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Abstract

Overall balance of excitation and inhibition in cortical networks is central to their functionality and normal operation. Such
orchestrated co-evolution of excitation and inhibition is established through convoluted local interactions between neurons,
which are organized by specific network connectivity structures and are dynamically controlled by modulating synaptic
activities. Therefore, identifying how such structural and physiological factors contribute to establishment of overall balance
of excitation and inhibition is crucial in understanding the homeostatic plasticity mechanisms that regulate the balance. We
use biologically plausible mathematical models to extensively study the effects of multiple key factors on overall balance of
a network. We characterize a network’s baseline balanced state by certain functional properties, and demonstrate how varia-
tions in physiological and structural parameters of the network deviate this balance and, in particular, result in transitions in
spontaneous activity of the network to high-amplitude slow oscillatory regimes. We show that deviations from the reference
balanced state can be continuously quantified by measuring the ratio of mean excitatory to mean inhibitory synaptic con-
ductances in the network. Our results suggest that the commonly observed ratio of the number of inhibitory to the number
of excitatory neurons in local cortical networks is almost optimal for their stability and excitability. Moreover, the values of
inhibitory synaptic decay time constants and density of inhibitory-to-inhibitory network connectivity are critical to overall
balance and stability of cortical networks. However, network stability in our results is sufficiently robust against modulations
of synaptic quantal conductances, as required by their role in learning and memory. Our study based on extensive bifurcation
analyses thus reveal the functional optimality and criticality of structural and physiological parameters in establishing the
baseline operating state of local cortical networks.
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1 Introduction

Stability and excitability are essential properties of cortical
networks that are established through complicated dynamic
interactions between neurons. A cortical network of one
cubic millimeter in volume in mammalian neocortex is
composed of tens of thousands of neurons. Each of these
neurons receive excitatory and inhibitory synaptic inputs
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from over a thousand other neurons, both through long-
range corticocortical fibers coming from neurons residing
outside the network and through intracortical fibers coming
from the neurons inside the network (Kandel et al. 2013;
Shirani et al., 2017, Fig. 1). Within the network, neurons
are highly interconnected via all types of excitatory-to-
excitatory, excitatory-to-inhibitory, inhibitory-to-excitatory
and inhibitory-to-inhibitory connections. Such a massively
interconnected network of dynamically interacting neurons
must have intrinsic mechanisms to control the level of over-
all excitation and inhibition that is generated in the network
at every instance of time. If the recurrent excitation provided
by the population of excitatory neurons on itself—which
is necessary for self-sustaining activity of the network—is
not sufficiently balanced by the inhibition it receives from
inhibitory neurons, then the overall level of excitation in
the network can rapidly rise to an extreme level at which
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the spiking rates of the neurons saturate. Oppositely, if the
inhibitory neurons impose excessive inhibition on the excita-
tory population, the network loses the level of excitability
that it needs to effectively respond to inputs coming from
other cortical areas. Hence, maintaining an overall balance
of excitation and inhibition is crucial for the functionality
of a cortical network.

Theoretical and experimental studies have confirmed the
existence of a dynamically regulated balance of excitation
and inhibition in local cortical networks at multiple
states of wakefulness and sleep (Haider et al., 2006; Shu
et al., 2003; Wehr & Zador, 2003; Okun & Lampl, 2008;
Dehghani et al., 2016; Froemke, 2015; Yizhar et al., 2011;
Vogels et al., 2011; Deneve & Machens, 2016; Shadlen &
Newsome, 1994; Vreeswijk & Sompolinsky, 1996; Shadlen &
Newsome, 1998; Brunel, 2000; Brunel & Hakim, 1999; He &
Cline, 2019; Gillary & Nieburm 2016; Shirani, 2020). It has
been hypothesized that the balance of excitation and inhibition is
essential for controlling network-level information transmission
(Chen et al., 2022; Vogels & Abbott, 2009), efficient, high-
precision, and high-dimensional representations and processing
of sensory information (Dene¢ve & Machens, 2016; Wehr
& Zador, 2003; Vreeswijk & Sompolinsky, 1996), enabling
cortical computations by enhancing the range of network
sensitivity to sensory inputs (Froemke, 2015), selective
amplification of specific activity patterns in unstructured
inputs (Murphy and Miller, 2009), maintaining information in
working memory (Lim & Goldman, 2013), and, importantly,
preserving network stability (Nelson & Valakh, 2015; Vogels
etal., 2011). Pathological conditions resulting in deviations from
normal levels of excitation-inhibition balance, hence hypo- or
hyper-excitation in cortical networks, have been associated
with several neurological disorders, such as Autism Spectrum
Disorders, schizophrenia, mood disorders, Alzheimer’s disease,
Rett Syndrome, and epilepsy (Chen et al., 2022; Yizhar
et al., 2011; Nelson & Valakh, 2015; Dehghani et al., 2016;
Rubenstein & Merzenich, 2003; Palop et al., 2007; Palop &
Mucke, 2016; Dani et al., 2005). Nevertheless, neuromodulatory
mediated deviations from finely balanced network states, as
long as they do not result in pathological dysfunction, are also
thought to be important in enabling certain network operations,
such as performing long-term changes in sensory receptive
fields (Froemke, 2015; Yizhar et al., 2011; Rubenstein &
Merzenich, 2003).

There is, however, a broad range of interpretations of
excitation-inhibition balance in the literature. For instance,
loose balance of excitation and inhibition in a network has
been defined as a state during which temporal variations
in excitatory and inhibitory input currents to neurons are
correlated on a slow time scale, whereas on a faster time
scale they exhibit uncorrelated fluctuations. When faster
fluctuations are also strongly correlated, with possibly a
small time lag between them, the balance has been called
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tight (Denéve & Machens, 2016; Hennequin et al., 2017,
Renart et al., 2010). From a related but mostly spatial point
of view, global balance has been referred to a state at which
each neuron of the network receives approximately equal
amounts of excitation and inhibition, so that on average the
overall levels of excitation and inhibition in the network
are the same. The balance is called fine-scale or detailed
when, in addition to having global balance, the amounts
of excitation and inhibition to neurons also balance each
other at finer spatial resolution, that is on subsets of synaptic
inputs corresponding to specific signaling pathways (Vogels
& Abbott, 2009; Froemke, 2015; Hennequin et al., 2017).
The presence of such variety of interpretations has been an
additional source of difficulty in developing techniques for
experimentally measuring the excitation-inhibition balance
in cortical networks and understanding its underlying
regulatory mechanisms (He & Cline 2019).

Due to experimental complexities and interpretational
ambiguities, it is still not well-understood how the excitation-
inhibition balance is established, what cellular and network
properties are homeostatically adjusted to maintain it, and
how it can be accurately and meaningfully measured (He
& Cline, 2019; Wu et al., 2020; Xue et al., 2014). Despite
the challenges, however, numerous homeostatic mechanisms
have been proposed as possible regulatory processes
involved in maintaining the balance in cortical networks
(Chen et al., 2022; Vogels et al., 2011; Wu et al., 2020; Ma
et al., 2019; Le Roux et al., 2006; Hennequin et al., 2017,
Sprekeler, 2017; Nelson & Valakh, 2015; Froemke, 2015;
Turrigiano et al., 1998). Moreover, it is convincing that the
balance is most likely established and regulated locally, that
means through internal recurrent interactions within a local
cortical network, as global interactions between different
regions of the cortex are predominantly excitatory and
cannot be effectively balanced at a global scale by short-
range activity of inhibitory neurons (Dehghani et al., 2016;
Haider & McCormick, 2009; Denéve & Machens, 2016;
Shirani, 2020; Shirani et al., 2017).

The goal of this paper is to leverage the computational
tractability of a biologically plausible mean-field model to
perform an extensive study on how variations in some of the key
physiological factors—that control the kinetics of synapses—and
key structural factors—that determine the overall topology of
a cortical network—affect the overall balance of excitation and
inhibition in a local cortical network and potentially result in loss
of stability and critical phase transitions in the dynamics of the
network. Synaptic properties of a network can be dynamically
adjusted through homeostatic plasticity mechanisms to
compensate for changes in excitatory and inhibitory activity in
the network, and thereby regulate the network balance. Structural
organization of a network determines the types and amounts of
interactions between neuronal populations, and hence is central
to establishing the overall balance of activity in the network.
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Hence, knowing how changes in each of the key synaptic and
structural parameters of a network affect its overall balance,
and whether or not such changes can create a critical state in
the dynamics of the network, is important in understanding
the homeostatic mechanisms that regulate the balance, and
in identifying the sources of pathological conditions that may
arise during cortical development or as a result of neurological
diseases. We specifically demonstrate the effects of changes in
physiological parameters such as synaptic decay time constants,
synaptic quantal conductances, and synaptic reversal potentials,
as well as structural parameters such as the ratio of the number of
inhibitory neurons to the number of excitatory neurons, overall
connectivity density of the network, and the density of inhibitory-
to-inhibitory connectivity. Performing such an extensive study
experimentally is not practical, nor is it using biologically
detailed neuronal network models, explaining our choice of
a biologically plausible mean-field model in this study. The
computationally affordable framework of our study allows for
testing effects of fine modulations of a range of key parameters,
providing predictions that can hint future experiments.

Our interpretation of a balanced state of excitation and
inhibition is in the sense of its functionality. We characterize a
balanced state as a network-level operational state that satisfies
certain qualitative properties that are often reported in normally
functioning networks. Specifically, we consider a (well-)
balanced state as a state at which (1) the spontaneous activity
of the neurons in the network are asynchronous and irregular,
(2) the network is sufficiently excitable, (3) the spontaneous
and stimulated activity in the network remain stable, and (4)
the network responds rapidly to a reasonably wide range of
external stimuli. We use the term “overall” balance to refer to
such network-level balance, a term also alternatively used in the
literature for global balance. The asynchronous and irregular
network activity under this balanced state is commonly
observed in globally and tightly balanced networks (Renart
et al., 2010; Vogels & Abbott, 2009; Vogels et al., 2011;
Markram et al., 2015; Deneve & Machens, 2016; Dehghani
et al., 2016; Brunel, 2000; Vreeswijk & Sompolinsky, 1996).
The neurons in such balanced state are mostly expected to be
depolarized near their spiking threshold (Haider et al., 2006;
Landau et al., 2016).

We use the ratio of mean excitatory to mean inhibitory
synaptic conductances to measure the level of balance in
a network, which is a measure used effectively in some
experimental studies (Haider et al., 2006) and its constancy
under different conditions is considered as a signature
of excitation-inhibition balance in a network (Den¢ve
& Machens, 2016). Our results show that this mean
conductance ratio is a reliable measure to continuously
quantify deviations from the balanced state—towards over-
excitation or over-inhibition—as it changes monotonically
when the network balance is deviated from its reference
value due to variations in the network parameters we study.

Our analysis is based on the biologically plausible
mean-field model introduced by Carlu et al. (2020), with
an additional neuronal adaptation mechanism proposed
by di Volo et al. (2019). This model, which has been
developed in a sequence of works described by El Boustani
and Destexhe (2009), Zerlaut et al. (2016, 2018), di Volo
et al. (2019, and Carlu et al. (2020), has succeeded in fairly
accurately predicting the mean spontaneous activity of
neurons in a local cortical network during asynchronous
irregular firing regimes, as well as their responses to certain
external stimuli (Carlu et al., 2020; di Volo et al., 2019). We
realistically characterize this model by setting the values of
its biophysical parameters according to estimates obtained
for cortical neurons of the mouse and rat brain (Teeter
et al., 2018; Markram et al., 2015). As a result, the model
presents a balanced state of excitation and inhibition with
mean firing activity of the neurons being very close to that
observed in biophysically detailed models of rat neocortical
microcircuitry (Markram et al., 2015). We use the long-
term spontaneous mean-field activity predicted by this
model, when driven by a constant rate of background input
spikes, to make our observations on the level of balance
in the network. The mean-field framework of the model
allows us to employ standard numerical bifurcation analysis
techniques to investigate how the overall (mean-field)
balance of the network, established at baseline parameter
values, is affected by continuous changes in each of the
physiological and structural network parameters over a
wide range of biologically plausible values. In particular, we
observe that in most cases the parameter changes that result
in over-excitation in the network can eventually become
critical and lead to a phase transition in the network activity
to a high-amplitude slow oscillatory bursting regime.
We verify the key predictions of our mean-field-based
analysis using a more detailed spiking neuronal network
model. We also verify some of the key predictions of our
analysis by making comparison with some experimental and
computational results available in the literature on the rat
somatosensory microcircuitry (Markram et al., 2015).

We organize this paper as follows. In Section 2, we
provide an overview of our bifurcation and sensitivity
analysis framework. In Section 3, we describe the details
of the models we use to perform our analyses. In Section 4,
we present the computational results we obtain based
on the models. Finally, in Section 5, we summarize and
discuss the key observations we make in our study. The
results presented in Section 4 are modular. All bifurcation
diagrams we obtain for different biophysical quantities of the
network are included in a single figure, provided separately
for each of the physiological and structural parameters we
study. Therefore, an alternative quick read can be made by
skipping the entire Section 4 at first and proceeding directly
to Section 5. The details for each of the key observations
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summarized in Section 5 can then be found back in the
corresponding figures and their descriptions provided in
Section 4.

2 Analysis methods

Our approach in studying the sensitivity of the overall
balance of a network to continuous variations in network
parameters relies on computing changes and phase transi-
tions in long-term mean-field activity of the network. In
the absence of sensory or cognitive stimuli, the activity of
a local cortical network in vivo is driven mainly by back-
ground spikes from neighboring cortical areas. However, the
mean rate of such background input spikes is low. Therefore,
the spontaneous activity of an unstimulated local network
can be expected to be predominantly self-generated. Assum-
ing that the network is well-balanced, this spontaneous spik-
ing network activity is asynchronous and irregular. Assum-
ing further that the mean rate of background input spikes to
the network is constant—which is a reasonable assumption
we make in our analyses to be able to clearly distinguish the
effects of parameter variations in our observations—then the
mean spontaneous firing activity of the balanced network
reaches quickly to a steady-state. Therefore, measuring the
steady-state mean-field activity of the network, driven by a
constant rate of background spikes, provides good estimates
for measuring the overall balance of excitation and inhibition
in the network.

We use a conductance-based mean-field model, whose
details are described below in Section 3, to compute
approximate mean-field activity of a local cortical network.
We set the parameter values of this model equal to the realistic
values estimated for cortical networks in the mouse and rat
brain. We begin our analyses by first verifying that the model
with these preset parameter values, when driven by a realistic
rate of background input spikes, presents mean-field activity
consistent with the activity observed in a well-balanced state—
as we described in our interpretation of overall balance in
Section 1. We use the steady-state (equilibrium) mean-field
activity computed at this state as a reference for balanced
network activity. As our results show, the ratio of the mean
excitatory to inhibitory synaptic conductances in the network is
areliable measure of overall balance in the network. Therefore,
we use the value of this ratio, computed at the steady-state of
the balanced network, as a reference for our quantification of
deviations from the balanced state.

We employ numerical bifurcation analysis techniques
to predict how the network balance is deviated from
its reference state when we continuously vary the key
physiological and structural parameters of the network. We
individually study the effect of variations in each network
parameters by considering it as a bifurcation parameter
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in a codimension-one continuation of the stable network
equilibrium, that is the steady-state mean-field activity
associated with the reference balanced state we described
above. For each study, we demonstrate how the steady-
state values of important network quantities, such as mean
neuronal firing rates, mean membrane conductances,
mean membrane potentials, and mean synaptic currents
change as the bifurcation parameter varies within its entire
range of biologically plausible values. Moreover, when a
phase transition to an oscillatory behavior is detected at a
bifurcation point on the curves of equilibria, we additionally
perform codimension-one continuation of the emerging
limit cycles. This allows us to observe how the frequency
of the oscillations changes with respect to variations in the
bifurcation parameters. We perform our bifurcation analyses
using MatCont, version 7.3 (Dhooge et al., 2008), and
individually report the results of each study in Section 4.

In our codimension-one analyses of the effects of syn-
aptic parameters, we only consider variations in inhibitory
synaptic parameters. However, we additionally perform
codimension-two continuation of the network equilibrium
by simultaneously considering both excitatory and inhibitory
synaptic parameters as bifurcation parameters. This allows
us to observe how joint modulation of the kinetics of excita-
tory and inhibitory synaptic activity affects the overall bal-
ance of excitation and inhibition in the network. We perform
similar analyses to also investigate certain joint contribution
of synaptic and structural factors.

Although utilizing the simplicity of a mean-field model
enables us to perform an extensive study on the effects of
variations in multiple network parameters on the overall
network balance, the generality of our observations can suffer
from the inevitable simplifying assumptions of the mean-
field model construction. To address this concern, we also
construct a spiking neuronal network model with equivalent
structural, synaptic, and cellular parameters to those of the
mean-field model. We then use this model to verify that
the key predictions of our study based on the mean-field
model still remain qualitatively valid when the simplifying
assumptions of the mean-field description are removed. For
this, we simulate the spiking neuronal network for different
sets of parameter values based on the predictions of the mean-
field model, namely, for parameter values that correspond to
the network’s reference balanced state with asynchronous
and irregular neuronal firing activity, oscillatory bursting
states, and states of non-oscillatory over-excitation or
over-inhibition. We compare the results obtained from the
two models using the same quantitative measures as those
previously computed for the mean-field model.

Before presenting the results of our study, we provide
below the detailed description of the mean-field and spiking
neuronal network models, including the equations we use to
compute the important descriptive quantities of the network.
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3 Model description

Our computational study approach, as described above, relies
on mathematical models whose detailed description, along with
a discussion on the choice of their realistic parameter values, is
provided below. The results we obtain based on these models
are given in Section 4. Our key observations and their biologi-
cal implications are discussed in Section 5.

3.1 Mean-field neuronal population model

The mean-field model we use here has been developed based
on the Markovian master equations provided by El Boustani
and Destexhe (2009), which describe the overall activity of
a randomly connected balanced network of neurons in an
asynchronous irregular spiking regime. Specifically, these
equations present the temporal evolution of the mean and
variance of the firing rates of neurons within the excitatory
and inhibitory populations of the network, as well as the
covariance of the firing rates between the two populations.
The master equations given by El Boustani and Destexhe
(2009) have been extended by di Volo et al. (2019) by includ-
ing an additional equation that allows for spike frequency
adaptation of the neurons.

Application of the master equations given by El Boustani
and Destexhe (2009) requires developing neuronal transfer
functions that characterize the stationary firing rate of
neurons in response to their stationary presynaptic excitatory
and inhibitory spiking activity. Such transfer functions
provide population-level description of the neuronal
activity and capture the specific properties of the single-
neuron models and synaptic interactions that are considered
in building the mean-field model of the entire network. Due to
the nonlinearities involved in incorporating such properties,
analytical derivation of the transfer functions is often quite
challenging. Here, as used by di Volo et al. (2019), we use
the semi-analytically calculated transfer functions that
are proposed by Zerlaut et al. (2016) and Zerlaut et al.
(2018) under the assumption that the characterization of the
transfer functions depends only on the statistical properties
of subthreshold membrane potential fluctuations. These
transfer functions rely on an effective membrane potential
threshold for each excitatory and inhibitory population.
This effective threshold is expressed as a second-degree
polynomial on the moments of the subthreshold membrane
potentials within each population, namely, on the mean,
standard deviation, and autocorrelation time constant of
the membrane potential fluctuations. The coefficients of
this second-degree polynomial are obtained by fitting it
to the dynamics of numerically simulated single neurons
at different excitatory and inhibitory presynaptic spiking
frequencies (di Volo et al., 2019; Zerlaut et al., 2016, 2018).

