. For 1€ > I1P¢, H ~
100 and the two neurons are maximally heterogeneous
in terms of their firing rates. For all the simulations be-
low, unless otherwise mentioned, the initial conditions
on the membrane potentials, V 4(ft = 0) = —75 mV and
Vg(t =0) = —65 mV. We have also run numerical sim-
ulations for a number of different initial conditions
on the membrane potential and found that the iSTDP
induced synchronous state is the global attractor of the
coupled system. Also, all the spike times required by
the synaptic update rule and the STRC calculations
were obtained as the time when the membrane voltage
of neuron rose through a threshold of 0 mV.



J Comput Neurosci

Fig. 5 The set W4. Wp, WE corresponding to the spike times of
neuron A, neuron B and the coupled system are shown. We also
show the inter-spike interval s between the spikes in the coupled

We now consider two situations: one in which the
conductance of the inhibitory synapse from B to A, g‘; 4
is static, with g‘; 4 = 0.1 mS/cm? (g;; is the conductance
of inhibitory synapse from neuron i onto neuron j),
and a second situation in which the inhibitory synaptic
strength is dynamic and is governed by the iSTDP rule
given in Fig. 2, such that

3)

where g 4 p(n) is synaptic strength from B to A for dura-
tion, we(n) <t < wg(n + 1) (see Results, Section 3.2).

In defining the synaptic update rule defined above,
we make two key assumptions

gpa(n) = gpa(n—1) + Ag(w 4 (n) — wp(n))

The iSTDP update is considered to be depen-
dent only on the two nearest spike neighbors, and
the effects of spike pairs is assumed to sum lin-
early, following the conditions under which (Haas
et al. 2006) experimentally observed the iSTDP. We
ignore multi-spike interactions, which have been
shown to play a significant role in STDP of ex-
citatory synapses (Froemke and Dan 2002) and

w, (i) w,(it1) w,(i+2)

4 1 1 I

| | |

| | |

: w(j) : w(j+1) : w(j+2)

] ] . |
B l | l | l |

| | | | | |

| | | | | |

| | | | | |

WE(Z'}’Z-3) WE(Z'n-Z) WE(Z'}'I-I) wE'(2n) WE(2'n+]) WE'(2n+2)

E i i | | | |

| | | | | |

| | | | | |

| | | | I g2t

| | | om-1) | [ T

| g (2n-3) | Gl | |

s T R —
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I s(2n-3) | s(2n-2) I sn-1) | s(2n) I s(2n+1) I

system and the evolution of the dynamic synapse g 4 modulated
by the iSTDP rule

also any dependence of iSTDP on the frequency of
firing of the pre-synaptic neuron.

The iSTDP update is assumed to happen instanta-
neously, as a result we ignore the delay that exists
between the pairing of the pre and post-synaptic
spikes and the resultant induction of synaptic mod-
ification as suggested by the experiments.

The implication of above assumptions regarding the
iSTDP update rule, are explored in more details in the
discussion section. We begin with the initial synaptic
strength gp4(t =0) = gpa(0) = gfm = 0.1 mS/cm?. In
order to determine synchrony in the firing of the UCI,
in Fig. 6(a) we plot the ratio of the period for spiking
for neuron B (the driver neuron) 79 to the average
period for spiking for neuron A, (T 4) as a function of
heterogeneity H, for the two cases considered above:
Static synapse, and Dynamic synapse, modulated by
iSTDP rule defined in Eq. (2). We see that in the case of
static synapse, neuron B is able to entrain neuron A to
fire at its frequency for mild levels of heterogeneity H
(from about 2 to 12). But as the heterogeneity increases
beyond H =~ 12, neuron B with a static synapse is no
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Fig. 6 Synchronization in the UCI with static (black) and dy-
namic synapse (red). (a) The ratio of average spiking period of
each neuron of the UCI is plotted as function of heterogeneity

longer able to entrain neuron A to fire at its frequency
and the two neurons fire asynchronously.

In Fig. 6(b), we show the scatter plot of the phase
difference, ¢(n), between the two coupled neurons as
function of heterogeneity H. We define the general
phase difference ¢ (n) at wg(n) as

wa()—wp(j)
wp(j+D—wp(j)

¢(n) =

with (wp(j) <wa(i) =wgen) <wp(j+1))

_ wr(j)—wa()
wAl+1)—wa(@)

with (wa() <wp(j) = wp(n) < wal+1). (4)

For the case of the UCI, Fig. 3(a), (Tg) = T%. We see
that in the static synaptic case, the two neurons phase
lock in 1:1 synchrony, with a finite phase difference ¢
for a certain range of heterogeneity values (2 < H < 12).
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H. (b) The generalized phase difference ¢ is plotted as function
of heterogeneity H. See online publication for the color version
of this figure

However with dynamic synapse, the region of 1:1
synchrony is enhanced to cover a larger range of het-
erogeneity and in addition, for the set of synaptic pa-
rameters considered, the two neurons always exhibit
in-phase synchrony, i.e., { = 0. As an example of such
a scenario, we show in Fig. 7(a) the time series of mem-
brane voltage of the two neurons firing asynchronously
for heterogeneity of H = 12.28 (If"c = 3.2 uA/cm? and
12€ =2.5 nAlem?).

In the case of dynamic synapse, iSTDP is able to
modulate the synaptic strength gp 4, such that even for
increasing heterogeneity in firing frequency of neuron
A, neuron B is still able to entrain the driven neuron A,
to fire synchronously with neuron B. iSTDP modulates
the synaptic strength to a final stable configuration
at which the two neurons fire in-phase, resulting in
wy(n) — wp(n) ~ 0. The particular form of the iSTDP
rule (Ag(At =0) =0) then implies that the synaptic
strength no longer changes and the network reaches a
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Fig. 7 (a) The time series of
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final stable state when the two neurons are entrained
to fire synchronously. In Fig. 7(b) we show the time
evolution of membrane voltage of the two neurons A
and B, firing synchronously in-phase for heterogeneity
of H=12.28, when the inhibitory synaptic strength has
evolved to a final steady state configuration. In Fig. 7(c)
we show an example of evolution of the inhibitory
synaptic strength through iSTDP from two different
initial conditions to final steady state configuration, re-
sulting in the in-phase synchrony of the UCI. Note that
for initial strength g4 (0) = 0.1 mS/cm?, the synaptic
strength oscillates around this value for a long time
until eventually it monotonically increases to the final

steady state value at which the two neurons are
locked in in-phase synchrony. The oscillation in synap-
tic strength and the monotonic increase further on,
represent two distinct states of the UCI which will be
explored in details below.

3.3.2 Stability analysis of UCI synchrony by STRC

In order to understand the mechanism of synchrony
in the UCI we use the method of STRC to derive a
map for the evolution of the time difference s(n). In
order to simplify the analysis we assume that the two
neurons fires alternatively, specifically neuron A fires at
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tg(2n — 1), while neuron B fires at tz(2n), V n > 0.
For a given fixed inhibitory synaptic strength, gf; 4 1f
D 4(t, gpa) is the STRC for neuron A, we have (Fig. 5)

wg@n+ 1) —wp@n—1) = TS + ® 4 (we(2n)
—we@n—1),844)
=TO+®A(s2n—1), g5 4)
5)
Also by definition of s(2n), we have
we@n+1) —wepn—1) = (wp@n+1) —we2n))
+we(2n) —we2n — 1))

=s2n) +s2n —1). (6)
Similarly, since neuron B fires with period of TY9,
we have
s@n+1)+s2n) = TY (7)

Fig. 8 (a) The STRC for
neuron A, when the strength
of synaptic inhibition

gpa = 0.1 mS/cm?.

