‘,\-frontiers ‘ Frontiers in Computational Neuroscience

ORIGINAL RESEARCH
published: 18 April 2022
doi: 10.3389/fncom.2022.885720

OPEN ACCESS

Edited by:
Soumen Majhi,
Bar-llan University, Israel

Reviewed by:
Sajad Jafari,
Amirkabir University of
Technology, Iran
Qing Yun Wang,
Beihang University, China

*Correspondence:
Marko Gosak
marko.gosak@um.si

Received: 28 February 2022
Accepted: 24 March 2022
Published: 18 April 2022

Citation:
Ristc D and Gosak M (2022) Interlayer
Connectivity Affects the Coherence
Resonance and Population Activity
Patterns in Two-Layered Networks of
Excitatory and Inhibitory Neurons.
Front. Comput. Neurosci. 16:885720.
doi: 10.3389/fncom.2022.885720

Check for
updates

Interlayer Connectivity Affects the
Coherence Resonance and
Population Activity Patterns in
Two-Layered Networks of Excitatory
and Inhibitory Neurons

David Ristic* and Marko Gosak %

1 Faculty of Natural Sciences and Mathematics, University dflaribor, Maribor, Slovenia? Faculty of Medicine, University of
Maribor, Maribor, Slovenia

The ring patterns of neuronal populations often exhibit erargent collective oscillations,
which can display substantial regularity even though the dyamics of individual
elements is very stochastic. One of the many phenomena thasioften studied in this
context is coherence resonance, where additional noise lais to improved regularity of
spiking activity in neurons. In this work, we investigate he the coherence resonance
phenomenon manifests itself in populations of excitatoryrad inhibitory neurons. In our
simulations, we use the coupled FitzHugh-Nagumo oscillats in the excitable regime
and in the presence of neuronal noise. Formally, our model isased on the concept of
a two-layered network, where one layer contains inhibitorpeurons, the other excitatory
neurons, and the interlayer connections represent hetergpic interactions. The neuronal
activity is simulated in realistic coupling schemes in whiic neurons within each layer
are connected with undirected connections, whereas neuros of different types are
connected with directed interlayer connections. In this siing, we investigate how
different neurophysiological determinants affect the cagrence resonance. Speci cally,
we focus on the proportion of inhibitory neurons, the propaion of excitatory interlayer
axons, and the architecture of interlayer connections beteen inhibitory and excitatory
neurons. Our results reveal that the regularity of simuladeneural activity can be increased
by a stronger damping of the excitatory layer. This can be aamplished with a
higher proportion of inhibitory neurons, a higher fractiomf inhibitory interlayer axons,
a stronger coupling between inhibitory axons, or by a hetemgeneous con guration of
interlayer connections. Our approach of modeling multilared neuronal networks in
combination with stochastic dynamics offers a novel perspetive on how the neural
architecture can affect neural information processing angrovide possible applications
in designing networks of arti cial neural circuits to optinze their function via noise-
induced phenomena.
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INTRODUCTION many degrees of freedoniiqdner et al., 2004; Sagués et al.,
2007; Kim et al., 20)5particularly to such complex networks
Ensembles of neurons demonstrate a rich variety of coheregfescribing connections between the individual units. Speadly,
dynamics at the macroscopic scale which results from thgrevious endeavors have revealed that the coherence resmnan
input of multiple oscillatory signals and random perturbat®n phenomenon can be modulated by the network siderél
at the microscopic scale. How neuronal populations adjusit al., 2003: Wang et al., 200%s well as by the structure of
their dynamical responses to the superposition of these locghe underlying network iKwon and Moon, 2002; Gosak et al.,
noisy signals is of fundamental importance for information201(). Moreover, incorporating realistic neurophysiological
processing and plays a vital role in a variety of cognitive,ariof  features into neuronal network models, such as heteroggneit
and linguistic tasks Riehle et al., 1997; Oram et al., 1999gpjke-timing-dependent plasticity, and information transssion
Horwitz and Braun, 2000 Importantly, neuronal activity does delays, was found to crucially a ect the coherence resonance
not only depend on intrinsic neuronal properties and networkand can lead to very interesting dynamical behaviorér and
