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This work delves into studying the synchronization in two realistic neuron models using Hodgkin-Huxley
dynamics. Unlike simplistic pointlike models, excitatory synapses are here randomly distributed along the
dendrites, introducing strong stochastic contributions into their signal propagation. To focus on the role of
different synaptic locations, we use two copies of the same neuron whose synapses are located at different
distances from the soma and activated by identical Poisson distributed pulses. The synchronization is investigated
through a specifically defined spiking correlation function, and its behavior is analyzed as a function of several
parameters: inhibition weight, distance from the soma of one synaptic group, weight and decay time constants

of the excitatory synapses.

DOI: 10.1103/PhysRevE.110.044406

I. INTRODUCTION

As a part of the limbic system, the mammalian hip-
pocampus, located in the allocortex brain region, plays an
important role in spatial navigation. It is primarily affected
by Alzheimer’s disease, so neuron activity in the hippocampal
region is crucial for cognitive brain functions [1].

The CA1 pyramidal neurons of the hippocampus receive
signals from the entorhinal cortex. Specifically, they receive
two different inputs: one directly from the entorhinal cortex
(known as the perforant path) and the other from the CA3
pyramidal neurons. The latter receive the signal from the
granule cells, which in turn. receive the signals from the en-
torhinal cortex (completing the so-called trisynaptic pathway,
so called because three sets of synapses are needed to connect
the neurons that propagate along this pathway to the CAl
neurons).

The fundamental mechanism of spiking is that the post-
synaptic signals generated in the dendrites are able to reach
the soma both almost simultaneously and with appropriate
intensity. In other words, the signals must be integrated in the
soma within a suitable time window to produce the significant
output represented by the somatic action potential.

Synchronization of neuronal activity is then crucial for the
proper functioning of brain networks, and the coordinated
timing of spiking activity emerges as a compelling candidate
mechanism for encoding information, recognition, and cogni-
tion [1-6].

Numerous papers have studied network synchronization
in the framework of different models such as Kuramoto
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oscillators [7,8], Izhikewich model [9], and integrated and
fire schemes [10], along with their various generaliza-
tions [11-13], or by using the complete Hodgkin-Huxley set
of equations [14], as in the case faced here.

Despite the many fundamental insights into synchroniza-
tion phenomena that these works have satisfactorily provided,
several concerns limit the universal application of these results
in understanding functional brain synchronization mecha-
nisms: The main limitations in many of the above-mentioned
models are that either the neurons are modeled as single
dynamical entities without internal structure or the dynam-
ics lacks the inclusion of inhibition mechanisms as in the
Kuramoto-type models. Pointlike neurons have no internal
delay due to signal propagation, which can lead to energy
loss in their dynamics and even failure of the spiking process.
Moreover, many phenomenological mesoscopic models do
not clarify the relationship between their parameters and the
biological quantities involved in neuronal function.

In this sense, an overly coarse-grained model reduces the
ability to control biological parameters (such as excitatory or
inhibitory synaptic conductances and rise and decay times
in gate currents and their intensities) and risks impeding the
biochemical understanding of the processes. This, in turn,
diminishes the ability to propose or test parameter-oriented
therapeutic approaches.

For this reason, more realistic advances in neuronal mod-
eling have gradually been developed by incorporating the
contributions of dendritic extension [15,16] and more detailed
morphological models of many types of neurons [17,18].

Regarding the spatial extension, real neurons exhibit a
stochastic distribution of excitatory synapses, which compli-
cates the electrodynamic efficiency of current propagation
along the dendrites also because of their geometry [19,20] or
the detailed localization of their different ion channels [21]. In
other words, the different geometric structure of neurons and
their synaptic distribution generate different signal phases on
arrival at somas [22].
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The axons originating from CA3 neurons transmit their
signals to the apical dendrites of the CA1 neurons. The po-
sitioning of CA1 excitatory synapses varies due to differences
in the axon trajectories reaching different neurons and/or the
different size and position of neurons within the brain network
layer. As a result, the relative distance of these signals from
the soma varies between different CA1 neurons.