(b) The STRC for neuron A,
when the strength of the
synaptic inhibition

gBa = 0.57 mS/cm?,
representing the final steady
state value when the two
neurons in the UCI are
locked in in-phase synchrony.
(¢) The 1:1 synchronous
regime for the UCI s

Then from Egs. (5), (6) and (7), we have
s@n4+ 1) =T% — T — 4 (s@n—1),8%,). )

The steady state solution to above equation can be
obtained by solving for the fixed point s* of odd se-
quence of the evolution map for s(2n + 1), defined by
s2n+ 1) =s(2n — 1) = s*. We then obtain

®4 (s gpa) = T — T ©)

The stability of the fixed point s* requires, 0 <
4908 _,. < 2.In Fig. 8(a), we show the STRC for neu-
ron A in the static synapse case with g‘g 4 = 0.1 mS/cm?
for heterogeneity H = 12.28 (I8¢ =3.2and 1€ =2.5
A/cm?). For this case, with the static strength of mu-
tual inhibition set at g5 , = 0.1 mS/cm?, Equation (9)
has no solution since there is no intersection between

the STRC ®4(1, g% ) and the line T% — T9, as can
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QS8

11.75 1.8 11.85
(sec)

determined through STRC

(black) and numerical t(ms t(ms
simulations of the model for ( ) ( )
the UCI (red). See online (C)
publication for the color 0.9
version of this figure STRC
—— Numerical
0.75 |
1:1 Synchronous
0.6 locking b
region
(Arnold tongue)
of 0.45 i
0.3 b
No synchrony
0.15 |
o | | | |

@ Springer

20 25 30 35 40
Heterogeneity H



J Comput Neurosci

be seen from Fig. 8(a) and therefore the two neurons
cannot lock in synchronous state.

In Fig. 8(b), we similarly show the STRC computed
with dynamic synapse in the asymptotic state when the
system has locked into in-phase synchronous solution
and the inhibitory synaptic strength gp 4(f) has reached
a final stable value, gg(t = 00) = gpa(c0) = 0.57. We
see that the solution to Eq. (9) exists as the STRC curve
® 4 (1, gpa(0)) intersects the line 7% — T9 ats* = 11.8
and the condition for stability for this fixed point is also
satisfied.

In above example we considered a specific example
for the synaptic strength, gg4 = 0.1 mS/cm* and de-
termined that the lack in the existence of stable fixed
point solution to Eq. (9), results in the absence of syn-
chrony between the firing of the two coupled neurons
in the UCI. We also showed that iSTDP modulated
synaptic strength in the asymptotic state (gpa(c0) =
0.57 mS/cm?) provides a unique stable solution to the
Eq. (9), and the two coupled neurons in the UCI fire in
in-phase synchrony.

3.3.3 Arnold tongue of UCI

We next solve Eq. (9) for different levels of hetero-
geneity H, thereby modulating T% to determine the set
of inhibitory synaptic strength gg4 which will result in
unique stable solution for Eq. (9) to exist. The solution
to Eq. (9) is obtained by estimating the STRC using the
direct method for STRC computation as explained in
the methods section, for each value of the inhibitory
synaptic strength gp4, and determining, whether there
exists a stable fixed point solution to Eq. (9). In Fig. 8(c)
we present the results of these calculations. For given
H, the curve in black gives the lower and upper bound
on the set of inhibitory synaptic strengths, for which a
unique stable solution for Eq. (9) exists. For example
with H=10, the range of values for gg4 which result in
an unique stable solution to exist for Eq. (9) is 0.09 <
gpa < 0.49. For this range of values for inhibitory
synaptic strength gpa4, at H = 10 the driver neuron
B is able to entrain the driven neuron A to oscillate
in synchrony with it. This region of synchronous 1:1
locking between the two coupled neurons is analogous
to the classical Arnold tongue (Kurths et al. 2001)
obtained for synchrony between two coupled nonlinear
oscillators. Arnold tongues are typical signature of syn-
chrony in coupled nonlinear oscillators. In general the
width of synchrony between two heterogeneous neural
oscillators (heterogeneity in intrinsic firing period of
the oscillators) is dependent on the strength of coupling
between the driver and the driven oscillator. Arnold
tongues provide a two dimensional visualization of this

dependence of the width of synchrony on the strength
of coupling between the two oscillators. Naturally in the
absence of any coupling the two oscillators are firing
at their intrinsic oscillation frequency and the width
of synchrony is zero. As the strength of coupling is
increased, the width of synchrony increases, resulting
in an tongue shaped two dimensional area. In Fig. 8(c),
this general feature of Arnold tongue is represented by
the area bounded by the two black curves, obtained
through STRC by solving Eq. (9) as discussed above.
In Fig. 8(c), shown in red is a similar bound on the
levels of heterogeneity leading to synchronous oscil-
lation in the UCI, obtained by numerically integrat-
ing Eq. (1), for the dynamics of evolution of the two
coupled neurons. The curves in red are obtained by
fixing the firing period of the driver neuron B at T%
and varying the intrinsic firing period for neuron A,
TS by changing the dc current I9€, thereby varying
the level of heterogeneity H in the firing of the two
coupled neurons, and then determining the synaptic
strength gp 4, that will result in - L i 1, so that the
two neurons are locked in 1:1 syncﬁrony. We find the
results of numerical simulation match the results from
STRC calculations in Fig. 8(c). We also see that for H =
12.28, the asymptotic value gp 4 (f) obtained through the
modulation of the synapse from B to A through iSTDP
is gg4(00) = 0.57 mS/cm? which is in the region of 1:1
synchrony for the two coupled neurons. We therefore
conclude that iSTDP modulates the synaptic strength
g4 such that Eq. (9) is satisfied and the two coupled
neurons lock into 1:1 synchronous in-phase oscillation.

3.3.4 In-phase synchrony in the UCI induced by iSTDP

iSTDP however not only modulates gp 4 () such the two
neurons are locked in 1:1 synchrony, but the strength is
modulated such that the two neurons exhibit in-phase
synchrony with the phase difference ¢ being identically
zero irrespective of H and initial gg4(0), as can be seen
from Fig. 6(b). In order to understand the function of
iSTDP in producing this in-phase synchrony between
the two coupled neurons, we consider the following
two scenarios with the case, H = 12.28 and gp4(0) =
0.1 mS/cm? as an example. The initial strength of gz
is outside and below the region of 1:1 synchronous
locking for the two coupled neurons for given hetero-
geneity, as can be seen in Fig. 9.

In this situation, with H > 0, neuron A is firing at
a higher rate than neuron B. Therefore more often
than not, neuron A will fire more than once for every
period of firing of neuron B. Each firing of neuron
A (the postsynaptic neuron), results in corresponding
increase in synaptic strength gp,4 through iSTDP. For
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every spike of neuron B, however only the last spike
of neuron A will contribute to the decrease in the
synaptic strength gp4 through iSTDP. This is because
we consider only the nearest spike pair interaction in
updating the synaptic strength at any given point in
time. Overall, however with H > 0 and gp4 outside
the Arnold tongue region, the probability of firing of
neuron A is greater than that of neuron B and the
synapse from gp 4 increases in strength approaching the
Arnold tongue from below.

