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Abstract

Synchronization of neural activity in the gamma frequency band is associated with various cognitive phenomena.
Abnormalities of gamma synchronization may underlie symptoms of several neurological and psychiatric disorders such as
schizophrenia and autism spectrum disorder. Properties of neural oscillations in the gamma band depend critically on the
synaptic properties of the underlying circuits. This study explores how synaptic properties in pyramidal-interneuronal
circuits affect not only the average synchronization strength but also the fine temporal patterning of neural synchrony. If
two signals show only moderate synchrony strength, it may be possible to consider these dynamics as alternating between
synchronized and desynchronized states. We use a model of connected circuits that produces pyramidal-interneuronal
gamma oscillations to explore the temporal patterning of synchronized and desynchronized intervals. Changes in synaptic
strength may alter the temporal patterning of synchronized dynamics (even if the average synchrony strength is not
changed). Larger values of local synaptic connections promote longer desynchronization durations, while larger values of
long-range synaptic connections promote shorter desynchronization durations. Furthermore, we show that circuits with
different temporal patterning of synchronization may have different sensitivity to synaptic input. Thus, the alterations of
synaptic strength may mediate physiological properties of neural circuits not only through change in the average synchrony
level of gamma oscillations, but also through change in how synchrony is patterned in time over very short time scales.
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Introduction

Synchronization is a widespread phenomenon in neuro-
science, and it likely plays a crucial role in brain functions
through collectively established neuronal behavior (e.g.,
Buzsaki 2006). Synchronization rarely stays perfect over
prolonged intervals of time. Moreover, imperfect and
transient synchronization may be functionally effective
(e.g., Borgers et al. 2014; Palmigiano et al. 2017), and
there are several considerations of how imperfectly
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synchronized regimes may arise in neural systems (e.g.,
Chouzouris et al. 2018; Bansal et al. 2019; Kanagaraj et al.
2024). If synchrony is not perfect, there are intervals of
time when signals are in (or very close to) the synchronized
state, and intervals of time when signals are not close to the
synchronized state. Even though synchronization of oscil-
lations is not an instantaneous phenomenon as it implies
repetitive temporal coordination of oscillatory signals, it is
possible to consider if signals are synchronized or not at
each cycle of oscillations (as long as there is a statistically
significant synchrony overall). Data analysis techniques to
analyze this temporal patterning of synchronization on very
short time scales have been developed over the last decade
(e.g., Park et al. 2010; Ahn et al. 2011; Ahn and
Rubchinsky 2013). This analysis of synchronization traces
how signals get in and out of synchronized state in time. It
allows ones to distinguish cases of many short desyn-
chronizations, a few long desynchronizations, and a wide
spectrum of possibilities in between them, even if they all
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have the same average synchronization strength. The latter
situation—same average synchronization, but different
temporal patterning of synchronized dynamics has been
observed in several experiments (Ahn et al. 2014, 2018).

Neural synchronization in the gamma frequency band
has been studied extensively because of its significance for
facilitation of interneuronal communication, memory for-
mation, and a variety of cognitive phenomena (e.g., Fell
and Axmacher 2011; Colgin 2011; Buzsaki and Schomburg
2015; Fries 2015). Abnormalities of gamma rhythm syn-
chronization are related to schizophrenia (e.g., Uhlhaas and
Singer 2010, 2015; Spellman and Gordon 2015; Pittman-
Polletta et al. 2015) as well as to autism spectrum disorders
(e.g., Sun et al. 2012; Malaia et al. 2020). Thus, the
objective of this study is to use computational neuroscience
techniques to look at the gamma rhythm synchronization in
the context of imperfect synchronization and the temporal
patterning of synchronous activity.

Properties of gamma-band oscillations in cortical cir-
cuits substantially rely on the properties of cortical
synapses (e.g., Ermentrout and Kopell 1998; Buzsdki and
Wang 2012; Salkoff et al. 2015; Borgers 2017). Thus, we
consider how synaptic changes may affect the temporal
patterning of synchronized activity. We approach the study
of synchronization dynamics from time-series analysis
angle (which may make it more experimentally relatable).
We use a medium-size conductance-based pyramidal-in-
terneuron gamma (PING) network to investigate the effects
of synaptic connections on the temporal dynamics of syn-
chronization. A preliminary study with a very small net-
work of excitatory and inhibitory neurons suggested that
variation of synaptic strength does affect the temporal
patterning of imperfect synchronization (Nguyen and
Rubchinsky 2021). Moreover, there were suggestions that
different temporal patterning can affect how a partially
synchronized network responds to an external input even if
the average synchronization strength is the same (Ahn and
Rubchinsky 2017), so we consider this issue here too.
Given the importance of gamma-band synchronization for
many neural functions, understanding the mechanisms and
effects of different temporal patterning of this synchro-
nization will advance comprehension of the connections
between neural physiology and neural functions.

Methods

Model neurons

The network has two circuits with models following
(Borgers et al. 2012; Borgers 2017). While there are dif-

ferent modeling approaches to the synchronized gamma
rhythm, this modeling choice provides a reasonable
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combination of simplicity and complexity as it retains the
kinetics of membrane currents facilitating gamma activity.
Each circuit has a population of pyramidal neurons and a
population of interneurons, see Fig. 1A. Each neuron is
modeled by a single compartmental conductance-based
model. The equation assumes that the cell membrane

behaves like a capacitor (CV = Qor CL = Luemprane)-

Thus, the transmembrane voltage has the below
formulation:

av
CmE:_INa_IK_IL_Isyn +Iapp (l)

The transient sodium current is given by Iy, =
grva(V = vva) = gna®h(V — vy,) where gy, is the (volt-
age-dependent) conductance of the sodium channel, gy, is
maximal conductance, and vy, is the reversal potential, m
and h are voltage-dependent gating variables.