architecture but is also heavily in uenced by random uctiens  Uzuntarla, 2008: Li et al., 2009: Yu et al., 2013, 2015, 2017b:
(Stein et al., 2005; Chialvo, 2Q1Meuronal noise is a natural Semenova et al., 2016: Masoliver et al., 2017: Marhl andkGosa
and unavoidable factor that originates from random openingp019.
and closing of ionic channels, stochastic nature of neurona Neurons communicate mainly by two modalities of synaptic
mechanisms, and noisy biochemical processes that underligagnsmission, that is, chemical and electrical synapBese(ia,
synaptic transmissiorF(aisaI et al., 2008; Guo et al., szhlle 2014; Alcami and Pereda, 201@5 well as by other means
in most of the systems noise is mostly an undesirable compinerysf communication, such as autaptic connectioraci and
itis now widely accepted that its presence is crucial to the propequguenard, 20060r presumablyvia magnetic elds Guo S.
functioning of neurons and can even enhance informationet a1, 2017: Ma and Tang, 20171n a plethora of previous
processing capabilities and the regularity of neuronal &gtiv theoretical and experimental studies, it has been studiedthe
(Lindner et al., 2004; McDonnell and Ward, 2011; Guo et aljnterplay between electrical and chemical coupliligroaz et al.,
2019. This has led to a tremendous interest in investigatingp013; Yu et al., 2030autapses\ang et al., 2014; Uzun et al.,
the sources and impact of intrinsic uctuations in the nerwu 2017, and electromagnetic inductionia et al., 20)% ect the
system and stems from the advances in experimental methods fgollective neuronal dynamics, including the coherencemesce
identifying it as well as from a growing body of computational(Balenzuela and Garcia-Ojalvo, 2005; Yilmaz et al., 20a.6;d
works demonstrating its functional consequences. Yang, 2018; Jia et al., 202¥oreover, in recent years the research
Neuronal noise has been shown to give rise tQnterest is shifting toward neuronal networks composed ob tw
various collective dynamical behaviors, such as stochasyopulations, one excitatory and the other inhibitory. In such
synchronization {ang and Cao, 2009; Zakharova et al., J@t3 networks neuronal communication can be of either excitgtor
the induction of stochastic bifurcationsk—l(émggi and Bartussek, |nh|b|t0ry nature, and they have been often used as s|mp|| ed
1996; Gosak et al., 2008; Zakharova et al., pand chimera models of local networks in neocortex, hippocampus, as well
states $emenova et al., 2016; Majhi et al., J0Perhaps, the as other structuresBrea et al., 2009; Isaacson and Scanziani,
most famous examples of the so-called stochastic facilitatio 2011: Hahn et al., 20).9Most importantly, several studies have
neuronal systems are stochastic and coherence resonahee. Ehown that inhibition is not only responsible for diminishin
former refers to the scenario where an appropriate intensity,eyral activity but also leads to complex dynamical pattehas t
of noise evokes the best correlation between a weak perioc&@e inaccessible in Systems with pure]y excitatory COﬂI’iQCtiV
deterministic stimulus and the system's resporisen@tin, 1993;  (Assisietal., 2005; Stefanescu and Jirsa, 2008; Ledouxuamel Br
McDonnell and Abbott, 2009; Calim et al., 2Q2%hereas the 2011; Bittner et al., 2017; Kim and Lim, 2017; Mongillo et al.,
later encompasses a noise-induced enhancement in regularit018; zhang and Liu, 2019; Rich et al., 2020; Xu et al.,)2021
of excited oscillations without external driving®iovsky and  Along these lines, particular attention was given to the ripley
Kurths, 1997; Lee et al., 1998oherence is signicant for phetween neuronal noise and the excitatory/inhibitory ek
communication within the brain Deco and Kringelbach, 20),6  Namely, the presence of inhibitory neurons generates atuii
and coherence resonance was recently suggested as a nsethamjonlinear e ects, which can lead to a rich variety of coherent
for improving neural communication Risarchik et al., 20)9  network dynamics that emerges from noisy perturbations in a
and visual information processingit{covich et al., 207  non-monotonous wayi(i et al., 2009: Kawaguchi et al., 2011; Kim
Most importantly, this phenomenon is not only physiologically et al., 2015; Sancristébal et al., 20aAd that a ne excitation-

important but also theoretically appealing and challengingnhibition balance can improve the response of the neuronal
to understand. As a result, numerous computational modelgetwork (Wang et al., 2012; Guo D. et al., 2017; Yu et al.,

have been developed to elucidate the underlying mechanismg1g.

