Cerebral Cortex, 2024, 34, bhae405

https://doi.org/10.1093/cercor/bhae405
Advance access publication date 25 October 2024

Original Article

OXFORD

Reconciliation of weak pairwise spike-train correlations
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Multi-electrode arrays covering several square millimeters of neural tissue provide simultaneous access to population signals such as
extracellular potentials and spiking activity of one hundred or more individual neurons. The interpretation of the recorded data calls for
multiscale computational models with corresponding spatial dimensions and signal predictions. Multi-layer spiking neuron network
models of local cortical circuits covering about 1 mm? have been developed, integrating experimentally obtained neuron-type-specific
connectivity data and reproducing features of observed in-vivo spiking statistics. Local field potentials can be computed from the
simulated spiking activity. We here extend a local network and local field potential model to an area of 4 x 4 mm?, preserving the neuron
density and introducing distance-dependent connection probabilities and conduction delays. We find that the upscaling procedure
preserves the overall spiking statistics of the original model and reproduces asynchronous irregular spiking across populations
and weak pairwise spike-train correlations in agreement with experimental recordings from sensory cortex. Also compatible with
experimental observations, the correlation of local field potential signals is strong and decays over a distance of several hundred
micrometers. Enhanced spatial coherence in the low-gamma band around 50 Hz may explain the recent report of an apparent band-pass
filter effect in the spatial reach of the local field potential.

Key words: distance-dependent connectivity; extracellular signals; large-scale computational model; multi-layer cortical network;

spiking neural network simulation.

Introduction

Cortical activity on the mesoscopic scale (mesoscale—spanning
several millimeters to centimeters; Muller et al. 2018)—can be
recorded with implanted multi-electrode arrays (Maynard et al.
1997; Buzsaki et al. 2012). The local field potential (LFP) is the
low-frequency part (< 500 Hz) of the measured extracellular sig-
nal, primarily reflecting synaptic activations (Einevoll et al. 2013;
Halnes et al. 2024) across millions of local and distant neurons
(Kajikawa and Schroeder 2011; Lindén et al. 2011; Leski et al.
2013). Spike sorting (Quiroga 2007) extracts spikes of individual
neurons from the high-frequency part (2 100Hz) of the signal.
From Utah array recordings (10 x 10 electrodes on 4 x 4mm?,
Blackrock Neurotech, https://blackrockneurotech.com) one may
identify spiking activity of O (100) neurons (Riehle et al. 2013).
Such recordings also expose propagating LFP activity associated
with distance dependence of statistical measures like correlations
and coherences (Destexhe et al. 1999; Smith and Kohn 2008; Wu
et al. 2008; Dubey and Ray 2016), contrasting the low pairwise
correlation in cortical spike trains characteristic of asynchronous
brain states (e.g. Ecker et al. 2010).

Assuming a neuron density of O (10°) neurons/mm? across the
human cortical surface (Herculano-Houzel 2009), a Utah array
covers over a million neurons. Every neuron receives up to O (10%)
synapses from both nearby and distant neurons (Abeles 19971;
Sherwood et al. 2020), forming local circuits specific to cortical
layers and neuron types (Douglas et al. 1989; Thomson et al. 2002;
Binzegger et al. 2004; Korcsak-Gorzo et al. 2024). Most local cortical
connections onto postsynaptic neurons occur within < 500 pm
from presynaptic neurons (Voges et al. 2010), with connection
probabilities decaying approximately exponentially with distance
(Perin et al. 2011). Local intracortical connections are typically
made by unmyelinated axons, leading to conduction delays gov-
erned by axonal propagation speeds of around 0.3 mm/ms (Hirsch
and Gilbert 1991), which is in line with mesoscopic wave propaga-
tion speeds (Sato et al. 2012; Denker et al. 2018; Muller et al. 2018).