The timescale of the activation variable m is signifi-
cantly smaller than the time scale of other activation
variables; m is assumed instantaneous and thus substituted
by its steady-state function,

m =5V (V) + (V)

, with
_032(V+54) ~028(V +27)
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for inhibitory neurons (Wang and Buzsaki 1996).
The inactivation variable & obeys the first-order kinetics:

dh
= a(V)(1=h) = B (V)h )
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for excitatory neurons (Traub and Miles 1991) and
V458 5
xp 10
(6)
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Fig. 1 Schematic and the activity of the network. A Full model
circuitry with 2 individual circuits. Each circuit has an excitatory
population E and an inhibitory population 1. Excitatory connections
(8g1-8Ee> CEr, ceg) are portrayed with black arrows. Inhibitory
connections (g;z.8y Cig, cir) are portrayed with gray arrows. Solid
and dotted arrows indicate within-network connection g, and cross-
network connection c, respectively. The random connectivity matrix
has probability P, for within-network connections and p, for cross-
network connections. B Raster plot of a network activity in one
network from a particular simulation using the default parameter
values. Each dot stands for a spike, black dots are for excitatory

for inhibitory neurons (Wang and Buzsaki 1996). oy, can be
interpreted as the time rate such that the closed gates open,
and f3, is the time rate such that the open gates close.
The persistent potassium current is described as Ix =
gx(V —vk) = ggn*(V — vk) where gj is the potassium
channel conductance, g is maximal conductance, and vk
is the reversal potential.
The activation function n obeys first-order kinetics:
dn
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neurons, and grey dots are for inhibitory neurons. C Local field
potential of the network activity depicted in B is shown in gray line;
the filtered curve of the field potential is shown in black line; the sine
of the phase of the field potential is shown in dotted black line. D sin
of ¢(t), where ¢(¢) is the phase of the field potential, for circuit 1
(solid curve) and circuit 2 (dotted curve). Circles and stars indicate
the values of the sine of phase of one signal when the phase of the
other signal crosses zero from below (see Methods, circles are
synchronized states and stars are desynchronized states). E The
histogram of desynchronization durations of the dynamics of the
network in B; the mode is 1 (black bin)

0.032(V + 52 V457
(V) = e ) =0sen(- )
1 —exp (— 5 )

(3)

for excitatory neurons (Traub and Miles 1991) and

0.05(V + 34 V + 44
1 —exp (— 10 )

©)

for inhibitory neurons (Wang and Buzsaki 1996). Similar
as above, o, can be interpreted as the time rate such that the
closed gates open, and f3,, is the time rate such that the open
gates close.

Note that the formulation of oy, ,,, 8, and 3, in Egs. (6)
and (9) for inhibitory neurons mimics the fast-firing
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parvalbumin-positive (PV +4) basket cells that play an
important role in generating gamma rhythm because they
can sustain high-frequency firing (Wang and Buzsdki
1996).

Furthermore, I;, = g;(V — v.) is the leak current where
g; is the leak conductance and vy is the reversal poten-
tial.Next, I,,, is the injected current. Excitatory neurons
C,= l,uF/cmz, VNe = 50mV, vg = —100mV,
v, = —67mV, gy, = 100mS /em?, gk =
80mS/cm?, and gy, = 0.1 mS/cm*  (Traub and Miles
1991). Inhibitory neurons have C,, = l,uF/ cm?, vy, =
SOmV, Vg = —lOOmV, v, = —67111\]7 8Na —
100 rnS/cr1127 gk = 80mS/cm2, andgp = 0.1 mS/c:m2
(Wang and Buzsaki 1996).

have

Model synapses

The synaptic current is Iy, = g;‘yn(t)(me — Vo) =
8synS(1) (V,,(,Sl — vxy,,) . Here, gjyn(t)is a voltage-dependent
synaptic conductance, Vs is the potential of the postsy-
naptic cell, and vy, is the reversal potential of the synapse.
We set vy, =0 mV for the AMPA-receptor-mediated
excitatory synapse and vy, = —80mV for the GABA-re-
ceptor-mediated inhibitory synapse (Borgers et al. 2012;
Borgers 2017).

ds l—s s
E :H(Vpre)r—r_a (10)

Vv
1+tanh(-5<) . . .
here, H (V,,,e) :# is instantaneous and of sig-

moidal form with H(V,.)~0 when V,, <0 and
H (Vp,.e) ~ 1 whenV, > 0. The synaptic rising time is
7, = 0.lms for the AMPA-receptor-mediated excitatory
synapse and 7, = 0.3ms for the GABA-receptor-mediated
inhibitory synapse. The synaptic decay time t, is 7; = 3ms
for the AMPA-receptor-mediated excitatory synapse and is
14 = 9ms for GABA-receptor-mediated inhibitory synapse.
These parameters are taken from (Borgers et al. 2012;
Borgers 2017).

Model network

The model consists of two interconnected networks. Each
network has Ng = 40 excitatory neurons and N; = 10
inhibitory neurons. The ratio of excitatory neurons over
inhibitory neurons (40/10 = 4) is the approximate ratio of
glutamatergic to GABAergic neurons in the cortex (Sahara
et al. 2012). While a network of excitatory and inhibitory
neurons can generate oscillations of various frequency, the
firing frequency depends significantly on the strength of the
inhibitory synaptic and external inputs. We describe how
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we chose the values of synaptic strength and external drive
in the next three paragraphs.