Below, we briefly provide the formulation of the mean-
field model as given by di Volo et al. (2019), with several
notational changes, some modifications for incorporating
external inputs to the network, and a correction on the equa-
tions governing neuronal adaptation.

3.1.1 Mean-field model equations

To present the equations of the mean-field model, let E and 1
denote, respectively, the excitatory and inhibitory neuronal
populations of a local cortical network composed of a total
number of N neurons. Note that N = N;; + N, where N, and
N, denote the total number of excitatory and inhibitory neurons
in the network, respectively. For all time ¢ € [0, T, T > 0, and
population types X and Y, where X,Y € {E, 1}, the modeled
neuronal activity is represented by the following variables:

o p,(?), measured in Hz, denoting the mean firing rate of
neurons in the X population at time ¢,

® ¢g,,(?), measured in Hz?, denoting the covariance of the
firing rates between the X and Y populations at time ¢,

o wy(#), measured in pA, denoting the mean adaptation cur-
rent of neurons in the X population at time ¢,

. rfﬁt(t), measured in Hz, denoting the average rate of spikes
received by neurons of X population at time ¢ through each of
the afferent fibers arriving from external neurons of type Y.
Although in general some fraction of the afferent fibers can
arrive from external inhibitory neurons, throughout this paper
we assume all these external input spikes to the network are
received only from excitatory neurons.

The system of differential equations that governs the time
evolution of the state variables py, gy, and wy for a given
external drive rsit are provided by the master Eqs. (13)—(15)
below. Note that g, = g5, hence it is sufficient to solve
(13)—(15) only for one of these two quantities. As stated
above, these master equations require calculation of the
transfer functions that relate the firing rate of neurons in each
population to their presynaptic excitatory and inhibitory
spike rates. The conductance-based internal interactions that
yield the derivation of these transfer functions are modeled
as follows (Zerlaut et al., 2016, 2018; Carlu et al., 2020).

Let K)Z?(‘ with X, Y € {E, 1}, denote the average number of
presynaptic connections that neurons within the X population
in the network receive internally from the neurons of the Y
population of the network. Similarly, let Kf;“ denote the
average number of presynaptic connections that neurons
within the X population receive from external neurons of
type Y residing outside the network. Then, the average
number of presynaptic connections that neurons within the
X population receive in total from both internal and external
neurons of type Y is given as
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K _Klnt+KEXt

XYy °?

X,Y € {E,1}. (D

As stated above, throughout this paper we assume all external
cortical connections to the local network under the study are of
excitatory type, that is, Kfl’“ = 0,X € {E,1}. Moreover, letting
P, denote the connection probabilities between neurons of X
and Y populations, as described in Table 1, the average number
of internal connections are given as
K"=P,N,, XYE/{EI}. Q)

Next, let r, and ry, denote, respectively, the average rate
of excitatory and inhibitory presynaptic spikes that neurons
in a population of type X receive both internally from other
neurons within the network and externally from neurons
residing outside the network. That is,

1
XE(pE,p]’ )gixl) — < [KImpE KEX[ XFiEXt]’ X € {E,I},
XE
3)
XI 1 XI
ra(Peporg) = T [Ka'p+ K g =p, - x € (B 1),
XI
“)

where the second equality for ry, is due to the assumption
KEX[ - 0
XT :

My (ryg, ry wy) =
¥ ' MG (rXE’ Txp)

1‘40X (rxes ) :Mafg"(rXE’ xp)

+ MGXS‘yu(rXE, Iyp) (7)
Leak
+ G, X € {E,I}.
The parameter GLeak in (7) denotes the leak
conductance of the neurons. The parameters Sy" and

‘L'XY in (5) and (6), with X,Y € {E, I}, denote the quantal
conductance and decay time constant of the synaptic
connections, as described in Table 1. Note that these
synaptic parameters correspond to the first-order model
of synaptic conductance kinetics given by Eq. (18) below.
Note also that neurons typically receive multiple synapses
per single connection. The parameters fo“ in (5) and
(6) denote synaptic quantal conductances per connection,
and hence they are equal to the sum of the per-synapse
quantal conductances generated by each of the synapses
of a neuronal connection.

An approximation of the mean membrane potential of the X
population based on the mean conductances calculated above
has been provided by Kuhn et al. (2004) and Zerlaut et al.
(2018) as

[VSynM Syn(er’ x1)+VSynM SY"(VXE’ Xl)

+ V;eakG;eak — WX] , Xe& {Es I}’ (8)

The train of spikes received by a neuron from its presynaptic
neurons dynamically change the neuron’s membrane
conductance. Let M, S and M, S denote, respectively, the mean
value of the total excitatory and inhibitory synaptic conductances
of a neuron of type X. Note that, throughout the paper, we will
use M, and S, to denote the mappings that give the mean and
standard deviation of the quantity A, respectively. The total
excitatory (inhibitory) synaptic conductance of a neuron of type
X is the conductance resulting cumulatively from all the synapses
that are made on this neuron by other excitatory (inhibitory)
neurons in the network. The effective value of these synaptic
components depend on the rate of input spikes to the neurons. As
proposed by Kuhn et al. (2004) and Zerlaut et al. (2018), the
mean conductances can approximately be given as
X € {E,1}, 5)

_ Syn _ Syn
Mcfg“(rXE’rXI)_KXE <t Txg I'xe>

_ Syn _ Syn
MG;Y"(rXE’rXI)_ xixi Txi Txp

X € {E,1}, (6)
which then allow for the calculation of M; , the mean value

of the total membrane conductance of the neurons within
the X population, as
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which can be roughly understood as a steady-state current law on
the different currents flowing through the membrane of a neuron,
with the neuron’s membrane potential and conductances being
replaced with their mean values across the population. The param-
eters VESyn and VISyn denote the excitatory and inhibitory synap-
tic reversal potentials as described in Table 1. We assume these
parameters do not depend on the type of the postsynaptic neurons.

The following approximations for the standard deviation
Sy, and a global autocorrelation time constant (approximate
speed) Ty, of membrane potential fluctuations have been
obtained by Zerlaut et al. (2016) and Zerlaut et al. (2018) as

Syn 2
2 KXHrXH [TXH ZXH(rXF’rXI’ WX)]

Sy (rgps I'is Wy) = ,
ViV xes fxe x 2[ Mem(&g»’){[)"'fsyn] (9)

HE({E,I}

X € {E,1}
K SynZ 2
ZHE{E,[} xu"xn [T XH(VXE’rXI’WX)]

252 (XE’ XI’WX)

TVX (rxgs x> Wy) =

X € {E,I}.
(10)
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Table 1 Cellular, synaptic, and structural parameters of the mean-field and spiking network models

Parameter Description Value Unit
Cellular C é\’lem Membrane capacitance of the excitatory neurons 110 pF
CIMem Membrane capacitance of the inhibitory neurons 65 pF
Géﬂ‘k Leak conductance of the excitatory neurons 6 nS
GlLeak Leak conductance of the inhibitory neurons 5 nS
Vgﬂk Leak reversal potential of the excitatory neurons =75 mV
VILcak Leak reversal potential of the inhibitory neurons =72 mV
Ty, Adaptation time constant of the excitatory neurons 500 ms
Ty, Adaptation time constant of the inhibitory neurons 500 ms
/s Subthreshold adaptation conductance of the excitatory neurons 4 nS
n, Subthreshold adaptation conductance of the inhibitory neurons 0 nS
Ve Spike-triggered adaptation current increment of the excitatory neurons 60 PA
% Spike-triggered adaptation current increment of the inhibitory neurons 0 PA
Synaptic Vf:Y“ Reversal potential of the excitatory synapses 0 mV
VTSY" Reversal potential of the inhibitory synapses —80 mV
Q ESEY“ Quantal conductance of the excitatory-to-excitatory synaptic connections 3% nS
Qliy“ Quantal conductance of the excitatory-to-inhibitory synaptic connections 3% nS
ESIY" Quantal conductance of the inhibitory-to-excitatory synaptic connections 12* nS
”SY" Quantal conductance of the inhibitory-to-inhibitory synaptic connections 12* nS
TESEY“ Decay time constant of the excitatory-to-excitatory synapses 1.7 ms
T]:Y“ Decay time constant of the excitatory-to-inhibitory synapses 1.7 ms
TE?Y" Decay time constant of the inhibitory-to-excitatory synapses 8.3 ms
THSY“ Decay time constant of the inhibitory-to-inhibitory synapses 8.3 ms
Structural Ng Number of excitatory neurons in the network 8700 —
N, Number of inhibitory neurons in the network 1300 —
| Probability of excitatory-to-excitatory cortical connections 0.05 —
P Probability of excitatory-to-inhibitory cortical connections 0.05 —
P, Probability of inhibitory-to-excitatory cortical connections 0.05 —
P, Probability of inhibitory-to-inhibitory cortical connections 0.05 —
KFiX‘ Number of external excitatory connections made to excitatory neurons 1200 —
Klg’“ Number of external excitatory connections made to inhibitory neurons 1200 —
KF?“ Number of external inhibitory connections made to excitatory neurons 0 —
Kf"‘ Number of external inhibitory connections made to inhibitory neurons 0 —
T Mod Time scale of the mean-field model 20 ms
Spiking Network VEThr Spiking threshold potential of the excitatory neurons =50 mV
VIThr Spiking threshold potential of the inhibitory neurons =50 mV
Ag Sharpness factor of the spike initiation term in AdEx model of excitatory neurons 2 mV
A, Sharpness factor of the spike initiation term in AdEx model of inhibitory neurons 0.5 mV
T:‘ef Refractory period of the excitatory neurons 5 ms
TIRef Refractory period of the inhibitory neurons 5 ms
NEE’“ Number of external excitatory input channels 1000 —
P:‘i’“ Probability of connections between external input channels and excitatory neurons 0.05 —
P{EX‘ Probability of connections between external input channels and inhibitory neurons 0.05 —

“The values of synaptic quantal conductances given here are quantal conductances per connection. These values are calculated using the esti-
mates provided by Markram et al. (2015) as follows: QESEyn = Qliy" =3nSis a%proximately equal to the per-synapse excitatory quantal conduct-
ance of 0.85 nS times 3.6 synapses per excitatory connection, and Qpﬁyn =Q,”" = 12 nS is approximately equal to the per-synapse inhibitory

quantal conductance of 0.84 nS times 13.9 synapses per inhibitory connection
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Table 2 Normalization

Cell t 7 AM AS
parameters of the semi-analytic erhpe My, Sv, Ty, Y Y ATy,
transfer functions (Zerlaut et al., X =E.I —60mV AmV 05 10 mV 6 mV 1
2016)
where where D := {M, .S, .T, } and D* := (DX D)\ {(S,,.
. Qs o My ),(Ty.My, ), (Ty, .Sy )} The normalization param-
Zyu(Ixes Ty Wx) 1= m[ w = My, (e r wy)) eters A and AA, A € D, in (12) are not population type
« VU XE> TX1 . . . .
- specific and their values are given in Table 2. It should be
X,H € {E,1},

and %XMem denotes the effective membrane time constant of
the X population, given by

C Mem
pMem = — X, X € {E,1}.
MGX(rXE’ rXI)

The parameter Ci\dem denotes the membrane capacitance
of the neurons as described in Table 1.

The transfer functions Fy of neurons within each popu-
lation X can now be characterized using the membrane
potential moments MVX, SVX, and TVX given by (8), (9), and
(10), respectively. For this, a semi-analytic form has been
proposed by Zerlaut et al. (2016) as

1

Fy(ryg, Iy wx) =
2TVX(rXE’ Fxis Wx)

X erfc

noted that some of these parameter values appear to be mis-
reported by di Volo et al. (2019). Here, we used their values
as originally given by Zerlaut et al. (2016). The coefficients
62, G;A), and 0)(:"3), A € D, (A, B) € D? are given in Table 3.
They are calculated by di Volo et al. (2019) by fitting the
effective thresholds and the resulting transfer functions to
numerically calculated dynamics of adaptive exponential
integrate and fire (AdEx) neurons. Note that the fit param-
eters in Table 3 are provided for both regular-spiking (RS)
and fast-spiking (FS) neurons. Unless otherwise stated, we
assume throughout this paper that all excitatory neurons are
regular-spiking and all inhibitory neurons are fast-spiking.

Finally, calculation of the semi-analytic transfer functions
(11) allows us to complete the presentation of the mean-field

@X(MVX’ SVX’ TVX) - MVX(rXE’ Txp> Wx)

V28, (e ras W)

' Y

X € {E,I},

where erfc is the complementary error function and
Ty :=T, /tM™, with ¢Mem 1= CM" /G denoting
the membrane time constant of the neurons of type X.

The effective membrane potential threshold @, in (11),
which accounts for the nonlinearities in the neuronal
dynamics, is expressed by di Volo et al. (2019) as the fol-
lowing second-degree polynomial

. A-—A
@X(MVX’SVX’ Tvx) = 02 + Z 0§(A)<T>

A€D
A-A\(B-B
2 (5 ()
(AB)eD? AA AB
(12)

model by providing the masters equations that govern the
evolution of the population-level neuronal activity in the
network. For X € {E,1},Y € {E,1},andt € [0, T], T > 0, the
equations are given as

dp
TMA—= = Fy(ryg, s Wy) — Px

D)

JE(E} I'e(EI}

02
Gy WFX(rXE’ Txis Wx)s

13)

Table 3 Fit parameters of the semi-analytic transfer functions for populations of regular-spiking (RS) and fast-spiking (FS) neurons (di Volo

et al., 2019)
Cell type 6 I I Y S TR R
X = E (RS) —-49.8 5.06 =25 1.4 —-0.41 10.5 -36 7.4 1.2 —40.7
X =1(FS) 514 4 83 02 ~05 14 ~146 45 2.8 ~15.3
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dg M syn(Fyps Typs W
TM‘)dd—XtY = (FX(th,er,wX)—pX)(FY(rYE,rw,wY)—pY) IXSEy ( XE> "' X1 X) (]6)
Syn
9 F] = (V.7 =My, (re, Iy, W) )M syn (Fy i),
+ Z [qYIa_FX(rXE’rxwwx)+QXJa_FY(rYE’ry1an)] ( E VX( XE? T XI X)) Gal ( XE X[)
JE(EN) P P,
1 1
—2qyy + 6XYN_ <W - Fy(rY|-17rY|’wx)>Fx(rx1—_’rxnwx>’ MIS)'n(rXE, xps WX)
X X1
14 _ (vSm (17)
14 - (VI _MVX(FXE’rXI’Wx))MG;Y"(rXE,rXI),
dwy
= — _ v Leak ]
Do Tqr T ™ + T IxPx 1 [MVX (g T Wx) = Vi ] for X € E, I, where M, s» and M, s» denote the mean excita-

as)
where TM is the modeling time scale of the Marko-
vian description of the network activity considered by El
Boustani and Destexhe (2009), and Ty Vo and 7, are adap-
tation parameters of the neurons as described in Table 1.
Moreover, 6, denotes the Kronecker delta function, that
is, 6yy = 1if X =Y, and 6;, = 0 if X # Y. Note that, for
simplicity of the exposition, the dependence of variables
Dx» dxy»> and wy on ¢ is not explicitly shown in (13)—(15).
Moreover, note that r,, depends on the variables p,, p, and
the external inputs r)g;“, asin (3) and (4).

Equations (13) and (14), which give the temporal evo-
lution of the mean and covariance of the firing rates have
been developed by El Boustani and Destexhe (2009).
The additional Eq. (15), which captures the dynamics
of sub-threshold and spike-triggered neuronal adapta-
tion corresponding to the adaptation equation of a sin-
gle-neuron AdEx model (Brette & Gerstner, 2005), has
been provided in the set of equations proposed by di Volo
et al. (2019). Note that (15) includes a correction on the
original equation (di Volo et al., 2019, Eq. (2.6)), as the
original equation suffers from a unit mismatch between
the physical quantities and does not correctly correspond
to the adaptation equation of the network’s constitutive
AdEX neurons.

We numerically solve (13)—(15) and analyze bifurca-
tions in the equilibrium solutions of these equations to
obtain the solution curves and bifurcation diagrams pre-
sented in Section 4. The distinction between the dynam-
ics of the excitatory and inhibitory neuronal populations
is made through inclusion or exclusion of the adaptation
Eq. (15) and corresponding choice of the fit parameters
given in Table 3. We consider all excitatory neurons to
be regular-spiking, meaning that their dynamics under-
goes adaptation. Unless otherwise stated, we consider all
inhibitory neurons to be fast-spiking, with no adaptation.
Therefore, for the fast-spiking inhibitory population we
set w, = 0 and exclude (15) for X =1 from the numerical
computations.

In the numerical analyses presented in Section 4, we also
investigate dynamic variations in the mean value of the syn-
aptic currents flowing through the membrane of the neurons
in each population. We use the approximate steady-state cur-
rent law (8) to derive the following approximations:

tory and inhibitory synaptic currents in the X population,
respectively.

3.1.2 Mean-field model parameters

The description and value of the biophysical parameters of
the mean-field model presented above are given in Table 1.
The parameter values are chosen to be in the range of realis-
tic parameter values reported in the literature for the mouse
and rat cortex. With these parameter values, which hereafter
we refer to as baseline parameter values, the dynamics of the
model shows a proper balance of excitation and inhibition
wherein the mean firing rates of the excitatory and inhibitory
populations closely coincide with those of the rat neocortex
in an asynchronous irregular regime—as observed through
both in vivo measurements and biophysically detailed in silico
reconstruction of the rat neocortical microcircuitry (Markram
etal., 2015). Correspondingly, we refer to this state of balanced
activity in the network as baseline balanced state.

The values of the passive membrane parameters Civ[em,
GXLeak, and VXLeak, X € {E,1}, are chosen to be approximately
equal to the median values given in Supplementary Table 2 of
the work by Teeter et al. (2018), with the membrane leak con-
ductance being reciprocal to the membrane resistance given
in there. The range of values provided by Teeter et al. (2018)
are obtained by tuning the parameters of a family of general-
ized leaky integrate-and-fire models so that they reproduce
the spiking activity of a large number of recorded neurons in
the primary visual cortex of adult mouse. The associated neu-
ronal recordings are available in the Allen Cell Types Database
(Allen Institute for Brain Science, 2016).