The relationship between cortical connectivity and experi-
mentally recorded spikes and LFPs at the mesoscale remains
poorly understood. Network models encompassing the rele-
vant anatomical and physiological detail, spatial scales, and
corresponding measurements can aid the interpretation of
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experimental observations. We advocate for full-scale models
with realistic neuron and synapse counts: downscaled or diluted
models may not reproduce first- and second-order statistics
of full-scale networks (Albada et al. 2015). Hagen et al. (2016)
demonstrate that biophysics-based predictions of LFP signals
also require the full density of cells and connections to account
for network correlations. The microcircuit model by Potjans and
Diesmann (2014) is a full-density model of a 1 mm? patch of early
sensory cortex with neuron-type- and layer-specific connection
probabilities derived from anatomical and electrophysiological
data. This model produces biologically plausible firing rates
across four cortical layers with one excitatory and inhibitory
population per layer, permits rigorous mathematical analysis,
is freely available, and is actively used by the community in
neuroscientific studies (e.g. Wagatsuma et al. 2011; Cain et al.
2016; Schwalger et al. 2017; Schmidt et al. 2018a) and as a
benchmark model for neuromorphic computing (e.g. Albada et al.
2018; Kauth et al. 2023).

Here, we upscale a version of this microcircuit model (adapted
to area V1 of macaque cortex by Schmidt et al. 2018a) to the
cortical surface covered by Utah arrays, introducing distance-
dependent connectivity and corresponding LFP measurements.
We hypothesize that this upscaled model not only preserves
original activity features but also elucidates mesoscale phenom-
ena such as the spatial propagation of evoked neuronal activity
(Bringuier et al. 1999; Muller et al. 2014) and strong distance-
dependent correlations and coherences in the measured LFP
(Destexhe et al. 1999; Katzner et al. 2009; Nauhaus et al. 2009;
Jia et al. 2011; Kajikawa and Schroeder 2011; Srinath and Ray
2014; Dubey and Ray 2016), even for network states with weak
pairwise spike-train correlations (e.g. Ecker et al. 2010; Dahmen
et al. 2022).

Materials and methods
Point-neuron networks

The reference model (illustrated in Fig. 1A, parameters with
superscript r) is extended to the larger upscaled model (illustrated
in Fig. 1B, parameters with superscript u) by spatial structure.
Tables 1 and 2 provide the full network descriptions. Each model
represents a part of early sensory cortex at full neuron and
synapse density. The eight neuron populations within each
network are organized into four cortical layers, that is, layer
2/3 (L2/3), layer 4 (L4), layer 5 (L5) and layer 6 (L6). Each layer
contains an excitatory (E) and an inhibitory (I) population of leaky
integrate-and-fire (LIF) model neurons, whose sub-threshold
membrane dynamics are governed by Equation (14).

The probabilities for two neurons to be connected are specific
to the combination of source and target population and derived
from a number of anatomical and electrophysiological studies
(Potjans and Diesmann 2014). The reference model is further
refined to area V1 of macaque cortex using the parameterization
of the multi-area model proposed by Schmidt et al. (2018a,b).
Postsynaptic currents have static, normally distributed ampli-
tudes and decay exponentially Equations (15) and (16). Allneurons
receive stationary external input in the form of Poisson spike
trains with a fixed rate; this input here also compensates for
missing connections from other areas of the multi-area model.
In addition, one population of thalamocortical (TC) neurons tar-
geting E and I neurons in both L4 and L6 can provide further
external input, for example, to emulate stimuli of the sensory
pathway. We refer to the total set of populations as Xiptal =
Xg U X;, where Xg = {L2/3,14,L5,L6} x {E} U {TC} is the subset of

excitatory populations and X; = {L2/3,14, L5, L6} x {I} is the subset
of inhibitory populations, respectively. The connectivity is defined
via projections from a presynaptic population X € Xotal to a post-
synaptic population Y € Xota1\ {TC}. Thus, we use the distinction
between connections (i.e. atomic edges between individual network
nodes) and projections (i.e. collections of connections) introduced
by Senk et al. (2022).

Both network models are available as executable descriptions
in the language consumed by the simulation code NEST (http://
www.nest-simulator.org; Gewaltig and Diesmann 2007; Graber
et al. 2024). Upon execution, the simulation engine instantiates
a realization of the network model the main memory of the com-
puter based on the statistical description of network connectivity.
The model specifications are set up such that the same code is
used for both the reference and the upscaled model, but with
different parameters. The model code is publicly available on
GitHub (https://github.com/INM-6/mesocircuit-model).

The following explains how the upscaled model is derived
from the reference model, highlights the differences between the
two, and provides a justification for choices of parameter values
(Tables 3 and 4).

Neuron numbers and space

In the reference model, each population X is composed of N}
neurons. This model represents the cortical tissue below a surface
area of A" = 1mm? but neurons are not assigned spatial coordi-
nates.