The synaptic strength is g, for a connection between
neurons within a circuit and c.for a connection between
neurons from different circuits. The presence of coupling
between each neuron is randomly assigned with the prob-
ability P, for within-network connection and p, for cross-
network connection, see Fig. 1A. For each combination of
parameters, we generated 50 random connection matrices,
simulated these 50 networks, and analyzed the mean
results. To make sure that local connections are more dense
than distant connections, we set P, = 4p,. The symbol *
stands for an excitatory-to-inhibitory connection (EI), an
inhibitory-to-excitatory connection (IE), and an inhibitory-
to-inhibitory connection (II). Thus, we have (gg, &:x, &11)
and (Pgy, Pig, Pyy) as the connection strength and the con-
nection probability, respectively, for intra-network cou-
pling. Similarly, (cgr,cig,cn) and (pg, pig,py) are the
connection strength and the connection probability,
respectively, for inter-network coupling. The excitatory to
excitatory connection does not play a significant role in
gamma oscillation (Borgers 2017; Ermentrout and Kopell
1998); thus, we do not consider them in our model, neither
within the networks nor between networks (so that the
question of whether this coupling will affect the dynamics
is left out of the present study, but the modeling approaches
all synapses in a uniform manner). Additionally, there are
no recurrent connections between the same neurons.

The default values for synaptic strength between neu-
rons are g = 0.0125,g, = 0.075, g;r = 0.35;cg; =
0.01, ¢y = 0.04,¢c;g = 0.04. Connection probabilities are
PE] = O.4,P]1 = O.4,PIE = 0'4;pEl =
0.1,py =0.1,p;r = 0.1. The schematic of the model is
portrayed in Fig. 1A. A similar model structure has been
used in (Borgers et al. 2012; Borgers 2017; Quax et al.
2017; Dumont and Gutkin 2019).

Each neuron receives a constant current /,,, of different
magnitude. It is drawn from Gaussian distribution:

Lapp ~ u(1 + N (0, 0)) (11)

where p and o are chosen differently for each population so
that each network fires at a slightly different frequency. In
the slower network,
ug =3.5,0g =0.15;4; =0.25,0; =0.2. In the faster
network, pp =3.5,05 =0.15; 4, =0.2,0; = 0.2.

The simulations are performed using adaptive Runge—
Kutta-Fehlberg 45 (rkf45) method in the GNU Scientific
Library of the software Brian 2 (Stimberg et al. 2019) The
network activity is recorded with time step of Az = 0.05ms.
An illustration of network activity from a particular sim-
ulation for the default parameter set is presented in Fig. 1B.
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Time series analysis

For each network, we compute a mean-field-like quantity,
which can be considered as a proxy for a local field
potential (LFP), a signal which is commonly recorded in
in vivo neurophysiological studies. While the actual origin
of LFP may be a complicated matter, we will refer to this
mean-field signal as LFP for the sake of simplicity. It is
computed as the mean of the total synaptic current into a
neuron:

1,
LFP :N;IM (12)

where N = Ng + Ny, and If;yn is the total synaptic current
into neuron i. The mechanisms behind formation of LFP
are complicated and may include factors beyond synaptic
currents (e.g., Buzsaki et al. 2012). However, since our
model is concerned with the synchronization between
networks and does not have geometrically realistic neu-
roanatomy, this mean-field-like signal is selected as a
network activity variable and is referred to in this paper as
LFP. Figure 1C (gray line) illustrates an example of sim-
ulated LFP. This is not the only possible variable to use to
study synchronization dynamics, but it lets one put this
study in the context of experimental studies of the temporal
patterning of synchrony as those mostly use mean field-like
variables.

The LFP signals are band-pass filtered with a 20-60 Hz
spectral window to detect the activity in the low gamma
band. We use a Kaiser window digital finite impulse
response (FIR) filter sampled at 10 kHz; band-pass 20—
60 Hz with ripple 5%, stop-band 0-2 Hz with ripple 1%.
Then, zero-phase filtering is used to avoid phase distortion.
Hilbert transform is implemented to compute the phase of
the filtered signals; we call ¢,(¢) and ¢,(¢) the phase of
LFP signals from circuits 1 and 2, respectively. The phase
difference between the two signals at any time point ¢ can

be represented as a vector &(1) = ' ?'0"*in the com-
plex plane. Averaging these vectors across all time points
yields the average synchronization index (or the strength of
phase locking between the two signals) (Pikovsky et al.
2001; Hurtado et al. 2004), shown below

1 &
y=|l=—) & 13
I57; 2 €0l (13)
here, N7 is the number of timepoints, and I.Il is the mod-
ulus of a complex number. Figure 1C shows an example of
sine of phase ¢,(f) (in gray). The value of y falls in
between 0 (no synchrony or complete lack of phase lock-
ing) and 1 (full synchrony or perfect phase locking). If the
vectors ((#) point to similar direction (i.e. the phase

differences @, (t) — @,(¢) are similar) for many timepoints
t, the synchronization index y is expected to be closer to 1
than 0. In essence, y measures phase synchronization (or
phase locking) between two signals. Finite data length may
lead to non-zero values of y even for uncoupled oscillators.
But most of our results have synchronization index
between 0.1 and 0.6 (0.1<y<0.6). Within this range,
there is a preferred phase locking angle. Thus, though it is
not a very rigorous definition, from a practical perspective,
the dynamics within this range of 7 can be practically
considered as partially, moderately, and imperfectly
synchronized.

We apply the method used in earlier studies of temporal
patterning of synchrony in electrophysiological data (Park
et al.2010; Ahn et al. 2011, 2014; Ahn and Rubchinsky
2013) to characterize the temporal patterning of synchro-
nization. The detailed description of this time-series anal-
ysis has been published earlier (Park et al. 2010; Ahn et al.
2011; Rubchinsky et al. 2012); we will briefly summarize
the approach below. When ¢, (tj) crosses zero from neg-
ative to positive values, we record the value of ¢, (#;) to a
set of phase differ-
ence{d, = @, (1)@, (;) > 0 and ¢,(1,-;) <0}. The val-
ues ¢; cluster around some mean, called preferred phase
difference, if the signals are partially synchronized. At a
cycle i, if ¢, is more than 7/2 away from the preferred
phase difference, the signals are classified as being
desynchronized; otherwise, they are synchronized. The
duration of desynchronization is computed as the number
of consecutive desynchronized cycles.