The values of the adaptation parameters z,, , 77, and y; given
in Table 1 are equal to the values chosen by di Volo et al. (2019)
for these parameters. These values are used by di Volo et al.
(2019) in their calculations resulting in the fit parameters given
in Table 3 for regular-spiking excitatory neurons. Note that, as
assumed in the work of di Volo et al. (2019), we assume all inhib-
itory neurons in the baseline model are non-adapting. Moreover,
note that the values of the adaption parameters chosen here are
also comparable to the values provided by Brette and Gerstner
(2005) by fitting an AdEx model to dynamics of a biophysically
detailed conductance-based model of a regular-spiking neuron.
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The values of the synaptic reversal potentials given in
Table 1 are fairly typical. We choose the baseline values
for the other synaptic parameters to be equal to their mean
values as given by Markram et al. (2015). The parameter
values provided by Markram et al. (2015) are used for a
detailed digital reconstruction of the juvenile rat somatosen-
sory microcircuitry as part of the Blue Brain Project (2005).
Specifically, we set the values of szgm, X,Y € {E,1}, equal
to the values given in Table S6 of the work by Markram
et al. (2015). For synaptic quantal conductances, however,
an adjustment is made on the values provided by Markram
et al. (2015). The average quantal conductance value of 0.85
nS stated on Page 471 of the work by Markram et al. (2015)
for excitatory synapses, and the average value of 0.84 nS
stated for inhibitory synapses, are specified as per-synapse
conductances. Whereas, as stated in the model description
above, the parameters stgn in the mean-field model we use
here are associated with synaptic quantal conductances per
connection. Therefore, to make adjustment for this differ-
ence, we scale the average quantal conductances provided by
Markram et al. (2015) by the average number of synapses per
connection. These scaling values are also provided on Page
464 of the work by Markram et al. (2015), as 3.6 synapses per
connection for excitatory connections and 13.9 synapses per
connection for inhibitory neurons. The adjusted conductances
are then given in Table 1 as values of ii", X,Y € {E,1}.

We consider a randomly connected network composed
of a total number of N = 10000 neurons, out of which
N; = 8700 neurons are excitatory and the remaining
N, = 1300 are inhibitory. This relatively large size of the
network allows for the mean field approximation described
above, and is also comparable to the size of the neuronal
populations in layers 2/3, 5, and 6 of the rat neocortical
microcircuitry investigated by Markram et al. (2015). The
87% excitatory versus 13% inhibitory proportions of the neu-
rons are chosen according to the overall estimates provided
in Page 461 of the work by Markram et al. (2015).

Choosing the parameter values for internal and external con-
nectivity requires some considerations and simulation-based
adjustments. The local connectivity density of neuronal net-
works varies across cortical regions and layers. Moreover, more
than 80% of synapses in a local network of nearly 200 microm-
eter in diameter come from external neurons residing outside
of the network (Markram et al., 2015; Stepanyants et al., 2009).
As a result, it is estimated that when a slice of cortical tissue
with a typical thickness of 300 micrometer is cut from the cor-
tex, only about 10% of excitatory synapses and about 38% of
inhibitory synapses remain intact (Stepanyants et al., 2009).
Therefore, the balance of excitation and inhibition in such cor-
tical slices is largely deviated toward over-inhibition. Taking
these into account, we choose the connectivity parameters of
the mean-field model so that the resulting network, driven by a
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biologically reasonable rate of background spikes from external
neurons, presents a balance of excitation and inhibition with
mean excitatory and inhibitory firing rates being consistent
with those measured in a detailed digital reconstruction of the
rat cortical microcircuitry in an asynchronous irregular spiking
regime (Markram et al., 2015).

We set the connection probability of all types of internal
network connections to be equal to 0.05. For excitatory-to-
excitatory connections, this value is quite comparable to the
values reported in the literature for different cortical lay-
ers (Campagnola et al., 2022; Potjans & Diesmann, 2012;
Markram et al., 2015). For other types of connections, this
value appears to be almost half of the typical values esti-
mated experimentally. However, experimental estimations
of neuronal connectivity are often obtained using cortical
slices. Hence—due to the uneven reduction in the number
of excitatory and inhibitory connections during slicing, as
described above—using such estimates of inhibitory con-
nection probabilities for a structurally simplified network
such as the one we consider here can potentially result in an
over-inhibited network. Our preliminary simulations of the
mean-field model with larger values of inhibitory connection
probabilities shows an imbalance of activity as expected,
with the model requiring excessive amount of external excit-
atory drive in order to produce a reasonable firing activity.
Therefore, to achieve a reasonable balance of activity, we
choose inhibitory connection probabilities smaller than the
experimentally obtained estimates.

We assume neurons of the network do not receive any exter-
nal inhibitory inputs, whereas they each receive an average
number of K = K" = 1200 excitatory connections from
external neurons. This number of external inputs is comparable
with the estimates provided in Table 3 of the work by Potjans
and Diesmann (2012). Moreover, with this number of external
connections, along with the population size and internal con-
nection probability chosen above, each neuron receives more
than 60% of its synapses from external neurons, a percentage
comparable to the estimates given by Markram et al. (2015)
and Stepanyants et al. (2009) as discussed above. Additionally,
with the chosen number of external connections and internal
connectivity, and with an average external (background) spik-
ing rate of r 2X* = . **' = 1 Hz, the numerical simulation of the
model results in excitatory and inhibitory firing rates which are
very close to those obtained in reconstructed rat microcircuitry
(Markram et al., 2015). The details of the simulations are pro-
vided in Section 4.

Finally, note that in order for the Markovian assumption
used in the derivation of the mean-field model to be valid,
the time scale of the model, T M°d, must be small enough so
that neurons fire a maximum of one spike at each Markovian
time step of length TM°!, and must be large enough so that
the network dynamics can be considered memoryless over the
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timescale of TM*! (Zerlaut et al., 2018; di Volo et al., 2019;
Carlu et al., 2020). Here, we set the value of TM°? to be approxi-
mately equal to the time constant of the neurons, as suggested
by di Volo et al. (2019) and Carlu et al. (2020). This completes
the discussion of the parameter values for the mean-field model.
The rest of the parameters given at the bottom of Table 1 belong
to the spiking network model described below.

3.2 Spiking neuronal network model

We construct a network of randomly connected AdEx spik-
ing neurons, in direct correspondence to the mean-field
description presented above. For this, first let N, C N and
N, C N, such that N, N N, = @, be two ordered sets that
index neurons of the excitatory and inhibitory populations,
respectively. Note that /Vj, is of cardinality N, and JV, is of
cardinality N;. The total number of neurons in the network is
then indexed by the set N := A, UN,. Also, let /\/'EE’“ c N,
such that J\/’EEXt NN = @, be an ordered set that indexes the
external excitatory neurons that project onto at least one
neuron inside the network. Note that, similar to the mean-
field description, we assume no external inhibitory inputs to
the network. With n € A/, the neuronal activity of the spik-
ing network is then represented by the following variables:

e v,(#), measured in mV, denoting the membrane potential
of the nth neuron at time ¢,

e w,(1), measured in pA, denoting the adaptation current
of the nth neuron at time 7.

A neuron in the network fires a spike at a time r = t* when its
membrane potential exceeds its spiking threshold potential
denoted by VnThr, that is when v, () > VnThr. Let.#!,n e N,
denote a set that stores all spike times of the nth neuron up
to time 7. Let, moreover, ' . m € ./\ff’“, denote a set that
stores all spike times of the mth excitatory external neuron
up to time . As described below, we assume these external
spike times are Poisson-distributed.

Now, let g, () denote the membrane synaptic conduct-
ance of the nth postsynaptic neuron generated through its
synaptic connection with the mth presynaptic neuron. Let
the set {c,,,, },enrmenupee capture the connectivity of the net-
work, including connections from external neurons, such
that c,,, = 1if there is a connection from the mth neuron to
the nth neuron, and c,,,, = 0 otherwise. Then, approximating
kinetics of the synaptic conductance at each presynaptic
spike time #* by an instantaneous rise to a peak (quantal)
conductance Qizqn followed by an exponential decay with
time constant T,fnyn, the membrane synaptic conductances are
given as

t

*
Syn -1 *Y i —
Zz*eynj” Q" exp (— S )H(t—t ) if ¢, =1,
nm

0 if ¢

8 =

where H denotes the Heaviside step function and

S if e, =landme N,
2! ifc,, =1andme N3*
o ife, =0.

7 =

nm

Next, the total synaptic current InSyn to the nth postsyn-
aptic neuron can be computed as a function of v, and ¢, by
adding together all fractions of current coming from each
individual synapse that the neuron receives. Let I,,syn be
decomposed into its excitatory and inhibitory components
as,”" = I¥" + 1", Then,

> (VI -,

Syn _
In,E (vn’ t) -

meNUNEX (19)
LYW= D gV —v,). 20)
meN,

where Vnsnzn denotes the reversal potential of the synapse
between the nth postsynaptic and mth presynaptic neurons
whenc,,, = L.

Finally, representing each neuron by an AdEx model
(Brette & Gerstner, 2005), the subthreshold activity of the
network is given by the following system of differential
equations foralln € N andt € [0,T],T > 0,

dv
Mem ~"n Leak Leak
—=_G -V
n dt n (Vn n )
_ V Thr
4Gl exp L Tn @1
n n An
—w, +I13(v,, 1),
dw
 —t = —w, + -V Leaky, 22
Twn dt WVL nn(vn n ) ( )

The parameters Crf‘/lem, GnLeak, and VnLeak in (21) denote the
membrane capacitance, leak conductance, and leak reversal
potential of the nth neuron, respectively. Moreover, VnThr and
A,, denote, respectively, the spiking threshold potential of
the nth neuron and its sharpness factor for spike initiation.
The parameters z,, and 7, in (22) denote the adaptation time
constant and the subthreshold adaptation current of the nth
neuron, respectively.
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The spiking activity of the network is captured by per-
forming the following updates at each time instance ¢ = r*
for all neurons that fire a spike at ¢ = t*, that is, for all
n € N such that v, (*) > Vnﬂ":

e v, isreset to the resting potential, denoted by V’Fe“, and
is kept at this value for a duration of time equal to the
refractory period of the nth neuron, T"Ref,

e w,is incremented by a constant amount y,,

e 1*isadded to the set.”.

For the numerical analysis presented in Section 4, we set
the parameters of all excitatory neurons and synapses, as
well as all inhibitory neurons and synapses, to be the same
and equal to the baseline parameter values given in Table 1.
That is, for all n € N, and X € {E, 1}, we set C ™ = C V™,
Gr}eak — G;eak , V'}eak — V;eak , Tw” — TWX’ N, =1y, an d
¥, = ¥x» 10 accordance with the baseline parameters used
for the mean-field model. We also set the specific parameters
of AdEx models as VnThr = VXT hr. A, = Ay, and TnRef = Tfef,
foralln € N, and X € {E,1}. Note that all inhibitory neurons
are considered to be non-adapting, thatis,#, =0andy, =0
for all n € NV,. Similarly, for all synapses of type Y-to-X,
where X, Y € {E, 1}, that means for all n € N, and m € N,
we set Q" = Q)" 700" = 72", and V" = V¥ Note
that, similar to the mean-field model, we assume that the
synaptic reversal potentials do not depend on the type of the
postsynaptic neurons.

We generate the elements of the internal network connec-
tivity, { ¢, }nenrmenr> Using the same connection probabilities
used for the mean-field model. That is, we set c,,,, = 1 with
probability P, as given in Table 1, when n € N, and
m € N,, with X, Y € {E,1}. To set the elements of external
connectivity, {¢,, },enrme AEXS a8 well as the cardinality of
./\/f’“, denoted by Nf’“, we first note that an in vivo network
of size 10, 000 neurons can receive over 100, 000 afferent
fibers from neurons outside of the network. The activities of
the external neurons, however, are correlated. To lower the
computational cost of simulating the network, and also to
approximately take into account the correlation between
external inputs, we assume that our spiking network receives
input from only 1000, but independently spiking, input chan-
nels. That is, we set NEE"t = 1000. These input channels are
then randomly connected to the neurons inside the network
with a connection probability of PEEX‘, X € {E,1}. Therefore,
Cun = 1 with probability P'™ when n € N, and m € N,
with X € {E,I}.

We assume that spikes in each external input channel arrive
randomly at Poisson-distributed time instances. To be able to
compare the activity of the two models, we adjust the rate of
spiking in each channel so that the average excitatory drive to
neurons of the spiking network model becomes equal to the
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average background drive to the neurons of the mean-field
model. For this, note that each neuron of type X in the mean-
field model receives, on average, background inputs from K)i:’“
external excitatory neurons, each firing at an average rate of rfE’“
spikes per second. Correspondingly, each neuron in the spiking
network receives background inputs from an average number of
1000 x PEE’“ channels. If rEEE’“(t) is set equal, or linearly propor-
tional to rlg’“(t) forall ¢ € [0, T'], then we can choose the values

Ext Ext
for P and P ™ such that

Ext Ext
EE r Ext @ = 1E

_— for all t € [0, T].
1000 P Bt %

——— 0 = p(),
1000 P

(23)
The scaling factors K{*'/(1000P ), X € {E,1}, in (23)

make the required adjustments on the e;ti:rnal drive to the mean-
field model so that p(¢), as defined in (23), provides an equivalent
drive to the spiking network. Therefore, we set the spike rate of
each Poisson channel equal to p(¢). For the numerical analysis
presented in Section 4, we set }"EEE"t = rlgx‘ as in the mean-field
model, and PFi’“ = PIE’“ = 0.05 as given in Table 1.

4 Results

The mean-field model (13)—(15) and the spiking network
model (21)—(22), with biophysical parameter values given
in Table 1, are used here to investigate how the overall
balance of excitation and inhibition in cortical networks
is affected by variations in some of the important physi-
ological and structural factors of the network. We first
show that the mean-field model with baseline parameter
values is balanced with an activity rate typically observed
in asynchronous irregular regimes, and is very responsive
to changes in external inputs. We then perform the numeri-
cal analysis described in Section 2 and present how the
network balance is affected by changes in key synaptic
and structural parameters. We discuss the results and their
biological implications in Section 5.

4.1 The baseline balanced state

In order to investigate the effect of different synaptic and
network parameters on the overall balance of excitation
and inhibition, as described in next sections, it is important
to first establish a reference balanced state for the network.
Here, we demonstrate that the choice of baseline biophysi-
cal parameter values discussed in Section 3 results in
a balanced state in the mean-field network activity, noting
that our interpretation of the presence of overall balance
in a network is based on observing the typical balanced
network properties we described in Section 1. For this,
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we solve the mean-field Egs. (13)—(15) with the baseline
parameter values given in Table 1. The transfer functions
used in (13)—(15) are given by (11), with their arguments
being computed using (1)-(10), (12), and the fit param-
eters given in Tables 2 and 3. We drive the network with
excitatory background inputs of constant mean frequency

rEX(r) = r2X(1) = 1 Hz, which presents a background
activity at a level typically observed in irregularly spik-
ing excitatory neurons at a cortical resting state (Markram
etal., 2015).

Simulation of the mean-field model with the baseline
setup described above identifies a stable equilibrium in the
dynamics of the network, to which the mean-field activ-
ity of the network converges quickly. As we discussed in
Section 1, computing the (mean) value of the important
biophysical quantities of the network at this mean-field
steady-state can provide a reasonably accurate estimate
of the overall level of excitation and inhibition in the net-
work. At this steady state, the excitatory neurons of the
baseline model fire at the mean rate p, = 1.15 Hz, and
the inhibitory neurons fire at the mean rate p, = 5.71 Hz.
These rates of activity are close to the average excitatory
firing rate of 1.09 Hz and inhibitory firing rate of 6.00 Hz
obtained in a detailed simulation of the rat neocortical
microcircuitry, when the constructed network is present-
ing balanced activity in an asynchronous irregular regime
(Markram et al. (2015), Fig. 17); see also Renart et al.
(2010). Moreover, our simulation of the spiking neuronal
network that we construct equivalently to the mean-field
model, as described in Section 3, further confirms the
presence of asynchronous irregular neuronal activity in
the baseline model; see the rastergram shown in Fig. 11a.

It is shown in the literature that excitatory and inhibi-
tory synaptic conductances in the intact neocortex are
well-balanced and proportional to each other (Haider
et al., 2006). Using (5) and (6), the mean value of excita-
tory and inhibitory synaptic conductances at the mean-
field network equilibrium described above are calculated
for the excitatory population as M s = 8.7nS and

M s = 37.0nS, which are also equal to the values

obtamed for the inhibitory population. These mean con-
ductance values are comparable to the experimentally
measured values provided by Haider et al. (2006). They
give an excitatory to inhibitory mean conductance ratio of
MGISFyn /Mcliyn = 0.235, which is consistent with the experi-
mental findings that imply inhibitory conductances are
much larger than excitatory conductances (Rudolph
et al., 2005; Le Roux et al., 2006; Haider et al., 2013). It
should be noted that the significantly larger conductance
ratios reported in some experimental works, such as the
approximate ratio of 1 given by Haider et al. (2006), are
most likely due to the deeply anesthetized preparation of

such experiments, which is known to significantly affect
the level of inhibition in cortical networks (Haider et al.,
2013). Therefore, in our analyzes provided in next sec-
tions, we consider the ratio M Gom /M Gom = 0.235 as a refer-

ence for the steady-state value of the balanced conduct-
ance ratio—with respect to which we measure the level of
deviations in the overall network balance towards more
excitation (larger ratio) or more inhibition (smaller ratio).

Experimental observations suggest that the dynamic
balance of excitation and inhibition in local cortical net-
works keeps the neurons of the network in a depolarized
state near their firing threshold, so that the network can
be rapidly activated by external excitatory inputs and
become involved in specific computational tasks (Haider
et al., 2006; Landau et al., 2016). To ensure that the base-
line balanced state in the mean-field model indeed cor-
responds to such a state of highly responsive network
activity, we simulate the model with the same baseline
parameter values as before, but with different values for
the constant mean frequency of the excitatory inputs,
rFi’“ E’“ . The resulting steady-sate values for different
descr1pt1ve biophysical quantities of the model, obtained at
the stable equilibrium of the equations for each input fre-
quency value, are shown in Fig. 1. First, it can be seen in
Fig. 1 that all biophysical quantities of the model, such as
the mean firing rates, mean excitatory adaptation current,
mean value and standard deviation of membrane poten-
tials, and mean synaptic conductances take biologically
reasonable values as the input frequency varies over a wide
ranges of values. Second, the variation profile of the mean
firing rates p, and p, shown in Fig. la indicates that the
overall activity of the neurons at the baseline background
input frequency of 1 Hz, which is marked by dots in the
graphs shown in Fig. 1, is indeed close to the firing thresh-
old of the neurons. Last, relatively sharp changes in the
mean firing activity of the neurons in response to different
levels of excitatory input stimuli indicates that the base-
line network is in a sufficiently responsive state. Moreo-
ver, although not shown here, our simulation results also
verify that the mean-field dynamics of the network with
baseline parameter values is sufficiently fast in responding
to rapid fluctuations in the external inputs. A sample of the
network firing response to fluctuations of approximate fre-
quency 10 Hz is shown in Fig. 10a. Such rapid responses
are also observed to fluctuations as fast as 20 Hz.

The mean inhibitory activity in the model rises in paral-
lel to the mean excitatory activity as the mean frequency of
external excitatory inputs increases to larger values beyond
the background value. However, the results shown in Fig. 1
imply that the neuronal interactions throughout the net-
work control the overall level of inhibition in the network
at a level that still allows for an elevated level of overall
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Fig.1 Steady-state mean-field activity with respect to variations in
the mean frequency of the external inputs. All parameter values of
the mean-field model are set to their baseline values given in Table 1.

The model is driven by external inputs of different mean frequency

rFE"‘ = rIE"‘, and the resulting steady-state values of different network

quantities are shown in the graphs. The points marked by dots in the
graphs correspond to the baseline mean input frequency of 1 Hz,
which we considered as the level of background input to the mean-
field model. a Mean excitatory firing rate p,, mean inhibitory firing
rate p,, ratio between the mean firing rates p,/p,, and the mean excit-

excitation—which is necessary for the network to be able to
perform the processing task demanded by the external stim-
uli. This results in a change in the overall balance of exci-
tation and inhibition toward higher excitation, as observed
through the increase in the ratio between mean excitatory
and inhibitory synaptic conductances, shown in Fig. lc.
Nevertheless, the level of inhibition in the network remains
sufficiently strong to prevent network instability and hyper-
activity when the network receives an excessive amount of
excitatory inputs from other cortical regions.