The upscaled model assigns spatial coordinates to neurons
in two dimensions. Neuron positions are drawn randomly from
a uniform distribution within a square domain of side length
L = 4mm with the origin (0,0) at the center. The area covered by
the model is therefore A* = L2. The neuron densities per square
millimeter of the reference model are preserved, so the size of a
population X in the upscaled model is

Au
X = ?F- 1)

The reference model comprises 198,834 neurons and 388, 515,
188 synapses under 1mm? of cortical surface area, while the
upscaled model consists of 3,181, 344 neurons and 7, 661,094, 874
synapses and covers an area of 4 x 4mm?, similar to the area
covered by the Utah multi-electrode array.

Synaptic time constants and strengths

The reference model uses the same synaptic time constant z} for
all projections. Synaptic strengths in this model are proportional
to synaptic strength J with a projection-specific factor gy for
projections from population X to population Y. The upscaled
model uses different synaptic time constants for excitatory and
inhibitory projections: ¢y and tg, respectively. To preserve the
total charge, i.e. the integral of a postsynaptic current due to a
presynaptic spike, we compensate synaptic weights by adjusting
the relative synaptic strengths:

3/t X eXg

r u 7 (2)
/gy X eXp

u _ . r
9vx = Jvx

Note that the default factor for inhibitory projections is gy =
11 for X € X; as in the model by Schmidt et al. (2018a) instead
of 4 as in the original model by Potjans and Diesmann (2014).
Inhibitory postsynaptic potential amplitudes tend to be larger
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B upscaled model
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Fig. 1. Comparison of point-neuron network models. A Reference model (1 mm? cortical microcircuit without spatial organization, adapted from the
model introduced by Potjans and Diesmann 2014 to macaque V1 by Schmidt et al. 2018a). B Upscaled model (4 x 4 mm? in two-dimensional layers with
spatial organization). Both models represent four cortical layers (L2/3, L4, L5, L6) with an excitatory (E) and an inhibitory (I) population each, and an
external thalamic population (TC). The 2D network sketches illustrate by arrows the main population-specific projections (only projections with an
average in-degree larger than 300 shown; for all in-degrees see Fig. 2B,E). The 3D representation exemplifies connections from L4E to a target neuron
in L2/3E (no spatial dependence in reference model, exponential local connectivity profile in upscaled model). Layer thicknesses in the sketches are
proportional to the neuron numbers per layer; cell bodies (dots) projected to bottom of layer to indicate that cortical depth within layer has no relevance

for model.

than excitatory ones, but a factor of 11 is most likely overesti-
mated (Avermann et al. 2012). However, here we follow the model
of Schmidt et al. (20182) to obtain a plausible dynamical state in
the reference model.

In the upscaled model, the time constants of postsynaptic
currents are ¢y = 2ms and 1} = 8ms for excitatory and
inhibitory projections, respectively, versus rf = 0.5ms used for
all synapses in the reference model. This change between the
reference and upscaled model accounts for the observed dif-
ferences in decay time constants of AMPA and GABA, synaptic
conductances. The ¢y and zg; values are inferred from synaptic
conductance decay time constants used in the model by Markram
et al. (2015), via model files available on the Neocortical Micro-
circuit Collaboration Portal (Ramaswamy et al. 2015). We ignored
the short rise time constants. Synaptic NMDA currents with very
long time constants are not accounted for. The adjustment of the
synaptic strengths to preserve the total electric charge delivered
by the postsynaptic currents in the reference model (Equation
(2)) reduces the relative strength of inhibition to a factor of —2.75
compared to the factor of —11 in the reference model.

Connectivity

In the reference model, a neuron j in a source population X of size
NY connects at random to a neuron 1 in a target population Y of
size NY, with mean connection probability (Potjans and Diesmann
2014, Equation 1)

o1 (1o )" (3)
= )

where S}, denotes the total number of synapses between these
populations. The connection routine randomly samples pairs of
neurons with replacement and connects them until the total
number of synapses S%y is reached. Multiple connections (mul-
tapses) between neuron pairs are therefore allowed. Thus, C}

defines the probability that a pair of neurons is connected via one
or more synapses. Here, we start with the mean in-degree K, the
number of incoming connections to a neuroni € Y from the source
population X, such that the total number of synapses entering
the connection routine is S}y = K}y - N}. External Poisson input
is provided to each population with in-degree K} ;.

