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Abstract
Synchronization of neural activity, especially at the gamma band, contributes to perceptual functions. In several psychiatric

disorders, deficits of perceptual functions are reflected in synchronization abnormalities. Plausible cause of this impairment

is an alteration in the balance between excitation and inhibition (E/I balance); a disruption in the E/I balance leads to

abnormal neural interactions reminiscent of pathological states. Moreover, the local lateral excitatory-excitatory synaptic

connections in the cortex exhibit excitatory postsynaptic potentials (EPSPs) that follow a log-normal amplitude distri-

bution. This long-tailed distribution is considered an important factor for the emergence of spatiotemporal neural activity.

In this context, we hypothesized that manipulating the EPSP distribution under abnormal E/I balance conditions would

provide insights into psychiatric disorders characterized by deficits in perceptual functions, potentially revealing the

mechanisms underlying pathological neural behaviors. In this study, we evaluated the synchronization of neural activity

with external periodic stimuli in spiking neural networks in cases of both E/I balance and imbalance with or without a long-

tailed EPSP amplitude distribution. The results showed that external stimuli of a high frequency lead to a decrease in the

degree of synchronization with an increasing ratio of excitatory to inhibitory neurons in the presence, but not in the

absence, of high-amplitude EPSPs. This monotonic reduction can be interpreted as an autonomous, strong-EPSP-dependent

spiking activity selectively interfering with the responses to external stimuli. This observation is consistent with patho-

logical findings. Thus, our modeling approach has potential to improve the understanding of the steady-state response in

both healthy and pathological states.
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Introduction

Synchronization of neural activity with external periodic

stimuli in the sensory cortex is observed with phenomena

such as the auditory steady-state response and the steady-

state visually evoked potential captured by techniques such

as electroencephalography and magnetoencephalography

(Galambos et al. 1981; Naatanen and Näätänen 1992;

Hillyard et al. 1995). This synchronization reaches signif-

icant levels in the gamma frequency band, which plays a

role in perception (Galambos et al. 1981; Naatanen and

Näätänen 1992; Hillyard et al. 1995). Conversely, deficits

in perception and transfer of perceptual information within

and between cortical areas are reflected in abnormalities in

the steady-state response (O’Donnell et al. 2004; Wilson

et al. 2007; Spencer et al. 2008; Rass et al. 2010; Rojas

et al. 2011; Oda et al. 2012; McNally and McCarley 2016;

Zhou et al. 2018). Clinically, the steady-state response,

which is defined as a neural response against a steady

periodic stimulus, especially the auditory steady-state

response, is widely used for assessing psychiatric disorders

such as schizophrenia (O’Donnell et al. 2013; McNally and

McCarley 2016; Zhou et al. 2018), bipolar disorder

(O’Donnell et al. 2004; Spencer et al. 2008; Rass et al.

2010; Oda et al. 2012), and autism spectrum disorder

(Wilson et al. 2007; Rojas et al. 2011; Seymour et al.

2020). To quantify the steady-state response, previous

studies (Tan et al. 2015; Legget et al. 2017; Seymour et al.

2020) used the inter-trial phase coherence (ITPC), i.e., the

degree of phase synchronization among trials in which the

same stimulus was applied (Tallon-Baudry et al. 1996).

Physiological and modeling studies have shown that

gamma-band oscillations are produced by the interaction

between excitatory and inhibitory neuron populations in

local neuronal circuits (Penttonen et al. 1998; Izhikevich

2003; Hájos and Paulsen 2009). More specifically, activa-

tion of the excitatory neuron population through excitatory-

excitatory synaptic connections is suppressed by the strong

and rapid feedback from inhibitory neurons. Activation and

suppression are repeated to produce the gamma oscillation,

known as the pyramidal-interneuron gamma (PING)

(Börgers and Kopell 2003). Whereas in response to a tonic

excitation stimulus, the fast inhibitory synaptic connections

in the inter inhibitory neural networks also produce

gamma-band oscillations, known as interneuronal gamma

(ING) (Whittington et al. 2000; Bartos et al. 2002). In

several psychiatric disorders, an impairment in the function

of inhibitory synaptic connections has been reported in

relation to deficits in gamma activity (Ben-Ari 2015;

McNally and McCarley 2016) caused by abnormal spa-

tiotemporal interactions of neural activity (Uhlhaas et al.