In order to understand the evolution of the synaptic
strength gp4 from a value inside the Arnold tongue to
the final stable fixed point gp4(c0) (Fig. 9), by iSTDP,
we derive a two dimensional map for the evolution of
synaptic strength and the time lag between the firing of
the two neurons. Under the assumption that once the
synapse have evolved to the region within the Arnold
tongue, the two neurons are phase locked in synchrony,
re., (Tyq) = TOB and the locked state remains quasi-
static as the synaptic strength evolves, the map for
evolution of the quasi-static stable state s* is obtained
from Eq. (9) as,

D4 (s*2n+1), gga2n+1))
=T%-TY = s*Qn+1)

= (@) ' (Th — T%. gga@n + 1)) (10)

The synaptic strength gp4(n) is modulated through
iSTDP every time a spike event occurs either from
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neuron A or from neuron B. According to the iSTDP
update rule as given in Eq. (3) we have,

gea2n + 1)=gpa(2n) + Ag(WAQn + 1) — bp2n+1))
=gpa(2n — 1) + Ag(WA(2n) — W(2n))
+Ag(W 42+ 1) — wpn + 1))
=gpa(2n—1)+Ag (we(2n — 1) —wgp(2n))
+AgwE(2n+1)—wE(2n))
=gpa(2n—1)—Ag(s"(2n—1))+Ag(s*(2n))
~gpa2n—1)—Ag(s*(2n—1))
—Ag(s* 2n—1)—T%)

=gpa2n — D+ Geg(s*2n—1), Th) (11)
where Geg(s, T) = —Ag(s) — Ag(s — T), combines the
effect of spike times of each neuron A and B in modu-
lating the synaptic strength through iSTDP.

In deriving Eq. (11), we have used the assumption of
the quasi-stationarity of the locked state of the time lag
s* inside the Arnold tongue, resulting in s*(2n) ~ T —
§*(2n — 1), which results in the period of oscillation of
neuron A being the same as that of the period of firing
of neuron B.

Equations (10) and (11), thus give a recursive map
for the evolution of the synaptic strength gp4(2n + 1)
and the time lag, s*(2n + 1) between the spiking of the
two coupled neurons, after the synaptic strength has
evolved to a value inside the Arnold tongue. Starting
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from initial condition gz 4 (1) and s*(1), from Eq. (11),
we determine gp4(3). Using the value of gg4(3), in the
function CD;G, we determine s*(3) and so on.

In Fig. 10(a) and (b), we show (®,4)~! and G.¢ for
the case H = 12.28. (¥ 4)~! was obtained numerically
from the set of STRC curves (®4) computed for var-
ious s* and gp4. For given gp4, we located s* where
the curve ® 4(s*, gga) intersects line 7% — T9 by using
linear interpolation. We found that there are always
one stable and one unstable root, if there is intersection
between @ 4(s*, gga) and the line 7% — T . We can
therefore numerically find (® 4)~! for stable and unsta-
ble s* separately. In Fig. 10(a) we show, for given g4,
where these stable and unstable s* are located.

For a given T% — T9, as gp 4 increases due to iSTDP,
the amplitude of STRC increases, as can be seen from
Fig. 8(a) and (b). The solution to Eq. (10) then appears
through saddle node bifurcation resulting in synchro-
nous locking of the two coupled neurons at a stable
time lag s*. This is shown in Fig. 10(a). Once the two
neurons are locked in 1:1 synchrony with a stable time
lag, s*, as we can see from Eq. (11), and Fig. 10(b), the
synaptic strength gp 4 increases resulting in a new stable
state s*, until recursively reaching the final asymptotic
state of 1:1 in-phase synchrony with s* identically zero.
As the two neurons fire in-phase the synaptic strength
no longer evolves and the coupled neurons are locked
in 1:1 in-phase synchrony. Figure 10(c) and (d) shows
the recursive evolution in the synaptic strength g 4 and
the corresponding evolution of the time lag s*, as given

n

from Egs. (10) and (11) to the final asymptotic values,
s* =0and gga(t = 00) = 0.57 mS/cm?.

It should be noted that the convergence to 1:1 syn-
chrony between the two coupled neurons comes from
generally observed properties of synchrony between
two coupled oscillators and the convergence to stable
in-phase synchrony are the consequence of global prop-
erties of iSTDP and the STRC for the type I neuron
model considered.

3.3.5 Synchrony in the UCI and dependence on initial
synaptic strength

The analysis presented above began with the assump-
tion of the initial coupling strength g 4(0) being below
the Arnold tongue for given heterogeneity levels con-
sidered. In such situations, in general the neuron A is
firing at frequency greater than neuron B and as men-
tioned earlier, the synapse gg4 will on average increase
in strength such that the synaptic strength evolves to the
domain of Arnold tongue. However, if we begin with
initial condition gp4(0) outside and above the Arnold
tongue, the situation might be different. For example,
for given heterogeneity level, and the initial synaptic
strength outside and above Arnold tongue, the synapse
might be able to modulate the firing rate of neuron A,
enough such that the neuron A might fire at the same
rate of neuron B or might even fire slowly. The synaptic
strength according to the iSTDP rule might then evolve
such the synapse might not enter 1:1 locking region at
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all. In order to understand the evolution of dynamics
under these conditions, in Fig. 11 we plot the ratio
of T%/ < T4 > for the two coupled neurons, in the
dynamic case, for a given initial strength of gz 4(0) and
given heterogeneity H.

We can see from Fig. 11, as predicted by our theo-
retical analysis with the two dimensional coupled map
above, for all initial levels of synaptic strength below or
within the Arnold tongue the coupled system evolves
to 1:1 in-phase synchrony. However for initial levels of
synaptic strength outside and above the Arnold tongue,
we see that the system evolves in general to p:q (p,q € Z)
synchrony. In addition we can also see from Fig. 11 that
for low levels of heterogeneity, if the initial synaptic
strength is too high neuron B inhibits neuron A from
firing and no synchrony results.

3.4iSTDP induced synchrony in the MCI

We next consider the network of two self inhibited neu-
rons mutually coupled to each other through inhibition
[Fig. 3(b)]. It has been shown earlier by White et al.
(1998), that such a network with identical properties
can synchronize in-phase for entire range of parameters
IP€, tp, for a given fixed value of self inhibition. How-
ever, the synchronization fails if one introduces slight
heterogeneity in the firing of the two coupled neurons.

We examine this particular scenario as presented
above for unidirectional coupling, in the context of
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dynamic synapse. We consider heterogeneity intro-
duced through different external drive (7€), through
different decay time of synaptic inhibition (zp) and
finally through different strength of self inhibition gi.
We again compare the two situations: static synapse
synchrony versus dynamic synapse synchrony. For sta-
tic case we set, g5z = g%, =0.1 mS/cm®. For the
case of dynamic synapse we have, gpa(n) = gpa(n —
1) + Ag(wa(n) —wp(n))) and gap(n) = gap(n — 1) +
Ag(wp(n) — wy(n))). We again consider only the near-
est neighbor interaction in modulating the synaptic
strength. In Fig. 12(a) we plot the ratio of the average
firing period of neuron B, < T > to that of neuron
A, < T4 > as function of heterogeneity H introduced
through different external drive, for the static and the
dynamic synapse case. We see that the dynamic synap-
tic modulation by STDP results in p:q (p,q € Z) for all
heterogeneity levels considered. In particular we see
an enhanced window of 1:1 and 2:1 synchronization
induced by dynamic synapse as seen in Fig. 8(b). This
implies an increased probability of observing coherence
in the firing pattern of the MCI even in presence of
mild heterogeneity as has been reported in many in
vivo experimental data (Eckhorn et al. 1988; Gray et al.
1989). In Fig. 12(b), we again show the scatter plot of
the general phase difference ¢, as defined in Eq. (4). We
again see that STDP modulates the synaptic strength
such that the two neurons, either phase lock with zero
phase lag (in the case of 1:1 synchrony) or the phase
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Fig. 12 Synchronization between pair of self inhibited neurons
with mutual inhibition. (a) Heterogeneity is introduced through
different input drive IP€. (I) gives the ratio of average firing
period of the two coupled neurons as function of heterogeneity
H, for the case with static (black) and dynamic (red) synapse.
(2) gives the plot of general phase difference ¢ for the MCI
as function of heterogeneity H. (b) The ratio of average firing

difference oscillates between antiphase and in-phase
synchrony, (2:1 frequency locking).