This study focuses on this specific variability examin-
ing the CA1 spiking as the result of the synchronization of
the signals arriving at the apical dendrites from the same
pathway that originates in the CA3 neurons, by taking into
account their different spatial distributions, and verifying the
robustness of this synchronization over changes in biological
parameters such as synapse distance from the soma, inhibitory
interneuron weights, rates of the arriving pulses, and decay
time of the excitatory synapses.

For this purpose, we use two identical neurons whose
synapses are activated by identical signals. We analyze the
synchronization of the spikes using a newly developed corre-
lation measure based on the concept of the difference of their
phases, the latter being defined for each neuron at any time and
normalized with respect to the time lapse between successive
spikes.

The paper is organized as follows: In Sec. II we provide an
explanation of the model, along with the procedure used in the
simulations and the definition of the correlation measure to as-
sess the synchronization between spikes. Section III contains
the results for the considered parameters; Sec. IV concludes
the paper with some final considerations and remarks, and the
Appendix reports some supplementary calculations cited in
the main results section.

II. METHODS

There are many factors that can modulate the response of
individual neurons to similar inputs. However, it should be
noted that in spite of the different morphological and elec-
trophysiological properties, there is experimental evidence
showing in vivo that neurons may have common inputs that
result in differentially synchronized responses during cogni-
tive functions (see, e.g., Ref. [23]). In this work, we focus
on one of the factors modulating this synchronization, i.e.,
synaptic inputs location, eliminating the influence of all the
other factors by using identical, but otherwise detailed, neu-
rons. For this purpose we used two identical neurons, each one
receiving an ensemble of synaptic inputs clustered at different
dendritic distance from the soma but synchronously activated.
More specifically, the synapses on the first neuron are fixed at
a proximal location, whereas synapses on the second neuron
are placed at a variable (distal) location, as explained below.
Figure 1 shows the scheme of the model, which consists of
a morphologically and biophysically accurate cell structure
with intrinsic electrophysiological properties consistent with
experimental findings [17]. The presynaptic signals consist
of current pulses distributed in time according to a Poisson
law. The source, which is identical for both neurons, is con-
nected to each target by Ny, excitatory synapses. The two
sets of synapses are located as follows: The proximal ones
at a fixed average distance dy = 100 um from the soma on
neuron Ny; the other set on N; at a variable average distance
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FIG. 1. Scheme of the two copies of a full modeled CA1 neurons,
specifically the neuron labeled mpgl141017_al-2_idC in Ref. [17],
that receive inputs from the synapses (marked as red dots in the fig-
ure) randomly distributed at different distances from the soma along
the apical dendrites. The neuron N;, with a more distal distribution
of synapses, receives the signals at a distance d; from the soma,
while Ny has the synapses in a more proximal region dy. Reciprocal
inhibition was implemented with an inhibitory synapse placed on
both Sy and S, activated by the action potentials elicited in either
neuron.

d; € [100, 300] wm. The synapse distance is computed along
the shortest path to the soma and is varied in each simulation
according to a uniform random distribution in a window of
20 wm with dy and d; as ensemble mean with standard devia-
tion o; ~ 0.6 um.

We have chosen Ny, = 20, which represents a reasonable
number of active synapses at any given time. This number is
arbitrary and useful to provide a suitable intensity of stimulus
producing spikes in the soma in our simulations. At the same
time, it is sufficient to ensure a reasonable variety of random
locations in the dendrites. The intensity of the signal can then
be modulated by adjusting the excitatory synaptic weights.

To smooth the fluctuations in the outputs, the values were
averaged over N, = 100 equivalent realizations by changing
the initial random seed in each of them. Each simulation runs
for a fixed time f, = 1 s.

A. Equations and model details

The dynamics is based on the Hodgkin-Huxley set of
equations, implemented in the NEURON simulation environ-
ment [24].