In contrast to the uniform connectivity in the reference model,
the upscaled model is characterized by a spatial network orga-
nization realized with distance-dependent projections. A source
neuron j € X at location (;,y;) connects to a target neuroni € Y
at location (x;,y;) with a probability dependent on their spatial
separation r; given in Equation (12). This expression for distance
accounts for periodic boundary conditions (torus connectivity).
The distance-dependent connection probability is shaped as a
two-dimensional exponential with spatial width byx, up to a cutoff
radius, as defined in Equation (13). We set the cutoff radius Ryx to
where the probability of drawing a connection is below 1%. The
spatial widths depend on the types (i.e. excitatory or inhibitory)
of the pre- and postsynaptically connected cells. The connectivity
in the upscaled model is derived as follows from the reference
model:

1) Scale in-degrees of reference model to the extent of the
upscaled model. Here, we assume that both models have
the same underlying spatial profile, but the reference model
only allows for the very local connections to be realized
within the recurrent network. The in-degrees of the upscaled
model are

Yx =RV Kiy - kvx (4)
with the scaling factor
KT =1R) /1Q ()
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accounting for the relative surface areas of the upscaled and
reference models. I(R) and I(Q) are defined as the integrals in
polar coordinates over the exponential profile without zero-
distance connection probability,

A r A A
I(A) ::/ r-e_’ﬂdr:b%x-(l—e_m-(1+—)), (6)
0

bYX

with radius R = L/2 for the upscaled model and Q =
1//7m mm for the reference model, respectively. Note that
this simple calculation does not account for the cutoff
radius, but the deviation is marginal. The additional
factor kyx applied in this step is used to further scale
selected in-degrees of specific pairs of pre- and postsynaptic
projections.

2) Compute the zero-distance connection probability. For a uni-
form connectivity profile within a disc of the cutoff radius,
¢ (1) = O (Ryx — 137), and our exponential profile c¥ (r;)
defined in Equation (13) to cause the same average in-degree,
we request the integral over both profiles to be the same
(calculated in polar coordinates: [;° 1 - ¢ (r) dr). The uniform
connection probability relies on the number of potential
source neurons, which is proportional to the area of the disc
divided by the total extent of the modeled cortical sheet:

Cuni — K?X ) (7)
X T NU . xRZ, /12

The zero-distance connection probability is derived as fol-

lows:
0 r
Joor-cmidr :/ r-cYye x dr (8)
0
- @, _O05-Ry - KoL ,
I (Ryx) 27 - N - T (Ryx)

using the definition of I (A) from Equation (6).

3) Adjust the external in-degrees to preserve the mean input.
Since the upscaled model has a different number of
recurrent connections compared to the reference model,
the external Poisson input of rate vexs needs to be adapted to
compensate:

v r
K?,ext = (K{/,ext + Z 7}( QYX (K§X - K&x)) : kext,Y : kext (9)
X

T
Vext Jext

This modification of external in-degrees in the upscaled
network only preserves the mean of the spiking input (which
is proportional to both in-degrees and weights), but not its
variance (which is proportional to in-degrees and to weights
squared); see, for example, Brunel and Hakim (1999) and
Albada et al. (2015) for details. Analogous to the factor kyx
for scaling recurrent in-degrees, we here introduce the factor
kext,v, Which allows for further scaling of selected external in-
degrees. In addition, the population-independent factor kext
equally scales all external in-degrees.

Synapses are drawn according to a pairwise Bernoulli rule with
probabilities given by the spatial profile, and each pair of neurons
is considered only once. Thus, multapses are not allowed and the
total number of synapses is not fixed in the upscaled model, in
contrast to the reference model.

The decay constants byx of the exponential profile (Table 4)
used in the upscaled model are taken from Reimann et al. (2017,
Figure S2); the study provides mean space constants of expo-
nential fits to the distance-dependent connection probabilities
for the four projection types between excitatory and inhibitory
neurons based on morphologically classified cell types in an
anatomical reconstruction and simulation of rat somatosensory
cortex (Markram et al. 2015). Other experimental data also indi-
cate exponentially or Gaussian decaying connection probabilities
with distance for both excitatory and inhibitory local connections
with space constants of similar magnitude; see the review by
Boucsein et al. (2011) and Table 5 for a summary. Such profiles
are explained by axo-dendritic overlap of the neuronal morpholo-
gles (Amirikian 2005; Brown and Hestrin 2009; Hill et al. 2012).
In our model, the excitatory-to-excitatory projections have the
largest decay constant. Broader excitation than inhibition is in
line with the experimental data since excitatory neurons, in par-
ticular pyramidal neurons, develop axons with larger horizontal
reach compared to most inhibitory interneuron types (Budd and
Kisvarday 2001; Binzegger et al. 2004; Buzas et al. 2006; Binzegger
et al. 2007; Stepanyants et al. 2007, 2009; Ohana et al. 2012).
Certain interneuron types may, however, have elaborate axons
that span and form synapses across different layers within the
cortical column (see, for example, Markram et al. 2015, Figure 2).
Others may also form longer-range lateral connections (McDonald
and Burkhalter 1993). Connections in the upscaled model are
mostly local since all decay constants are less than 0.25mm.
This locality is reflected by similar in-degrees in both models