The observations made above confirm that our mean-field
model with the baseline parameter values and background
external inputs of mean frequency 1 Hz represents a network
at a well-balanced state of overall excitation and inhibition.
At this state, the network stays in an asynchronous irregular
regime and is highly responsive to external cortical inputs,
without undergoing internal instabilities when the level of
external excitation increases. Therefore, we choose this state
as the baseline balanced state of the mean-field model, and
use it as a reference state to study how such a balanced state
is disturbed by changes in the values of physiological and
structural parameters of the network.

@ Springer

(c)

atory adaptation current w,. b Excitatory membrane potential V;, and
inhibitory membrane potential V, of the neurons. Solid lines indicate
the mean values My _and My, of the membrane potentials, and shaded
areas indicate variations in the membrane potentials within a range
of one-standard deviation (Sy_and Sy,) from the mean values. ¢ Mean
synaptic conductances M, GPS;/n,‘X € {E, I} of the excitatory population,
and the ratio between the two conductances. Mean synaptic conduct-
ances of the inhibitory population take the same values as those of
the neurons of the excitatory population

4.2 Synaptic contributors to the balance
of excitation and inhibition

The kinetics of synaptic activity in the conductance-based
model we use here is governed by three main physiologi-
cal factors, namely, synaptic decay time constants, synap-
tic quantal conductances, and synaptic reversal potentials.
Variations in these physiological factors directly change the
efficacy of synaptic communications between the neurons
and hence have substantial impact on the dynamic balance
of excitation and inhibition across the network. We investi-
gate such impacts by showing how the steady-state balance
between excitatory and inhibitory synaptic conductances—
obtained at the stable equilibrium of the baseline mean-field
activity described above—is affected by variations in each
of these synaptic factors. In particular, we identify critical
states of imbalanced activity which result in the loss of sta-
bility of the network equilibrium and lead to transition of
the network dynamics to an oscillatory regime.

The dynamics of the mean-field model (13)—(15) are
highly dependent on the profiles of the transfer functions F
and F, which can change significantly if the physiological
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parameters of the synapses change. Hence, demonstrating
the effects of variations in synaptic parameters on the profile
of transfer functions (neuronal response curves) helps our
understanding of how such variations affect the balance of
mean-field activity in the network. Fig. 2 illustrates how neu-
ronal response curves vary with respect to changes in each of
the three synaptic parameters we consider here. Variations in
the decay time constants of inhibitory synapses, as shown in
Fig. 2a, changes the gain (sensitivity) of both inhibitory and
excitatory neurons by changing the slope of their response
curves. Additionally, such variations also change the excit-
ability of the neurons by horizontally shifting their response
curves. Similar effects are observed when the decay time con-
stants of excitatory neurons change, however, with changes
in neuronal excitability being less pronounced in this case.
Fig. 2b shows that changes in synaptic quantal conductances
similarly affect gain and excitability of the neurons, with
a higher sensitivity of the response curves being observed
with respect to variations in excitatory quantal conduct-
ances. Changes in the synaptic reversal potentials, as shown
in Fig. 2c, significantly alter the gain of the neurons but have
a lesser impact on their excitability. Changes in the gain of
the neurons when the excitatory synaptic reversal potentials
are increased or decreased from their baseline values are pro-
nounced, and occur monotonically. However, gain changes
with respect to variations in inhibitory reversal potentials
appear to be non-monotonic. At lower output frequency
values, both increasing VISyn above its baseline value, and
decreasing it below its baseline value, result in an increase
in the gain of the neurons.

Local inhibitory sub-networks are known to play a key
role in stabilizing the dynamics of local networks and coor-
dinating the flow of activity across cortical areas (Isaacson
& Scanziani, 2011; Froemke, 2015; Sprekeler, 2017; Haider
& McCormick, 2009; Hennequin et al., 2017; Shadlen &
Newsome, 1994). Therefore, in what follows, we initially
perform our analysis based on codimension-one continua-
tion of the baseline equilibrium state with respect to vari-
ations in each of the inhibitory synaptic parameters. Then,
we extend the analysis to codimension-two by additionally
considering variations in excitatory synaptic parameters.

4.2.1 Effect of synaptic decay time constants

The decay time constant of a synapse determines how long the
activity initiated in the synapse by an incoming action potential
(spike) will last. Hence, the decay time constant has a signifi-
cant impact on the efficacy of the synapse, which can also be
directly implied from the mean synaptic conductance Egs. (5)
and (6). Moreover, changes in synaptic decay time constants
also change the standard deviation and autocorrelation time
constants of membrane potential fluctuations, as implied from
Eqgs. (9) and (10). As a result, the transfer functions (response

curves) of neurons are highly impacted by variations in the
decay time constants, which is confirmed by the results shown
in Fig. 2a. To show how the decay time constants of the syn-
apses then impact the global dynamics of the network, and how
they contribute to maintaining or disturbing the overall balance
of excitation and inhibition, we first continue the stable equilib-
rium of the baseline balanced network with respect to variations
in inhibitory decay time constants TE?Y" = T”S *". The results are
shown in Fig. 3.

The response curves given in Fig. 2a show that increasing
the value of 7,>"" = 7,>*" decreases the gain and excitability
of inhibitory and excitatory neurons. As a result, the mean
firing rates of both excitatory and inhibitory populations
decrease, concurrently, with increasing 7..”" = 77", as
shown in Fig. 3a. This paired variation in the mean firing
activity of the populations, however, does not necessarily
imply that the overall balance of excitation and inhibition
remains unchanged with respect to changes in inhibitory
decay time constants. The ratio of the mean excitatory to
mean inhibitory synaptic conductances in the excitatory
population, M Gom /M G shown in Fig. 3b, implies that the
excitation-inhibition balance moves toward over-inhibition
as the efficacy of inhibitory synapses grows with increasing

E?yn = T“S " Indeed, unlike the profile of the inhibitory fir-
ing rate p,, at large values of 7,.”" = z>¥" the mean inhibi-
tory synaptic conductance MGES‘yn shown in Fig. 3b rises
slightly as 7.”" = 7.2 increases. It should be noted that
mean synaptic conductances in the inhibitory population,

M s and M GSms which are not shown in Fig. 2a, take the

same values as those in the excitatory population due to the
same choices of connection probabilities in our model.

On the opposite direction, decreasing the value of inhibitory
synaptic decay time constants increases the ratio M, G /M Gom
and moves the excitation-inhibition balance toward more exci-
tation. The excessive excitation in the network then drives the
network’s dynamics to a critical state, at which further reduc-
tionin 7> = 7. %" results in an overall level of excitation that
cannot be effectively balanced by the increased level of inhibi-
tion. At this critical state, the network’s dynamics undergoes
a phase transition to an oscillatory state, identified by a Hopf
bifurcation point in the codimension-one continuations shown
in Fig. 3. The limit cycle originated from the Hopf bifurcation
point has also been continued, and the curves of minimum and
maximum values taken by different biophysical quantities of
the model on the resulting cycles are shown in Fig. 3. When
the inhibitory synaptic decay time constants decrease below
the critical value 7,,"" = 7" = 7.06 ms, which is the value
at which the Hopf bifurcation occurs, the previously stable
equilibrium of the model becomes unstable. As a result, the
orbits of the system depart the vicinity of the equilibrium and
converge to a stable limit cycle on the curves of cycles origi-
nated from the Hopf bifurcation. Fig. 3e shows that the stable
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Fig.2 Variations in the response curves of neurons as a result of
changes in synaptic parameters. For all graphs, the mean inhibitory
spike rates received by both populations are fixed at the typical value
ry = 1y = 6 Hz. The mean excitatory spike rate received by each pop-
ulation is varied over a plausible range of values to obtain each neu-
ronal response curves Fy, X € {E,1}, which are calculated using (11)
and the fit parameters given in Table 3. All parameter values involved
in the calculation of Fy, except those specified on each graph, take
their baseline values as given in Table 1. Thick curves in each graph
show the response curves obtained at baseline synaptic parameter
values. Other curves in each graph illustrate variations in the shape
of the response curves as a synaptic parameter changes. Arrows indi-
cate variations corresponding to 10 evenly distributed incremental
changes in the parameter values specified in each graph. The color
gradient used in each graph also indicates these incremental changes,

oscillations on this cycle lie in the delta frequency band (1 - 4
Hz). Moreover, the results of the equivalent spiking neuronal
network that we study in Section 4.5 imply that, when the
emerging oscillations in firing rates on a limit cycle is of suf-
ficiently large amplitude, the network activity on the limit
cycle corresponds to a slow oscillatory bursting regime; see
the rastergram in Fig. 11b. Further details on the dynamics of
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with the darkest colored curve corresponding to the smallest value
of the parameter, and the lightest colored curve corresponding to
the largest value of the parameter. a Response curves with respect
to variations in inhibitory (shown on the left side of the panel) and
excitatory (shown on the right side of the panel) synaptic decay time
Syn _ _Syn . .
constants. The value of 7,;”" = 7,7 is varied from 5 ms to 18 ms,
and the value of 72" = 7" is varied from 1 ms to 3 ms. b Response
curves with respect to variations in inhibitory and excitatory synaptic
quantal conductances. The value of Q" = Q" is varied from 1 nS

to 25 nS, and the value of Q" = Q" is varied from 1 n$ to 8 nS.

¢ Response curves with respect to variations in inhibitory and excita-
tory synaptic reversal potentials. The value of VISyn is varied from
—103 mV to =53 mV, and the value of VESy " is varied from —30 mV
to 20 mV

such oscillatory network behavior are provided in Section 2 of
the supplementary material (Online Resource).

It should be noted that further continuation of the curves
of limit cycles, as partially shown in Fig. 3, detects a fold
bifurcation of limit cycles and emergence of unstable limit
cycles at low values of TE?yn = THS " However, analyzing the

dynamics of the model at such values is not pertinent to the
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Fig.3 Effects of variations in synaptic decay time constants on the
long-term mean-field activity of the network. All parameter val-
ues of the mean-field model, except for the synaptic decay time
constants that are explicitly specified in each graph, are set to their
baseline values given in Table 1. The model is driven by background
inputs of constant mean frequency ri™ =rE* =1Hz. In graphs
a—e, the decay time constants of 1nh1b1t0ry 9ynapse§ made on neu-
rons of both excitatory and inhibitory populations are set to take the
same value, which is varied as the bifurcation parameter. The result-
ing codimension-one continuation of the network equilibrium and
emerging limit cycles are shown for different quantities. Curves of
equilibria are shown by solid lines, and the minimum and maximum
values that each quantity takes on the limit cycles are shown by dot-
ted lines. Dark-colored segments of each curve indicate stable equi-
libria/limit cycles, whereas light-colored segments indicate unstable
equilibria/limit cycles. Unlabeled dots in each graph correspond to

the baseline parameter values 7,,”" = 7,>" = 8.3 ms. Points labeled

purpose of this paper. In fact, at such values the mean-field
model loses its validity in accurately predicting the emerging
dynamic regimes, since the quantity under the square root in
(9) approaches negative values. However, our results shown
in Fig. S1 in the supplementary material (Online Resource),
which are obtained using the spiking neuronal network,
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by H are Hopf bifurcation points. We show bifurcation diagrams
for a mean excitatory firing rate p. and mean inhibitory firing rate
pi» b mean synaptic conductances M,; s, X € {E, 1}, of the excitatory
population, and the ratio between the two conductances, ¢ absolute
value of the mean excitatory synaptic currents, |M, Synl X € {E,1}, a
well as the ratio between mean excitatory and mhlbltory synaptic cur-
rents, and d mean excitatory and inhibitory synaptic driving forces
M, -V M, X € {E, I} 1n the excitatory population, as well as such
drlvmg forces M, V "|, X € {E,1}, in the inhibitory population.
e Frequency of the hmlt cycles originating from the Hopf bifurcation
point. f Codimension-two continuation of the Hopf bifurcation point
when the excitatory synaptic decay time constants are also allowed
to vary as a bifurcation parameter. The point marked by a dot has the
baseline excitatory parameter value of 7" = 7" = 1.7 ms. Arrows
indicate transition from stable (dark) to unstable (light) equilibria as
the parameters are varied across the curve

imply that the network still presents slow oscillatory burst-
. .. Syn Syn
ing activity at an extreme value of 7> =17,” =3 ms,
which is below the range of values shown in Fig. 3.

The results shown in Fig. 3d imply that the mean mem-
brane potential of both excitatory and inhibitory popula-

: o . s s
tions decreases with increases in the value of 7" = 7,;”".
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This means that, on average, neurons in the network become
more hyperpolarized when the level of inhibition in the net-
work is enhanced by increasing the efficacy of the inhibitory
synapses. Since in this study the values of synaptic reversal
potentials are kept fixed, the reduction in the mean membrane
potential of the neurons due to an increase in 7" = 7,>"
yields a reduction in the mean electrochemical driving force
of the inhibitory synapses in both populations, |My, — v,
X € {E,1}, and arise in the mean driving force of the excita-
tory synapses, [My_— VESynl, X € {E,1}. The curves of the
equilibrium driving forces shown in Fig. 3d illustrate such
profiles of variations.

The absolute values of the mean synaptic currents at the
equilibrium, calculated using (16) and (17), are shown in
Fig. 3c. As discussed above and illustrated in Fig. 3b and d,
the steady-state values of the two contributing components
of these currents, the mean synaptic conductances and the
mean synaptic driving forces, change in opposite directions
with increases in 7,”" = 7,>*". The combination of these two
components, however, results in steady-state mean synaptic
currents which decrease in absolute value as 7,>" = 7. is
increased, as we can see in the curves of equilibria shown
in Fig. 3c; note that inhibitory currents are not shown sepa-
rately in Fig. 3c as their profile is similar to that of excitatory
currents. In particular, despite the increase in mean driv-
ing forces of the excitatory synapses, the mean excitatory
synaptic currents decrease as TE?yn = T”S " is increased. This
implies that the effect of decreasing excitatory conductances,
shown in Fig. 3b, dominates the effect of increasing mean
excitatory driving forces, hence resulting in the net decrease
of excitatory synaptic currents.

Fig. 3c also shows that the steady-state ratio between
the absolute values of mean excitatory and mean inhibitory
synaptic currents in the inhibitory population,
|M 15 |/IM frs |, does not significantly change with respect
to Tsyn = T”s " whereas the ratio between these currents

in the excitatory population, | M, sw|/|M,sn|, decreases with
. . S S o S .
increasing TEIyn =1, " Therefore, similar to the ratio

M Gom /Mcjy" between synaptic conductances, here the ratio
|M[E§E§n|/|M,Es‘yn| between synaptic currents also indicates
shifts in the level of excitation-inhibition balance, toward
over-inhibition or over-excitation.

The results provided above describe only the effect of
inhibitory synaptic decay time constants on the network
balance. Nevertheless, the excitation-inhibition balance in
the network can also be affected by changes in the excita-
tory synaptic decay time constants. It is implied from the
neuronal response curves shown in Fig. 2a that changes in
excitatory and inhibitory decay time constants have opposite
impacts on the gain of neurons. Therefore, with fixed values
of 77" = 7, the mean firing rates of both inhibitory and
excitatory populations increase concurrently with increases

@ Springer

Yt — 79" However, similar to changes in inhibitory
decay time constants described above, it is not intuitively
possible to accurately predict whether the network balance
will be maintained during such paired changes in the mean
firing rates of the populations; and if not, to which direction,
either over-inhibition or over-excitation, the balance will
shift. In fact, the relative changes between the magnitude of
the mean excitatory and inhibitory response curves, and the
varying sensitivity of these curves to changes in synaptic
decay time constants—which results from complicated inter-
actions in the network between adaptive and non-adaptive
dynamic neurons—can result in non-intuitive changes in the
network balance.

To demonstrate the joint effect of both excitatory and
inhibitory synaptic decay time constants on network bal-
ance, we perform a codimension-two continuation of
the Hopf bifurcation point that was detected in the codi-
mension-one bifurcation analysis described before. We
consider the same values for the decay time constants of
excitatory synapses in both populations, TEsEyn = Tlsyn, and
vary it as a second bifurcation parameter. The resulting
curve of Hopf points is shown in Fig. 3f.

It is observed that, when 7. = 72" is reduced from
its baseline value, the critical transition point (Hopf bifur-
cation) in the dynamics of the network occurs at lower
values of 7.>Y" = £ ¥". This implies that lower values of
excitatory synaptic decay time constants reduce the overall
level of excitation in the network, so that this reduction in
excitation effectively compensates for a rise in excitation
caused by decreases in inhibitory decay time constants
Tpfyn = T"Syn. Therefore, due to this compensatory effect,
lower values of excitatory synaptic decay time constants
allow for the network to maintain a stable balanced state
at much lower values of inhibitory decay time constants.

The upper part of the curve of Hopf points in Fig. 3f
shows a less intuitive dynamics for larger values of

SY— 29 than its (approximately) baseline value.
Although not shown here, codimension-one continuations
of the baseline equilibrium with respect to variations in

Fiy" = T"fyn, but with fixed values of TE?yn = T"Syn, still
show an increase in the level of excitation at higher values
of Tﬁiyn = TIS " and a shift in the balance of excitation and
inhibition to hyper-excitation. However, as it can be seen
in Fig. 3f, at large values of inhibitory synaptic decay time
constants, including the baseline value 7,>"" = 7" = 8.3
ms, this shift to hyper-excitation does not drive the net-
work’s dynamics to an oscillatory regime. Both an oscil-
latory state and a non-oscillatory hyper-excited state can
be observed in the network activity when 77" = 7" is
increased from small values to large values while
5" = 25 is at about 4 — 7 ms. It should be noted, how-

= Tﬂ
ever, that the level of stable hyper-excitation observed at

. s
inz>"
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large values of excitatory synaptic decay time constants
corresponds to conductance ratios M ;s /M s» that may

not be biologically plausible.

Importantly, the curve of Hopf bifurcation points
in Fig. 3f implies that the baseline parameter values
Tﬁiy" = TIS " = 1.7ms and Tﬁ?yn = THS " = 8.3 ms are critical
values for network stability, in the sense that the network
remains quite responsive at these values, while relatively small
reduction in the mean decay time constant of inhibitory neurons

transitions the network’s dynamics to an oscillatory state.

4.2.2 Effect of synaptic quantal conductances

The quantal conductance of a synapse is the peak mem-
brane conductance change in a neuron caused by receiving
a single spike from a presynaptic neuron. Therefore, changes
in the quantal conductance of a synapse directly modulate
the strength of the synapse. This is also implied from the
mean synaptic conductance Egs. (5) and (6). It should be
noted that, as described in Section 3, the quantal conduct-
ances Q,,, X, Y € {E, I}, that are incorporated in the mean-
field model we use here are in fact quantal conductances
per connection, that means, they are equal to the quantal
conductances per synapse times the number of synapses per
connection. As a result, Q,, X,Y € {E, I}, in our study can
be altered both by changes in the number of synapses and by
modulations of the synaptic peak conductances.