The realistic morphology requires the consideration of a
large number of channels able to take into account the exper-
imental features of CA1 pyramidal cells, against which the
channel configuration and distribution have been thoroughly
validated, as discussed in recent works on hippocampal neu-
rons [25,26]. The complete set of active membrane properties
includes the essential sodium (Na) current, four types of
potassium (Kpg, K4, Ky, and Kp), three types of calcium
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(CaN, CaL, CaT), the nonspecific current I, and two types
of Ca-dependent K* currents, K¢, and Cagk- All dendritic
compartments show a uniform distribution of channels, except
for K4 and I;, which are known to increase linearly with
distance from the soma in pyramidal cells [15,27]. The values
for the peak conductance of each channel were optimized
independently in each type of neuronal compartment (soma,
axon, and basal and apical dendrites), with a difference of one
order of magnitude [17] while the CA1 hippocampal neuron
structure (see Ref. [28] for a review) is optimized to ensure its
realistic response to stimuli [17].

The excitatory postsynaptic currents are modeled as a
double exponential with fixed rise time 7; = 3 ms and in-
activation and decay time 1, € [25, 50, 75, 100] ms and the
inhibitory current is modeled as a single exponential with
decay time 77, ; = 30 ms. The reversal potentials are E, g = 0
and E,; = —80, for the excitatory and the inhibitory cases,
respectively.

The source of the excitatory synapses is a pulsed signal /
generated by a Poisson distribution of inputs with mean rates
Sinp € [25,40, 60, 75] Hz. All Ny, synapses of the two neu-
rons receive exactly the same train of inputs, being connected
to the same source /. In this way, the differences in the signal
arriving at the somas are due only to the different localization
of the synapses along the dendrites of the two neurons. We
will see that even in the case of same mean distance from
the somas (d; = dp), the correlation (Cg), since it corresponds
to different random synapse localizations, is strongly reduced
with respect to perfect synchronization. In fact, the “perfect”
case with correlation (Cg)igeas = 1 is obtained only for identi-
cal synapse distributions in the two neurons (even if they are
changed in the different realizations), which are then trivially
and expectantly maximally synchronized. Because of this sig-
nificant difference, it becomes clear that synchronization is
a very delicate phenomenon that deserves to be thoroughly
understood in realistic neural systems.

The signals received at the synapses cause depolarization
of the membrane potential that propagate in the dendrites
following their individual paths to the soma and summing
their contributions. Finally, they generate an action potential
at the soma, where the voltage is recorded.

The action of the interneuron has been simulated in the
form of reciprocal inhibitory synapses in both somas, creat-
ing a forward and backward inhibitory mechanism [29]. The
intensity of the inhibition is modulated by the weight of the
synapses, which ranges from 0 to 0.06 nS, according to a real-
istic inhibition weight for the synapses of an interneuron [30].
In all simulations, we used an effective synaptic delay time of
Tqqa = 2 ms to mark the onset of inhibition.

B. Phase synchronization model

The correlation between the spikes in the two neurons is
studied by means of a novel measure ¢, which modifies an
equivalent measure already presented in Ref. [31]. The idea is
to define the phase of a spiking neuron as [32]:

gy =2 (1)

Tk1,i — Tki

where the index i = 0, 1 indicates the neuron ;, and the time
t; is the time of the kth spike of N;. Thus, at time ¢, the
neuron lays at a certain fraction of the total time between two
successive spikes, the latter covering a phase between 0 and
2m. This allows us to define the time average of the cosine
of the phase difference between the two neurons in a single
trajectory j as

tfin
o= [ s - pendr, @)
Iin — tin tin
where t5, — t;, defines the maximum window used for time
averaging where the phase is well defined for both neurons.
This measure is normalized in the interval [—1, 1], where
the value —1 represents the anticorrelated spiking (phase dif-
ference equal to ) and the full correlation is given by +1
(phase difference 0). The random distribution of the phases
is then revealed by the correlation value ¢; = 0 (mean phase
difference 7 /2).