The modeled network is moderately synchronized; it
comes in and out of synchronous state. To characterize this
temporal patterning of synchronization, we use the distri-
bution of desynchronization duration. We consider the
mode of this distribution (i.e. the most common desyn-
chronization duration), the probability (the relative fre-
quency) of the modal desynchronization duration, the
average desynchronization duration, and the so-called
desynchronization ratio. A desynchronization ratio is the
ratio of the frequency of desynchronization episodes last-
ing for 1 cycle to the frequency of desynchronization epi-
sodes lasting for 5 cycles or more. This characteristic was
used in previous experimental studies (Ahn et al.
2014, 2018; Malaia et al. 2020) and the computation study
(Nguyen and Rubchinsky 2021). This quantity informs if
the system is biased toward short desynchronization (large
ratio) or long desynchronization (small ratio).

Figure 1D, E shows an example of dynamics with short
desynchronizations. Panel D illustrates a short segment of
the time series (sine of phase ¢, (¢)) for each circuit; the
demonstration indicates that the time series from two cir-
cuits come in and out of synchronization over time. The

@ Springer



Cognitive Neurodynamics

distribution of desynchronization durations is shown in
panel E. It has mode 1(the most common desynchroniza-
tion duration lasts 1 cycle of oscillation). The imperfect
synchronization dynamics is due to the effects of moderate
coupling and heterogeneity (there is no noise considered in
this study).

Results

Here we present the results of our study of the effect of
synaptic excitation (Section “Effect of synaptic excitation
on the temporal patterning of intermittent synchroniza-
tion”), synaptic inhibition (Sections “Effect of synaptic
inhibition synapse on the temporal patterning intermittent
synchronization”), and kinetics of delayed-rectifier potas-
sium channel (Section “Effect of current kinetics parame-
ters on the temporal patterning of intermittent
synchronization”) on the temporal profile of synchroniza-
tion in a pyramidal interneuron gamma rhythm network.
These parameters are varied independently of each other.
The major objective of the study is to show how biologi-
cally reasonable network changes may lead to the changes
in the temporal patterning of synchronous dynamics. This
approach to parameter change allows for addressing this
issue without the need to analyze the system in a high-
dimensional parameter space (even though the latter would
likely reveal more dynamically rich phenomena). Since the
connections and the inputs are random, we ran 50 simu-
lations for each combination of parameters. The results are
presented as mean values and their standard errors. The
ranges of parameters, in each case, are chosen so that the
mean firing rate of the networks are around the high 20’s
Hz or low 30’s Hz to the high 30’s Hz, so that the ranges
are close to the low gamma band.

We also consider the response of networks with differ-
ent temporal patterning of neural synchrony to periodic
input signals (Section “Different temporal patterning of
synchronized activity leads to variation in network sensi-
tivity to input signal”).

Effect of synaptic excitation on the temporal
patterning of intermittent synchronization

In this section, we describe how the temporal patterns of
synchronization are affected by changes in the strength of
excitatory synapses. We start with varying the local exci-
tatory connection strength gg; from 0.009 to 0.02. The
changes of dynamics properties are provided in the Fig. 2,
left column. The mean value of frequency of activity
decreases from 34 to 28 Hz. The mean value of synchro-
nization index decreases from 0.25 to 0.11 (Fig. 2A). The
distribution of desynchronization durations has a mode of 1
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cycle of oscillations in almost all simulations of all cases.
The probability of desynchronization duration lasting 1
cycle is shown in Fig. 2B, and it decreases from 0.49 to
0.36, indicating that desynchronizations are becoming
longer. Figure 2B also demonstrates the probability of
desynchronization duration lasting 5 cycles or more; this
quantity increases from 0.10 to 0.22. The inset shows the
probability of desynchronization duration lasting 2 cycles
(solid), 3 cycles (dashed), and 4 cycles (dotted); these
values stay relative constant. This is illustrated with two
histograms, B1 (gg; is small) and B2 (gg; is big). In these
two histograms, the probability of desynchronization
duration lasting 1 cycle and that of 5 cycles or more change
substantially while those of 2 cycles, 3 cycles, and 4 cycles
remain relatively similar.

The mean value of average desynchronization duration
shows an increasing trend (Fig. 2C), from 2.20 to 3.15 The
mean value of desynchronization ratio, in general, has a
decreasing trend (Fig. 2D), from 6.53 to 2.29. All these
suggest the intermittent synchrony shows longer desyn-
chronizations with the increase of g;.

Variation of inter-network excitatory synapses strength
cg; shows the opposite trend, Fig. 2, right column. The
mean value of frequency of activity decreases from 34 to
30 Hz when cg; goes from O to 0.02. The mean value of
synchronization strength (in contrast with g, variation)
substantially increases from 0.04 to 0.24 (Fig. 2A). The
distribution of desynchronization durations has a mode of 1
cycle of oscillations for most of the considered values of
cg; The mean values of probability of desynchronization
duration lasting 1 cycle increases from 0.29 to 0.53
(Fig. 2B) while the mean values of probability of desyn-
chronization duration lasting 5 cycles or more decreases
from 0.26 to 0.11 (Fig. 2B). Similar to the case of gg;
variation, the mean values of probability of desynchro-
nization duration lasting 2 to 4 cycles do not vary signifi-
cantly. Histograms B3 and B4 show examples of the
distribution of desynchronization duration for small and
large values of cgy, respectively. The average desynchro-
nization duration shows a decreasing trend from 3.61 to
2.30 (Fig. 2C); the desynchronization ratio generally has
an increasing trend from 1.26 to 6.30 (Fig. 2D). Thus, the
intermittent synchrony shows shorter desynchronizations
with the increase of cg;. Overall, the effects of gz; and cgy
are opposite: stronger local synapses longer desynchro-
nization durations while stronger distant synapses promote
shorter desynchronization durations.
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Effect of synaptic inhibition synapse
on the temporal patterning intermittent
synchronization

Inhibitory to excitatory connections

We vary local connection g,z from 0.3 to 0.4 to examine its
role on the temporal dynamics of synchronization, see
Fig. 3 left column. In this range, the firing frequency
decreases from 34 to 29 Hz. The mean value of synchro-
nization strength decreases mildly from around 0.22 to
around 0.17 (Fig. 3A). The relative frequency of desyn-
chronization duration lasting 1 cycle is shown in Fig. 3B;
the distribution of desynchronization duration has mode 1
in all cases. The relative frequency of 1 cycle does not
show any particular trend, staying around 0.44-0.47.
Similar, the probability of desynchronization duration
lasting 2 cycles, 3 cycles, 4, cycles, and 5 cycles or more
stay relatively constant, hovering around 0.10 and 0.15.
Histograms B1 and B2 show examples of the distribution
of desynchronization duration. Both histograms are rela-
tively similar.