In Fig. 12(c), we plot the ratio of firing period of
the two coupled neurons, as function of heterogeneity
introduced through different synaptic decay time of the
inhibition. For the results presented in this figure, we
set 4 = Ig = 2.5 pAlem?, g =0.1 mS/cm?, the decay

period of the two coupled neurons in the MCI is plotted as
function of heterogeneity Hg introduced through different level
of self inhibition on the neurons. (¢) The ratio of average firing
period of the two coupled neurons in the MCI is plotted as
function of heterogeneity introduced through different synaptic
time constant 7p. See online publication for the color version of
this figure

time for inhibitory synapse from B to A, tf4 =5 ms
and we define heterogeneity in synaptic decay time as

T AB _ [ BA
Hp =100 11)43 ll)?A
AP+ 1
D D

(‘L’g is the synaptic decay time for synapse from neuron
i to neuron j). Heterogeneity in firing rate of the two
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neurons is introduced by different synaptic decay time
as, larger the decay time of synapse, longer is the inhi-
bition and the neuron tends to fire at slower rate. We
again see that the dynamic synapse is able to modulate
the strength of inhibition on each neuron, such that the
two neurons are able to synchronize over a broader
range of heterogeneity in the synaptic decay time.

We finally consider a source of heterogeneity intro-
duced by different self inhibition strength g;. We define
heterogeneity in self inhibition

B_ A
Hg = 10055 — 85
8s + 8%

The parameters for the MCI in this configuration are,
19¢ = 19€ = 2.5 pA/em?, tp = 5 ms, g = 0.1 ms and
gd = 0.1 mS/cm®. In Fig.12(d), we show the results
comparing synchrony between the two coupled neu-
rons with static synapse and dynamic synapse. Again
the coupled neurons with dynamic synapse show a
greater robustness in synchrony as compared to the
static case.

In order to understand synchrony in the MCI, with
dynamic modulation of both synaptic strength g 45 and
gB4, we numerically simulated the MCI with the evo-
lution rule applied to the synapse from slower firing
neuron B to the faster firing neuron A, gpa as in
the unidirectional case studied above, and fixed the
synaptic strength in opposite direction g4p fixed at
moderately lower strength. Depending on the initial
condition on the synaptic strength gp 4, the two neurons
either phase locked in in-phase 1:1 synchrony or the
system evolved to 2:1 synchrony. We thus conclude that
synchrony in the MCI is brought about by the modula-
tion of the synapse from the slower neuron to the faster
neuron and that the modulation in the synapse from
faster neuron to the slower neuron, simply controls
the firing rate of the slower neuron and prevents the
effective inhibition of the slower neuron by the faster
neuron.

4 Discussion

In this work we have analyzed the functional signif-
icance of spike timing dependent plasticity, recently
observed for inhibitory synapses (Haas et al. 2006) in
synchronizing a pair of neurons with self inhibition in
two coupling configurations: (a) uni-directional cou-
pling and (b) bi-directional coupling. We begin with
the study of a single self inhibited neuron and show
how the firing frequency of the neuron is dependent
on the decay time of the synapse and the strength of
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the self synapse. Slower synaptic decay time results in
prolonged influence of inhibition and it takes longer
time for neuron to recover from inhibition to fire again,
there by decreasing the firing frequency of neuron for
the same level of input drive through 7°€. The presence
of self inhibition which results in spike based adaptation
in firing of the neuron was considered because it has
been shown that the frequency in the gamma band in
a distributed network of inhibitory neurons is highly
dependent on the synaptic decay time. This effect can
be simulated through self inhibition. Moreover the
iSTDP learning rule, considered in this study has an
interesting zero at At =0 implying that iSTDP does
not modulate the self inhibition synaptic strength. Thus
the analysis of synchrony through STRC is unaffected
by the presence of self inhibition. In addition (as can
be seen from results in Section 3.1) the parameters
of the self inhibition synapse, provide control over
the frequency range of the operation of the neuron
and provide an additional source of heterogeneity that
might influence synchrony between mutually coupled
interneurons.

Network of mutually coupled neurons with intrinsic
heterogeneity in firing frequency has been studied ear-
lier in White et al. (1998). These authors demonstrated
that even a mild introduction of heterogeneity in the
network results in disruption of synchrony in the net-
work as the coupling not only has to align the phase
for synchrony but also has to entrain the frequency of
firing of the two neurons. They showed that synchrony
is achieved only when inhibition is strong enough so
that the firing period is dominated by the synaptic decay
time. However a very strong inhibition results in loss
of synchrony through suppression whereby the faster
spiking neuron inhibits the slow neuron so much so that
it stops firing.

In this work we show that a possible route to achieve
stable synchronous oscillations in the presence of het-
erogeneity is through spike timing dependent plasticity
of inhibitory synapses. Recently Haas et al. (2006), have
reported spike timing dependent plasticity of inhibitory
synapses (iISTDP) in layer II of the entorhinal cortex. In
this work we have utilized the functional form for this
recently observed synaptic plasticity rule to study its
influence on the synchronization of inhibitory neuronal
network in the presence of heterogeneity. The empiri-
cal fit to iSTDP data observed by Haas et al. (2006), is
presented in Fig. 2. We have shown that in the presence
of heterogeneity, the dynamic synapse through iSTDP
results in significant enhancement of neural synchrony.
The iSTDP modulates the synaptic strength such that
the faster spiking neuron slows down through increase
in inhibition on it and vice versa. We would like to
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note that STDP of inhibitory synapses has also been
observed in acute hippocampal slices (Woodin et al.
2003). The authors report a functional form for iSTDP
in hippocampal slices that is symmetric with respect to
the timing of the pre- and postsynaptic spikes and is
non-zero at zero time delay, which is distinctly different
from the functional form for iSTDP rule observed in
the entorhinal cortex by Haas et al. (2006). The sig-
nificance of this form of iSTDP in the enhancement of
synchrony in inhibitory neuronal network remains to be
explored.

In all our calculations for the dynamic modulation
of the inhibitory synaptic strength and the theoretical
analysis thereof, we have made two key assumptions
for the update rule governed by iSTDP. We considered
only the neighboring spike pair interaction for iSTDP
and assumed that the effect of the iSTDP modulation
sum linearly. This assumption allowed us to obtain
an analytic expression for the evolution of the synap-
tic strength, after the two coupled neurons are phase
locked and have evolved to the region within the arnold
tongue. It has also been shown by Froemke and Dan
(2002), that in the presence of natural spike trains,
the contribution to synaptic modification is primarily
through the timing of the first spike in each burst.
It would be interesting to see how the dynamics of
synchrony between the MCI would be affected through
such multi-spike interaction. The second key assump-
tion we made was that the iSTDP update happens
instantaneously, thereby we ignore the actual delay of
several minutes that exists between the pairing of the
pre and post-synaptic spikes and the results induction
of synaptic modification. Although our assumption of
instantaneous iSTDP update implies that the synaptic
modification has time scale much faster than the firing
rate of the neuron, which is contrary to the observed
experimental results, the mere introduction of delay in
synaptic update, as seen in experiments, has no conse-
quence for our results. In order to verify that it is indeed
the case, we varied the intensity of change in synaptic
strength through iSTDP by modulating g, such that the
increment in the synaptic strength induced by iSTDP is
much smaller in the UCI. We observed no changes in
the results from our simulations.