Due to the stochastic nature of the spiking, this measure is
then averaged over the number of simulated realizations Neyp:

N,
1 exp
(Cr) == cjs 3)
Nexp j=1

This spiking synchronization measure, or others of the same
kind, can be easily generalized to neuron synchronization in
large networks [31].

This approach allows us to consider the spike times as
the only variable involved in the synchronization process. In
contrast, the continuous cross-correlation between functions,
often used in these contexts, would include the behavior of
the entire trace, providing a more general measure rather than
the more specific information on which we are interested, i.e.,
co-occurrence of spikes.

III. RESULTS

The spike activity at the soma of both neurons has been
recorded for different input rates fi,p, inactivation time of
excitatory synapses 7, and excitatory weight sw, as a function
of the distance parameter d; and the inhibition weight jw.

Figure 2 shows some examples of spiking trajectories. The
panels exhibit three cases with different inhibition weights
iw at frequency input fi,, = 60 Hz. The synchronization be-
tween spikes (Cg) is maximal at the value iw* = 0.01 nS, as
we will show in Fig. 3, by averaging over Ny, simulations.

A counterintuitive phenomenon revealed by the simula-
tions is the possibility that distal synapses may elicit a somatic
spike earlier than proximal ones. Figure 2 shows several
events where this phenomenon occurs: The spiking of §i,
whose synapses are distributed at d; = 175, um from the
soma, sometimes precedes the spiking of Sy, whose synapses
are closer to the soma (dy = 100 wm). This apparently random
behavior persists even when the interspike interval is smaller
(higher frequency response of the neuron) or when other pa-
rameters are changed. At first glance, these findings seem to
contradict the results reported in Ref. [22] where the current
injected into distal synapses produces a smaller spiking an-
ticipation then the current injected into closer synapses, in
the context of a full morphological model. A similar effect
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FIG. 2. Time window of the evolution of the two neurons spiking
for different inhibition weights, namely iw = 0, 0.01, 0.03 nS. The
trajectories labeled Sy, S, represent the depolarization potential in
somas Sy and S, respectively. The plot clearly shows the increase
of synchronization at the optimal inhibition value iw* ~ 0.01 nS.
The parameters are here: Synapse distances from the soma in N,
dy = 175 um, frequency input fi,, = 60 Hz, excitatory weight sw =
5 x 107* nS, inhibition delay 7,q = 2 ms and inactivation time 7, =
50 ms. The distance from the soma of the synapses in the first neuron
Ny is kept fixed at the average value dy = 100 um.

is reported in Ref. [16] within a schematized model, with
the difference that the phase response can be modulated by
the presence of active channel current along the dendrites.
However, unlike our work, which aims to emulate realistic
neuronal behavior, these studies examine the phase response
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FIG. 3. Panel (a) Spiking correlation as a function of the distance
d; with iw = 0 for different input rates. Panel (b) Spiking correlation
as a function of the inhibition weight for different synapses distances
from the soma of the second neuron (d;). The inhibition induces a
nonmonotonic behavior of (Cg) for all the distances revealing an
optimal inhibitory weight for the neurons to synchronize. Bottom
panels: Mean firing response of the two neurons Ny (¢) and N; (d) and
difference of the two spiking rates v; — vy (). The other parameters
are the same as Fig. 2.

under the application of a nonrealistic constant current that
causes neurons to spike regularly and continuously. Therefore,
a direct comparison with those results cannot be made.

One possible explanation for this erratic behavior is the
specificity of dendritic signal propagation. Distal sites are
narrower than proximal ones, and it has been reported that
the local voltage response to the same current is higher in
narrow dendrites than in wider ones [22]. In addition, voltage
propagation may be more efficient again in narrow dendrites
than in wider ones [33]. So, we try to explain this phenomenon
in the following way: The depolarization propagating towards
the dendrite edges, if it comes from narrow sections, that is,
from those synapses located very close to the dendrite arbors,
quickly rebounds at the dendrite terminals. The rebound de-
polarization may have the possibility to sum with the direct
signal toward the soma, generating an increased potential
depolarization and contributing to the anticipation of spikes
in the soma. This mechanism follows a pattern similar to that
described by Schultheiss et al. [22]. Certainly, this hypothesis
would require a more extensive and dedicated study for a
proper validation. However, a deeper investigation is beyond
the scope of this paper.