The mean synaptic conductances (5) and (6) change
with synaptic quantal conductances in the same way as
they change with synaptic decay time constants. However,
standard deviation and autocorrelation time constants of
membrane potential fluctuations change differently with
synaptic quantal conductances. In general, similar to the
effect of increases in Tpfyn = T"Syn, the response curves
given in Fig. 2b show that the gain and excitability of both
inhibitory and excitatory neurons decrease with increasing

Estn = HSy ", Therefore, we expect that the effects on net-
work balance caused by varying synaptic quantal conduct-
ances to be similar to the effects caused by changing synap-
tic decay time constants. This can be seen in Fig. 4, which
shows bifurcation diagrams of key biophysical quantities
with inhibitory quantal conductances Q" = Q" varied
as the bifurcation parameter.

In a rather similar way to what we observed in Fig. 3

S S
when z,;”" = 7,;”" was changed, we also see here that when
‘ C s S S
the value of inhibitory quantal conductances Q.”" = Q,*"

increases the following changes occur in the steady-state
values of different quantities of the model: the mean firing
rates of both excitatory and inhibitory populations decrease
concurrently; the ratio of mean excitatory to mean inhibitory

synaptic conductances decreases; the absolute value of mean
synaptic currents decreases; the ratio of the absolute value
of mean excitatory to the absolute value of mean inhibitory
synaptic currents in the excitatory population decreases;
the mean electrochemical driving force of the inhibitory
synapses in both populations decreases; and the mean driv-
ing force of the excitatory synapses increases. As a result,
the overall excitation-inhibition balance in the network
shifts toward over-inhibition as the inhibitory synapses are
strengthened by increasing TE?yn = THS .

In contrast to the high sensitivity of the network’s stability
to reductions in decay time constants of the inhibitory neurons,
the bifurcation diagrams of Fig. 4 imply that the stability of the
network’s equilibrium is relatively robust to decreases in the
value of inhibitory quantal conductances. Comparing the

curves of equilibrium values for the ratios M, s /M, Sy and
|M % |/IM §5m | shown here in Fig. 4b and c, respectively, with
those shown in Fig. 3b and c, we can see that significantly
higher level of overall excitation can be maintained in the net-
work at low values of Q>*" = Q " before a transition in the
network’s dynamics to an oscillatory regime occurs. However,
the loss of stability of the network’s equilibrium at very low
values of QESIy "= If‘y“ appears to be more critical. Stable delta-
band oscillations can exists only for very short range of values
OfQﬁslyn = Q”Syn.
The neuronal response curves given in Fig. 2b show
that changes in excitatory and inhibitory synaptic quan-
tal conductances have opposite impacts on the gain and
excitability of the neurons. Unlike the non-intuitive
dynamics that we observed in Fig. 3f when decay time
constants of the synapses were jointly changed, the curve
of Hopf bifurcation points shown in Fig. 4f, when both
Estn = QHSyn and QESEyn = ngyn are free to change, shows
an intuitively expected dynamics. Increasing the value of
excitatory quantal conductances results in a rise in the
level of excitation in the network, which then requires
stronger inhibitory synapses for maintaining the network
stability and avoiding transitions to oscillatory states.
As a result, the Hopf bifurcation point occurs at higher
values of Q" = Q™" when Q" = Q" is increased.
Moreover, with any fixed values of inhibitory quantal
conductances, a phase transition occurs in the network’s
dynamics if the quantal conductances of excitatory syn-
apses increase beyond a Hopf bifurcation value. How-
ever, the baseline parameter values QESEyn = ngyn =3nS
and QY" = Q" = 12 nS appear to be significantly below
the curve of Hopf bifurcation points in Fig. 3f, implying
that the network stability at the baseline state is suffi-
ciently robust to changes in both inhibitory and excita-

tory synaptic quantal conductances.
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Fig.4 Effects of variations in synaptic quantal conductances on the
long-term mean-field activity of the network. All parameter values of
the mean-field model, except for the synaptic quantal conductances
that are explicitly specified in each graph, are set to their baseline val-
ues given in Table 1. The model is driven by background inputs of

constant mean frequency r2* = rE* =1 Hz. The same description

4.2.3 Effect of synaptic reversal potentials

Changes in reversal potentials of synapses modulate the
electrochemical driving force of the synapses and also
directly affect the mean membrane potential of the neurons
across the network, as implied from (8). It can also be seen
through (9) and (10) that changes in synaptic reversal poten-
tials also affect the standard deviation and autocorrelation
time constants of neuronal membrane potential fluctuations.
Therefore, the characteristic response curves of the neurons
and the dynamics of overall excitation-inhibition balance in
the network can be significantly affected by changes in the
reversal potential of the synapses. To show such impacts on
the global dynamics of the network, we perform bifurca-
tion analysis with respect to variations in synaptic reversal
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(e) (f)

as given in Fig. 3 holds for the graphs presented here, with the only

difference being that here the bifurcation parameter for codimension-
. . . e pere Syn Syn
one continuation is the inhibitory quantal conductances Q. = Q,”",

with the baseline value of 12 nS, and the additional bifurcation
parameter for codimension-two continuation is the excitatory quantal

conductances Q" = Q" with the baseline value of 3 nS

potentials, as we have performed with respect to variations
in the other synaptic parameters. That is, we first continue
the baseline stable equilibrium of the network with respect to
variations in the value of inhibitory reversal potential Vlsyn,
and then extend the results by performing a codimension-
two continuation of the detected Hopf bifurcation points by
additionally allowing variation of the excitatory reversal
potential V", The results are shown in Fig. 5.

The neuronal response curves in Fig. 2 show that, within
a wide range of plausible firing rate frequencies, the gain of
inhibitory and excitatory neurons increases with both increas-
ing and decreasing changes in the value of V]Syn from its
baseline value, although the increase in the gain of inhibitory
neurons caused by a reduction in VISyn is less pronounced.
This may suggest that the mean firing rate of the inhibitory
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Fig.5 Effects of variations in synaptic reversal potentials on the long-
term mean-field activity of the network. All parameter values of the
mean-field model, except for the synaptic reversal potentials that
are explicitly specified in each graph, are set to their baseline val-
ues given in Table 1. The model is driven by background inputs of

constant mean frequency r2* = rE* =1 Hz. The same description

and excitatory populations will increase with VISyn changes
in either directions. However, the curves of steady-state mean
firing rates shown in Fig. 5a do not confirm this intuitive pre-
diction. Although the steady-state value of p, increases when
V]S'yn decreases below its baseline value, as well as when V]Syn
increases sufficiently above its baseline value, the steady-state
value of p, is strictly decreasing with increasing V,>*". In par-
ticular, these profiles of variations in p, and p, have counter-
intuitive relations with the steady-state values of the mean
membrane potentials. Since VESyn is fixed at the constant value
of 0 mV in the codimension-one analysis presented here, the
curves of excitatory driving forces shown in Fig. 5d imply that,
on average, both excitatory and inhibitory neuronal popula-
tions monotonically become more depolarized with increases
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as given in Fig. 3 holds for the graphs presented here, with the only
difference being that here the bifurcation parameter for codimension-
one continuation is the inhibitory reversal potential Vlsy", with the
baseline value of —80 mV, and the additional bifurcation parameter
for codimension-two continuation is the excitatory reversal potential
V" with the baseline value of 0 mV

in V[Sy", which is a pattern of variation not directly implied
from the mean firing rate of the neurons.

An explanation for the network interactions that could
result in the steady-state curves described above can be as fol-
lows. Although the neurons become further depolarized with
increases in V,*Y", the driving forces of inhibitory synapses,
|MVX — Vlsynl, X € {E,1}, shown in Fig. 5d keeps decreasing
to very small values as VISy " increases to large values. This
results in significant reduction in inhibitory synaptic currents
at large values of V,>*", despite the rise in the firing rates of
the inhibitory neurons due to their increased gain. As a result,
a stable balance of excitatory and inhibitory synaptic currents
can be achieved if the mean firing rate of excitatory neurons
significantly reduces to near zero, as shown in Fig. 5a. It
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should be noted, however, that in the studies presented here a
constant level of excitation is always provided to all neurons
of the network by the excitatory background inputs of con-
stant frequency r-** = r "X = 1 Hz. In the opposite direction,
when Vlsy" decreases to low values, the mean driving force
of inhibitory synapses increases to sufficiently large values,
which allow for inhibitory synaptic currents that are large
enough to be balanced by larger excitatory synaptic currents.
Therefore, a stable balance of currents can be achieved at low
values of VISyn, with both p, and p, taking relatively large
values due to the increased neuronal gains. This increase in
the mean firing rates of the neurons with decreases in VlSyn
to sufficiently low values can be seen in Fig. Sa.

The steady-state value of the ratio M S /M G between

mean excitatory and inhibitory conductances, as shown in
Fig. 5b, decreases with increasing Vlsy". Consistent with
the explanation provided above, this implies that the bal-
ance of excitation and inhibition in the network moves
monotonically with VISY", to over-inhibition for large val-
ues of VISY", and to over-excitation for small values of
Vlsyn. However, unlike what we observed in Figs. 3¢ and
4c for changes in synaptic decay time constants and quan-
tal conductances, here the monotonic shift in the level of
excitation-inhibition balance cannot be correctly implied
from the ratio |M §o |/IM o | between synaptic currents in
the excitatory population, as shown in Fig. 5c.

The bifurcation diagrams of Fig. 5 further reveal the pres-
ence of two Hopf bifurcation points. When V]Sy" decreases
below the Hopf point denoted by green dots in Fig. 5, the net-
work’s dynamics transitions to a stable oscillatory behavior.
Fig. 5e shows that the frequency of these oscillations are in
the delta band. However, the emergent delta oscillations here
are of significantly lower magnitude than those arising from
changes in inhibitory synaptic decay time constants, as shown
in Fig. 3. Moreover, the curve of stable limit cycles calculated
here vanishes at a second Hopf point when VlSyn decreases
further. This implies that reductions in the value of inhibitory
synaptic reversal potentials is less critical to the stability of
the network. In fact, a stable yet high level of excitation can be
present in the network at low values of VISy".

Finally, codimension-two continuation of the two Hopf bifur-
cation points detected in the analysis described above implies
that a qualitatively similar network dynamics is observed at
a wide range of values of excitatory synaptic reversal poten-
tials. This is shown in Fig. 5f. Unlike changes with respect to
VISy ", the neuronal response curves in Fig. 2c show monotonic
changes in the gain of neurons with respect to VEsyn. When
VESy " decreases, the gain of neurons decreases significantly.
The resulting reduction in the level of excitation then allows for
further reduction in V[Sy“ before the network transitions to an
oscillatory regime. Therefore, the two Hopf bifurcation points
occur at lower values of V*¥" when V " decreases.
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4.3 Structural contributors to the balance
of excitation and inhibition

The mean-field model we use in our study represents a network of
randomly connected neurons with relatively sparse connectivity.
The dynamics of such network can be significantly affected by
the structural factors that determine the overall topology of the
network. These factors include the relative number of excitatory
and inhibitory neurons in the network and the density of connec-
tivity between the neurons. By employing bifurcation analysis
similar to our previous investigations on the effect of physiological
parameters intrinsic to synapses and neurons, we analyze how
the steady-state balance of excitation and inhibition obtained at
the baseline network structure is altered by changes in each of
the structural factors determining the overall level of recurrent
neuronal interactions in the network.

43.1 Effect of the ratio between the number of inhibitory
and excitatory neurons

Knowing the crucial role of inhibitory neurons in stabiliz-
ing the excitatory interactions across the network, the ratio
between the total number of inhibitory and excitatory neu-
rons is expected to have significant impacts on the excita-
tion-inhibition balance. Here, with a fixed number of neu-
rons N = 10000, we change the inhibitory proportion N, /N
of the total network population and observe how the steady-
state mean-field activities in the network change accordingly.
The resulting codimension-one bifurcation diagrams for dif-
ferent quantities of the model are shown in Fig. 6.

Since N is fixed, a change in the ratio N, /N alters both N
and N,. Therefore, considering (1) and (2), the mean values of
both excitatory and inhibitory synaptic conductances given by
(5) and (6), respectively, change with N, /N. Standard devia-
tion and autocorrelation time constant of membrane potential
fluctuations in both excitatory and inhibitory populations are
also directly affected by changes in N, /N, as implied by (9),
(10), (1), and (2). Moreover, a change in N, and N, directly
modifies the dynamics of the covariance of firing rates, given
by (14). Despite these different contributions in the equa-
tions of the model in comparison with those of the inhibi-
tory synaptic decay time constants, the bifurcation diagrams
obtained by changing N, /N closely resemble the diagrams
obtained by changing 7" = z,”*". This can be seen by com-
paring Fig. 6 with Fig. 3. Therefore, when N, /N changes, the
long-term dynamics of the network changes similarly to what
we observed before as a result of changes in 7" = 7", In
particular, increasing the inhibitory proportion of the total
network population, N, /N, from its baseline value moves
the excitation-inhibition balance toward over-inhibition.
Moreover, the stability of network activity appears to be criti-
cally sensitive to decreases in N, /N, so that relatively small
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Fig.6 Effects of variations in the ratio between the number of
inhibitory and excitatory neurons on the long-term mean-field activ-
ity of the network. All parameter values of the mean-field model,
except for the number of inhibitory and excitatory neurons, are set
to their baseline values given in Table 1. The total number of neu-
rons is fixed at N = 10000. The inhibitory proportion of neurons in

reduction in N, /N causes a transition in network activity to
stable oscillations in the delta frequency band.

The contribution of inhibitory neurons in regulating net-
work activity is not only influenced by their relative popula-
tion size, but also by their cellular properties and efficacy of
the synapses that they make on other neurons, as we studied
separately above. To see some of the joint effects of such
structural and physiological factors on the stability of bal-
anced activity in the network, we perform codimension-two
continuation of the Hopf point detected in Fig. 6 by addition-
ally varying each of the inhibitory synaptic parameters as a
second bifurcation parameter. The resulting curves of Hopf
bifurcation points are shown in Fig. 7.
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the network, N, /N, is varied over a reasonable range of values. The
model is driven by background inputs of constant mean frequency

rExt = pExt = | Hz. The same description as given for graphs a—e in
Fig. 3 holds for the graphs presented here, with the only difference
being that here the bifurcation parameter for codimension-one con-

tinuation is N, /N, with the baseline value of 0.13

The results discussed before showed that changes in

Syn Syn o . .
7" =1,”" and N,/N have very similar impacts on the
Syn Syn .
network’s dynamics. A decrease in 7> = 7,;° increases

the level of excitation and causes the network to undergo
a critical transition to an oscillatory dynamics at a Hopf
bifurcation point. Consequently, larger numbers of inhibi-
tory neurons relative to the number of excitatory neurons
are required to maintain the stability of the network at lower
values of rpfy ". This explains the profile of the curve
of Hopf points shown in Fig. 7a. Disregarding the irregularly
folded segment of the curve shown in Fig. 7b—which can
be due to the semi-analyticity of the transfer functions and
high sensitivity of the response curves of excitatory neurons

—T
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Fig. 7 Joint effects of the synaptic parameters and the ratio between
the number of inhibitory and excitatory neurons on the long-term
mean-field activity of the network. Codimension-two continuation
of Hopf bifurcation points are shown in each graph. The inhibi-
tory proportion of neurons in the network, N,/N, is considered as
one of the bifurcation parameters in all graphs. Different synaptic
parameters are then chosen in each graph as the second bifurcation
parameter. Arrows indicate transition from stable (dark) to unstable

observed in Fig. 2b at low values of QESIyn = QHSy“—this

curve of Hopf bifurcation points implies a generally similar
effect when Q" = Q" and N, /N are jointly varied. That
is, a larger ratio of N; /N is required for the stability of bal-
anced activity at lower values of QESIy" = Q”Sy“. However,
the sensitivity of the Hopf points with respect to changes
in Q" = Q" and N, /N appears to be particularly differ-
ent. The critical (bifurcation) value of N, /N, below which
the network transitions to oscillatory behavior, changes
only slightly with sufficiently large values of Q;y“ = Hsy".
However, this critical ratio appears to be highly sensitive to
excessively low values of QESIyn = Qnsyn.

The curve of Hopf bifurcation points shown in Fig. 7c
implies that both high and low values of VlSy " allow for net-
work stability even at very low values of N;/N, although
such stable activity at low values of V[Syrl will correspond
to a state of stable hyper-excitation. Moreover, it can be
observed that the critical value of N;/N is very sensitive
to both increases and decreases in VISyn from its baseline
value of —80 mV. Therefore, relatively small changes in the
baseline value of V,Syn can remove the oscillatory activity of
the network caused by a shortage of the number of inhibitory

neurons in the network.

4.3.2 Effect of the connectivity density

The random connectivity in the local network that we study
here is relatively sparse, with baseline connection prob-
abilities P, = P, =P, =P, = 0.05 between and within
excitatory and inhibitory populations. To investigate how
changes in the level of sparsity in network connectivity
affects the dynamic balance of excitation and inhibition, we
continue the stable baseline equilibrium of the network with
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(light) equilibria as the parameters are varied across the curve. The
points marked by dots are the same Hopf bifurcation points marked
in Figs. 3, 4, 5 and 6. a Curve of Hopf bifurcation points with decay
time constant of inhibitory synapses chosen as the second bifurcation
parameter. b Curve of Hopf bifurcation points with quantal conduct-
ance of inhibitory synapses chosen as the second bifurcation param-
eter. ¢ Curve of Hopf bifurcation points with reversal potential of
inhibitory synapses chosen as the second bifurcation parameter

respect to changes in the value of overall connectivity den-
sity P, = P, = P,, = P, as a codimension-one bifurcation
parameter. The results are shown in Fig. 8.

The mean firing rates of both excitatory and inhibitory
populations decrease concurrently with increases in the
overall connectivity density, as shown in Fig. 8a. The ratio
of the mean excitatory to inhibitory conductances shown in
Fig. 8b indicates that the network’s excitation-inhibition bal-
ance moves toward over-inhibition when the network’s over-
all connectivity density increases. On the other hand, at low
values of P, = P, = P, = P, which correspond to highly
sparse network connectivity, the network operates at a non-
oscillatory state of hyper-excitation without undergoing a
phase transition to a slow oscillatory regime. This is despite
the significant decrease in mean synaptic conductances and
synaptic currents at low values of overall connectivity den-
sity in the network, as it can be seen in Fig. 8b and c. In
general, we observe high sensitivity of the network balance
to increases in the sparsity of the network from its baseline
level, wheres much less sensitivity is observed when overall
network connectivity becomes denser. Moreover—unlike the
other cases that we have studied—we notice that no sus-
tained oscillatory behavior emerges in the mean field activity
of the network when over-excitation occurs due to increases
in the sparsity of the network connectivity.