2008; Hirano et al. 2015; Uhlhaas and Singer 2012), such

as reduction in gamma-functional connectivity in

schizophrenia (Takahashi et al. 2018), enhancement of

gamma-functional connectivity in autism spectrum disor-

der (Takahashi et al. 2017), and significant reduction in the

steady-state response of gamma-activity in schizophrenia

(McNally and McCarley 2016; Zhou et al. 2018) and aut-

ism spectrum disorder (Wilson et al. 2007; Rojas et al.

2011; Seymour et al. 2020). Although the causes of these

abnormalities remain unclear, an alteration in the balance

between excitation and inhibition (E/I balance) is a major

contributing factor(Gibson et al. 2008; Chao et al. 2010;

Chattopadhyaya and Di Cristo 2012; Glausier and Lewis

2013). Powell et al. found that deficits in either the pro-

duction or migration of GABAergic inhibitory neurons

decrease the number of GABAergic inhibitory neurons in

the cortex. Consequently, the cortical neural network

becomes hyper-excitable (Powell et al. 2003). Hashemi

et al. revealed a smaller inhibitory neural population in

autism spectrum disorder with impairment of gamma-band

oscillation compared to that of typical development

(Hashemi et al. 2017). Rubin et al. showed that an external

perturbation preventing efficient learning and memoriza-

tion was canceled in an optimized, E/I-balanced network,

suggesting that the function of the E/I balance is to neu-

tralize such perturbations (Rubin et al. 2017). Dehghani

et al. demonstrated that a break in the E/I balance leads to

an abnormal temporal interaction between excitatory and

inhibitory neuron populations reminiscent of pathological

states (Dehghani et al. 2016). Therefore, an E/I imbalance

impairs the production of gamma-band oscillations such as

PING and ING; the resultant abnormal gamma-band

oscillations could lead to pathological conditions and brain

dysfunction (Gibson et al. 2008; Chao et al. 2010; Chat-

topadhyaya and Di Cristo 2012; Glausier and Lewis 2013).

In modeling studies regarding E/I balance and the spa-

tiotemporal patterns of neural activity, Guo et al. high-

lighted that inhibitory synaptic factors, such as inhibitory

synaptic weights and their synaptic delay play a crucial role

in controlling spatiotemporal neural activity (Guo et al.

2012, 2016a, b). Therefore, a detailed evaluation of the

influence of the E/I balance on gamma-band oscillations

through modeling analysis is important to understand the

mechanisms behind the alternation of gamma-band oscil-

lations observed in pathological conditions and brain

dysfunction.

In the synaptic networks of the cerebral cortex, excita-

tory pre-synaptic neurons’ spikes increase the membrane

potential of postsynaptic neurons, which are called exci-

tatory postsynaptic potentials (EPSPs). Most synapses in

the local and lateral excitatory-excitatory synaptic con-

nections of the cortex produce EPSPs of sub-millivolt

amplitude, while a minority produce large EPSPs (J1:0

mV) (Song et al. 2005; Lefort et al. 2009). The amplitudes

of these EPSPs follow a long-tailed distribution, specifi-

cally, a log-normal distribution. Teramae et al. focused on
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this long-tailed distribution (Teramae et al. 2012) for

modeling spontaneous cortical activity, typically charac-

terized by irregular neuron spiking and a low firing rate

(� 1 Hz) but a highly synchronous spike transmission

between specific neurons (Softky and Koch 1993; Hro-

mádka et al. 2008; Sakata and Harris 2009). Particularly,

spikes’ transmission in response to spikes propagating to

the minority of strong synapses is enhanced by spikes

propagating to the majority of weak synapses as noise.

Thus, spontaneous activity is said to be produced by

stochastic resonance. This model of spontaneous activity

has been widely used for clarifying the function of cortical

neural networks and further expanded upon (Hiratani et al.

2013; Omura et al. 2015; Kada et al. 2018; Nobukawa

et al. 2019, 2020). For example, a log-normal distribution

of EPSPs may enhance learning and memory (Hiratani

et al. 2013; Omura et al. 2015). Furthermore, by incorpo-

rating the dual nature of complex network structures

observed in the cortex (Watanabe et al. 2016) into a

spiking neural network with a long-tailed EPSP distribu-

tion, the spatiotemporally complex neural activity of the

real cortex was recently reproduced (Kada et al. 2018;

Nobukawa et al. 2019). Hence, a long-tailed distribution of

EPSPs in local cortical networks is an important factor for

determining the spatiotemporal characteristics of neural

activity and enhancing brain functionality. However, only a

few studies have assessed the role of the log-normal EPSP

distribution in pathological neuronal behavior.