(Fig. 2).

Synaptic transmission delays

In the reference model, connection delays are normally dis-
tributed according to Equation (18) with a standard deviation
of half the mean delay. The excitatory mean delay is twice as
long as the inhibitory one. If a sampled delay is smaller than the
simulation time step h, it gets redrawn, resulting in a truncated
normal distribution.

The upscaled model uses a linear distance dependence given by
Equation (19) with a constant delay offset dy = 0.5ms and a con-
duction speed v = 0.3 mm/ms. The delay offset mimics transmis-
sion processes locally at the synapse, and the conduction speed
is in the range of speeds reported for action potential propagation
along unmyelinated nerve fibers in cortex (for a comparison with
experimental estimates see Table 5). Conduction speeds can be
measured, for example, in brain slices using electrical stimulation
combined with electrophysiological recordings. Some of these
values are likely underestimated because the separation of con-
duction speed from both the synaptic delay and spike initiation
time is difficult (Hirsch and Gilbert 1991). The bath temperatures
are provided if specified by the study because the conduction
speed and the timing of synaptic processing depend strongly on
environmental temperature (Katz and Miledi 1965; Berg-Johnsen
and Langmoen 1992; Sabatini and Regehr 1996; Hardingham and
Larkman 1998). We are here primarily interested in physiologically
relevant body temperatures.

We compare the mean delays of the reference model a; with
effective mean delays of the upscaled model H$X obtained by
averaging delays on a disc of 1mm? (with radius Q = 1/4/7 mm),
thus equaling the extent of the reference model. Accounting for
all distances between random points on the disc and connectivity
governed by the exponentially shaped profile with the spatial
width byx, the effective delay in polar coordinates for a disc of
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%@ 2@ [ )

x e % 111, drdrydgsdrs (10)

Cnorm

with 191 = 12 + 1 — 2r112c08 (91 — ¢2). The spatial profile is here
normalized to unity for the integral over the disc by the factor
Cnorm and we ignore the Heaviside function because we only
consider Q < Ryx.The expression simplifies (Sheng 1985, Theorem
2.4) to

e (do+ ) exp(— 5

) (4 arctan( %8; ) —sin (4 arctan( %8; ))) dr
exp( r(4

dYX (Q) arctan( 2Q+r )—sm(4arctan(, 2Q+r ))dY

byx
w )

(11)
which we evaluate numerically. Although delay offset and con-
duction speed have the same parameter values for excitatory

and inhibitory projections in the upscaled model, the effective
delays (Equation (11)) within a given surface area differ due to the

Senketal. | 5

effective delays are

dep  dg 1513 1.319
—u —u | = ms,
de d 1.185 1.164

which are similar to the delays in the reference model, cf. Table 4.
A shorter inhibitory delay in a network model without distance
dependence like the reference model appears justified by a nar-
rower inhibitory connectivity of the corresponding model with
spatial structure.

Thalamic input

The thalamocortical neuron population of the reference model
is set up as a spatially organized layer of the upscaled model in
the same way as the cortical populations. Positioning thalamic
neurons also uniformly within area A" facilitates the connectivity
management to the cortical populations. An analogy to the early
visual pathway would be that the distance L in both thalamus and
cortex corresponds to the same extent of the visual field. For the
sake of this study, we only activate thalamic neurons within a disc

different space constants of the connectivity. The computed mean

of radius Rgglse surrounding the center such that they emit spikes

Table 1. Description of reference and upscaled network models following the guidelines of Nordlie et al. (2009).