(Pradines et al., 1999; Ushakov et al., 2005; Beggs and Timme pue to the inherently compound dynamics and multiple
2012; Yu et al, 2017a; Guan et al., 2020; Baspinar et dheets of interactions that characterize neuronal asses\tthe
202). While primal investigations of coherence resonancetandard network approach focusing on single networks in
in neuronal systems have scrutinized mainly systems witsolation might be insu cient to assess the underlying corypl
relatively small numbers of degrees of freedom, the scope hastivity patterns. Recently, the multilayer network formalism
been shifting to coupled and spatially extended systems withas emerged as a new research direction to engage with such
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multidimensional systemsBpccaletti et al., 2014; Kivela et al.,the neuronal dynamics of thi¢h neuron are as follows:

2014; Gosak et al., 2018; Battiston et al., 2020; Torres,et al |

202), including in the eld of neurosciencedassett and Sporns, dv; Vi3

2017; De Domenico, 2017; Maertens et al., 0lthe context at Dc Vi 3 wi CD 1)
of neuronal networks, dierent types of interactions can be
represented as a multiplex network, where the nodes in altsaye i)
are the same, whereas the connections in each layer signify dt
di erent means of intercellular communicationqosak et al.,
2015; Nicosia and Latora, 2015; Nicosia et al., ROTRese

concepts are gaining popularity in the eld of computational related to neuron properties, chosen tod® 0.8,b D 0.9, and

neuroscience as multiplexing and di erent _forms pf '”term cD 4.5. The last term in Equation 1 represents noise, wheeby
between layers were reported to evoke a rich variety of ¢ceec . o . . . - .
is noise intensity and stands for Gaussian white noise with zero

phenomena Nlicosia et al., 2013; Jalan and Singh, 2016; Majhi : .
mean and unit variance.

etal., 2017, Ge et al, 2018; Rakshit et al., 2018; Kundu, et al We use a multilayer representation of the neuronal population

2019; Parastesh et al., 2019; Sawicki et al., 2019; Bahrainaila, y P . Pop

2021: Kumar Verma and Ambika, 202 s another option, the so that one layer is populated by excitatory neurons and the
' ' ption, other with inhibitory neurons. Formally, interactions beten

multilayer formalism can be used to characterize inte@di - .
. . neurons within the same layer are portrayed by homotypic
between di erent neuronal subpopulationéifdreev etal., 2091 . . . .
. . . intralayer connections, whereas the coupling between dnere
or to characterize heterologous interactions between owesir . . o
types of neurons is characterized by heterotypic interlayer

and other cell types \(rkar et al., 2016; Maertens et al., . - . L
. . : . connections. To model interactions between individual roes,
202). In this case, multilayered neuronal interaction schemes

) ._~“Wwe introduce four di erent coupling strength coe cientsk
represent interdependent networks. Some recent computdtion © duce fo erent coupling strength coe cientsKee,

) . . . g1, Kig, and K. First and second indices refer to the type of
studies have focused explicitly on the constructive role @@ resynaptic and postsynaptic neuron, respectivelyekcitator
in multilayered neuronal networks. It has been shown thalp ynap P ynap ’ P y

. . . . . and |, inhibitory), as schematically presented Figure 1L We
multiplexing can give rise to coherence resonance in a two- Y) yp Fig