Accordingly, we hypothesized that a long-tailed EPSP

distribution under an abnormal E/I balance might generate

a pathological neural behavior and subsequent deficits in

perception and inaccuracy of synaptic transmission in

individuals with psychiatric disorders. To validate this

hypothesis, we aimed to evaluate the synchronization of

neural activity with an external periodic stimulus in a

spiking neural network model in cases of both E/I balance

or imbalance with or without a long-tailed EPSP distribu-

tion. Specifically, we evaluated the synchronization to high

and low frequencies by performing analyses of the power

spectrum and ITPC in cases with E/I ratios of 3/1 to 9/1.

Material and methods

Spiking neural network

In this study, we used a spiking neural network with

synaptic weights following a log-normal distribution, as

modeled by Teramae et al. (2012). The membrane poten-

tial v(t) in the network is described using a leaky-integrate-

and-fire neuron model:

dv

dt
¼� 1

sm
ðv� VLÞ � gEðv� VEÞ � gIðv� VIÞ þ Iex;

ð1Þ

if v�Vthr mv; then vðtÞ ! Vr: ð2Þ

Here sm is the membrane decay constant; VE, VI , and VL

are the reversal potentials of the AMPA-receptor-mediated

excitatory synaptic current, the inhibitory synaptic current,

and the leak current, respectively; Vr is the reset voltage,

and Vthr is the threshold voltage. In this study, the periodic

external input signal Iex with a frequency Fs Hz is applied.

At the beginning of the input period 1=Fs sec with a time-

window of 1.0 ms, Iex is 21 � dðt � texÞ mV, where the input

times tex are drawn from Poisson distribution with an input

rate K ¼ 1:0 Hz. Under the strength of dirac delta function

d: 21 and condition for Vthr � VL\21, the single spike of

external input evoke the spikes in Eq. (1). During the rest

of the input period, K becomes 0 Hz, consequently, Iex ¼ 0.

This method to produce an external input signal Iex is

shown in Fig. 1. Hence, the firing rate directly evoked by

Iex in each neuron approximates to Fs � K=103 Hz. The

dynamic behaviors of the excitatory gEðtÞ ms�1 and inhi-

bitory synaptic conductances gIðtÞ ms�1 are described as

follows:

dgX
dt

¼ � gX
ss

þ
X

j

GX;j

X

sj

dðt � sj � djÞ;X ¼ E; I: ð3Þ

Here ss is the decay constant of the excitatory and inhibi-

tory synaptic conductances; sj, dj, GE;j, and GI;j are the

spike times of the synaptic inputs from the j-th neuron, the

synaptic delays, and the synaptic weights of excitatory and

inhibitory synapses, respectively. Additionally, the excita-

tory synaptic weight GE;j is classified to the excitatory-to-

excitatory synaptic weight GEE;j and the excitatory-to-in-

hibitory synaptic weight GEI;j; the inhibitory synaptic

weight GI;j is classified to the inhibitory-to-excitatory

synaptic weight GIE;j and the inhibitory-to-inhibitory

synaptic weight GII;j. The parameter set was as follows:

VL ¼ �70 mV, VE ¼ 0 mV, VI ¼ �80 mV, Vr ¼ �60 mV,

Vthr ¼ �50 mV, sm ¼ 20 ms (excitatory neuron), sm ¼ 10

ms (inhibitory neuron), and ss ¼ 2 ms (Teramae et al.

Fig. 1 Input rate K Hz for Poisson process to produce an external

input signal Iex with a frequency Fs Hz. Under this input signal, the

firing rate directly evoked by Iex in each neuron approximates to

Fs � K=103 Hz
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2012). To solve Eqs. (1)–(3), we used the Euler method

with time step Dt ¼ 0:1 ms. The refractory period was set

to 1 ms. Synaptic delays were set to uniform random values

of [1, 3] ms at the excitatory-to-excitatory connections and

[0, 2] ms at all the other connections. The excitatory and

inhibitory neurons had a total network size of 12000, and

the respective sizes of their neural populations (indicated

by NE and NI , respectively) were determined by the E/I

ratios. Each neuron was randomly connected with a cou-

pling probability fixed by excitatory and inhibitory neu-

rons. This coupling probability is defined by the probability

of the objective neuron coupling with postsynaptic neu-

rons. In this study, the probability for excitatory neurons

was 0.1, and that for inhibitory neurons was 0.5. The net-

work was reconstructed using different random seeds

across trials.