Similarly, the average desynchronization duration
(Fig. 3C) does not show a clear trend of either increasing or
decreasing, its values vary between 2.42 and 2.75. The
desynchronization ratio (Fig. 3D) varies more noticeably
between 3.47 and 6.19. In conclusion, there is no clear
trend for the temporal dynamics of synchronization
observed in the case of g;;; relative frequency of cycle 1
and other cycles, average values, and the desynchroniza-
tion ratio fluctuate in the domain of g.

The effect of inter-network connection c;z on intermit-
tent synchronization is illustrated in Fig. 3, right column.
The frequency decreases from 32 to 30 Hz with ¢z for cjg
in between 0 to 0.2 The synchronization index increases
from 0.14 to 0.39 (Fig. 3A). The mode of the desynchro-
nization distribution is mostly 1. The mean value of the
probability of desynchronization duration lasting 1 cycle
increases from 0.4 to 0.62, and the mean value of the
probability of desynchronization duration lasting 5 cycles
or more decreases from 0.18 to 0.04 (Fig. 3B). The mean
values of the probability of desynchronization duration
lasting 2 cycles and 3 cycles stay relatively constant while
that of the 4 cycles shows a mild decreasing trend.
Examples of the distribution of desynchronization dura-
tions for small ¢z and large c;gare shown in histograms B3
and B4, respectively.

Average desynchronization duration decreases, with the
mean values going from 2.89 to 1.71 (Fig. 3C). Desyn-
chronization ratio increases, with the mean values going
from 2.78 to 11.25 (Fig. 3D). In essence, while change of
gir does not elicit substantial change in the dynamics of
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desynchronizations, increasing distant connection c;r pro-
motes shorter desynchronization.

Inhibitory to inhibitory connections

Next, we examine the effect of local coupling among
inhibitory neurons on pattern of synchronization by varying
gy from 0.03 to 0.25 (Fig. 4, left column). The mean firing
frequency increases from 26 to 40 Hz. The synchronization
index drops drastically from 0.36 to 0.05 for values of g
between 0.03 and 0.14; it then remains small for g, values
greater than 0.16 (Fig. 4A). The probability of desyn-
chronization duration lasting 1 cycle depicts a prominent
decreasing trend; the mean value goes from 0.50 to 0.32
(Fig. 4B). The probability of desynchronization duration
lasting 5 cycles or more increases drastically from 0.07 to
0.32. While the probability of desynchronization duration
lasting 3 or 4 cycles stays relatively constant, that of 2
cycles shows a clear decreasing trend from 0.23 to 0.14.
Histograms B1 and B2 illustrate desynchronization dura-
tions for the cases of small g and large g,

Figure 4C demonstrates the average desynchronization
duration, mean value increasing from 2.14 to 4.08. Fig-
ure 4D depicts the change of the desynchronization ratio;
this quantity shows an obvious decreasing trend, mean
value going from 8.08 to 1.21. In brief, the duration of
desynchronizations increases for larger values of g;.

While a comprehensive study of the size effect is
beyond the scope of our paper, we performed a limited
simulation varying g, using 100 neurons and 250 neurons
in each circuit. The result presented here is consistent for
larger models; we observed that desynch duration increases
as gy increases.

The effect of inter-network connections between inhi-
bitory neurons is shown in Fig. 4, right column. The firing
rate increases slightly from 30 to 33 Hz when cy; is varied
from 0 to 0.2. The synchronization index remains relatively
constant, mean value fluctuating around 0.2, see Fig. 4A.
Similarly to all the cases considered above, the distribution
of synchronization has mostly mode 1.

The probability of desynchronization duration lasting 1
cycle depicts a mild increasing trend, mean value going
from 0.4 to 0.51, see Fig. 4B. The probability of desyn-
chronization duration lasting 3 or 4 cycles stay relatively
constant. On the other hand, the probability of desyn-
chronization duration lasting 2 cycles and that of 5 cycles
or more shows a mild decreasing trend, decreasing from
0.22 to 0.18 and from 0.16 to 0.12, respectively. Examples
of the distribution of desynchronization distributions for
small cjand large cj; are shown in histograms B3 and B4.
The mean value of average desynchronization duration
decreases from 2.72 to 2.33 (Fig. 4C). The mean value of
desynchronization ratio increases from 3.82 to 6.31
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(Fig. 4D). In conclusion, larger values of ¢y tend to pro-
duce shorter desynchronization dynamics.

Effect of current kinetics parameters
on the temporal patterning of intermittent
synchronization

Earlier modeling studies of very small networks of exci-
tatory coupled Morris Lecar neurons (Ahn and Rubchinsky
2017) and of pyramidal neurons and interneurons (Nguyen
and Rubchinsky 2021) demonstrated that the timescales of
the potassium delayed-rectifier current kinetic can alter the
temporal dynamics of synchronization. While it is not clear
if this kinetics can be easily altered in an experiment, we
aim to see if similar effects exist in a more biologically
realistic network investigated in the present study.