A: Model summary

Structure
Populations

Input
Measurements
Neuron model
Synapse model
Reference model
Topology
Delays
Connectivity
Upscaled model
Topology
Delays
Connectivity

Multi-layer excitatory-inhibitory (E-I) network

8 cortical populations in 4 layers (L2/3, L4, L5, L6) and 1 thalamic population (TC): Xtota1 = Xg U X1,
Xg = {L2/3,14,L5,L6} x {E} U (TC} and X; = {L2/3,14,L5,L6} x (I}

Cortex: independent fixed-rate Poisson spike trains to all neurons (population-specific in-degree)
Spikes, LFP, CSD, MUA

Cortex: leaky integrate-and-fire (LIF); Thalamus: point process

Exponentially shaped postsynaptic currents with normally distributed static weights

None (no spatial information)
Normally distributed delays
Random, fixed total number with multapses (autapses prohibited)

Random neuron positions on square domain of size L x L; periodic boundary conditions

Distance-dependent delays

Random, distance-dependent connection probability, population-specific, number of synapses not fixed in advance
(autapses and multapses prohibited)

B: Network models

Connectivity
Reference model

Upscaled model

In-degrees Kyx from population X to population Y with X € X1 and Y € Xiota1\ {TC}

Random, fixed total number with multapses (autapses prohibited), see Senk et al. (2022) for a definition. Fixed number
of synapses Sy = Ky - N, between populations X and Y with N, being the size of the target population.

« Presynaptic neuron j € X at location (x;,y;) and postsynaptic neuronie Y at (x;, y;)
o Neuron inter-distance (periodic boundary conditions):

T = /Ax2 + AyU (12)

with Ax; = |xi - j| if ‘Xi - Xj| < L/2, otherwise Ax; =L — |xi - xj|

(same for Ayy)

o Exponentially shaped connection probability with spatial width byx, maximal distance Ryx = 5 - byx, and
zero-distance connection probability ¢}y (see Equation (8)):

ct (TU) = ng e_r’l/byx ® (RYX — Yu) (13)

Heaviside function ® (t) = 1 for t > 0, and 0 otherwise.
o Autapses and multapses are prohibited
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Table 2. Description of reference and upscaled network model (continuation of Table 1).

C: Neuron models

Cortex Leaky integrate-and-fire neuron (LIF)
o Dynamics of membrane potential V; (t) for neuron i:
Spike emission at times tl € S; = {té}, th, th, } with V; (tg) >V,
Subthreshold dynamics:
Vi = —Vi + Rml; () ifV¥s: t¢ (tfs, th+ rref] with 7 = RmCrm (14)
Reset + refractoriness: V; (t) = Vyeset ift € té, té + Tref |, té €S
o Exact integration with temporal resolution h (Rotter and Diesmann 1999)
e Random, uniform distribution of membrane potentials at t = 0
Thalamus Spontaneous activity: no thalamic input (vr¢ = 0)

Upscaled model
Thalamus
at fixed time intervals Atrc

Thalamic pulses: coherent activation of all thalamic neurons inside a circle with radius Rf;‘élse centered around (0, 0)

D: Synapse models

Postsynaptic o Instantaneous onset, exponentially decaying postsynaptic currents
currents o Input current of neuron i from presynaptic neuron j:
—(t—ti—d; j

M =%;)53e () (t —ty— dij) (15)
Weights o Normal distribution with static weights, truncated to preserve sign:

Jij NN[M=9Y>(-J, o? =0fyx} (16)

o Probability density of normal distribution:

2 1w

fxluo?) = Sse” = )
Reference model
Delays Normal distribution, truncated at h:

= 2

iy~ & [ =T, o7 = (o5) | 1s)
Upscaled model
Delays Linear distance dependence with delay offset dy and conduction speed v:

d(TU‘) =do+ % (19)

in a synchronous and regular fashion (thalamic pulses) with time
intervals Atrc, starting at time trc start.