. set the standard value of all coupling coe cients to be 0.2. We
layered network of excitable neurorismenova and Zakharova, . : . .
. d coupling terms to Equation 1 and use di erent coupling
2019. Moreover, the coherence resonance and self-lnduce%ld : . . .
. . : coe cients depending on the type of postsynaptic neuron:
stochastic resonance in a multiplex neuronal network can be
controlled by the network topology as well as by the intra- qv V3 !
and interlayer time-delayed couplingsgmakou and Jost, 2019; —'DcV; - w CD C KEEViE KIEViI 3)
Yamakou et al., 2020In a speci ¢ scenario where only one layer 3
displays noise-induced spiking activity, a weak coupling betw .
two neuronal populations in a multiplexed con guration was for excitatory neurons, and
found to lead to coherence, anticoherence, and inverséastic . I
resonances, as speci ed by the characteristics of intarlajes dv; OV, ) E |
(Masoliver et al., 2031 g PC Vi 3 W CDCKaVP KV (4)
In this study, we make use of the multilayer network
formalism to examine the coherence resonance phenomenggy inhibitory neurons. Equation 2 remains the same for all
in populations of excitatory and inhibitory neurons. To neurons.VE and V| represent sums of all stimuli that the
that purpose, we represent this neuronal population as @h neuron receives from all coupled excitatory and inhibjtor

two-layered network, where one layer contains inhibitoryneurons, respectively, and are calculated as follows:
neurons, the other excitatory neurons, and the interlayer

1
OIW'DEvi bw C a 2)

whereV; mimics the membrane potential ang; the recovery
variable of theith neuron, a, b, and c are constant parameters

connections represent heterotypic interactions. This freuok We

enables us to systematically investigate how dierent ViE D M Vi Vj, (5)
neurophysiological determinants inuence the coherence jD1

resonance. Speci cally, we investigate how the proportion of W

inhibitory neurons, the proportion of excitatory interlayer vi' D M V; Vi, (6)
axons, and the architecture of interlayer connections leetw jDNEC1

inhibitory and excitatory neurons aect the nature of the

noise-induced dynamics. whereN is the number of all neurons anilg the number of

excitatory neuronsM;ji is the element of the binary coupling
matrix M, which indicates a connection between ftie andith
COMPUTATIONAL MODELS AND neuron. Indices with N are assigned to excitatory neurons
METHODS and the rest to inhibitory neurons. The algorithm to generate
the two-layered neuronal network composed of homotypic and
We study a two-layered network of FitzHugh-Nagumo neuronsheterotypic interneuronal connections is explained in moegdl
in the excitable regime with noise. The equations that dbscr in continuation.
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Inhibitory layer

Excitatory layer

FIGURE 1 | Schematic diagram showing the two-layered network formadim to model the interactions between excitatory (E) and inbitory (I) neurons. The upper

layer is populated by inhibitory neurons and the lower layéay excitatory neurons. Intralayer connections between exttory neuronsKee and K;; are bidirectional,

whereas the interlayer connectionsg, and Kig between different neuron types are directed. The directiaality of interlayer connections is determined by the paraner
, which indicates the probability that the connection will b directed from the excitatory to the inhibitory layer (see &in text for details).

Before constructing a two-layered network, we de ne amore sparsely connected neurons in the inhibitory layersdke
parameter |, which describes the proportion of inhibitory case in realistic neuronal assembliBsigers and Kopell, 2003

neurons so that the number of inhibitory and excitatory nens To construct interlayer connections, we made use of the vertex
(N} andNEg) can be expressed as tness network model Caldarelli et al., 2002; Morita, 200&ach
neuron is assigned a tnegsas follows:
Ny DN ©)
1
T
and fiD N 9)
NeDN.1 (/DN N (8) where de nes the slope of potential tness distribution and