In Fig. 6 we compared the synchrony in the UCI with
heterogeneity in the presence and absence of dynamic
synapse. We see that iSTDP results in 1:1 synchrony
between the two neurons for all levels of heterogeneity
considered. We analyzed this network synchrony with
the method of STRC and demonstrate that iSTDP
modulates the synaptic strength such that there exists
a unique stable synchronous solution to Eq. (9) for the
levels of heterogeneity considered. In addition, once

the synaptic strength has evolved within the region of
1:1 synchronous locking, iSTDP further modulates the
synaptic strength such that it approaches monotonically
to a final stable configuration wherein the two neurons
are locked in in-phase 1:1 synchrony. We also demon-
strated, the influence of the initial synaptic strength in
achieving the final 1:1 in-phase synchronous solution.

We next show through numerical simulations, that
the enhancement in synchronization persists for mu-
tually coupled pair of neurons in the presence of
increasing levels of heterogeneity. For both intrinsic
heterogeneity through different external drive and ex-
trinsic heterogeneity through different decay time of
the synapse and different strength of self inhibition,
iSTDP is able to maintain synchrony between the cou-
pled neurons. Although not presented in this work, the
stability of the synchronous state for the MCI can also
be studied using the STRC method (Acker et al. 2004).

This effect of the iSTDP in enhancement of syn-
chrony in the UCI and the MCI in the presence of
heterogeneity in the firing rates of the two coupled
neurons is an interesting result from neuroscience per-
spective as it suggests that neural system through STDP
is very robust against any external perturbation and
that system always phase locks in in-phase synchrony.
While such a robust state of neural synchrony is es-
sential for memory consolidation, it might not be an
optimal scenario for sensory information processing
wherein sensory information is encoded in the form of
a temporal code and a robust neural synchrony might
result in loss of all sensory information.

We have also done numerical simulations with mild
noise in the intrinsic firing rate of each coupled neuron
and the iISTDP rule to study the influence of noise in the
coupled system on the synchrony induced by iSTDP.
We found that the synchrony remains enhanced with
iSTDP for all the levels of heterogeneity considered.
However under similar noise conditions, synchrony is
completely lost with static synapse. Details on the influ-
ence of iSTDP learning on synchrony in the presence of
noise will be presented in the forthcoming work.

Higher frequency synchronous oscillations have
been reported experimentally in behaving animals
(Ylinen et al. 1995). Our study above suggest that
iSTDP might in fact work better at such high frequen-
cies, in maintaining synchronous network oscillations.
It has been suggested in Haas et al. (2006), that plas-
ticity of inhibitory synapses may play an important role
in balancing the effect of excitatory synapse preventing
run away behavior typically observed in epileptogen-
esis. Also recently Abarbanel and Talathi (2006), used
the model for STDP used in this work to design a neural
circuitry for spike pattern recognition. In this work we
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present yet another important function for STDP in
inhibitory synapses: its role in maintaining synchrony
in networks of coupled interneurons, under biologically
realistic situation of mild heterogeneity and noise.
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We provide experimental evidence for the emerging imbalance in the firing activity of two distinct classes
(type 1 and type 2) of population spikes recorded from the hippocampal area CA1 in an animal model
of temporal lobe epilepsy. We show that during the latent period of epileptogenesis following status
epilepticus inducing brain injury, there is a sustained increase in the firing rate of type 1 population
spikes (PS1) with a concurrent decrease in the firing rate of type 2 population spikes (PS2). Both PS1 and
PS2 firing rates are observed to follow a circadian rhythm and are in-phase in control rats. Following brain
injury there is an abrupt phase shift in the circadian activity of the PS firing rates. We hypothesize that
this abrupt phase shift is the underlying cause for the emergence of imbalance in the firing activity of the
two PS. We test our hypothesis in the framework of a simple two-dimensional Wilson-Cowan model that
describes the interaction between firing activities of populations of excitatory and inhibitory neurons.
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“Balanced” networks in the brain have been proposed to account for
alarge variety of observations of cortical activity, including the rep-
resentation of sensory information, decision-making and sleep and
motor control [7]. Aloss of balance in the neuronal network activity
has been associated with the emergence of a number of neurologi-
cal diseases including Parkinson’s [15], Autism [ 18], Schizhophrenia
[22], and Tourette’s syndrome [20]. Epilepsy, a neurological disor-
der of the brain in which patients suffer from recurrent seizures,
is associated with an imbalance in the activity of excitatory and
inhibitory populations of neurons in the brain, in favor of the for-
mer, leading to an abnormal hyper-synchronous state of the brain
[4]. A number of in vitro studies have demonstrated the mecha-
nism of this hyperexcitability at the synaptic level [8,11]. However,
the functional implication of these synaptic changes leading to the
progression of the brain to an epileptic state following brain injury
in an in vivo system is still unknown.
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Here we investigate the temporal dynamics of firing rates of high
amplitude short time duration (100-200ms) spatially localized
patterns of spontaneous electrical activity referred to as population
spikes (PS), recorded from the hippocampal CA1 area in an animal
model of temporal lobe epilepsy. The PS are the macroscopic phys-
iological features representing the integrated synaptic activity in
the extracellular space generated by synchronous firing of popula-
tions of neurons in the brain [3,5]. Depending on the shape profile
two distinct classes of PS were identified in neural recordings from
the hippocampal CA1 area, labeled as type 1 PS (PS1) with a large
negative excursion in the measured electrical activity and type 2
PS (PS2) with a large positive excursion in the measure electrical
activity.

We observe that the firing rates of the two PS (defined as the
number of spontaneous PS events observed per unit of time) exhibit
circadian-like 24 h periodicity and are locked in-phase in control
rats. However, during the latent period, defined as the time period
following brain injury until the time of generation of first spon-
taneous epileptic seizures, while the firing rates of these PS are
circadian, they are now locked in anti-phase. This phase shift is
abrupt occurring within a few days post-brain injury and persists
throughout the latent period. During the latent period we also
observe an evolving imbalance in the firing rate of the two PS (quan-
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tified through an estimate of the drift in the baseline firing rate),
such that there is a sustained increase in the firing rate of PS1 with
a concurrent sustained decrease in the firing rate of PS2. We theo-
rize that this evolving imbalance may be implicated in the generation
of the first spontaneous epileptic seizure following electrically induced
status epilepticus.

Based on these experimental findings, we hypothesize that the
strength of the interactions between the populations of neurons
in the hippocampus is dependent on their phase relative to the
daily circadian cycle. Brain injury abruptly disturbs the circadian
phase, which in turn triggers homeostatic mechanisms [9] produc-
ing changes in the interaction strength between the populations of
hippocampal neurons which in turn modulates their firing activity.
We refer to this as the “circadian-control” (CC) hypothesis. We sug-
gest that this may underlie the cause for the emerging imbalance
in the firing activity of the PS in the hippocampal CA1 area.