The spiking trajectories plotted in Fig. 2 show that for
almost all inhibitory weights used, occasionally only one of
the neurons spikes. This unpredictable event (see panel iw =
0 nS) can be amplified by the action of the interneurons (panel
iw = 0.03 nS). This kind of event contributes to the reduction
of the synchronization properties, which leads to the well
visible nonmonotonic behavior in (Cg) as a function of the
inhibition weight iw [see Fig. 3(b)].

The above observations in a single depolarization trajec-
tory, are affected by the intrinsic stochasticity of the synapse
distribution which is characteristic of this study. Then, the
ensemble average of different trajectories can better elucidate
the average neural behavior. Figure 3(a) shows the mean spik-
ing correlation (Cg) for uninhibited dynamics (iw = 0 nS) as
a function of distance d, for different values of fi,,. As al-
ready mentioned, even at the same mean distance (d; = dy =
100 um) the correlation decreases significantly [see the values
at d; = 100 in Fig. 3(a)] compared to the ideal or trivial case
({Cgr)igeat = 1). This decrease is due to the stochastic location
of the synapses and the complex structure and functionality
of the apical dendritic branches of the realistic neuron. The
effect on the correlations remain approximately constant up
to d; &~ 175 um, and then decreases rapidly with increasing
distance.

The distance value d; ~ 175 pm results in a higher (Cg)
even across different values of the inhibition weight iw, as
shown in panel (b) at the input frequency fi,, = 50 Hz, and
excitatory decay 7, = 50 ms. The curves exhibit a pronounced
nonmonotonic behavior as a function of iw for all the dis-
tances, clearly identifying the maximum inhibition value at
iw* ~ 0.01 nS. This indicates the existence of an optimal
inhibition weight at which spiking synchronization peaks.
This result may not be obvious. In fact, the well-established
constructive mechanism of synchronization induced by the
inhibitory action of interneurons in the postsynaptic poten-
tial [29,34,35], is valid for periodic signals. This case can be
reproduced in the laboratory by applying a continuous current
to a single neuron, which induces periodic neuronal firing.
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In this direction, we have carried out a series of simulations
under current clamp conditions, plus a pulsed synaptic stimu-
lus at fixed frequency, for pointlike somas, which essentially
agree with the results reported in Ref. [36]. We verified the
increase in synchronization by applying a suitable inhibitory
signal in three cases: initially phase-shifted signals with the
same constant current, different initial frequencies, phase-
shifted signals due to delayed stimulation on a set of synapses.
The effect of inhibition was able to induce synchronization
in phase and frequency in all cases. All these results are
presented in the Figs. 8-10. On the other hand, when only the
Poisson pulse current was used as input to our neurons, the
synchronization showed a nontrivial behavior. In particular,
for short inactivation delays (i.e., o < 25 ms), the correlation
showed a rapid monotonic decrease with increasing inhibi-
tion weight. For longer inactivation delay times (7, > 25 ms)
the correlation exhibited a similar nonmonotonic behavior as
shown in Fig. 3(b).

The increase in synchronization with inhibition then seems
to be associated with a sufficiently long inactivation time t,—
typical of NMDA-mediated synapses [37-39]—which allows
the inhibition to act during subsequent spikes, thus approach-
ing the mechanism of continuous current supply. Under these
conditions, interneurons in the hippocampal network reaffirm
their importance in increasing the synchronization efficiency
for some optimal value of their intensity. This behavior seems
to be consistent with the reported action of fast AMPA-type
glutamatergic synapses, characterized by short 7, decay times,
which usually tend to desynchronize rather than synchronize
repetitive spike rings of coupled neurons [36].