The EPSP amplitude VEPSP mV, which is an increase in

the membrane potential from the resting state due to the

excitatory synaptic input, was derived from a log-normal

distribution. This probability density is given by

pðxÞ ¼ exp½�ðlog x� lÞ2=2r2�ffiffiffiffiffiffi
2p

p
rx

; ð4Þ

where x indicates the VEPSP mV as the random variable. We

set r ¼ 1:0 and the mode of the distribution

l� r2 ¼ log 0:2. This parameter set, p(x), is shown in

Fig. 2. Unrealistically large values for VEPSP exceeding 20

mV were rejected, and new values were drawn from the

distribution. In studies reporting physiological experi-

ments, the amplitude of synaptic coupling with log-normal

distribution was measured by EPSPs (Song et al. 2005;

Lefort et al. 2009). Therefore, this observable value VEPSP

must be translated into a synaptic weight GE. For this

purpose, we consider the case where a post-synaptic neuron

receives a spike input from a single excitatory synapse at

t ¼ 0 ms. The dynamics of the membrane potential v(t) can

then be described as

dvðtÞ
dt

¼� 1

sm
ðvðtÞ � VLÞ � gEðtÞðvðtÞ � VEÞ; ð5Þ

dgEðtÞ
dt

¼� gEðtÞ
ss

þ GEdðtÞ: ð6Þ

In solving Eqs. (5) and (6) numerically, the relationship

between the rising voltage of v(t) from v ¼ VLð¼ �70Þ mV

and the amplitude GE is derived. Consequently, GEE can be

set to VEPSP=100, where VEPSP is obtained from the

stochastic process following Eq. (4). The excitatory

synaptic weight in excitatory-to-inhibitory neurons GEI , the

inhibitory synaptic weight in the inhibitory-to-excitatory

GIE, and the inhibitory synaptic weight in inhibitory-to-

inhibitory neurons GII were set to the constant values of

GEI ¼ 0:018 and GIE;II ¼ 0:002; 0:0025, respectively

(Teramae et al. 2012). In synaptic connections among

excitatory-to-excitatory neurons, spike transmission fails at

a rate depending on EPSP amplitude as follows:

PE ¼ a
aþVEPSP

(a ¼ 0:1 mV) (Teramae et al. 2012). In our

previous studies (Nobukawa et al. 2019, 2020) and that by

Teramae et al. (2012), the spontaneous activity under the

condition with E/I ratio of 4/1 was evaluated. In this study,

we addressed the steady-state response against periodic

stimuli under several E/I ratios.

For comparison, we calculated the spiking neural net-

work activity without excitatory-to-excitatory connections

capable of producing strong EPSPs, i.e., VEPSP [ 9 mV.

For each excitatory neuron, the number of synapses with

VEPSP [ 9 mV is approximately one. Therefore, this setting

corresponds to the removal of the maximum EPSP synapse

in each neuron. The program code for spiking the neural

network used in this study was developed in Brian2

(https://brian2.readthedocs.io/en/2.0rc/index.html) (Good-

man et al. 2014). The source code for simulating the

spiking activity can be found at the following address:

https://github.com/SouNobukawa/ASSR_SNN.

Fig. 2 Distribution of probability density for excitatory post-synaptic

potentials (EPSPs) VEPSP in excitatory-excitatory connections. The

upper and lower panels show semi-logarithmic and double logarith-

mic charts, respectively. The parameters are set to r ¼ 1:0, and the

distribution mode is set to l� r2 ¼ log 0:2. In this study, we

compared the spiking neural network activity between excitatory-to-

excitatory connections with strong EPSPs VEPSP [ 9 mV and without.

For each excitatory neuron, the number of synapses with VEPSP [ 9

mV is approximately one
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Evaluation indices

Method of observing neural activity

To observe a time-dependent spiking activity, we defined

the spiking-rate time series for the excitatory (rE Hz) and

inhibitory (rI Hz) neuron populations as follows:

rXðtÞ ¼ 1000
SXðtÞ
DtNX

;X ¼ E; I: ð7Þ

SE and SI indicate the number of spikes in the excitatory

and inhibitory neural populations, respectively, at each

time step within Dt ¼ 0:1 ms. In this study, rEðtÞ and rIðtÞ
were smoothed using a Gaussian-shaped window with r ¼

10 ms. This r value was determined by confirming the

timescale of the membrane decay constant.

Power spectrum analysis

To analyze the power spectrum of the spiking activity, the

z-scored time series rE during the interval [3, 7] sec was

analyzed. By this process, the constant component and the

effect of the range of variation of rE were removed from

the power spectrum profile. The power spectrum analysis

was based on 10 trials. We used different seeds for random

values to construct networks, initial membrane potential

values, and synaptic conductance across trials.