was set to D 2.5. After assigning tnesses to neurons
In our calculations, the number of neurons is sethatD 200. deterministically based on their indices, the tness vale
Both layers are populated with the proper number of neuronsandomly shued between neurons to ensure a well-mixed
given a particular value of|. We set the standard fraction arrangement across both layers. Whether a connection legtwe
of inhibitory neurons to | D 0.2 since inhibitory neurons anith neuron from the excitatory layer anjth neuron from the
were found to be less common inside a typical cortex voluménhibitory layer exists is determined by the following cdtioh:
compared to excitatory neurons. The positions of neurons m th
xy-plane are assigned randomly between 0 and 1, with the lower-
. . R 2< — (20)
and upper-layer harboring excitatory and inhibitory neurgns L
respectively. Connections within the same layer are modeded a
a.rgndo.m geometric network where two neurons are connectehere Lj is the distance between neurons in thg-plane,
b|d|recF|0naIIy if the distance betwgen them is less tRan We. 2 a connectivity threshold, and a network parameter
determine the value dRp, such thatin an average network with 4 getermines the nature of interlayer connections. Small
1 D 0.1the average value of intralayer connections per neuron {fyyes of lead to heterogeneous distribution of interlayer
k D 8.0. We nd the appropriate value &%, D 0.126. The same connections, while larger values prefer short-range cotioes,
value is chosen for both layers so that the standard valaestte making the interlayer connectivity more homogeneous. This
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model represents an alternative to the preferential attacttime Higher values of correlation times indicate a higher degree
mechanism Barabasi and Albert, 199%s it does not rely on of periodicity in the autocorrelation functions, which siges
network growth and the links are established solely on the@ more coherent neuronal activity. In our simulations, the
assigned tness values. It should be noted that in our studyuanti cation of the coherence for a given set of parametesis w
no correlation between the node importance and dynamicatomputed on the basis of the averageTofTg, and T| across
characteristics of neurons was assumed, although thisthiegre 50 independent realizations in order to reduce uctuationsed
been a valid upgrade for heterogeneous neuronal populationt stochastic dynamics and from randomness incorporated in
The total number of interlayer connections depends on theeal network constructions.
of 2. We set the average number of interlayer connections
per neuron to bek; D 2.0 and iteratively adjust the threshold
value accordingly for each generated network. All intestay RESULTS
connections are directed whereby their directions are set
randomly, as de ned by the parameter which describes the First, we examine how coherence resonance manifests itself i
proportion of excitatory interlayer axons or the probability the two-layered network composed of excitatory and inhikjito
that a given connection will be directed from excitatory toneurons. In the upper four panels &figure 3, we show space-
inhibitory layer. For each pair of excitatory and inhibitory time plots of neuronal activity obtained at dierent noise
neurons that satis es the connectivity condition (Equati©0), intensities. It can be observed that the behavior re ecfsdsl
we generate a random numberbetween 0 and 1. If . hallmarks of coherence resonance. Low noise intensity evoke
the connection is directed toward inhibitory layer repreieg  seldom and irregular rings, high noise intensity leads to an
an excitatory axon coupled to an inhibitory neuron, whereasrratic activity, whereas intermediate values of noise etbk
ifr > the connection is directed toward the excitatory most coherent spatiotemporal patterns of neuronal dynamics.
layer representing an inhibitory axon coupled to an excitgtor To quantify the observed behavior, we computed the normélize
neuron. We chose the standard fraction of excitatory iregelr ~ autocorrelation function (Equation 11) and the corresporglin
axons to be D 0.5 such that both directionalities are equallycorrelation times (Equation 12). The results in the lower
common. In Figure 2, we show two representative multilayer row of Figure 3 clearly demonstrate that the stronger the
networks generated at two di erent values gfalong with the periodic components of the autocorrelation function and the
corresponding interlayer node degree distributions. Enttje  correlation times are the highest at intermediate noiserisites,
for D 0.5, the arrangement of interlayer connections iscorroborating thereby the existence of coherence resondnce
very heterogeneous, as characterized by a scale-freediteal this simulation, we used the standard values of all pararagter
distribution. In contrast, for D 10 the interlayer connections namely,D, |, , Keg, Kii, Kgi, Kig, and . In what follows,
are established only between neurons that are adjacenten tiwe will investigate how variations of those parameters that
xy-plane and the corresponding degree distribution followsrefer principally to the characteristics of the multilayer nenal
a Poissonian distribution, indicating thereby a homogemeo network a ect the noise-induced dynamics and the collective
interaction pattern between both layers. response of the system.