The bottom panels of Fig. 3 show the firing rate response
(vo and vy) of the two neurons for different distances d;
as a function of jw. We observe that inhibition induces a
monotonic decrease in the spiking response of both neurons.
However, while this trend is consistent over d; for neuron
Ny [Fig. 3(d)], differences emerge for neuron N; [Fig. 3(c)].
As a consequence, the firing rate difference v; — vy shows
interesting features worth highlighting. Figure 3(e) shows a
decreasing difference of the spiking activity between the two
neurons with the inhibition weight, and even an increase of
v; with respect to vy for some of the distances d;. In fact,
besides the clear monotonic behavior in both neurons with
inhibition, v; shows a nonmonotonic trend with the distance
d;. Specifically, for d; = 175 pm, i.e., the value that gives
the maximum correlation (Cg), S| spikes more than Sy for
sufficiently high inhibition weights. Under these conditions,
the spiking rate is higher in the neuron with distal synapses
N; compared to Ny with a clear crossing of the zero value,
indicating equal spiking rate at this iw value. As already men-
tioned, this behavior can be attributed to the highly structured
dendritic distribution of the realistic neuron, which presents
optimal distances for the depolarization to occur, due to op-
timal reflection mechanisms of the current traveling along
the dendrites [33]. The mechanism of synchronization at the
crossing value resembles the mechanism of synchronization
over long times in neurons with different firing rates that
tend to eventually coincide because of their diverse decreasing
trends [5,6].

The optimal correlation corresponding to the distance
value df =175 um is also confirmed for all the other pa-
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FIG. 4. Spiking correlation as a function of the inhibitory weight
iw for different input rates (a) and different inactivation times (b) for
d; = 175 pm. In panel (a) the presence of inhibition confirms the
nonmonotonic behavior for all firing rates at the optimum inhibitory
weight iw* = 0.01 nS. Panel (b) shows how the curve for 7, =
25 ms misses the correlation increase with the inhibition, although
the correlation is higher than at longer 7.

rameter ranges explored in this paper. This includes different
input rates fi,, and different values of synapse inactivation
time 1,. However, this value depends on the morphology used.
In fact, some calculations with a different morphology (see
Fig. 7 of the Appendix) show a nonmonotonic behavior of the
correlation with inhibition, at an optimal inhibition value in
the same range as the one shown in Figs. 3 and 4, but with
a different distance d}. This means that different neurons re-
spond differently to the synapse location, due to their specific
morphology. In all cases, we also observe a nonmonotonic
behavior of the correlation with the distance d;.

Figure 4 shows, for d; = 175 um, the spiking correlation
as a function of the inhibition weight iw, for different mean
input rates [Fig. 4(a)] and different inactivation times T,
[Fig. 4(b)]. In Fig. 4(a) we observe that the lower the input
rate, the higher the spiking correlation, while the optimal
inhibition value iw* remains constant and the peak around the
local maximum widens slightly. This behavior is attributed to
the increase of spiking failures in the trajectories of one of the
two somas with increasing the firing rate response, consistent
with the increased time spread between the refractory period
and the mean input period of the current pulses.

In Fig. 4(b) we observe that for a fixed value of the input
rate finp, the correlation decreases as 7, increases. As men-
tioned above, we can see that for 7, = 25 ms the maximum of
the curve has disappeared resulting only in a monotonic de-
crease of the correlation. At high values of t,, the correlation
decreases because the spikes tend to overlap more during the
refractory period, adding a randomizing contribution to the
depolarization activity, and leading to an increasing number
of failures.

The relationship between synaptic decay time and syn-
chronization has also been discussed previously in a single
compartment model in Ref. [35], where a constant current was
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FIG. 5. Spiking correlation (Cg) as a function of the input rate
Jfinp and the inactivation time 7, for the distance d; = 175 um and
inhibition weight iw = 0.01 nS.

injected to the system. Among other conditions, the authors
identified a large enough ratio between the synaptic decay
time (72) and the natural oscillation period 7 of the neuron
under the constant current for synchronization to occur.