Fig. 3 Modeled spiking activity during periodic synaptic input under

different ratios of the excitatory to inhibitory neurons (NE : NI)(3 : 1,

5 : 1, and 7 : 1) in the presence of strong synaptic excitatory-to-

excitatory neuron connections VEPSP [ 9 mV capable of generating

large-amplitude excitatory post-synaptic potentials (EPSPs). The

upper three rows show, respectively, the spiking-rate time series of

the excitatory and inhibitory neuron populations, and the raster plot of

the neuron populations (excitatory below), all with input frequency

Fs ¼ 40 Hz. The middle three rows show the results for Fs ¼ 83:3
Hz, and the lower three rows show the results for Fs ¼ 142:8 Hz.

With an increasing E/I ratio, the spiking activity represented by the

spiking rate time-series of rE and rI and raster plot becomes irregular.

(VL ¼ �70 mV, VE ¼ 0 mV, VI ¼ �80 mV, Vr ¼ �60 mV, Vthr ¼
�50 mV, sm ¼ 20 ms (excitatory neuron), sm ¼ 10 ms (inhibitory

neuron), ss ¼ 2 ms, GIE ¼ 0:002;GII ¼ 0:0025;GEI ¼ 0:018)
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Inter-trial phase coherence analysis

The ITPC has been widely used to observe the steady

neural response against periodic stimulus (steady-state

response) as a degree of phase synchronization among

trials (Tan et al. 2015; Legget et al. 2017; Seymour et al.

2020). The ITPC is calculated as follows (Tallon-Baudry

et al. 1996):

ITPCðT; f Þ ¼ 1

T

XT

m¼1

Fmðf Þ
jFmðf Þj

�����

�����: ð8Þ

Here Fmðf Þ and T represent the phase output of the Fourier

transform of rE at the m-th trial as a function of frequency f

Hz and evaluation duration. ITPC approaches 1.0, which

corresponds to complete phase synchronization. Since the

input signal is fixed across trials, ITPC � 1:0 means that

the phase of rE synchronizes exactly to the input signal.

Results

First, we evaluated the spiking activity during the periodic

synaptic input under different conditions of the excitatory-

inhibitory balance. Figure 3 shows the spiking-rate time

series of excitatory and inhibitory neuron populations as

well as raster plots for input frequencies Fs ¼ 40, 83.3, and

142.8 Hz and ratios of excitatory to inhibitory neurons

(NE : NI) = 3 : 1, 5 : 1, and 7 : 1. In our simulation, the

input stimulus is controlled by a 1 ms time-window;

Fig. 4 Inter-trial phase coherences (ITPC) of the spiking-rate time

series of excitatory neuron populations corresponding to the results

shown in Fig. 3. The upper two rows show, respectively, the profile in

the range [0, 200] Hz and the magnified profile in the range around Fs

for Fs ¼ 40 Hz. The middle two rows show the results for Fs ¼ 83:3
Hz, and the lower two rows show the results for Fs ¼ 142:8 Hz. A

peak is observed in the ITPC around the input stimulus frequency at

all E/I ratios as the response to the input stimulus
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therefore, the input frequencies Fs ¼ 40, 83.3, and 142.8

Hz correspond to periods of 25, 12, and 7 ms, respectively.

With an increasing E/I ratio, the spiking activity repre-

sented by the spiking rate time-series of rE and rI and raster

plot becomes irregular. The ITPC and power spectrum of

the excitatory neuron population are shown in Figs. 4

and 5, respectively. In these results, a peak is observed in

the ITPC and power spectrum around the input stimulus

frequency at all E/I ratios as the response of the input

stimulus. Figure 6 represents the spiking-rate time series in

the control case without strong EPSPs. The regularity of

spiking activity is relatively maintained with an increasing

E/I ratio in comparison to the case with strong EPSPs.

Figures 7 and 8 show the corresponding ITPC and power

spectrum. Consequently, a peak in the ITPC and power

spectrum at around the input stimulus frequency is also

observed. In the overview of time-series and power spectra

and ITPC profiles, the significance of the difference

between cases with and without strong EPSPs could not be

confirmed.