To determine the amount of coherence in the dynamics of the We start by analyzing how the fraction of inhibitory neurons
neuronal population, we computed the autocorrelation function | in uences neuronal dynamics. The upper two panels of

for each neuronRikovsky and Kurths, 1997 Figure 4 show space-time plots of neuronal activity for two
di erent fractions of . It is apparent that the activity of

WR.t/ R.tC / inhibitory neurons is intrinsically higher and increasesther

G.t/D (11)  when their proportion is high (; D 0.7). In addition, the

2 2
Vi il spatiotemporal patterns appear to be more ordered when the

o o ] number of inhibitory neurons is high. The lower four panels
where is time lag and® deviation of membrane potentiali  of Figure 4 show the color-coded values of average correlation

from the temporal meaiii at a particular ime@@ D Vi WVii.  {imes in dependence on the fraction of inhibitory neurons
We qualify the coherence of ath neuron with characteristic 55 well as noise intensity. It can be seen that increasing the
correlation timeTi, de ned as Pikovsky and Kurths, 1997 fraction of inhibitory neurons improves the coherence in bot
Z layers. Moreover, as the proportion of inhibitory neurons is
T.D C2. /d (12) unrealistically high, the regularity of noise-induced dsions

begins to increase already at lower noise intensities. Tu@iiEe
_ therole of the number of inhibitory neurons in further detaive
We then calculated the average valuesTdor all neuronsT,  show in the lowermost panel on the right all correlation tinses

excitatory neurond g, and inhibitory neuronsT; accordingly: a function of | near the optimal noise intensity.
Next, we examine how the nature of the neuronal dynamics
_ o N _ 1 Xe _ 1 X depends on the fraction of excitatory interlayer axonsThe
TDh - T, TeD — T, T/ D — Ti upper two panels oFigure 5show space-time plots of neuronal
N \= ' - . i .
iD1 iD1 iDNgC1 activity for two di erent values of . Lower fractions of excitatory

(13) axons seem to increase the activity in both layers. The same
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FIGURE 2 | Two-layered network representation of neuronal communidion patterns in populations with excitatory (black; lowelayer) and inhibitory (upper layer,
blue) neurons for two values of the interlayer connectivifyarameters (upper row) and the corresponding degree distributions ohterlayer connections (lower row).
For D 0.5, there are many long-range connections between both lagrs and the architecture is very heterogeneous, as indicateby the scale-free character of the
interlayer node degree distribution. In contrast, for D 10 the distribution of the interlayer excitatory and inhitiry axons is more homogeneous, and the
corresponding degree distribution obeys a Poisson distribtion. The network consists of 200 neurons, of which 30% werenhibitory (; D 0.3). The directionality of
interlayer connections was assigned at random, as speci ed i the parameter , which was set at the standard value D 0.5.

0.30

0.25 e .9
e 10220

0.15

P (kinterlaye
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0.10
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kinter/ayer

trend is observed for the coherence as seen on the lowetots of neuronal activity for two di erent coupling strengths
four panels offFigure 5 that show average correlation times in of inhibitory interlayer axonsKg, where coupling strength of

dependence on the fraction of excitatory interlayer axonwels

excitatory interlayer axons is held consté&; D 0.2. The lower

as noise intensity. The lowermost right panel showing aweragour panels show average correlation time values as a function

correlations time near the optimal noise intensiy D 10) also
indicates a similar increase in the coherence of noise-¢edu
oscillation in both layers.

We continue with the analysis of interlayer coupling stremgt
Ke; andKig. The upper two panels dfigure 6 show space-time