To briefly summarize the above results, Fig. 5 shows a
color map depicting the spiking correlation as a function of
input rate fipp and inactivation time 7, under the condition of
maximum distance d; = 175 um and inhibition weight iw =
0.01 nS. We observe that for certain input rates the highest
(Cg) value occurs at 7, = 50 ms. However, for these cases,
the local maximum of the curve with respect to iw disappears,
resulting in a monotonic behavior of the correlation with inhi-
bition over all input rates considered.

Finally, Fig. 6 shows a color map of the spiking correlation
(Cg) as a function of the excitatory weight sw and the inhi-
bition weight iw for input rate f;,, = 60 Hz and inactivation
time 7, = 50 ms. Once again we observe an optimal range
of inhibition or excitation magnitudes that gives the highest
correlation for the parameters considered. This confirms the
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FIG. 6. Spiking correlation (Cg) as a function of excitatory
synapse weight sw and inhibitory interneuron weight iw. The mean
input rate is fi,, = 60 Hz, the inactivation time 7, = 50 ms and

delicate condition under which synchronization can occur,
also in terms of excitatory weights.

IV. SUMMARY AND CONCLUSIONS

In this work, we study the synchronization behavior of
two realistic CA1 neuron models under the input of Poisson
distributed synaptic activations with different mean input rates
in the gamma range fi,, = 25, 40, 60, 75 Hz. A novel spiking
synchronization measure has been studied as a function of the
inhibition weight of the interneuron connecting the two somas
for different inactivation times of the excitatory synapses. The
signals are assumed to originate from the CA3 neurons of the
hippocampal trisynaptic circuit and arrive at different sites of
the apical dendrites, thus modeling realistic dynamics inside
the neurons.

No explicit delay has been imposed at the excitatory
synapses. Its addition can mimic the time differences due to
different paths arriving at the two neurons, thereby increasing
the stochasticity of the Poissonian current signals and leading
to a decrease in the spiking correlation (Cg).

In our calculations we noticed the following:

(i) The spiking activity of the second neuron (with more
distal synapses) exhibits a nonmonotonic dependence on
synapse localization.

(i) The difference between the mean firing rate response
of the two somas changes sign for certain distances at high
inhibition weights, consistent with the aforementioned non-
monotonic behavior of spiking rate with distance.

(iii) The difference between the mean spiking rates tends
to saturate at high inhibition weights.

(iv) The inhibitory activity leads to maximum synchro-
nization at certain weights, provided that the inactivation time
of excitatory synapses is sufficiently long, a condition that is
met in NMDA-mediated synapses. In this sense, the model
suggests that AMPA-mediated synapses, characterized by a
short inactivation time, do not support an increase in synchro-
nization induced by inhibitory activity of interneurons in the
case of Poisson distributed excitations.

The results of this study show that synchronization
emerges from a nuanced interplay of favorable condi-
tions, including specific neuron morphology, the presence of
NMDA-mediated synapses, and dynamic parameters such as
appropriate synaptic and inhibitory weights. Furthermore, we
have shown here that input in the low gamma range enhance
the spiking synchronization between neurons.
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FIG. 7. Spiking correlation (Cg) as a function of inhibition weight iw and the synapse distance d; at the input rate fi,, = 60 Hz and
7, = 50 ms, by using a different morphology (mpg141208_B_idA [17]). We can see in panel (b) that the maximum correlation is obtained

at an optimal inhibition weight, whose higher value is obtained for a closer synapse distribution d; =

(dy =175 um).