To evaluate the profiles of power spectra and ITPC in

more detail, Fig. 9 shows the mean ITPC of the excitatory

neuron population around the input frequency Fs in the

range ½Fs � Dfs;Fs þ Dfs� Hz (Dfs ¼ 1; 2; 3 Hz). (The same

frequency interval is used to compute all ITPCs and power

spectra.) These results show that the ITPC and mean power

at Fs ¼ 40; 142:8 Hz maintain a constant value with an

increasing E/I ratio. At Fs ¼ 83:3; 90:9 Hz, the ITPC

decreases markedly with an increasing E/I ratio. This ten-

dency is maintained in all Dfs cases. In the absence of

Fig. 5 Power spectra density (PSD) of the spiking-rate time series of

the excitatory neuron population corresponding to the results shown

in Fig. 3. The upper two rows show, respectively, the profile in the

range [0, 200] Hz and the magnified profile in the range around Fs for

Fs ¼ 40 Hz. The middle two rows show the results for Fs ¼ 83:3 Hz,

and the lower two rows show the results for Fs ¼ 142:8 Hz. A peak is

observed in the power spectrum around the input stimulus frequency

at all E/I ratios as the response to the input stimulus
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strong synaptic connections at Fs ¼ 40; 142:8 Hz (see

Fig. 10), the ITPC and mean power maintain constant

values with an increasing E/I ratio. At Fs ¼ 83:3; 90:9 Hz,

the ITPC minimizes at the E/I ratio ðNE : NIÞ = 4 : 1.

Hence, the monotonic decrease with an increasing E/I ratio,

which arises in strong synaptic connections at Fs ¼
83:3; 90:9 Hz, is not observed in the absence of strong

synapses.

Discussion and conclusion

In this study, we evaluated the synchronization of spiking

activity with periodic stimuli in two types of spiking neural

networks using different network E/I ratios. The first one

includes synapses capable of producing strong (i.e., large-

amplitude) EPSPs as a log-normal EPSPs distribution, and

the second one is a network without strong EPSPs. The

power spectrum and ITPC results show that when using

external periodic stimuli of a relatively high frequency, the

degree of synchronization decreases with an increasing E/I

ratio in the presence of strong EPSPs. However, in the

absence of strong EPSPs, this monotonic reduction of the

ITPC does not emerge.

Fig. 6 Modeled spiking activity during periodic synaptic input under

different ratios of excitatory to inhibitory neurons (NE : NI ; 3 : 1,

5 : 1, and 7 : 1) without strong synaptic excitatory-to-excitatory

neuron connections (i.e., without large EPSPs VEPSP [ 9 mV). The

upper three rows show the spiking-rate time series of the excitatory

and inhibitory neuron populations and the raster plot of the neuron

populations (excitatory below) at the input frequency of Fs ¼ 40 Hz.

The middle three rows show the corresponding results for Fs ¼ 83:3

Hz, and the lower three rows show the corresponding results for

Fs ¼ 142:8 Hz. The regularity of spiking activity is relatively

maintained with an increasing E/I ratio in comparison to the case

with strong EPSPs (see Fig.3). (VL ¼ �70 mV, VE ¼ 0 mV, VI ¼
�80 mV, Vr ¼ �60 mV, Vthr ¼ �50 mV, sm ¼ 20 ms (excitatory

neuron), sm ¼ 10 ms (inhibitory neuron), ss ¼ 2 ms,

GIE ¼ 0:002;GII ¼ 0:0025;GEI ¼ 0:018)
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We must first consider why the monotonic reduction of

ITPC arises in the presence of strong EPSPs. Under con-

ditions of low E/I ratio or absence of strong EPSPs, the

number of synapses with strong EPSPs is low. In such

networks, spikes induced by external stimuli arise, but

autonomous spiking due to mutual driving of neurons

rarely arises. However, under the condition of a high ratio

of excitatory to inhibitory neuron numbers and the pres-

ence of strong EPSPs, autonomous spiking triggered by the

external stimulus can persist and be maintained even with

the removal of the external stimulus (Teramae et al. 2012).

These autonomous spikes disturb the phase coherence

among trials, causing a decrease in the ITPC with an

increasing E/I ratio visible only in the presence of strong-

EPSPs.