of both interlayer coupling strength, whereas the lowermost
right panel shows them only in dependence on inhibitory axons
coupling strengthK|e. We see an obvious increase in regularity
when the coupling of inhibitory axons to excitatory layer get
stronger. Notably, the increase in coherence a ects the@xy
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D=1 excitato inhibitor
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FIGURE 3 | Raster plots of neuronal activity at different noise interities D (upper four panels) with corresponding autocorrelation fiction plots of an individual neuron
(bottom left panel). Average characteristic correlatiorirhe T as a function of noise intensityD (bottom right panel). Colored points on the resonance curveepresent
speci ¢ noise intensities for which raster plots and autocorelation plots are shown. Most coherent spiking is observedt around D D 15.
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FIGURE 5 | Raster plots of neuronal activity for two different interjger proportions of excitatory axons (upper two panels). Quanti cation of the coherence
resonance phenomenon in dependence on the noise intensitp and the interlayer proportion of excitatory axons (lower four panels). The contour plots show the
color-coded average values of correlation times for all ngans T, excitatory neuronsTg, and inhibitory neuronsT,. The lowermost panel on the right represents the
average correlation times values near the optimal noise ensity values D D 10).
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FIGURE 6 | Raster plots of neuronal activity for two different interjer coupling strengthsKe where Kg; D 0.2 (upper two panels). Quanti cation of the coherence
resonance phenomenon in dependence on the interlayer coujlg strengths Kg) and K (lower four panels). The contour plots show the color-codedverage values of
correlation times for all neurond, excitatory neuronsTg, and inhibitory neuronsT,. The lowermost panel on the right represents the average ceelation times values
in dependence on coupling strengthKg at a constant value ofKg D 0.2.
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layer more profoundly as the relative gain in average cdimela across multiple facets of neurophysiological relationshipstha
time in the inhibitory layer is signi cantly lower. In con&st, resulting dynamical phenomena&gccaletti et al., 2014; Kivela
enhancing the coupling strength of excitatory interlayeomes et al., 2014; Gosak et al., 2018, 2022; Battiston et al., PO26s
decreases the level of regularity in both layers. etal., 202
Finally, we investigate how neuronal activity is a ected bg t In this study, we aimed to extend the scope of coherence
interlayer network parameter. The upper two panels ¢figure 7 resonance in a multilayer network model of neuronal dynamics
show space-time plots of neuronal activity for two di erentwes  We considered a mixed heterogeneous and excitable neural
of parameter . The lower four panels show average correlatiorpopulation composed of excitatory and inhibitory neurons.
times in dependence on parameteand noise intensity, whereas The multilayer network formalism was used to represent
the lowermost panel on the right shows the relation betweethese subpopulations so that each neuron type occupied
the correlation times and interlayer network parametenear a separate layer and the directed interlayer connections
optimal noise intensity. It can be seen that varying the pait@me represented excitatory or inhibitory axons. This settingleled
a ects the noise-induced neuronal dynamics so that a higheus to systematically investigate how di erent neurophysiaeag
degree of regularity is attained when the interlayer cotinggis  determinants a ected the characteristics of the noise-drive
heterogeneous € 1). The e ectis slightly more pronounced for neuronal dynamics. We focused speci cally on the proportions
the inhibitory layer. These results in combination with pigys  of inhibitory neurons and excitatory interlayer axons asllwe
reported ndings seem to point toward a general pattern whereas on the strength and structure of the interlayer connéigtiv
the overall coherence of neuronal dynamics can be enhanged Bur numerical calculations have revealed that the proposed
a stronger damping of the excitatory layer. This can be aehiev setup represents a viable route for the realization of caimre
by either a larger fraction of inhibitory neurons, largeaftion  resonance Kigure 3). The resonant behavior was found to be
of inhibitory interlayer axons, a stronger coupling of infitrty ~ quite immensely a ected by the number of inhibitory neurons
axons with excitatory layer, or a more e cient interaction so that a higher fraction of inhibitory units enhanced the
patterns between both types of neurons. regularity of the entire systenfFigure 4). Moreover, a higher
fraction of excitatory axons was found to reduce the regtylaf
noise-induced oscillationg=(gure 5. The accuracy of neuronal
DISCUSSION excitations was also found to be a ected by the interplay betwe
the coupling strength between the excitatory in inhibitoayér,
Coherent neuronal activity is a putative mechanism wherebywhereby the coherence resonance was more pronounced when
neuronal populations subserving speci c functions commutgca the in uence of the inhibitory layer was promoted. Interesily,
for the purpose of establishing dynamical patterns thathe regularity in the excitatory layers turned out to be aedt
accomplish perception, cognition, and actioiRRi¢hle et al., more (Figure 6). Finally, we investigated how neuronal activity
1997; Oram et al., 1999; Horwitz and Braun, 200K is depends on the structure of the heterotypic interactions leemv
nowadays a well-established fact that the creation of theoreal  the excitatory and inhibitory neurons. By varying the paraeret
dynamics relies signi cantly on random uctuation$(ein et al., for interlayer connectivity, the structure of connectionstween
2005; Faisal et al., 2008; Chialvo, 2010; McDonnell and Warboth layers was smoothly altered between a highly heteegen
2011; Guo et al., 20).8Previous research encompassing tissuscale-free-like structure and a rather homogeneous orgéiniz
slice preparations, whole brains, and computational models hagith no substantial di erences in the number of connections
revealed that neural synchronization can be facilitated gy t between individual neuronsF{gure 2). It turned out that the
addition of optimal amounts of neuronal noise, i.e., neurcas  more heterogeneous con guration evoked a higher degree of
exploit noise to enhance the regularity of their pulsing dymesn regularity in the neuronal dynamics-{gure 7). Apparently, the
The numerous experimental evidence showing the constrectivmore heterogeneous and scale-free-like interlayer cdivigc
role of noise at the microscopi®puglass et al., 1993; Gluckman structure represents a more e cient setting for information
et al., 1996; Gu et al., 2002; Manjarrez et al., 2002; Warl, et dransmission as the homogeneous interlayer connectivitiepa
2010; Sancristébal et al., 20%&hd macroscopicollins et al., (Vragovt et al., 200pand as such enhances the communication
1996; Simonotto et al., 1997; Russell et al., 1999; Hidakla, et between both layers, which makes the in uence of the inloityit
2000; Kitajo et al., 2003; ltzcovich et al., 20&vels of neuronal neurons more pronounced. To sum up, our ndings indicate that
organization has evoked immense interest of computationajiving prominence to the inhibitory layer, either by incréagsthe
neuroscientists to investigate the underlying mechanismd  number of inhibitory neurons or enhancing the coupling stggh
functional implications Lindner et al., 2004; Sagués et al., 2007r e ciency from the inhibitory to the excitatory layer, alays
McDonnell and Abbott, 2009; Calim et al., 2021n recent acts as a promoter of regular neuronal activity.
years, the models are becoming increasingly comprehensive Previous computational studies have already investigated
as they incorporate several types of neuronal populationgollective activity in networks of interconnected exaitat and
di erent types of interactions, information transmission ldgs, inhibitory neurons as such networks are ubiquitous in thaibr
plasticity in connectivity patterns, etc. Moreover, alonghwit (Best et al., 2007; Sukenik et al., 202h the last decade,
the developments in the eld of network science, the scope isomputational models and analyses have played an important
shifting to multilayer networks as this novel concepto ersam  role in identifying the nature of neuronal rhythmicity that
comprehensive framework to assess the complex interactiomsientates from the complex interplay between subpopulations
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FIGURE 7 | Raster plots of neuronal activity for two different valuesfgparameter (upper two panels). Quanti cation of the coherence resonane phenomenon in
dependence on the noise intensityD and parameter (lower four panels). The contour plots show the color-codedverage values of correlation times for all neurons
T, excitatory neuronsTg, and inhibitory neuronsT,. The lowermost panel on the right represents the average ceglation times values near the optimal noise intensity