APPENDIX
1. Alternative morphology

To check the robustness of the results, we use here another
morphology, specifically the one labeled mpg141208_B_idA
in Ref. [17]. Figure 7 shows the equivalent of Figs. 3(b)—
3(e), which shows that the qualitative behavior is preserved:
we can see the clear nonmonotonic behavior of (Cg), but a
different optimal inhibition value than before: iw =~ 0.005 nS.
Again, the behavior of the spiking correlation as a function
of the distance of the synapses remains nonmonotonic. In
this case, the maximum correlation is obtained for proxi-
mal synapses dy ), = 100 um instead of the previous value
df =175 pm, closely followed by those for distal synapses
d; = 175 um and d; = 200 wm. It becomes clear that the
quantitative behavior of the synchronization features is not
trivially predictable on the basis of synaptic distances from
the soma alone, when using different morphologies.

2. Synchronization by inhibition

We have performed a series of examples of the effects of
inhibition on the synchronization of two pointlike neurons.
The simple model used here is based on passive membrane
properties and the presence of K™ and Na* channels only.
Both neurons are charged with a constant current Ic = 1 pA,
i.e., the simulations are run in current clamp mode, so that
a constant spiking frequency is induced on the two neurons.
A second input is given by the synaptic current Iy,, which
stimulates the synapses on both somas with periodic pulses

100 um then that shown in Fig. 3

of frequency finp = 50 Hz. The post synaptic potentials are
modeled with a double exponential function for the excitatory
synapses with rise time t; = 0.5 ms and decay time 1, =
10 ms, while the inhibitory synapse is modeled as a single
exponential with decay time 1 = 30 ms. The inhibition is
activated by the soma’s spikes and always acts on both of them
at the same time.

We show here three examples of different kinetic condi-
tions of the neurons, and the synchronizing effect of inhibition
on them.

(i) The first example concerns depolarization response of
the somas under an activating current on neuron S; with an

10 - sw = 0.00001 — Sy
S 0
£
> -40 -
-80
150 t(ms) 300
40 - [W=0.00001 sw =0.00001 So— Sy
!\
- ‘
g o J |-
> -40 - I\ A\
_80 1 1 \‘ | |
50 150 200 250 300
t (ms)

FIG. 8. Membrane potential of the two neurons (Sy and S;). The
top panel shows the uninhibited dynamics with dephased signals due
to the delayed application of the constant current I in S;. The bottom
panel shows the synchronization induced by the inhibition weight
iw = 107> nS. The excitatory synaptic weight is sw = 107> nS.
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FIG. 9. Membrane potential of the two neurons (S, and Sy).
The upper panel shows the uninhibited dynamics iw = 0 nS with
different spiking frequencies in the two somas due to the application
of the a current attenuated by a factor 0.95 in S; with respect to
So. The bottom panel shows the synchronization induced by the
inhibition weight iw = 5 x 107> nS. The excitatory synaptic weight
is sw =2 x 107 nS.

initial delay of 30 ms with respect to Sy. The phase difference
in the response is maintained for a long time for uninhibited
somas (see top panel of Fig. 8).

(i1) In the second example, we observe a different fre-
quency response of the neurons, due to the application of an
attenuated constant current in the soma S; by a factor 0.95
with respect to Sy (see top panel of Fig. 9).

0 - sw = 0.00001
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E
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-
-80
150 200 t(ms) 300
40 — W=0.00002 sw=0.00001 So— $4
S o
E
> -40
-80 1 1
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FIG. 10. Membrane potential of the two neurons (Sp and S;). The
upper panel shows the uninhibited dynamics with dephased signal
response due to a delayed excitatory current pulse Iy, at the synapses
of 20 ms in §; with respect to Sp. The bottom panel shows the
synchronization induced by the inhibition weight iw = 2 x 107> nS.
The excitatory synaptic weight is sw = 107> nS.

(iii) The third example represents the phase difference in
the neuron’s response due to the application of the pulsed
current Ly, in soma S; delayed by a constant time of 20 ms
with respect to Sy (see Fig. 10).

In all three cases, the application of an appropriate level
of inhibition has the effect of reducing the frequency of the
spike responses and synchronizing the two neurons in great
detail. The effect is clearly visible in the lower panel of each
of Figs. 8-10.
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