Furthermore, we must consider why the synchronization

can become dependent on the frequency of the input

stimulus. In our previous study, autonomous spiking

activity in a network with strong EPSPs exhibited dynamic

neural oscillations with high-frequency components (� 80

Hz) under conditions of random network topology (corre-

sponding to the network topology used in the present

study) (Nobukawa et al. 2019). Moreover, in our spiking

neural network with strong-EPSP, the high-frequency

component of autonomous neural activity involving the

gamma band activity under an absent external stimulus is

enhanced with increasing E/I ratio (see ‘‘Appendix’’ sec-

tion). Therefore, the monotonic reduction in synchroniza-

tion observed with an increasing E/I ratio can be

interpreted as an autonomous, strong-EPSP-dependent

Fig. 7 Inter-trial phase coherences (ITPC) of the spiking-rate time

series of the excitatory neuron population corresponding to the results

shown in Fig. 6. The upper two rows show, respectively, the profile in

the range [0, 200] Hz and the magnified profile in the range around Fs

for Fs ¼ 40 Hz. The middle two rows show the results for Fs ¼ 83:3
Hz, and the lower two rows show the results for Fs ¼ 142:8 Hz. A

peak in the ITPC at around the input stimulus frequency is also

observed
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spiking activity selectively interfering with the responses to

external stimuli, which have a high-frequency component.

This finding is supported by studies of resting-state

neural activity and steady-state responses under patholog-

ical conditions (Grent et al. 2018). In patients with

schizophrenia, a recent study of resting-state neural activity

demonstrated that activity in the low- and high-gamma

bands (60� 90 Hz) is enhanced by increasing the excita-

tory ratio (Grent et al. 2018). This enhanced autonomous

neural activity at gamma frequencies leads to a reduction in

the synchronization with high-frequency external stimuli

(McNally and McCarley 2016; Zhou et al. 2018). In

patients with autism spectrum disorder, the enhanced

excitatory neuron activity induced by dysfunction in local

inhibitory neurons leads to abnormal autonomous gamma-

band neural activity (Spence and Schneider 2009; Berg and

Plioplys 2012) (reviewed in Kessler et al. (2016)). As in

cases of schizophrenia, this abnormal gamma hyperactivity

leads to a reduction in synchronization with high-frequency

Fig. 8 Power spectra density (PSD) of the spiking-rate time series of

the excitatory neuron population corresponding to the results shown

in Fig. 6. The upper two rows show respectively the profile in the

range [0, 200] Hz and the magnified profile in the range around Fs for

Fs ¼ 40 Hz. The middle two rows show the results for Fs ¼ 83:3 Hz,

and the lower two rows show the results for Fs ¼ 142:8 Hz. A peak in

the power spectrum at around the input stimulus frequency is

observed as well

cFig. 9 (Upper) Mean ITPC in the excitatory neuron population

around the input frequency Fs at four input frequencies

(Fs ¼ 40; 83:3; 90:9, and 142.8 Hz) in the case of strong synaptic

connections. (Lower) Mean power spectrum of the peristimulus time

histogram around the input frequency Fs at the same frequencies. DFs

is set to 1.0, 2.0, and 3.0 Hz, respectively. At Fs ¼ 40; 142:8 Hz, the

ITPC and mean power maintain constant values with an increasing E/

I ratio. However, at Fs ¼ 83:3; 90:9 Hz, the ITPC markedly decreases

with an increasing E/I ratio. Bars indicate the standard deviation

across ten trials
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stimuli (Wilson et al. 2007; Rojas et al. 2011; Seymour

et al. 2020). These pathological findings are congruent

with our simulation results (see Fig. 9). Therefore, we

consider a spiking neural network connected by synapses

following a log-normal EPSP distribution to be a poten-

tially influential model for describing the steady-state

response under pathological conditions.

A few limitations of this study must be considered. The

spiking neural network used in this study does not model

functional inter-regional connections. However, incorpo-

rating region-specific sub-networks and inter-regional

connections into this modeling approach might be useful

for revealing the steady-state response in greater detail.

Additionally, the effect of voltage-dependent currents was

not considered in the modeling of EPSPs of this study. This

characteristic might affect the steady-state response. Fur-

ther, the parameters for neuron and synapse were simplified

in this study; e.g., common settings were used for the decay

constants of excitatory and inhibitory synaptic

conductances. However, these parameters should be

adjusted to correspond to more physiological values and

resemble actual cortical neural networks. Regarding how

the E/I balance changed, we modified the sizes of the

excitatory and inhibitory neural populations. However,

there is another method for changing the amplitude of

inhibitory synaptic conductance (Gao et al. 2017). The

change in the dependency of steady-state responses on E/I

balance according to that method should be evaluated and

compared with the results obtained in this study. Moreover,

in this study, the input stimulus is a relatively periodical

input spike-series produced by a Poisson process. How-

ever, in real neural networks, through the neural processing

pathway of auditory and visual stimuli, the input stimuli to

the cortical neural network might form spiking signals of

greater complexity than the periodic spikes used in this

study (Gray et al. 1989; Juergens et al. 1999; Bruns and

Eckhorn 2004; Nobukawa et al. 2020). Therefore, evalu-

ating the steady-state response against more complex

external stimuli may validate the findings of this study and

reveal new insights into the steady-state response.