Our experiment used adult male Sprague Dawley rats (n=9) of
age 63 days and weighing between 200 and 265g, which were
implanted with 16 microwire recording electrodes (microelec-
trodes) bilaterally into the CA1 and the dentate gyrus regions of the
hippocampus. In addition, a bipolar, twisted Teflon-coated stainless
steel electrode was implanted into the right ventral hippocampus
for the induction of brain injury [16]. The experimental details are
given in the methods section of the supplementary material accom-
panying this manuscript. After 1 week of baseline recordings at a
sampling rate of 12 kHz, rats (n=7) were electrically stimulated for
30 min until sustained behavioral and electrographic seizures were
observed. After the rats stopped seizing they entered a seizure-free
latent period. Subsequently, rats were housed in a controlled envi-
ronment with 24 h symmetric day-night cycle and monitored with
continuous video and extracellular brain electrical activity record-
ings. Videos were screened daily for spontaneous seizures. At the
end of the recording session, the rats were sacrificed and the intact
brains were excised. The isolated intact brains were imaged with
high-field magnetic resonance microscopy to confirm the location
of the electrode placement within the CA1 region of the hippocam-
pus [19,21]. In total 7 (E1-E7) rats were electrically stimulated into
status epilepticus. A total of 3 rats (E1-E3) entered the chronic
phase of epileptic seizures, following an epileptogenic phase with
a minimum of a Racine grade 3 first spontaneous seizure. Data pre-
sented in this work is primarily derived from these 3 epileptogenic
rats. Table 1 in the supplementary methods section summarizes the
mean duration of epileptogenic phase and the Racine seizure grade
for all the electrically stimulated rats. The rats (E4-E7) provided
us with additional data-points to validate epileptogenic circadian
modulation in firing activity of PS events following status epilepti-
cus.

In Fig. 1A, we show a representative example of the extracellular
activity recorded from the hippocampal CA1 area of an epilepto-
genic rat during the latent period. Overlaid on the trace, in squares
and circles, we show the PS1 and PS2 events, respectively. In Fig. 1B
and C, we show the mean shape profile of the PS1 activity and the
mean shape profile of the PS2 activity detected from the same rat
over a latent time period of 12 days of recordings using a modifica-
tion of a well-known spike clustering algorithm [12].

The time evolution of the normalized firing rates of PS1 and PS2
from an age-matched control rat (C1) and during the latent period
in an epileptogenic rat (E2) is shown in Fig. 2A-D. Key points worth
mentioning from Fig. 2 are: (1) there exists a circadian-like modu-
lation in the firing rate of the PS1 and PS2 activity both during the
control and the latent time periods; (2) there is no observed drift in
the firing rate of the PS1 and PS2 activity in the data obtained from
control rats (Fig. 2A and C); (3) during the latent period there is a
marked upward drift in the firing rate of PS1 and a corresponding
marked downward drift in the firing rate of the PS2 (Fig. 2B and
D); (4) the circadian-like modulation of firing rates of PS1 and PS2
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Fig. 1. (A) Sample 1 min trace of extracellularly recorded brain electrical activity
from the hippocampal CA1 area. Overlayed on the trace are the times of occurrences
of spontaneous population spikes, squares representing the type 1 population spikes
(PS1) and circles representing the type 2 population spikes (PS2), (B) mean shape
profile of PS1 and (C) mean shape profile of PS2.

are locked in-phase during the control period (Fig. 2E), while dur-
ing the latent period the two PS oscillate anti-phase with respect
to each other (Fig. 2F), with a marked shift in the rhythmic activ-
ity of PS1; (5) the average number of PS1 events per hour recorded
during the latent period in the three epileptogenic rats are signif-
icantly greater (p~0.0026; two-sample t-test) than that recorded
during the control period, while the average number of PS2 events
per hour are less (p~0.058; two-sample t-test) during the latent
period as compared to the pre-status epilepticus control period in
these rat (Fig. 2G and H).

In Fig. 3, we summarize the results on the phase shift in the
circadian-like firing activity of the two PS and the imbalance in their
firing rates during the latent period from the PS data obtained from
3 epileptogenic (E1, E2, E3) and 2 controls (C1, C2). The imbalance
in the firing rates is quantified by estimating the drift D = (df/dt) (f:
firing rate) in the firing activity of both PS1 and PS2 through a least-
squares fit of the drift in the baseline-firing rate to a straight line,
Af=D At+c. In Fig. 3A, we plot the mean value of D (with error
bars representing the standard error corresponding to 95% confi-
dence interval). From Fig. 3A, we see that, while the firing rates
are in balance (D~ 0) in controls, D >0 during the latent period in
epileptogenic rats (p ~0.0044, two-sample t-test). This implies an
evolving imbalance in the firing activity of the two PS. The phase
relationship between the circadian like firing activity of the PS1
and PS2 is quantified through a least squares-fit of the detrended-
modulo 24 firing rate data (detrending implies the removal of the
drift in the baseline of the circadian-like rhythm of firing rate) with
a sinusoidal function f(t)=asin(wt+b), with w=7.2722 x 107> Hz.
The phase is associated with the time Tx (X=PS1, PS2) of maximum
value obtained by f{t) and is given as: ®x =27 Tx/24. The mean value
of phase for the two PS (with standard error corresponding to 95%
confidence interval) is shown in Fig. 3B. The relative phase differ-
ence is quantified as A® = |Pps; — Pps;|. In-phase firing activity of
the two PS is considered to occur when A@® < 1r/2. We see that dur-
ing the control period, the two PS events are phase-locked with a
lag of around 7/4 radians, however during the latent period, the
phase lag increases to approximately 377/4 radians. The phase shift
A@® in the relative phase for the epileptogenic rat is significantly
greater than that for the control rat (p ~ 7.3775 x 10>, two-sample
t-test).

We have proposed a CC hypothesis, which suggests that the
evolving imbalance in the PS1 and PS2 firing rates is the result of an
abrupt phase-shift in their circadian activity. In order to study the
implications of this hypothesis in the context of our experimental
results as presented above, we consider a simple two-dimensional
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Fig. 2. In A-D we shown the firing rates of type 1 (PS1) and type 2 (PS2) population spikes recorded from a control rat (C1) and an epileptogenic rat (E2) during the latent
period. Red dotted lines represent the least-squares fit of the firing rate data to a function f{t)=at+ b sin((t+c) where w=7.2722 x 10~> Hz. The fitted line is shown as a guide
for the eye to follow the circadian pattern in the firing activity of PS. The gaps in the firing rate data (around day 5 in both control and latent period) reflect the absence of
recordings on those days due to technical problems. The phase of circadian oscillations of PS1 and PS2 from the control rat and the epileptogenic rat are shown in (E) and (F),
respectively. The red line is a least squares fit to the phase data with a function f(t) =« sin(wt + ), where w =27. The diurnal day-night cycle is shown in the background. The
dotted line in (B) and (D) shows the time of occurrence of the first spontaneous epileptic seizure. The average number of PS1 and PS2 events observed per hour during the
pre-status epilepticus control time period and the epileptogenic latent period in rat E2 are shown in (G) and (F), respectively.