Besides changes in the overall network connectivity,
population-specific changes in connection probabilities also
affect the stability and balance of activity across the network.
Recurrent excitatory-to-excitatory connections are necessary
for sustaining the activity of cortical networks when they
are involved in performing memory or cognitive processing
tasks. Inhibitory-to-excitatory connections are crucial for sta-
bilizing and regulating the excitatory activity in the network,
and excitatory-to-inhibitory connections provide inhibitory
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Fig. 8 Effects of variations in the overall network connectivity den-
sity on the long-term mean-field activity of the network. All param-
eter values of the mean-field model, except for the connection
probabilities, are set to their baseline values given in Table 1. The

model is driven by background inputs of constant mean frequency

rExt = pExt = 1 Hz. All connection probabilities are set to take the

same value which is varied as the bifurcation parameter over a bio-
logically plausible range of values. The resulting codimension-one
continuation of the network equilibrium is shown in the graphs for
different network quantities. Curves of equilibria are shown by
solid lines. No changes in the stability of the equilibria is detected.

neurons with sufficient excitation they need for their opera-
tion. However, the reason for the presence of a substantial
amount of recurrent inhibitory-to-inhibitory connections in
local cortical networks (Isaacson & Scanziani, 2011; Gibson
et al., 1999), and the functionality of this type of connectiv-
ity, is less intuitive to explain. These recurrent inhibitory con-
nections provide a level of disinhibition in the network that
can regulate the overall inhibitory activity and prevent over-
inhibition. However, the disinhibition created through these
inhibitory-to-inhibitory connections also reduces the effec-
tiveness of the inhibitory neurons in stabilizing the activity of
excitatory neurons. To disambiguate functional implications
of inhibitory-to-inhibitory connectivity, we investigate how
varying only the density of this type of recurrent connectiv-
ity impacts the network balance. We choose the probability
of inhibitory-to-inhibitory connections, P, as a bifurcation
parameter and continue the baseline equilibrium state of the
network. The results are shown in Fig. 9.

The steady-state mean firing rate curves shown in
Fig. 9a confirm a significant rise in the firing rate of inhibi-
tory neurons when the level of disinhibition in the network
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The points marked by dots in all graphs correspond to the baseline
parameter values P, =P, =P, =P, =0.05. We show bifurcation
diagrams for a mean excitatory firing rate p, and mean inhibitory fir-
ing rate p;, b mean synaptic conductances M s, X € {E,1}, of the
excitatory population, and the ratio between the two conductances,
¢ absolute value of the mean excitatory and inhibitory synaptic cur-
rents, [M, sv"| X € {E,1}, in the excitatory population, as well as the
ratio between the two currents d mean excitatory and inhibitory syn-
aptic driving forces |[M,, — V "I, x € {E,1}, m the excitatory popu-
lation, as well as such drlvmg forces |Mv -V y"| X € {E,1}, in the
inhibitory population

decreases substantially at low values of P,,. The resulting
intensive inhibition significantly hyperpolarizes the excita-
tory neurons, as seen in Fig. 9d, and suppresses their firing
activity. This shift to hyper-inhibition in the network bal-
ance reflects clearly on the steady-state ratios M, G /M Gom
and |MIFSFyn |/|MI'§yn |, as shown in Fig. 9b and c. In the oppb—
site direction, however, the excessive disinhibition that
results from increasing P, above its baseline value yields
a relatively sharp increase in the level of excitation in the
network. Excitatory neurons become exceedingly depolar-
ized and their firing rates increases significantly. This sub-
stantial rise in the activity of excitatory neurons also depo-
larizes the inhibitory neurons and results in a concurrent
rise in their firing rate. However, as implied from Fig. 9a
and d, the strong recurrent inhibition that is generated
within the inhibitory population at large values of P, sig-
nificantly restricts the mean depolarization level and firing
rate of inhibitory neurons. This restrains the inhibitory
neurons from effectively controlling the excitatory activity
in the network, so that the excitation-inhibition balance
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Fig.9 Effects of variations in the inhibitory-to-inhibitory connection
probability on the long-term mean-field activity of the network. All
parameter values of the mean-field model, except for the probability
of connections between inhibitory neurons, are set to their baseline
values given in Table 1. The model is driven by background inputs

moves to excessive excitation with increases in P,,. The
steady-state value of the ratio MGFSFyn/MGFSIyn shown in
Fig. 9b precisely indicates such a shift in the network
balance.

The bifurcation diagrams of Fig. 9 further reveal that, as
P, increases from its baseline value, the network’s dynam-
ics undergoes several Hopf bifurcations, at which the sta-
bility of the network equilibrium switches and sustained
oscillations emerge, or vanish. In particular, stable oscilla-
tions of delta-band frequency emerge when the density of
recurrent inhibitory connectivity increases slightly above
its baseline value. However, these oscillations disappear for
moderately higher values of recurrent inhibitory connec-
tivity, at which a non-oscillatory state of hyper-excitation
is present across the network. The results also predict the
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of constant mean frequency rFl;:DX‘ = rIIF':Xl = 1 Hz. The same description

as given for graphs a—e in Fig. 3 holds for the graphs presented here,
with the only difference being that here the bifurcation parameter for
codimension-one continuation is PH, with the baseline value of 0.05

emergence of very-high amplitude stable oscillatory activ-
ity at disproportionately large values of P,,. However, it
should be noted that, due to the Markovian assumption
and other approximations used in the derivation of the
mean-field model, the accuracy of the mean-field model
degrades at the high firing activity associated with these
oscillations. Note also that, similar to the results presented
before, the curves of limit cycles originating from each
Hopf bifurcation points have been continued only up to the
point where the mean-field model remains mathematically
valid. This numerical termination point in the continua-
tion of limit cycles usually occurs at parameter values for
which the quantity under the square root in (9) becomes
negative.
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4.4 Instantaneous correlation of excitation
and inhibition

The results presented so far have been obtained based on the
analysis of long-term dynamics of the mean-field model,
which provides information on the overall level of excitation-
inhibition balance throughout the network, and how such
balance is affected by changes in each of the physiological
and structural parameters of the network. In experimental
studies, a balance between excitation and inhibition in local
cortical networks is sometimes deduced from tight correla-
tions between the instantaneous activities of the inhibitory
and excitatory populations (Okun & Lampl, 2008; Dehghani
et al., 2016; Vogels et al., 2011). Therefore, here we inves-
tigate how two distinct states of network activity that we
observed in the results presented above, namely, a stable
balanced state and a (functionally imbalanced) oscillatory
state, reflect on the instantaneous correlation between the
mean firing rates of excitatory and inhibitory populations.
We use the results we obtained above when we analyzed
the effect of synaptic decay time constants. We use MAT-
LAB’s 0de45 numerical integrator to solve the equations of
the mean-field model corresponding to two different states:
the baseline balanced state with 72" = 7.¥" = 8.3 ms, and a
high-amplitude slow oscillatory state with 7" = 7" = 6.5
ms. Note that the emergence of stable delta-band oscilla-
tions in the later state is ensured, as an inhibitory synaptic
decay time constant of 6.5 ms is smaller than the critical
Hopf bifurcation value of 7.06 ms obtained in the bifurcation
analysis results shown in Fig. 3. Therefore, with a constant

background drive of 5 = rEX = 1 Hz, the solutions of the

model with 77" = 7.*¥" = 6.5 ms oscillate on a limit cycle,
as shown in the top graph in Fig. 10b.

Since a mean-field model represents network activity
only at the mean-field level, it cannot reproduce the self-
generated small random fluctuations typically observed in
the mean firing rate or mean membrane potential of balanced
in vivo cortical networks or balanced in silico networks of
spiking neurons. Therefore, with a background input of con-
stant frequency, the mean-field solutions of the model in a
balanced state quickly converge to constant values, as seen
in our simulation result shown in the top graph of Fig. 10a.
When the network transitions to an oscillatory regime,
shown in the top graph of Fig. 10b, the mean-field solutions
with constant inputs converge to plain oscillations without
any random fluctuations. The presence of tight instantaneous
correlations between excitatory and inhibitory firing rates in
these plain solutions is then trivial, and not very informative.
Hence, in order to make informative observations, we induce
random fluctuations in the mean-field solutions of the model
using background inputs of randomly fluctuating frequency,
instead of the constant frequency we considered for the

baseline network. For each of the network states described
above, we generate 50 different solution curves for p, and
p, by driving the model with 50 different external excitatory
inputs r2X* = ', The temporal profiles of these inputs are
generated by adding random fluctuations of amplitude 0.4
Hz to the constant baseline inputs r2X* = r**' = 1 Hz. The
frequency bandwidth of these fluctuations ranges approxi-
mately from 1 to 20 Hz, as described in Fig. 10. To remove
the effect of initial transient responses of the network, we
use only the last 2 seconds of the computed solution curves
for our correlation analysis described below.

A sample temporal profile of p; and p, is shown in Fig. 10
for each state, along with normalized cross-correlations
between p, and p, for all 50 pairs of simulated mean fir-
ing rates. The DC components of the mean firing rates are
removed before computing the cross-correlations. In both
states, the sample temporal curves show a tight instantane-
ous correlation between the mean excitatory and inhibitory
firing rates. The normalized cross-correlation curves con-
firm the presence of such tight correlations in all 50 firing
rate profiles. The time lags between the mean excitatory and
inhibitory firing rates in both states appear to be very small:
3.96 + 2.4 ms at the baseline balanced state, and 1.35 + 1.44
ms at the oscillatory state, meaning that on average the
inhibitory firing activity is slightly ahead of the excitatory
firing activity. It should be noted though, that these tight
correlations between instantaneous excitatory and inhibitory
activities exist at both of the two distinct stable and oscilla-
tory network states that we analyzed here, despite the essen-
tially different dynamic behavior and conditions of overall
excitation-inhibition balance that we observed at these states
through our bifurcation analysis.

4.5 Balanced and oscillatory activity in
spiking networks

We performed our extensive bifurcation analyses presented
above by taking the advantage of the simplicity and compu-
tational tractability of the mean-field model, which allowed
for investigating changes in the long-term dynamics of the
underlying local cortical network over a wide range of vari-
ations in the key physiological and structural parameters of
the network, thereby observing the impacts of these factors
on the overall balance of excitation and inhibition in the
network. However, the inevitable simplifying assumptions,
such as a Markovian assumption, and the semi-analytic
derivations that were used in developing the mean-field
model we employed in our study can raise concerns about
the reliability of our predictions made based on this model.
To address such concerns, we use the network of 10, 000
spiking AdEx neurons described in Section 3 to verify the
predictions made by the mean-field model.
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(a)

Fig. 10 Instantaneous correlation between mean-field excitatory and
inhibitory activity at baseline (balanced) and oscillatory states. At
the top of each panel, instantaneous profiles of mean excitatory and
inhibitory firing rates, p, and p,, computed for the mean-field model

with the constant background drive rE* = rEX =1 Hz, are shown

over a simulation time interval of 5000 ms. All biophysical param-

eters of the model take their baseline values, except for 7,,"" and 7,>"

which take different values in each panel. The bottom right graph of
each panel shows normalized cross-correlations between mean excita-
tory and inhibitory firing rates over the simulation time interval of
[3000, 5000] ms. In each of these graphs, 50 correlation curves are
shown that are obtained from simulating the model with 50 different
background-level external drives. The DC component of the mean
firing rates is removed before computing the cross-correlations. The
external drives are generated by adding random fluctuations of ampli-
tude 0.4 to the baseline background value of rE* =rEF* =1Hz.

For the results presented in this section, we specifically
test whether the results we obtained from the mean-field
model on the state transition caused by changes in inhibitory
synaptic decay time constants, as well as those obtained on
instantaneous correlations between excitatory and inhibi-
tory mean firing rates, can be replicated by a sufficiently
large network of spiking neurons. We use the forward
Euler method to simulate the spiking neuronal network
(21)—(22) at the same two dynamic states as described in
the results shown in Fig. 10, namely, the state of balanced
asynchronous irregular activity with the baseline param-
eter values 7" = 7, = 8.3 ms, and the oscillatory state
associated with reduced inhibitory decay time constants
5" = £ = 6.5 ms. The rastergram of spiking activity at
each state is shown in Fig. 11 for ten percent of inhibitory
and excitatory neurons.

The rastergram shown in Fig. 11a demonstrates asyn-
chronous and irregular activity at the baseline state. The
mean firing rates of the excitatory and inhibitory neurons,
calculated using the last 2 seconds of the spike trains in
order to remove the effect of initial transient activity, are
1.13 Hz and 5.84 Hz, respectively. The mean excitatory-
to-excitatory synaptic conductance is 8.6 nS, the mean
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(b)

The temporal patterns of the fluctuations are generated by low-pass
filtering 50 stochastic signals, each of which taking uniformly dis-
tributed random values at each instances of time. The passbands of
the low-pass filters take 50 different values in the range from 1 Hz to
20 Hz. In each cross-correlation graph, a sample curve correspond-
ing to input fluctuations filtered at passband frequency of 10 Hz is
highlighted. The instantaneous profiles of the mean firing rates cor-
responding to the highlighted cross-correlation curves are shown
on the bottom left side of each panel. a Instantaneous correlation
between excitatory and inhibitory firing rates at the baseline balanced
state, with baseline values of inhibitory synaptic decay time constants

Syn Syn . .
TEIy = Tuy = 8.3 ms. b Instantaneous correlation between excita-

tory and inhibitory firing rates at an oscillatory state emerged in the
dynamics of the model when the values of inhibitory synaptic decay
R Syn Syn

time constants are reduced to 7,° =7,° = 6.5ms

inhibitory-to-excitatory synaptic conductance is 37.8 nS,
and the ratio between these two conductances is 0.227.
The rates of firing activity obtained here, as well as the
mean synaptic conductances, almost precisely match
those we obtained at the baseline balanced equilibrium of
the mean-field model, that is, p, = 1.15 Hz, p, = 5.71 Hz,
Mgsm = 8.7nS, Mgsm = 37.0nS, and MGFSFyn/MGFSIyn =0.235.

Consistent with the predictions made through bifurcation
analysis of the mean-field model, the rastergram shown in
Fig. 11b demonstrates emergence of a slow oscillatory burst-
ing state in the activity of the spiking neurons when inhibi-
tory decay time constants are reduced to 7" = 7" = 6.5
ms, a value below the Hopf bifurcation value shown in
Fig. 3. Although the population bursts in the rastergram do
not appear completely periodically, partly because of the sto-
chastic nature of the Poisson-distributed input spike trains,
counting the total number of bursts appearing in the raster-
gram of Fig. 11b confirms a close agreement between the
frequency of oscillatory bursting observed here with that of
the mean-field oscillations shown in Fig. 10b. Further details
on the dynamics of the network at this oscillatory bursting
state are provided in Section 2 of the supplementary material
(Online Resource).
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Fig. 11 Instantaneous correlation between the average spiking activ-
ity of excitatory and inhibitory neurons at asynchronous irregular
(baseline balanced) and oscillatory bursting states. In each panel, a
rastergram of the excitatory (red) and inhibitory (blue) spiking activ-
ity in the spiking neuronal network (21)—(22) is shown on the left.
For visual clarity, only the activity of a randomly selected 10 percent
subset of total neurons is illustrated. The biophysical parameters of
the spiking network are set as described in Section 3, except for the
inhibitory synaptic decay time constants 75", n € N, m € N, which
take different values in each panel. The network receives Poisson-dis-
tributed background spike trains generated according to the descrip-
tion provided in Section 3. The middle graph in each panel shows

Importantly, the spiking activity we obtained here, both at
the asynchronous irregular regime and at the oscillatory burst-
ing regime, are also closely comparable with those obtained
from in vitro experiments and detailed in silico reconstruction
of the rat neocortical microcircuitry, as shown in Figure 12 of
the work by Markram et al. (2015). Moreover, similar to the
results shown in Fig. 10, the instantaneous profiles of mean
firing rates and the normalized cross-correlation curves shown
in Fig. 11 indicate a tight temporal correlation between the
excitatory and inhibitory spontaneous activity, in both asyn-
chronous irregular and oscillatory bursting regimes. Consistent
with the results obtained using the mean-field model, the time
lag between the mean excitatory and inhibitory spiking rates
obtained here are very small: 3.32 ms at the asynchronous
irregular state, and 0.84 ms at the oscillatory bursting state.
At both states, the spontaneous inhibitory activity appears to
be slightly ahead of the excitatory activity.

The results presented above verified the key predictions
of our mean-field model-based analysis of the effects of

(b)

the average firing rate of the excitatory and inhibitory neurons over
the last 2 seconds of the simulation time. The graph of normalized
cross-correlation between these instantaneous mean firing activities,
computed after removal of their DC component, is shown on the right
side of each panel. a Spontaneous activity and correlation between
average excitatory and inhibitory firing rates at the baseline asynchro-
nous irregular state with baseline values of inhibitory synaptic decay
time constants, 7,2)" = 8.3 ms, n € ', m € N,. b Spontaneous activ-
ity and correlation between average excitatory and inhibitory firing
rates at an oscillatory bursting state emerged as a result of a reduction
in the values of inhibitory synaptic decay time constants to rns,',f" =6.5
ms,n €N, me N,

variations in inhibitory synaptic decay time constants. All
key predictions on the effects of variations in other network
parameters are similarly verified in the results provided in
Section 1 of the supplementary material (Online Resource).
It should be noted, however, that there are a few cases in
which the firing rates predicted by the mean-field model
do not match those obtained from the spiking network very
accurately. See, for instance, the firing rates provided in
Fig. S3 of the supplementary material when V> takes the
extreme value of V> = —100 mV. As discussed before,
such inaccuracies are most likely due to the simplifying
assumptions used for derivation of the mean-field model.
At high firing rates, which can result form the presence of
over-excitation in the network, the Markovian assumption
of the network activity will not be valid. Moreover, as the
discussion following Eq. (3.27) of the work by El Boustani
and Destexhe (2009) implies, the approximation used in
derivation of the simple form of neuronal transfer func-
tions given by (11) remains sufficiently accurate mainly in
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asynchronous irregular spiking regimes. The impact of such
approximation on the accuracy of the model is indirectly
improved, to some extent, by inclusion of the information
about second moments of subthreshold membrane potential
fluctuations in the semi-analytic effective threshold (12).
However, the approximation still affects the performance
of the model to fully accurately predict the network activ-
ity far from its balanced equilibrium, or when the network
dynamics approaches a Hopf bifurcation point and presents
synchronous activity. Another source of inaccuracy in the
performance of the mean-field model at extreme parameter
values is due to the fit parameters of the semi-analytic trans-
fer functions not generalizing well to the activity of neurons
at such parameter values. Despite such sources of inaccura-
cies, as stated above the key predictions of the mean-field
model were completely verified by the results of the spiking
network, in many cases even with remarkable quantitative
accuracy.

Recent developments of the mean-field theory of spik-
ing neuronal networks have relaxed some of the simplify-
ing assumptions described above, providing a framework
for more accurately characterizing the mean-field activity
of the networks away from their equilibria and in synchro-
nous regimes; for example, see the theory developed by
Vinci et al. (2023). Incorporating into such developments
the biophysically plausible cellular, synaptic, and structural
parameters of a cortical network, such as those we have pro-
vided in Table 1, can therefore provide a framework for more
accurately predicting the network dynamics with respect to
variations in different parameters.

5 Discussion and conclusion

By leveraging the computational tractability of a biologi-
cally reasonable conductance-based mean-field model, we
conducted a fairly comprehensive study of how variations
in some of the main synaptic and structural parameters
of a local cortical network—specifically characterized by
the properties of the mouse and rat neocortical microcir-
cuitry—influence the balance between overall excitation
and inhibition in the network. For this, we performed
bifurcation analyses of the baseline balanced equilibrium
state of the mean-field model with respect to variations
in each of the key parameters of the network, namely, the
synaptic (physiological) parameters such as synaptic decay
time constants, synaptic quantal conductances, and synap-
tic reversal potentials, as well as the structural parameters
such as the ratio of the number of inhibitory neurons to
the total number of neurons, the density (or sparsity) of
the overall network connectivity, and the inhibitory-to-
inhibitory connection probability. Additionally, we used
a sufficiently large network of spiking neurons to test the
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reliability of the predictions made based on the mean-field
model. Below, we summarize and discuss the key observa-
tions of our study.