In conclusion, we evaluated the steady-state synchro-

nization of neural activity with external periodic stimuli by

an E/I-balanced, spiking neural network that followed a

log-normal weight distribution at excitatory synapses. We

found that strong synaptic connections produced a mono-

tonic reduction in synchronization with an increase in the

ratio of excitatory to inhibitory neuron populations for a

high-frequency input stimulus. This tendency might be

caused by the enhancement of autonomous gamma-band

activity by synapses with strong EPSPs. This result is

congruent with pathological findings in schizophrenia and

autism spectrum disorder. A future combination of this

modeling approach with neuroimaging measures of neural

network activity and whole-brain network modeling would

improve the understanding of the steady-state response

under healthy and pathological conditions.

Appendix

To investigate the characteristics of autonomous spiking

activity under the condition of small and large E/I ratios,

we evaluated the power spectrum analysis in cases with E/I

ratio of 4/1 and 8/1 under absence of external input con-

dition. In the spiking neural network with strong-EPSP, the

autonomous spiking activity is maintained even under the

absence of external input, known as spontaneous spiking

activity (Teramae et al. 2012). Figure 11 shows PSD in

cases with an E/I ratio of 4/1 and 8/1 under absence of

external input condition. Here, an E/I ratio of 4/1 and 8/1

corresponds to typical low and high E/I ratio cases,

respectively. To trigger autonomous neural activity without

bFig. 10 (Upper) Mean ITPC in the excitatory neuron population

around the input frequency Fs at four input frequencies

(Fs ¼ 40; 83:3; 90:9, and 142.8 Hz) in the case without strong

synaptic connections. (Lower) Mean power spectrum of the peris-

timulus time histogram around the input frequency Fs at the same

frequencies. DFs is set to 1.0, 2.0, and 3.0 Hz, respectively. At Fs ¼
40; 142:8 Hz, the ITPC and mean power maintain constant values

with an increasing E/I ratio. However, at Fs ¼ 83:3; 90:9 Hz, the

ITPC minimizes at the E/I ratio ðNE : NIÞ = 4 : 1. The monotonic

decrease with an increasing E/I ratio, which arises in the case with

strong synaptic connections shown in Fig. 9, is not observed in the

case without strong synapses. Bars indicate the standard deviation

across ten trials
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Fig. 11 PSD of the spiking-rate time series of the excitatory neuron

population in cases with an E/I ratio of 4/1 and 8/1 under absence of

external input condition. Bars indicate the standard error across 10

trials. Higher power of high-frequent component in the autonomous

neural activity in 60. Frequency.80 [Hz] in 8/1 case in comparison

with 4/1.
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external input, known as spontaneous activity, the input

spike-series produced by a Poisson process (K ¼ 0:3 Hz)

with an initial duration of 0� t� 100 ms was applied.

From this result, higher power of high-frequent component

in the autonomous neural activity in 60. Frequency .80

[Hz] in 8/1 case in comparison with 4/1. Here, with a

smaller E/I ratio less than 4/1, such as 3/1 and 2/1, the

spontaneous activity cannot emerge. That is, high E/I ratios

enhance the high frequency-component of spontaneous

activity involving gamma-frequency components.
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Uhlhaas PJ, Haenschel C, Nikolić D, Singer W (2008) The role of

oscillations and synchrony in cortical networks and their putative

relevance for the pathophysiology of schizophrenia. Schizophre-

nia Bull 34(5):927–943

Watanabe K, Teramae JN, Wakamiya N (2016) Inferred duality of

synaptic connectivity in local cortical circuit with receptive field

correlation. In: International conference on neural information

processing, Springer, pp 115–122

Whittington MA, Traub R, Kopell N, Ermentrout B, Buhl E (2000)

Inhibition-based rhythms: experimental and mathematical obser-

vations on network dynamics. Int J Psychophysiol

38(3):315–336

Wilson TW, Rojas DC, Reite ML, Teale PD, Rogers SJ (2007)

Children and adolescents with autism exhibit reduced MEG

steady-state gamma responses. Biol Psychiatry 62(3):192–197

Zhou TH, Mueller NE, Spencer KM, Mallya SG, Lewandowski KE,

Norris LA, Levy DL, Cohen BM, Öngür D, Hall MH (2018)
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