Wilson-Cowan model for the interaction between the PS1 and PS2
activity. The Wilson-Cowan model describes the dynamics of inter-
action firing activities of populations of excitatory and inhibitory
neurons [23]. In the Fig. 4A and B, we show the schematic diagram
of the interactions between the PS in controls and the epilepto-
genic rats under the assumption that PS1 and PS2 represent the
synchronous firing of populations of excitatory and inhibitory neu-
rons, respectively. We have made two specific assumptions in the
development of our modified version of the Wilson—-Cowan model
for PS1 and PS2 interactions. (1) PS1 represents the synchronous fir-
ing of populations of excitatory neurons. This assumption is based
on the observation that the firing rate of PS1 during the latent period
of epileptogenesis increases as one gets nearer in time to the first
spontaneous seizure. (2) PS2 events represent the synchronous fir-
ing of population of inhibitory neurons. This assumption is based
on the observation that the firing rate of PS2 decreases during the
latent period of epileptogenesis. These assumptions allow us to
incorporate anatomical connectivity patterns within the CA1 region
[10,13,14] into the model to test our hypothesis that the relative
shift in the circadian phase results in a sustained increase in the
firing rate of PS1, and a concurrent decrease in the firing rate of

PS2. However, we note that our experimental approach of con-
tinuous long-term in vivo recording using a chronically implanted
microwire electrode array precludes us from conclusively demon-
strating the synaptic origin of the population spikes reported here.
In summary, epileptic seizures are known to be associated with
increased excitability within the CA1 pyramidal cells. Thus, the
association of PS1 patterns with excitation and the PS2 pattern with
inhibition conforms to the notion of increased excitation within
the hippocampus resulting in the development of spontaneous
epileptic seizures. If, then, within the framework of our modified
Wilson-Cowan model, we take a coupled pair of ordinary differ-
ential equations (ODEs) governing the evolution of X(t) and Y(t)
representing the firing rates of PS1 and PS2, respectively, we have:

dx

g = —X + S(A sin(wt + A®)+c1X — Y +P)
(1)
ty%( =Y + S(B sin(wt) + c3X — c4Y +Q)

where Ty<w™! and 1y<«w . Sx)=[1+exp(—ax)]"! is the
response function [23]. ¢; (j=1...4) represents the strength of local
interactions between the population of excitatory and inhibitory
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spikes during the control and the latent periods are shown in (A) and (B), respectively.

neurons in the CA1 area. The necessary condition for the cou-
pled pair of ODEs in Eq. (1), to exhibit intrinsic stable limit cycle
in absence of external sinusoidal driving (A=B=0) is, c; # 0 [17].
However, based on our assumptions (See Fig. 4A and B), c; repre-
sents the recurrent interaction between populations of excitatory
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Fig. 4. In A and B we present the schematic diagram of the interaction between the
type 1 (PS1) and the type 2 (PS2) population spikes in control and the latent period.
The PS1 and PS2 firing activity generated by the model (Eq. (1)) for the control and
the latent period are shown in (C) and (D). The model parameters are, A=0.5,B=0.25,
w=2m[25, Tx=1y =1, 1, =200, and p=0.025 for both the control and the latent time
periods. Q= 1.9 for control period and Q=0 for the latent time period.

neurons in the CA1 area that give rise to the PS1 activity. Moreover,
it is known from the anatomy of network connectivity within the
CA1 network, there are sparse recurrent connections between the
CA1 excitatory neurons [13]. Additionally, the synaptic time scale
of interaction between the populations of neurons in the CA1 is
much faster than the circadian-like activity of PS (Fig. 2). Therefore,
in our modeling of the firing activity of the two PS through Eq. (1)
above, we assume that the origin of circadian-like oscillations in
the hippocampal CA1 is from an external source. Although we are
not aware of any direct anatomical pathway into the CA1 through
which the circadian drive can influence the CA1 activity, there is
evidence for the influence of a circadian cycle or drive on synaptic
activity within the CA1 [2,6].

Accordingly, the circadian influence in Eq. (1) is modeled
through an external sinusoidal input to X and Y. A and B repre-
sent the strength of external circadian drive onto both PS1 and PS2
activity, respectively, and A @ represents the phase difference in the
time of circadian drive to the two classes of population spikes that
are modulated following brain injury. P represents the excitatory
input from the hippocampal CA3 Shaffer collateral-commissural
projections onto the CA1 excitatory neurons [1]. Q represents the
excitatory input onto the CA1 interneurons via the temporoam-
monic pathway from the layer IIl of the entorhinal cortex [14].
Finally, according to the CC hypothesis, the asymptotic strength
of interaction between the PS1 and PS2 activity, ¢ is considered
to be dependent on the phase-lag A® of the circadian input that
drives the PS1 and PS2 firing activity. The asymptotic strength of
the interaction terms is modeled through a linear dependence on
AP, cj°° = a; + Bj A and the differential equation governing the
evolution of ¢; is given by dc;/dt = (cjOC —¢j)/T, where 1 « o L.
The parameters used in our simulation example are (¢, o3, o3,
o4)=(0.65,-0.015,0,0.32) and (81, B2, B3, B4)=(0,0.05,0.1,0.5). In
Fig. 4C-F we show the output from our model, simulating the condi-
tions from our experimental findings (Figs. 2 and 3). For A® =37/4,
representing the condition observed in controls (Fig. 2A and C), we
see from Fig. 4C and E that the firing rates of both PS1 and PS2
exhibit circadian rhythmicity with the maintenance of balance in
the relative firing rate of two patterns. During the latency period,
there is a sudden shift in the phase of circadian drive onto two
populations of interacting neurons resulting in A® =3/4. This, in
turn, results in modulation in the interaction terms ¢; through the
homeostatic learning rule. Additionally, due to the selective loss of
neurons in layer III of the entorhinal cortex in the animal model of
limbic epilepsy [10], parameter Q = 0. As a result, there is a sudden
decrease in the firing rate of PS2 activity. The non-linear interaction
between the firing rates of PS through Eq. (1), then results in further
decrease in firing activity of PS2 and a corresponding increase in the
firing rate of PS1 activity (Fig. 4D and F). Thus, using the constraints
imposed through the CC hypothesis and the anatomy of network
connectivity within the CA1, this simple model (Eq. (1)) is able to
replicate our experimental finding of evolving imbalance in firing
activity of the two PS following brain injury.

All the simulation results presented above were performed
using a 4th order Runge-Kutta method for differential equations.
The source code will be made available from SST upon request.

In conclusion, we present experimental evidence for an evolving
imbalance in brain excitability following injury, as characterized by
the firing activity of the two distinct classes of PS. We note that
the synaptic origin of these PS events cannot be discerned in the
context of the experimental paradigm of continuous long-term in
vivo recordings of extracellular activity within the hippocampus.
We have shown that the imbalance in the PS firing rates is accom-
panied with a phase shift in the circadian rhythm of their relative
firing activity. Based on this experimental observation we have
proposed a circadian control mechanism for the phase-induced
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imbalance in the observed firing activity of the two PS. We test the
implications of the circadian control of PS activity using a modified
two-dimensional Wilson-Cowan model. Two key assumptions: the
recorded PS events in the hippocampal CA1 area represent interac-
tion between excitatory and inhibitory population of neurons, and
the firing rate of these PS is under circadian control, allowed us to
model the observed temporal dynamics of PS within the frame-
work of the Wilson-Cowan model, under the two conditions of
control and epileptogenic state of the brain, in order to elucidate
the circadian influence on the pathophysiology of an evolving brain
disease.

Acknowledgements

The National Institutes of Biomedical Imaging and Bioengineer-
ing (NIBIB) through Collaborative Research in Computational Neu-
roscience (CRCNS) Grant Numbers RO1 EB004752 and EB007082,
the Wilder Center of Excellence for Epilepsy Research, and the Chil-
dren’s Miracle Network supported this research. SST was partially
supported through fellowship award from the Epilepsy Foundation
of America.

Appendix A. Supplementary data

Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.neulet.2009.03.057.