Continuous quantification of the level of balance The level
of overall excitation and inhibition in a network is often
identified in previous studies as either balanced or imbal-
anced. However, the degree by which the overall balance of
excitation and inhibition—as we qualitatively interpreted as
an operating set point for a normally functioning cortical net-
work—deviates from its perfect level is continuously quan-
tifiable. That means, we can quantify how balanced the net-
work is, or how far the network activity is deviated from the
balanced state. We performed such continuous quantification
in our analysis. We first identified a baseline (well-) bal-
anced reference state for the mean-field activity of our model
by analyzing its long-term behavior in response to different
levels of external excitatory inputs. Then, we investigated
how this established balanced state is altered by changes in
different parameters of the network; see Fig. 1. Our results
confirm that the ratio of the mean excitatory to the mean
inhibitory synaptic conductances in the network—in refer-
ence to its value at the baseline balanced state—is a reliable
measure for continuously quantifying the level of overall
excitation-inhibition balance. Mean excitatory and inhibitory
conductances can be experimentally measured, both in vitro
and in vivo (Monier et al., 2008), and the ratio between them
has been shown to remain constant in well-balanced states
(Shu et al., 2003; Wehr & Zador, 2003; Haider et al., 2006;
Xue et al., 2014; Deneéve & Machens, 2016).

Neuronal gain and excitability modulation Increasing the
decay time constant and the quantal conductance of inhibi-
tory synapses decreases the gain (slope of the response
curve) and excitability (horizontal shift of the response
curve) of the neurons. Opposite effects are observed when
the decay time constant and the quantal conductance of
excitatory synapses are increased. Increases in excitatory
synaptic reversal potentials result in enhancements in the
gains of the neurons. Changes in the inhibitory reversal
potentials have non-monotonic effects on the gain of the
neurons; see Fig. 2.

Effects of synaptic parameters Increasing the value of the
three main inhibitory synaptic parameters that we studied
here, to values above their baseline, moves the excitation-
inhibition balance toward over-inhibition. On the other
hand, decreasing these parameters below their baseline
value moves the balance toward over-excitation. Modula-
tions of the excitatory synaptic parameters have the opposite
effects on the network balance, but with slightly less critical
impacts on the network stability; see Figs. 3-5.
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Effects of the inhibitory proportion of neurons Changes in
the ratio of the number of inhibitory neurons to the total
number of neurons affect the excitation-inhibition balance in
essentially similar way to how changes in inhibitory synaptic
decay time constants do; see Fig. 6.

Effects of the overall network connectivity density Increas-
ing the sparsity of overall network connectivity moves the
network balance toward over-excitation. When the network is
very sparsely-connected, a further increase in the sparsity of
the network connectivity causes a very sharp rise in the level of
overall excitation, yet the network dynamics does not transition
to an oscillatory regime. Increasing the density of overall net-
work connectivity, on the other hand, slowly shifts the network
balance to over-inhibition; see Fig. 8.

Transition to slow oscillatory regimes In most cases in our
results, sufficiently large deviations of the network balance
toward over-excitation transition the network activity to an
oscillatory regime. The only exception we observed was the
case where we increased the overall sparsity of the network
connectivity, which resulted in hyper-excited yet stable non-
oscillatory states of network activity. In all cases, the emerg-
ing oscillations are slow, with their frequency being in the
delta band. In particular, network oscillations emerging due
to a reduction in the inhibitory proportion of the total net-
work population or in the decay time constant of inhibitory
synapses, as well as those emerging due to higher density of
recurrent inhibitory-to-inhibitory connectivity, are of high
amplitude; see Figs. 3-5, 6, 8, and 9. High-amplitude delta
oscillations are strongly correlated with loss of conscious-
ness, and are frequently observed in states such as coma,
anaesthesia, generalized epileptic seizures, and slow wave
sleep (Frohlich et al., 2021; Gillary & Niebur, 2016). There-
fore, our results suggest that transitions to slow oscillatory
regimes due to shifts in the balance of excitation and inhi-
bition—if occurred in a sufficiently large number of local
cortical networks across the neocortex—may correspond to
a critical state transition in the brain to a state of diminished
consciousness.

Criticality of the inhibitory synaptic conductances and the
inhibitory proportion of neurons The baseline values for
inhibitory synaptic decay time constants, and for the ratio
between the number of inhibitory neurons and the total number
of neurons, are critical values for network stability. At such val-
ues, the network is in the well-balanced state as characterized
above. However, relatively small reductions in these values
result in a transition of network activity to a slow oscillatory
regime; see Figs. 3 and 6. This, in particular, suggests that the
typical value of the inhibitory proportion of neurons in the
network or, equivalently, the typical ratio between the number
of inhibitory and excitatory neurons, is almost optimal. This

optimality is in the sense that a larger inhibitory proportion
results in redundant inhibition and a less excitable network,
and a slightly smaller inhibitory proportion results in a phase
transition and, possibly, loss of functionality. Therefore, the
number of inhibitory neurons, relative to the number of excita-
tory neurons, appears to be nearly at the minimum number
required to safely stabilize the overall excitatory activity
under normal conditions. This optimal value, however, is in
direct correspondence with the value of inhibitory synaptic
decay time constants. A larger number of inhibitory neurons
is required for network stability if inhibitory synapses decay
faster, and a smaller number of inhibitory neurons can main-
tain the stability of the network if inhibitory synaptic events
last longer; see Fig. 7a.

Criticality of the density of inhibitory-to-inhibitory
connectivity The density of recurrent inhibitory-to-inhibitory
connectivity, relative to the density of other types of local
cortical connectivity, is a crucial factor both in controlling
the level of inhibitory activity in the network and in stabiliz-
ing the excitatory activity. Our results show that the baseline
value for the probability of such recurrent inhibitory connec-
tivity is critical. A moderately lower density of inhibitory-to-
inhibitory connectivity results in a rather uncontrolled rise in
inhibitory activity, which moves the network balance toward
hyper-inhibition and yields a non-excitable network. On the
contrary, a slight increase in the density of such recurrent
inhibitory connectivity results in a sharp change in the bal-
ance of excitation and inhibition toward over-excitation and,
subsequently, emergence of high-amplitude delta oscilla-
tions; see Fig. 9.

Robustness of network stability to changes in quantal
conductances The stability of the network in our results is
fairly robust to changes in synaptic quantal conductances.
That is, only a significantly large reduction in the value of
inhibitory quantal conductances, or a significantly large
increase in the value of excitatory quantal conductances,
can destabilize the network’s equilibrium through a Hopf
bifurcation; see Fig. 4. This is in fact an expedient property
for the functionality of the network. The values of synaptic
quantal conductances are subject to dynamic changes due to
plasticity of the synapses, which is essential in learning and
memory. The network would otherwise be totally dysfunc-
tional if it could be destabilized by such level of synaptic
plasticity. This robustness of the network stability to changes
in synaptic quantal conductances further allows for synaptic
plasticity to play a key role in fine-tuning of the excitation-
inhibition balance (Froemke, 2015; Vogels et al., 2011,
Hennequin et al., 2017; Sprekeler, 2017; He et al., 2016).

Joint effects of synaptic and structural parameters Balance
of excitation and inhibition is established by integrated
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contributions of multiple physiological and anatomical fac-
tors. We mostly analyzed the effects of these factors sepa-
rately. However, our limited results on the joint effect of
synaptic parameters and the relative size of the inhibitory
population particularly suggest that the high-amplitude delta
oscillations that emerge in a local cortical network due to
a reduced number of inhibitory neurons can be effectively
suppressed by a reasonable amount of increase in the decay
time constant or reversal potential of the inhibitory synapses,
which restores the network’s stability by transitioning its
dynamics through a Hopf bifurcation; see Fig. 7.

Instantaneous correlation of excitation and inhibition Besides
our extensive investigation of the overall excitation-inhibition
balance through analyzing the long-term solutions of the
mean-field model, we also studied the instantaneous correla-
tion between the spontaneous excitatory and inhibitory activity
in a network, using both the mean-field model and the spiking
neuronal network model. Our results reveal a tight instan-
taneous correlation between mean excitatory and inhibitory
firing rates, with an average time lag of less than four millisec-
ond—in both the baseline balanced and the oscillatory states;
see Figs. 10 and 11. The presence of such tight correlation is
consistent with some experimental observations, which have
confirmed tightly correlated temporal variations in the activity
of excitatory and inhibitory neurons in a balanced state, with
a time lag of only a few millisecond between them (Okun &
Lampl, 2008; Dehghani et al., 2016; Atallah & Scanziani,
2009; Bhatia et al., 2019; Deneve & Machens, 2016). In our
simulations, on average, the mean spontaneous firing activ-
ity of inhibitory neurons leads that of the excitatory neurons
by a fraction of millisecond, which is also reported in some
other computational studies (Compte et al., 2003). Howeyver,
it should be noted that some experimental studies report
that inhibitory activities lag a few millisecond behind the
excitatory activity, especially for evoked activities (Okun
& Lampl, 2008; Dehghani et al., 2016). The seeming dis-
crepancy, however, is likely because the sign of the time lag
between the correlated mean activities can depend on the
physical quantities measured (e.g., firing rates, postsynaptic
potentials, postsynaptic currents, etc.,) specific distributions
and timing of external inputs to each of the inhibitory and
excitatory populations, and the relative level of the DC com-
ponent of the measured inhibitory and excitatory activity. In
our simulations, we provided evenly distributed background
excitatory spikes at a constant average rate to both popula-
tions, and we computed cross-correlations after removal of the
DC component of the mean firing rates. Moreover, computing
the cross-correlation between the excitatory and inhibitory
mean membrane potentials obtained in our simulations—
instead of the cross-correlation shown in Fig. 10 between the
excitatory and inhibitory mean firing rates—shows a time lag
of —0.025 + 1.29 ms between the membrane potentials at the
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baseline state, and a time lag of —0.55 + 1.17 ms at the oscil-
latory state. This implies that the mean inhibitory membrane
potential lags slightly behind the excitatory potential, a result
consistent with experimental observations.

Insufficiency of tight activity correlation for inferring normal
balance The tight instantaneous correlation between spon-
taneous excitatory and inhibitory activities is maintained at
different levels of excitation-inhibition balance in our simula-
tions, both in a network operating near a stable equilibrium,
and in a network that has transitioned to a slowly-oscillating
(-bursting) regime; see Figs. 10 and 11. The presence of such
a tight temporal correlation has been confirmed experimen-
tally at different dynamic states of spontaneous, evoked, and
oscillatory network activity (Dehghani et al., 2016; Okun &
Lampl, 2008; Atallah & Scanziani, 2009; Isaacson & Scanzi-
ani, 2011). However, the functionality of a cortical network,
and its overall level of excitation-inhibition balance, can
change substantially at these different states. For example,
the presence of high-amplitude delta oscillations in a network
can be associated with a state of diminished consciousness, a
state functionally distinctive from the alert state. Moreover,
the level of overall excitation-inhibition balance in a network,
when the network is operating at different conditions, can
deviate from its normal dynamic state, either toward more
inhibition or toward more excitation. Importantly, such devia-
tions do not necessarily reflect on the instantaneous corre-
lation between excitatory and inhibitory activities. There-
fore, we argue that a tight correlation between the temporal
recordings of excitatory and inhibitory neuronal activities
in a network is not a sufficiently strong evidence for infer-
ring a functional balance of excitation and inhibition in the
network. As we discussed above, our results suggest that the
ratio between mean excitatory and inhibitory synaptic con-
ductances is a more reliable measure of the level of overall
excitation-inhibition balance in a local cortical network, as
it continuously quantifies the amount of deviations from a
normally balanced state.

Reliability of the predictions The results we presented in this
paper and the key observations we summarized above were
predominantly obtained using a mean-field model, which nat-
urally suffers from inaccuracies due to simplifying assump-
tions. However, the model is simple and yet maintains key
biological details. This allowed us the capacity to fairly com-
prehensively investigate the contributions of various factors
in the balance of excitation and inhibition in a local cortical
network. Performing such an extensive study experimentally,
or using detailed biological models, would be rather imprac-
tical. To test the reliability of the predictions made based
on the mean-field model, we performed sample studies for
the key predictions of our mean-field analyses using a more
detailed framework of a spiking network; See Fig. 11 and
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Figs. S1-S6 in the supplementary file (Online Resource).
The close agreement between the results we obtained from
this spiking network and those predicted based on the mean-
field model—which were also consistent with the spiking
activity observed in in vitro experiments and in in silico com-
putations of a detailed neocortical microcircuitry (Markram
et al., 2015, Fig. 12)—is promising. Hence, we anticipate
that the observations we made in this paper can inform future
experimental and theoretical studies on understanding the
homeostatic mechanisms involved in regulation of the exci-
tation-inhibition balance, and on identifying the pathologi-
cal causes of short-term and long-term disturbances in this
essential operating condition of local cortical networks.
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material available at https://doi.org/10.1007/s10827-023-00863-x.

Author contributions We use the CRediT Taxonomy to describe each
author’s contributions to the work, as follows: Conceptualization (FS),
Data Curation (FS), Formal Analysis (FS), Funding Acquisition (HC),
Investigation (FS), Methodology (FS), Project Administration (FS,
HC), Resources (N/A), Software (FS), Supervision (N/A), Validation
(FS), Visualization (FS), Writing—Original Draft Preparation (FS),
Writing—Review & Editing (FS, HC).

Funding This work was supported in part by the National Eye Institute of
the National Institutes of Health under Award Number RO0 EY030840.
The content is solely the responsibility of the authors and does not nec-
essarily represent the official views of the National Institutes of Health.
The work of the first author was also partially supported by the School of
Mathematics at the Georgia Institute of Technology.

Availability of data and materials References to all datasets used in this
study are provided in this article.

Declarations

Ethics approval Not applicable.

Conflict of interest/Competing interests The authors declare no con-
flict of interest.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Allen Institute for Brain Science. (2016). Allen Cell Types Database.
https://celltypes.brain-map.org/. Accessed: 1 Sept 2022.

Atallah, B. V., & Scanziani, M. (2009). Instantaneous modulation of
gamma oscillation frequency by balancing excitation with inhibi-
tion. Neuron, 62(4), 566-577. https://doi.org/10.1016/j.neuron.
2009.04.027

Bhatia, A., Moza, S., & Bhalla, U. S. (2019). Precise excitation-inhibition
balance controls gain and timing in the hippocampus. eLife, 8,
43415. https://doi.org/10.7554/eLife.43415

Blue Brain Project. (2005). Blue Brain Portal. https://portal.bluebrain.
epfl.ch/. Accessed: 1 Sept 2022.

Brette, R., & Gerstner, W. (2005). Adaptive exponential integrate-and-
fire model as an effective description of neuronal activity. Journal
of Neurophysiology, 94(5), 3637-3642. https://doi.org/10.1152/
jn.00686.2005

Brunel, N. (2000). Dynamics of sparsely connected networks of
excitatory and inhibitory spiking neurons. Journal of Computa-
tional Neuroscience, 8(3), 183-208. https://doi.org/10.1023/A:
1008925309027

Brunel, N., & Hakim, V. (1999). Fast global oscillations in net-
works of integrate-and-fire neurons with low firing rates.
Neural Computation, 11(7), 1621-1671. https://doi.org/10.
1162/089976699300016179

Campagnola, L., Seeman, S. C., Chartrand, T., Kim, L., Hoggarth, A.,
Gamlin, C., Ito, S., Trinh, J., Davoudian, P., Radaelli, C., Kim,
M.-H., Hage, T., Braun, T., Alfiler, L., Andrade, J., Bohn, P.,
Dalley, R., Henry, A., Kebede, S., ... & Jarsky, T. (2022). Local
connectivity and synaptic dynamics in mouse and human neocortex.
Science, 375(6585), 5861. https://doi.org/10.1126/science.abj5861

Carlu, M., Chehab, O., Dalla Porta, L., Depannemaecker, D., Héricé,
C., Jedynak, M., Koksal Ersoz, E., Muratore, P., Souihel, S.,
Capone, C., Zerlaut, Y., Destexhe, A., & Volo, M. (2020). A
mean-field approach to the dynamics of networks of complex
neurons, from nonlinear integrate-and-fire to Hodgkin-Huxley
models. Journal of Neurophysiology, 123(3), 1042-1051. https://
doi.org/10.1152/jn.00399.2019

Chen, L., Li, X., Tjia, M., & Thapliyal, S. (2022). Homeostatic plastic-
ity and excitation-inhibition balance: The good, the bad, and the
ugly. Current Opinion in Neurobiology, 75, 102553. https://doi.
org/10.1016/j.conb.2022.102553

Compte, A., Sanchez-Vives, M. V., McCormick, D. A., & Wang,
X.-J. (2003). Cellular and network mechanisms of slow oscilla-
tory activity (<1 hz) and wave propagations in a cortical network
model. Journal of Neurophysiology, 89(5), 2707-2725. https://
doi.org/10.1152/jn.00845.2002

Dani, V. S., Chang, Q., Maffei, A., Turrigiano, G. G., Jaenisch, R.,
& Nelson, S. B. (2005). Reduced cortical activity due to a shift
in the balance between excitation and inhibition in a mouse
model of rett syndrome. Proceedings of the National Academy
of Sciences, 102(35), 12560-12565. https://doi.org/10.1073/
pnas.0506071102

Dehghani, N., Peyrache, A., Telenczuk, B., Quyen, M. L. V., Halgren, E.,
Cash, S. S., Hatsopoulos, N. G., & Destexhe, A. (2016). Dynamic
balance of excitation and inhibition in human and monkey neocortex.
Scientific Reports, 6,23176. https://doi.org/10.1038/srep23176

Deneve, S., & Machens, C. K. (2016). Efficient codes and balanced
networks. Nature Neuroscience, 19(3), 375-382. https://doi.org/
10.1038/nn.4243

Dhooge, A., Govaerts, W., Kuznetsov, Y. A., Meijer, H. G. E., & Sautois,
B. (2008). New features of the software MatCont for bifurcation
analysis of dynamical systems. Math. Comput. Model. Dyn. Syst.,
14(2), 147-175. https://doi.org/10.1080/13873950701742754

di Volo, M., Romagnoni, A., Capone, C., & Destexhe, A. (2019). Bio-
logically realistic mean-field models of conductance-based net-
works of spiking neurons with adaptation. Neural Computation,
31(4), 653-680. https://doi.org/10.1162/neco_a_01173

El Boustani, S., & Destexhe, A. (2009). A master equation formal-
ism for macroscopic modeling of asynchronous irregular activity

@ Springer


https://doi.org/10.1007/s10827-023-00863-x
http://creativecommons.org/licenses/by/4.0/
https://celltypes.brain-map.org/
https://doi.org/10.1016/j.neuron.2009.04.027
https://doi.org/10.1016/j.neuron.2009.04.027
https://doi.org/10.7554/eLife.43415
https://portal.bluebrain.epfl.ch/
https://portal.bluebrain.epfl.ch/
https://doi.org/10.1152/jn.00686.2005
https://doi.org/10.1152/jn.00686.2005
https://doi.org/10.1023/A:1008925309027
https://doi.org/10.1023/A:1008925309027
https://doi.org/10.1162/089976699300016179
https://doi.org/10.1162/089976699300016179
https://doi.org/10.1126/science.abj5861
https://doi.org/10.1152/jn.00399.2019
https://doi.org/10.1152/jn.00399.2019
https://doi.org/10.1016/j.conb.2022.102553
https://doi.org/10.1016/j.conb.2022.102553
https://doi.org/10.1152/jn.00845.2002
https://doi.org/10.1152/jn.00845.2002
https://doi.org/10.1073/pnas.0506071102
https://doi.org/10.1073/pnas.0506071102
https://doi.org/10.1038/srep23176
https://doi.org/10.1038/nn.4243
https://doi.org/10.1038/nn.4243
https://doi.org/10.1080/13873950701742754
https://doi.org/10.1162/neco_a_01173