For each neuron, the activation time constant of potas-
sium channel is rewritten as:

(V) 1 1

RTAGEYAG (14)

where a,(V) and f8,(V) are the opening and closing func-
tion of potassium channel (see section Methods, Eqs. 8 and
9). Here, parameter ¢ changes the peak value of the volt-
age-dependent activation time constant 7,(V). When eis
small, the activation of the potassium current is slower. The
voltage waveform has characteristically spiky shape, and
the underlying dynamical system is a relaxation oscillator.
When ¢ is large, the activation of the potassium current is
faster. The waveform becomes more sinusoidal, and the
oscillator is more harmonic.

The impact of ¢ on the synchronization dynamics is
presented in the left column of Fig. 5. When ¢ is varied
from 0.28 to 2.96, the firing frequency varies from 28 to
38 Hz. Figure 5A (left) shows the effect of ¢ on synchro-
nization index, which is decreasing from 0.30 to 0.01. The
mode of desynchronization durations distribution is mostly
1. The probability of desynchronization duration lasting 1
cycle decreases from 0.45 to 0.30 while the probability of
desynchronization duration lasting 5 cycles or more
increases from 0.12 to 0.36. It is noteworthy that the latter
probability is bigger than the former probability for values
of €¢>2.6 (Fig. 5B). Moreover, while probability of
desynchronization duration lasting for 3 or 4 cycles remain
relatively constant, that of 2 cycles first increases from 0.21
to 0.24 (for e values between 0.28 and 0.82) and then
decreases to 0.12 (when e > 0.82). Histograms of desyn-
chronization durations for some cases of ¢ are shown in
histograms B1 and B2.

Furthermore, the average desynchronization duration
increases from 2.46 to 4.39 (Fig. 5C), and the desynchro-
nization ratio decreases from 4.46 to 0.87 (Fig. 5D). In
essence, small values of ¢ (which produce relaxation

oscillations and more spiky waveforms) promote short
desynchronizations while large values of ¢ promote longer
desynchronizations.

Following the aforementioned modeling studies in small
networks, we also vary the width of voltage-dependence of
the activation time-constant of potassium current. We
parametrize o,(V) and f3,(V) as:

O 0.032(V+52) B 1V +57
an( ) - ( v+ 52) ) ﬁn(v) - 05€Xp<7ST)
P-exp( =575

(15)

for excitatory neurons, and

0.05(V +34) B 1V +44
(V) = vt 34 B,(V) = O.625€xp(—3 %0 )
b=exe( =510

(16)

for inhibitory neurons. Increasing the value of J increases
the range of voltages where voltage-dependent activation
time constant 7,(V) is large, thus effectively slowing the
current.

The impact of ¢ on synchronization dynamics is pre-
sented in the right column of Fig. 5. We vary ¢ from 0.1 to
1.2, and the frequency varies first goes from 38 to 30 Hz
(0.1 <9<0.6) and then increases to 34 Hz (6 > 0.6). The
synchronization index increases from 0.09 to 0.26
(Fig. SA). The mode of desynchronization durations dis-
tribution is mostly 1. The probability of desynchronization
duration lasting 1 cycle slightly increases from 0.40 to 0.47
(Fig. 5B). Meanwhile, the probability of desynchronization
duration lasting 5 cycles or more decreases from 0.22 to
0.13, and the probabilities of desynchronization duration
lasting 2, 3, and 4 cycles do not vary significantly. His-
tograms B3 and B4 are examples of desynchronization
durations distribution for different cases of o.

As expected, the average desynchronization duration
decreases from 3.17 to 2.40 (Fig. 5C), and the desyn-
chronization duration ratio increases from 2.47 to 5.68
(Fig. 5D). Thus, small values of ¢ (and effectively faster
current kinetics) promote longer desynchronizations while
large values of 6 promote shorter desynchronizations.

While the changes in kinetic properties may not be
altered easily in experiments, it is worthy to point out that
the changes in the activation time of the potassium channel
and the width of voltage-dependence of the activation time
constant of potassium current presented here separate the
time scales of a typical fast-slow system. In these cases
when € is small (lower value for peak activation time
constant) or when ¢ is large (larger width of voltage
dependence of the activation time constant), there is
effectively a delay in the activation of the potassium cur-
rent. Thus, the network generates more spiky waveforms
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(i.e. relaxation oscillator). In this relaxation regime, the
cellular mechanism promotes synchronization much more
rapidly than the cellular mechanism in the sinusoidal
waveform regime (probably similarly to Somers and
Kopell 1993). Our simulation shows that the relaxation
regime indeed promotes short desynchronizations in this
system.

Different temporal patterning of synchronized
activity leads to variation in network sensitivity
to input signal

Ahn and Rubchinsky (2017) demonstrated that a network
with short desynchronization durations may be more sen-
sitive to input as compared to the network with longer
desynchronization durations (even if the average synchro-
nization strength and frequency are similar). This may be
considered as a potential functional advantage of short
desynchronizations dynamics observed in experiments (see
references in Introduction). In this section, we consider
examples in which different temporal patterning of syn-
chronized dynamics in our PING network may alter the
response of the network to periodic input signals.

We impose a common synaptic input into each network
of our model; this input is supplied to each excitatory
neuron in both circuits. This synaptic input is coming from
an excitatory neuron that has the same form as the exci-
tatory neurons in the networks, see Methods. The con-
nection strength between the external neuron and each
excitatory neuron from the two circuits is G. The diagram
of this network arrangement is presented in the Fig. 6A.