References

[1] P. Andersen, T.V.P. Bliss, K.K. Skrede, Lamellar organization of hippocampal
excitatory pathways, Exp. Brain Res. 13 (1971) 222-238.

[2] C.A. Barnes, B.L. McNaughton, G.V. Goddard, R.M. Douglas, R. Adamec, Circa-
dian rhythm of synaptic excitability in rat and monkey central nervous system,
Science 197 (1977) 91-92.

[3] A.Bragin, G.Jando, Z. Nadasdy, M. van Landghem, G. Buzsaki, Dentate eeg spikes
and associated interneuronal population bursts in the hippocampal hilar region
of the rat, J. Neurophysiol. 73 (4) (1995) 1691-1705.

[4] R.P. Brenner, Eeg in convulsive and nonconvulsive status epilepticus, J. Clin.
Neurophysiol. 21 (2004) 319-331.

[5] G.Buzsaki, Hippocampal sharp waves: their origin and significance, Brain Res.
398 (1986) 242-252.

[6] D. Chaudhary, L.M. Wang, C.S. Colwell, Circadian regulation of hippocampal
long term potentiation, J. Biol. Rhythms 20 (2005) 225-236.

[7] H. Cline, Synaptogenesis: a balancing act between excitation and inhibition,
Curr. Biol. 15 (2005) R203-R205.

[8] R. Cossart, C. Dinocourt, J.C. Hirsch, A. Merchan-Perez, ]. De Felipe, Y. Ben-
Ari, C. Esclapez, M. Bernard, Dendritic but not somatic gabaergic inhibition is
decreased in experimental epilepsy, Nat. Neurosci. 4 (2001) 52-62.

[9] G.W. Davis, Homeostatic control of neural activity: from phenomenology to
molecular design, Ann. Rev. Neurosci. 29 (2006) 307-323.

[10] F.Du, R. Schwarcz, Amino-oxyacetic acid causes selective neuronal loss in layer
iii of the rat medial entorhinal cortex, Neurosci. Lett. 147 (1992) 185-188.

[11] L. El-Hassar, M. Milh, FE. Wendling, N. Ferrand, M. Esclapez, C. Bernard, Cell
domain-dependent changes in the glutamatergic and gabaergic drives during
epileptogenesis in the rat cal region, J. Physiol. 578 (2007) 193-211.

[12] M.S. Fee, P.P. Mitra, D. Kleinfeld, Automatic sorting of multiple unit neuronal
signals in the presence of anisotropic and non-Gaussian variability, J. Neurosci.
Methods 69 (1996) 175-188.

[13] W.B. Knowles, P.A. Schwartzkroin, Local circuit synaptic interactions in hip-
pocampal brain slices, J. Neurosci. 1 (1981) 318-322.

[14] ].C. Lacaille, P.A. Schwartzkroin, Stratum lacunosum-moleculare interneurons
of hippocampal cal region. ii. Intras-matic and intradendritic recordings of local
circuit interactions, J. Neurosci. 8 (1988) 1411-1424.

[15] R.R. Llinas, U. Ribary, D. Jeanmonod, E. Kronberg, P.P. Mitra, Thalamocortical
dysrthythmia: a neurological and neuropsychiatric syndrome characterized by
magnetoencephalography, Proc. Natl. Acad. Sci. 96 (1999) 15222-15227.

[16] E.W. Lothman, E.H. Bertram, J.W. Bekenstein, ].B. Perlin, Self sustaining limbic
status epilepticus induced by continuous hippocampal stimulation; electro-
graphic and behavioral characteristics, Epilepsy Res. 3 (1989) 107-119.

[17] L.H.A. Monteiro, M.A. Bussab, BJ.G. Chaui, Analytical results on Wilson-Cowan
neuronal network modified model, J. Theor. Biol. 219 (2002) 83-91.

[18] J.L. Rubenstein, M.M. Merzenich, Model of autism: increased ratio of excita-
tion/inhibition in key neural systems, Genes Brain Behav. 2 (2003) 255-267.

[19] J.C.Sanchez, T.M. Mareci, W.Norman, . Principe, W.L. Ditto, P.R. Carney, Evolving
into epilepsy: multiscale electrophysiological analysis and imaging in an animal
model, Exp. Neurol. 198 (2006) 31-47.

[20] H.S. Singer, K. Minzer, Neurobiology of tourette’s syndrome: concepts of neu-
roanatomic localization and neurochemical abnormalities, Brain Dev. 25 (2003)
S70-S84.

[21] S.S.Talathi, D.U. Hwang, M.L. Spano, J. Simonotto, M.D. Furman, S.M. Myers, J.T.
Winters, W.L. Ditto, P.R. Carney, Non-parametric early seizure detection in an
animal model of temporal lobe epilepsy, ]. Neural. Eng. 5 (2008) 85-98.

[22] A. Wassef, J. Baker, L.D. Kochan, Gaba and schizophrenia: a review of basic
science and clinical studies, J. Clin. Psychopharmacol. 23 (2003) 601-640.

[23] H.R. Wilson, ].D. Cowan, Excitatory and inhibitory interactions in localized pop-
ulations of model neurons, Biophys. J. 12 (1972) 1-24.

Neurosci. Lett. (2009), doi:10.1016/j.neulet.2009.03.057

Please cite this article in press as: S.S. Talathi, et al., Circadian control of neural excitability in an animal model of temporal lobe epilepsy,



dx.doi.org/10.1016/j.neulet.2009.03.057
http://dx.doi.org/10.1016/j.neulet.2009.03.057

	Talathi_JCNS_2011
	Control of neural synchrony using channelrhodopsin-2: a computational study
	Abstract
	Introduction
	Methods
	Model neuron and synapse
	Model for channel kinetics of ChR2
	Time response curves

	Results
	Estimating the model parameters for ChR2 channel kinetics
	Analysis of 1:1 synchrony in the UCI network
	Open loop control architecture for inducing 1:1 in-phase synchrony in the UCI network
	Closed loop control architecture to enhance robustness of 1:1 in-phase synchrony in the UCI network
	Closed loop control of the UCI network in the presence of feedback synaptic coupling

	Discussion
	References



	Talathi_JCompNeurosci_2008
	Spike timing dependent plasticity promotes synchrony of inhibitory networks in the presence of heterogeneity
	Abstract
	Introduction
	Methods
	Model neuron
	Spike time response curve (STRC)
	Spike timing dependent plasticity of inhibitory synapses
	Inhibitory neuronal network

	Results
	Single self inhibited neuron
	Spike time scheme for the analysis of iSTDP induced synchrony
	iSTDP induced synchrony in the UCI
	Numerical simulations
	Stability analysis of UCI synchrony by STRC
	Arnold tongue of UCI
	In-phase synchrony in the UCI induced by iSTDP
	Synchrony in the UCI and dependence on initial synaptic strength

	iSTDP induced synchrony in the MCI

	Discussion
	References



	Talathi_NeurosciLett_2009
	Circadian control of neural excitability in an animal model of temporal lobe epilepsy
	Acknowledgements
	Supplementary data
	Supplementary data




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for journal articles and eBooks for online presentation. Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <FEFF004a006f0062006f007000740069006f006e007300200066006f00720020004100630072006f006200610074002000440069007300740069006c006c0065007200200037000d00500072006f006400750063006500730020005000440046002000660069006c0065007300200077006800690063006800200061007200650020007500730065006400200066006f00720020006f006e006c0069006e0065002e000d0028006300290020003200300031003000200053007000720069006e006700650072002d005600650072006c0061006700200047006d006200480020>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