106

Journal of Computational Neuroscience (2024) 52:73-107

states. Neural Computation, 21(1), 46—100. https://doi.org/10.
1162/nec0.2009.02-08-710

Frohlich, J., Toker, D., & Monti, M. M. (2021). Consciousness among
delta waves: a paradox? Brain, 144(8), 2257-2277. https://doi.org/
10.1093/brain/awab095

Froemke, R. C. (2015). Plasticity of cortical excitatory-inhibitory bal-
ance. Annual Review of Neuroscience, 38(1), 195-219. https://doi.
org/10.1146/annurev-neuro-071714-034002

Gibson, J. R., Beierlein, M., & Connors, B. W. (1999). Two networks
of electrically coupled inhibitory neurons in neocortex. Nature,
402(6757), 75-79. https://doi.org/10.1038/47035

Gillary, G., & Niebur, E. (2016). The edge of stability: Response times
and delta oscillations in balanced networks. PLOS Computational
Biology, 12(9), 1-22. https://doi.org/10.1371/journal.pcbi. 1005121

Haider, B., Duque, A., Hasenstaub, A. R., & McCormick, D. A. (2006).
Neocortical network activity in vivo is generated through a dynamic
balance of excitation and inhibition. Journal of Neuroscience, 26(17),
4535-4545. https://doi.org/10.1523/INEUROSCI.5297-05.2006

Haider, B., & McCormick, D. A. (2009). Rapid neocortical dynam-
ics: Cellular and network mechanisms. Neuron, 62(2), 171-189.
https://doi.org/10.1016/j.neuron.2009.04.008

Haider, B., Hdusser, M., & Carandini, M. (2013). Inhibition dominates
sensory responses in the awake cortex. Nature, 493(97), 97-100.
https://doi.org/10.1038/nature11665

He, H., & Cline, H. T. (2019). What is excitation/inhibition and how is
it regulated? A case of the elephant and the eisemen. Journal of
Experimental Neuroscience, 13, 1179069519859371. https://doi.
org/10.1177/1179069519859371

He, H., Shen, W., Hiramoto, M., & Cline, H. T. (2016). Experience-
dependent bimodal plasticity of inhibitory neurons in early devel-
opment. Neuron, 90(6), 1203-1214. https://doi.org/10.1016/j.
neuron.2016.04.044

Hennequin, G., Agnes, E. J., & Vogels, T. P. (2017). Inhibitory plas-
ticity: Balance, control, and codependence. Annual Review of
Neuroscience, 40(1), 557-579. https://doi.org/10.1146/annurev-
neuro-072116-031005

Isaacson, J. S., & Scanziani, M. (2011). How inhibition shapes cortical
activity. Neuron, 72(2), 231-243. https://doi.org/10.1016/j.neuron.
2011.09.027

Kandel, E. R., Schwartz, J. H., Jessell, T. M., Siegelbaum, S. A., &
Hudspeth, A. J. (2013). Principles of Neural Science (5th ed.).
New York, NY: McGraw-Hill.

Kuhn, A., Aertsen, A., & Rotter, S. (2004). Neuronal integration
of synaptic input in the fluctuation-driven regime. Journal of
Neuroscience, 24(10), 2345-2356. https://doi.org/10.1523/
JNEUROSCI.3349-03.2004

Landau, I. D., Egger, R., Dercksen, V. J., Oberlaender, M., & Sompolinsky,
H. (2016). The impact of structural heterogeneity on excitation-
inhibition balance in cortical networks. Neuron, 92(5), 1106—
1121. https://doi.org/10.1016/j.neuron.2016.10.027

Le Roux, N., Amar, M., Baux, G., & Fossier, P. (2006). Homeostatic
control of the excitation-inhibition balance in cortical layer 5
pyramidal neurons. European Journal of Neuroscience, 24(12),
3507-3518. https://doi.org/10.1111/§.1460-9568.2006.05203.x

Lim, S., & Goldman, M. S. (2013). Balanced cortical microcircuitry
for maintaining information in working memory. Nature Neurosci-
ence, 16(9), 1306—1314. https://doi.org/10.1038/nn.3492

Ma, Z., Turrigiano, G. G., Wessel, R., & Hengen, K. B. (2019). Corti-
cal circuit dynamics are homeostatically tuned to criticality in
vivo. Neuron, 104(4), 655-6644. https://doi.org/10.1016/j.neuron.
2019.08.031

Markram, H., Muller, E., Ramaswamy, S., Reimann, M.W., Abdellah,
M., Sanchez, C.A., Ailamaki, A., Alonso- Nanclares, L., Antille,
N., Arsever, S., Kahou, G.A.A., Berger, T.K., Bilgili, A., Buncic,
N., Chalimourda, A., Chindemi, G., Courcol, J.-D., Delalondre,
F., Delattre, V., Druckmann, S., Dumusc, R., Dynes, J., Eilemann,

@ Springer

S., Gal, E., Gevaert, M.E., Ghobril, J.-P., Gidon, A., Graham,
J.W., Gupta, A., Haenel, V., Hay, E., Heinis, T., Hernando, J.B.,
Hines, M., Kanari, L., Keller, D., Kenyon, J., Khazen, G., Kim, Y.,
King, J.G., Kisvarday, Z., Kumbhar, P., Lasserre, S., Le B¢, J.-V.,
Magalhdes, B.R.C., Merchan-Pérez, A., Meystre, J., Morrice,
B.R., Muller, J., Muiioz-Céspedes, A., Muralidhar, S., Muthurasa,
K., Nachbaur, D., Newton, T.H., Nolte, M., Ovcharenko, A.,
Palacios, J., Pastor, L., Perin, R., Ranjan, R., Riachi, 1., Rodriguez,
J.-R., Riquelme, J.L., Rossert, C., Sfyrakis, K., Shi, Y., Shillcock,
J.C., Silberberg, G., Silva, R., Tauheed, F., Telefont, M., Toledo-
Rodriguez, M., Triankler, T., Van Geit, W., Diaz, J.V., Walker,
R., Wang, Y., Zaninetta, S.M., DeFelipe, J., Hill, S.L., Segev,
1., & Schiirmann, F. (2015). Reconstruction and simulation of
neocortical microcircuitry. Cell, 163(2), 456—492. https://doi.org/
10.1016/j.cell.2015.09.029

Monier, C., Fournier, J., & Frégnac, Y. (2008). In vitro and in vivo
measures of evoked excitatory and inhibitory conductance dynam-
ics in sensory cortices. Journal of Neuroscience Methods, 169(2),
323-365. https://doi.org/10.1016/j.jneumeth.2007.11.008

Murphy, B. K., & Miller, K. D. (2009). Balanced amplification: A new
mechanism of selective amplification of neural activity patterns. Neu-
ron, 61(4), 635-648. https://doi.org/10.1016/j.neuron.2009.02.005

Nelson, S. B., & Valakh, V. (2015). Excitatory/inhibitory balance and
circuit homeostasis in autism spectrum disorders. Neuron, 87(4),
684-698. https://doi.org/10.1016/j.neuron.2015.07.033

Okun, M., & Lampl, 1. (2008). Instantaneous correlation of excita-
tion and inhibition during ongoing and sensory-evoked activities.
Nature Neuroscience, 11(5), 535-537. https://doi.org/10.1038/nn.
2105

Palop, J. J., Chin, J., Roberson, E. D., Wang, J., Thwin, M. T., Bien-Ly,
N., Yoo, J., Ho, K. O., Yu, G.-Q., Kreitzer, A., Finkbeiner, S.,
Noebels, J. L., & Mucke, L. (2007). Aberrant excitatory neuronal
activity and compensatory remodeling of inhibitory hippocampal
circuits in mouse models of Alzheimer’s disease. Neuron, 55(5),
697-711. https://doi.org/10.1016/j.neuron.2007.07.025

Palop, J.J., & Mucke, L. (2016). Network abnormalities and interneu-
ron dysfunction in alzheimer disease. Nature Reviews Neurosci-
ence, 17(12), 777-792. https://doi.org/10.1038/nrn.2016.141

Potjans, T. C., & Diesmann, M. (2012). The cell-type specific cortical
microcircuit: Relating structure and activity in a full-scale spiking
network model. Cerebral Cortex, 24(3), 785-806. https://doi.org/
10.1093/cercor/bhs358

Renart, A., Rocha, J., Bartho, P., Hollender, L., Parga, N., Reyes, A., &
Harris, K. D. (2010). The asynchronous state in cortical circuits.
Science, 327(5965), 587-590. https://doi.org/10.1126/science.
1179850

Rubenstein, J. L. R., & Merzenich, M. M. (2003). Model of autism:
increased ratio of excitation/inhibition in key neural systems.
Genes, Brain and Behavior, 2(5), 255-267. https://doi.org/10.
1034/j.1601-183X.2003.00037.x

Rudolph, M., Pelletier, J. G., Paré, D., & Destexhe, A. (2005). Char-
acterization of synaptic conductances and integrative properties
during electrically induced EEG-activated states in neocortical
neurons in vivo. Journal of Neurophysiology, 94(4), 2805-2821.
https://doi.org/10.1152/jn.01313.2004

Shadlen, M. N., & Newsome, W. T. (1994). Noise, neural codes and
cortical organization. Current Opinion in Neurobiology, 4(4),
569-579. https://doi.org/10.1016/0959-4388(94)90059-0

Shadlen, M. N., & Newsome, W. T. (1998). The variable discharge of
cortical neurons: Implications for connectivity, computation, and
information coding. Journal of Neuroscience, 18(10), 3870-3896.
https://doi.org/10.1523/INEUROSCI.18-10-03870.1998

Shirani, F. (2020). Transient neocortical gamma oscillations induced by neu-
ronal response modulation. Journal of computational neuroscience,
48(1), 103-122. https://doi.org/10.1007/s10827-019-00738-0


https://doi.org/10.1162/neco.2009.02-08-710
https://doi.org/10.1162/neco.2009.02-08-710
https://doi.org/10.1093/brain/awab095
https://doi.org/10.1093/brain/awab095
https://doi.org/10.1146/annurev-neuro-071714-034002
https://doi.org/10.1146/annurev-neuro-071714-034002
https://doi.org/10.1038/47035
https://doi.org/10.1371/journal.pcbi.1005121
https://doi.org/10.1523/JNEUROSCI.5297-05.2006
https://doi.org/10.1016/j.neuron.2009.04.008
https://doi.org/10.1038/nature11665
https://doi.org/10.1177/1179069519859371
https://doi.org/10.1177/1179069519859371
https://doi.org/10.1016/j.neuron.2016.04.044
https://doi.org/10.1016/j.neuron.2016.04.044
https://doi.org/10.1146/annurev-neuro-072116-031005
https://doi.org/10.1146/annurev-neuro-072116-031005
https://doi.org/10.1016/j.neuron.2011.09.027
https://doi.org/10.1016/j.neuron.2011.09.027
https://doi.org/10.1523/JNEUROSCI.3349-03.2004
https://doi.org/10.1523/JNEUROSCI.3349-03.2004
https://doi.org/10.1016/j.neuron.2016.10.027
https://doi.org/10.1111/j.1460-9568.2006.05203.x
https://doi.org/10.1038/nn.3492
https://doi.org/10.1016/j.neuron.2019.08.031
https://doi.org/10.1016/j.neuron.2019.08.031
https://doi.org/10.1016/j.cell.2015.09.029
https://doi.org/10.1016/j.cell.2015.09.029
https://doi.org/10.1016/j.jneumeth.2007.11.008
https://doi.org/10.1016/j.neuron.2009.02.005
https://doi.org/10.1016/j.neuron.2015.07.033
https://doi.org/10.1038/nn.2105
https://doi.org/10.1038/nn.2105
https://doi.org/10.1016/j.neuron.2007.07.025
https://doi.org/10.1038/nrn.2016.141
https://doi.org/10.1093/cercor/bhs358
https://doi.org/10.1093/cercor/bhs358
https://doi.org/10.1126/science.1179850
https://doi.org/10.1126/science.1179850
https://doi.org/10.1034/j.1601-183X.2003.00037.x
https://doi.org/10.1034/j.1601-183X.2003.00037.x
https://doi.org/10.1152/jn.01313.2004
https://doi.org/10.1016/0959-4388(94)90059-0
https://doi.org/10.1523/JNEUROSCI.18-10-03870.1998
https://doi.org/10.1007/s10827-019-00738-0

Journal of Computational Neuroscience (2024) 52:73-107

107

Shirani, F., Haddad, W. M., & Llave, R. (2017). On the global dynam-
ics of an electroencephalographic mean field model of the neo-
cortex. SIAM Journal on Applied Dynamical Systems, 16(4),
1969-2029. https://doi.org/10.1137/16M 1098577

Shu, Y., Hasenstaub, A., & McCormick, D. A. (2003). Turning on
and off recurrent balanced cortical activity. Nature, 423(6937),
288-293. https://doi.org/10.1038/nature01616

Sprekeler, H. (2017). Functional consequences of inhibitory plasticity:
homeostasis, the excitation-inhibition balance and beyond. Cur-
rent Opinion in Neurobiology, 43, 198-203. https://doi.org/10.
1016/j.conb.2017.03.014

Stepanyants, A., Martinez, L. M., Ferecska, A. S., & Kisvarday, Z. F.
(2009). The fractions of short- and long-range connections in the
visual cortex. Proceedings of the National Academy of Sciences,
106(9), 3555-3560. https://doi.org/10.1073/pnas.0810390106

Teeter, C., Iyer, R., Menon, V., Gouwens, N., Feng, D., Berg, J.,
Szafer, A., Cain, N., Zeng, H., Hawrylycz, M., & Koch, S. (2018).
Christof Mihalas: Generalized leaky integrate-and-fire models
classify multiple neuron types. Nature Communications, 9(1),
709. https://doi.org/10.1038/s41467-017-02717-4

Turrigiano, G. G., Leslie, K. R., Desai, N. S., Rutherford, L. C., &
Nelson, S. B. (1998). Activity-dependent scaling of quantal
amplitude in neocortical neurons. Nature, 391(35), 892-896.
https://doi.org/10.1038/36103

Vinci, G. V., Benzi, R., & Mattia, M. (2023). Self-consistent stochastic
dynamics for finite-size networks of spiking neurons. Phys. Rev. Lett.,
130, 097402. https://doi.org/10.1103/PhysRevLett.130.097402

Vogels, T. P., & Abbott, L. F. (2009). Gating multiple signals through
detailed balance of excitation and inhibition in spiking networks.
Nature Neuroscience, 12(4), 483—-491. https://doi.org/10.1038/
nn.2276

Vogels, T. P., Sprekeler, H., Zenke, F., Clopath, C., & Gerstner, W.
(2011). Inhibitory plasticity balances excitation and inhibition
in sensory pathways and memory networks. Science, 334(6062),
1569-1573. https://doi.org/10.1126/science.1211095

Vreeswijk, C., & Sompolinsky, H. (1996). Chaos in neuronal networks
with balanced excitatory and inhibitory activity. Science, 274(5293),
1724-1726. https://doi.org/10.1126/science.274.5293.1724

Wehr, M., & Zador, A. M. (2003). Balanced inhibition underlies tuning
and sharpens spike timing in auditory cortex. Nature, 426(6965),
442-446. https://doi.org/10.1038/nature02116

Wu, Y. K., Hengen, K. B., Turrigiano, G. G., & Gjorgjieva, J. (2020).
Homeostatic mechanisms regulate distinct aspects of cortical cir-
cuit dynamics. Proceedings of the National Academy of Sciences,
117(39), 24514-24525. https://doi.org/10.1073/pnas. 1918368117

Xue, M., Atallah, B. V., & Scanziani, M. (2014). Equalizing excitation-
inhibition ratios across visual cortical neurons. Nature, 511(7511),
596-600. https://doi.org/10.1038/nature13321

Yizhar, O., Fenno, L. E., Prigge, M., Schneider, F., Davidson, T. J.,
O’Shea, D. J., Sohal, V. S., Goshen, 1., Finkelstein, J., Paz, J. T.,
Stehfest, K., Fudim, R., Ramakrishnan, C., Huguenard, J. R.,
Hegemann, P., & Deisseroth, K. (2011). Neocortical excitation/
inhibition balance in information processing and social dys-
function. Nature, 477(7363), 171-178. https://doi.org/10.1038/
nature 10360

Zerlaut, Y., Chemla, S., Chavane, F., & Destexhe, A. (2018). Mod-
eling mesoscopic cortical dynamics using a mean-field model of
conductance-based networks of adaptive exponential integrate-
and-fire neurons. Journal of Computational Neuroscience, 44(1),
45-61. https://doi.org/10.1007/s10827-017-0668-2

Zerlaut, Y., Teleniczuk, B., Deleuze, C., Bal, T., Ouanounou, G., &
Destexhe, A. (2016). Heterogeneous firing rate response of mouse
layer V pyramidal neurons in the fluctuation-driven regime. The
Journal of Physiology, 594(13), 3791-3808. https://doi.org/10.
1113/JP272317

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1137/16M1098577
https://doi.org/10.1038/nature01616
https://doi.org/10.1016/j.conb.2017.03.014
https://doi.org/10.1016/j.conb.2017.03.014
https://doi.org/10.1073/pnas.0810390106
https://doi.org/10.1038/s41467-017-02717-4
https://doi.org/10.1038/36103
https://doi.org/10.1103/PhysRevLett.130.097402
https://doi.org/10.1038/nn.2276
https://doi.org/10.1038/nn.2276
https://doi.org/10.1126/science.1211095
https://doi.org/10.1126/science.274.5293.1724
https://doi.org/10.1038/nature02116
https://doi.org/10.1073/pnas.1918368117
https://doi.org/10.1038/nature13321
https://doi.org/10.1038/nature10360
https://doi.org/10.1038/nature10360
https://doi.org/10.1007/s10827-017-0668-2
https://doi.org/10.1113/JP272317
https://doi.org/10.1113/JP272317

	On the physiological and structural contributors to the overall balance of excitation and inhibition in local cortical networks
	Abstract
	1 Introduction
	2 Analysis methods
	3 Model description
	3.1 Mean-field neuronal population model
	3.1.1 Mean-field model equations
	3.1.2 Mean-field model parameters

	3.2 Spiking neuronal network model

	4 Results
	4.1 The baseline balanced state
	4.2 Synaptic contributors to the balance of excitation and inhibition
	4.2.1 Effect of synaptic decay time constants
	4.2.2 Effect of synaptic quantal conductances
	4.2.3 Effect of synaptic reversal potentials

	4.3 Structural contributors to the balance of excitation and inhibition
	4.3.1 Effect of the ratio between the number of inhibitory and excitatory neurons
	4.3.2 Effect of the connectivity density

	4.4 Instantaneous correlation of excitation and inhibition
	4.5 Balanced and oscillatory activity in spiking networks

	5 Discussion and conclusion
	References