values D D 10).
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of inhibitory and excitatory cellsJadi and Sejnowski, 2014; interlayer connections between inhibitory and excitatogurons

Hahn et al., 2019; Sukenik et al., 2D2lt has been shown a ected the nature of neuronal activity patterns, even though

that the presence of inhibitory neurons can facilitate rhytom future studies will be required to gain further insights into

activity in neural networks $himokawa and Shinomoto, 2006; the underlying mechanisms. Furthermore, interesting fetu

Cheng and Cao, 2017; Ma and Tang, 20&nd that the research directions on the topic would be to use more realistic

presence of heterogeneous inhibitory neurons can optimie& th neuronal models that could incorporate a detailed description

responsiveness to external stimulii(/olo and Destexhe, 2031 of neuronal heterogeneity, synaptic plasticity, informatio

In particular, the architecture of the neuronal network wastransmission delays, and signalim@ autaptic connections. All

reported to play a major role in this respeétich et al., 2020 these features are genuine neurophysiological determirtbats
Furthermore, in the context of stochastic facilitation, it have been shown to a ect the collective dynamics of neuronal

has been reported that ne-tuning of inhibitory synapses cametworks. Most importantly, the proposed multilayer network

improve frequency-di erence-dependent stochastic resoeanc representation of the neuronal subpopulations can serve as a

neuronal networks Guo D. et al., 20J)7and that the presence solid ground for further upgrades in this direction.

of inhibitory chemical synapses at the intralayer levelsrofés
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