We simulate the above circuit (Fig. 6A) in two different
scenarios. In the first scenario, the synaptic weights of
stimulated network are selected in such a way that the
distribution of desynchronization durations of the original
model (no common synaptic input, G = 0) has mode 1. We
call it “mode 1 system” or short desynchronization system,
see Fig. 6B (top). In the second scenario, synaptic weights
of the stimulated network are selected in such a way that
the distribution of desynchronization durations of the
original model (no common synaptic input, G = 0) has
mode 2. We call it “mode 2 system” or long desynchro-
nization system, see Fig. 6B (bottom). “Mode 1” system
has cjg = 0.1, and “mode 2 system” has c;z = 0.18. The
other parameters are the same between scenarios. While
these two systems exhibit different temporal patterns of
desynchronization, they have similar synchronization index
(0.3 for “mode 1 system” and 0.32 for “mode 2 system”)
and firing frequency (32 Hz for “mode 1 system” and
31 Hz for “mode 2 system”). The common neuronal input
is tuned so that its firing frequency is similar to the average
firing frequency of the original network (no common
synaptic input, G = 0). Thus, we essentially compare how

networks with different patterning of synchronization (but
similar frequency and synchrony strength) respond to input
signal.

The input connection strength G is varied from O to
0.625 x 1072, As G increases, the two networks become
more synchronized, but to a different degree in different
scenarios. The synchronization index is denoted as 7y, for
“mode 1 system” and as y, for “mode 2 system.” Fig. 6C

draws the normalized difference of synchronization
indices,
V2

between the two values as a function of input strength.
With no input, “mode 2 system” is a bit more synchronized
than “mode 1 system”. For small nonzero input strength,
the normalized difference A is even more negative. This
means “mode 2 system” is more synchronized with the
same input strength; in other words, “mode 2 system” is
more easily synchronizable. For intermediate values of
input strength (0.13 x 1072 <G <0.37 x 1072), the nor-
malized difference A is positive. Thus “mode 1 system” is
more synchronized than “mode 2 system” in this region
even though the input strength to both systems is the same.
Finally, the normalized difference A is around 0 when the
input strength is large (G > 0.37 x 1072). In this region,
both systems are highly synchronized due to strong input,
so that y; and y, cannot differ much. In essence, “mode 1
system” and “mode 2 system” vary in the ability to syn-
chronize across different values of input strength.

Discussion

Synaptic influence on the temporal patterning
of synchronization

This study used a medium-sized pyramidal interneuron
gamma rhythm (PING) network to investigate the effect of
synaptic connection strength on the temporal patterning of
partially synchronized gamma oscillations. This partially
synchronized regime is (expectedly) observed for inter-
mediate values of synaptic strength. We found that
changing synaptic strength does not only change the
average synchronization index but also alters the temporal
patterning of synchronization (and these two do not nec-
essarily co-vary in the same way). These observations fit
with a prior analysis of dynamics in a very small network
of excitatory and inhibitory neurons (Nguyen and
Rubchinsky 2021). However, the small number of neurons
in that study may raise concerns of biological realism
(Borgers et al. 2012). In fact, the previous model used a
very small network (2 excitatory and 2 inhibitory neurons
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Fig. 6 Different temporal

patterning of synchronized
dynamics yields different
sensitivity to input signal. A

Neuron
E

Schematic of the network model
receiving common synaptic
input. The input is generated by
one neuron and is sent to all
excitatory neurons; the circuitry
of the network receiving the
input is the same as in Fig. 1A.
Here, G represents the
connection strength to one E
neuron. B Histograms of
desynchronization durations for
“mode 1 system” (top) and
“mode 2 system” (bottom). C
The normalized synchrony
difference A is plotted as a
function of synaptic input
strength G. Note that G is the
connection strength to one E
neuron, and there are 40 E
neurons in each circuit. Thus, C
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in each circuit). Physiologically realistic gamma rhythms
may break down if the numbers of cells are too small, and
this value depends on the level of heterogeneity, random-
ness, and the synaptic strength of the network (Borgers
et al. 2012). Here we use a medium-sized network and use
a biologically plausible ratio of excitatory neurons over
inhibitory neurons (4:1 here, and in general tend to be in
the 3:1-9:1 range for mammalian cortex).

Moreover, the connection structure used in (Nguyen and
Rubchinsky 2021) is practically one specific connectivity
structure, while the results presented here are aggregated
across a number of network samples.
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The effect of synaptic strength on the temporal pat-
terning of synchronization of neural activity is observed to
follow a general trend: stronger local connection (gzand
gy) tends to produce longer desynchronization dynamics
while stronger distant connection (cgy, ¢jg, and cy) tends to
produce shorter desynchronization dynamics. In short,
local synapses (except the case of g;; in which there is no
clear observable trend) and distant synapses have the
opposite effects on the temporal dynamics of synchro-
nization. Earlier study in a minimal network model
(Nguyen and Rubchinsky 2021) yielded less consistent
results and did not exhibit some of these trends. There may
be many reasons for this, in particular, smaller network
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may have somewhat different (and less realistic) mecha-
nisms (combination of heterogeneity, randomness, and
synaptic strength) of the gamma rhythmicity. However, the
common observation is that the temporal patterning of the
synchronized activity can be altered by the variation of
synaptic strength (of both local and long-range connec-
tions). And with the results of the present analysis of
ensemble of medium sized network, it is likely that local
synapses and long-range connections in cortical networks
may have opposite effect on the temporal dynamics of
synchronization regardless of connection structures.

Prevalence of short desynchronizations

While the temporal patterns of synchronized dynamics
show a lot of variability depending on the parameter val-
ues, in most of the cases considered, the most prevalent
desynchronization duration is one cycle of oscillations. The
number of desynchronized intervals and the relative fre-
quency of short and long desynchronizations may vary
substantially, and the average synchronization strength
may vary too. Nevertheless, the mode of the distribution of
desynchronization durations is almost always 1; the prob-
ability of desynchronization duration lasting 1 cycle is
consistently larger than that of higher cycles. Averaging
across simulations, the probability of desynchronization
duration of shorter cycles is always bigger than that of
higher cycles (prob. Cycle 1 > prob. Cycle 2 > prob.
Cycle 3 > prob. Cycle 4 > prob. Cycle 5 or more), see
panel B of Figs. 2, 3, 4 and 5 (even though this is not
necessarily true for some arbitrary partially synchronized
systems, Ahn et al. 2011; Ahn and Rubchinsky 2017). It is
noteworthy to point out that as network alters its temporal
dynamics from short desynchronization to long desyn-
chronization or vice versa, the changes in the relative fre-
quency of desynchronization of cycle 1 and that of cycle 5
or more are generally more noticeable than the changes in
other cycles (cycles 2—4), see panel B of Figs. 2, 3,4 and 5.

This prevalence of short desynchronizations fits well
with experimental studies of temporal synchrony patterns
in the brain, which seem to indicate that prevalent short
desynchronizations may be very common (if not universal)
for neural synchronization in the brain. Short desynchro-
nizations were observed in alpha and beta band at rest and
during motor task (Ahn and Rubchinsky 2013), in theta
oscillations in drug addicted and in control state (Ahn et al.
2014), in beta oscillations in Parkinson’s disease (Park
et al. 2010; Ratnadurai-Giridharan et al. 2016; Ahn et al.
2018; Dos Santos Lima et al. 2020), and in theta, beta, and
low frequency gamma in autism spectrum disorder (Malaia
et al. 2020). It was found in different brain areas (different
parts of the cortex and basal ganglia), in different health
status, in different types of recorded electrophysiological

signals (EEG, LFP, spiking units). Generic synchronized
oscillators can easily exhibit longer desynchronizations
(Ahn et al. 2011; Ahn and Rubchinsky 2017), but PING
networks considered here show predominantly short
desynchronizations without any special tuning.

Numerical studies in a minimal network of two neurons
suggested that slow kinetics of delayed-rectifier potassium
current (which creates relaxation oscillator and character-
istically sharp waveform of spike) promotes short desyn-
chronizations dynamics (Ahn and Rubchinsky 2017).
Variation of parameters defining this current kinetics in the
model considered here has similar effect (see Sec-
tion “Effect of current kinetics parameters on the temporal
patterning of intermittent synchronization”); however,
short desynchronizations dynamics in the present model is
much more robust than in (Ahn and Rubchinsky 2017).
While other mechanisms of short desynchronizations, such
as synaptic plasticity (Zirkle and Rubchinsky 2020) and
channel noise (Zirkle and Rubchinsky 2021), have been
suggested, the network considered here exhibits short
desynchronization dynamics without any plasticity or
noise, signifying that those mechanisms are likely not a
necessary condition for short desynchronization.

Short desynchronization dynamics was conjectured in
(Ahn and Rubchinsky 2013) to be functionally beneficial
for neural circuits because it may facilitate quick formation
and dissipation of transient neuronal assemblies (as the
transiently synchronized states are already created and
dissolved in a quick and dynamic way in the case of short
desynchronizations). It may be interesting to see if the
modeling framework employed here will be possible to use
for exploring this hypothesis.

Network synchronizability for different temporal
patterning of synchronization

An earlier study suggested that different temporal patterns
of synchronization may have an influence on how neural
circuits synchronize with input (Ahn and Rubchinsky
2017). To show that the temporal patterning of synchro-
nization may affect potential function of PING network, we
considered how the system used here can respond to
external synchronizing input signal (see Section “Different
temporal patterning of synchronized activity leads to
variation in network sensitivity to input signal”). We
showed that model circuits with the same base level of
synchrony will respond to synaptic input in different ways,
depending on the temporal pattern of desynchronizations in
the circuits without input. The same strength of synaptic
input in the gamma frequency range may elevate syn-
chrony in a circuit with shorter desynchronizations by a
larger amount than in a circuit with longer desynchro-
nizations (even though both circuits have the same
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synchrony strength before the input is introduced). There-
fore, the way how synchronized and desynchronized
intervals are distributed in time may make a difference for
how a circuit responds to incoming signals. This suggests
that the issue of how temporal patterning of synchrony may
affect synchronizability is worthy of detailed investigation.
The results presented here can lay a foundation for further
computational as well as experimental studies on the
relationship between the temporal synchronization
dynamics and neuronal function.

Potential relationship with experimental
observations

The impact of synaptic strength on the temporal patterning
of gamma band synchronization is interesting to consider
in the context of the synaptic mechanisms of gamma
rhythm and synaptic effects of gamma in health and dis-
ease. Synaptic connections between inhibitory neurons and
excitatory neurons are known to be important in mediating
spike synchronization in gamma band (e.g., Buzsaki 2012;
Borger 2017; Salkoff et al. 2015). Gamma band activity is
associated with many brain functions (Fell and Axmacher
2011; Colgin 2011; Buzsaki and Schomburg, 2015; Fries
2015). So, it is natural to see that brain disorders associated
with pathologies of gamma rhythm may be driven by
abnormalities of synaptic strength. Thus, schizophrenia has
been associated with abnormalities in synchronization of
gamma oscillations (Uhlhaas and Singer 2010, 2015;
Spellman and Gordon 2015; Pittman-Polletta et al. 2015),
which can result from abnormalities of synaptic strength,
including changes in synaptic inhibition and excitatory-
inhibitory balance (Lewis et al. 2005; Vierling-Claassen,
et al. 2008; Lisman 2012; Murray et al. 2014; Grent-"t-Jong
et al. 2018).

Our results show that synaptic changes may affect not
only average synchrony strength, but also the temporal
patterning of synchronization. It was suggested (Ahn and
Rubchinsky 2013, 2017, see discussion above) that even if
the synchrony strength is not changed, the fine temporal
structure of how neural system gets in and out of syn-
chronized state may have implications for information
processing. The present study’s observation of networks
with different temporal dynamics of synchronization hav-
ing different sensitivity to common synaptic input provides
one potential mechanism for it. Thus, the synaptic changes,
which affect gamma oscillations and result in different
properties of information processing in the brain (and its
abnormalities in several neurological and neuropsychiatric
disorders) may mediate physiological properties of neural
circuits not only via change in the average synchrony level,
but also via change of how synchrony is patterned in time
over very short time scales.
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