Forward modeling of extracellular potentials

In the present study, we use a well established scheme to compute
extracellular potentials from neuronal activity. The method relies
on multicompartment neuron modeling to compute transmem-
brane currents (see, for example, De Schutter et al. 2009) and
volume conduction theory (Nunez and Srinivasan 2006; Einevoll
et al. 2013; Halnes et al. 2024), which relates current sources and
electric potentials in space. Assuming a volume conductor model
that is linear (frequency-independent), homogeneous (the same
in all locations), isotropic (the same in all directions), and ohmic
(currents depend linearly on the electric field E), as represented by
the scalar electric conductivity oe, the electric potential in location
r = (%,y,2) of a time-varying point current with magnitude I(t) in
location r' is given by
It

o) = m~ (20)
The potential is assumed to be measured relative to an ideal
reference at infinite distance from the source. Consider a set of
transmembrane currents of neomp individual cylindrical compart-
ments indexed by n in an N-sized population of cells indexed
by j with time-varying magnitude h() embedded in a volume

conductor representing the surrounding neural tissue. The extra-
cellular electric potential is then calculated as

N Tcomp I ) 1
— n )
s =33 / e (21)

j=1 n=1

The integral term reflects the use of the line-source approximation
(Holt and Koch 1999) which amounts to assuming a homogeneous
transmembrane current density per unit length and integrating
Equation (20) along the center axis of each cylindrical compart-
ment. The thick soma compartments (with n = 1) with magnitude
I;n'soma(t), however, are approximated as spherical current sources,
which amounts to combining Equations (20) and (21) as (Lindén
et al. 2014)

N m,soma Neom; m
1 (Iemag rew . m
pa =" (lé_ﬁomal + 2 [ e dn
J

ey 4 oe ~ It — 1,
N m,soma Neom, 2 2 _h.
5 1 [ o Vi + T2 = Min
soma . .
p 4oe \ [r— L | = Asjy 1)_2n + ri}_ﬂ _ 1jn
(22)
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Table 3. Simulation, preprocessing, and global network parameters.

A: Global simulation parameters

Symbol Value Description

Tmodel,1 900,000 ms Model time of spiking network simulation for comparison between reference and upscaled models
Tmodel 2 10,000 ms Model time of spiking network simulation for evoked activity

Tmodel3 5,000ms Model time of LFP simulation

h 0.1ms Temporal resolution

Tpre 1,000ms Model time of startup transient (presimulation time)

B: Preprocessing

Symbol Value Description

At 0.5ms Temporal bin size

Al 0.1mm Spatial bin size

C: Global network parameters

Connection parameters and external input

Symbol Value Description

J 87.81pA Reference synaptic strength. All synapse weights are measured in units of J.
o, yx 0.1-gyx-J Standard deviation of weight distribution

Vext 851 Rate of external input with Poisson inter-spike interval statistics
LIF neuron model

Symbol Value Description

Cm 250 pF Membrane capacitance

Tm 10ms Membrane time constant

EL —-65mV Resistive leak reversal potential

\2) -50mvV Spike detection threshold

Vreset —65mV Spike reset potential

Tref 2ms Absolute refractory period after spikes

Here, the length of compartment n of cell j is denoted by As;,, the
perpendicular distance from the electrode point contact to the
axis of the line compartment by r ;,, and the longitudinal distance
measured from the start of the compartment by h;,. The distance
ln = Asjy + hj, is measured longitudinally from the end of the
compartment. As the above denominators can be arbitrarily small
and cause singularities in the computed extracellular potential,
we set the minimum separation |r — rfomal or ryj, equal to the
radius of the corresponding compartment.

The above equations assume point electrode contacts, while
real electrode contacts have finite extents. We employ the disc-
electrode approximation (Camuifias Mesa and Quiroga 2013; Lindén
et al. 2014; Ness et al. 2015)

1 1<
Baise(W,0) = 2 fsjmu, pdir~ — ;muh, H (23)

to approximate the averaged potential across the uninsulated
contact surface (Robinson 1968; Nelson et al. 2008; Nelson and
Pouget 2010; Ness et al. 2015). We average the potential (Equation
(22)) in m = 20 randomized locations u, on each circular and
flat contact surface S with surface area As and radius 5um.
The surface normal vector on the disc representing each contact
is the unit vector along the vertical z—axis. All forward-model
calculations are performed with the simulation tool LFPy (https://
lfpy.readthedocs.io, Lindén et al. 2014; Hagen et al. 2018), which
uses the NEURON simulation software (https://neuron.yale.edu,

Carnevale and Hines 2006; Hines et al. 2009) to calculate trans-
membrane currents.

The hybrid scheme for modeling extracellular signals

Our study calculates extracellular potentials from point-neuron
network models using a modified version of the hybrid modeling
scheme by Hagen et al. (2016). The scheme combines the for-
ward modeling of extracellular potentials (i.e. LFPs) on the basis
of spatially reconstructed neuron morphologies with recurrent
network activity simulated using point-neuron networks. Point-
neuron models alone cannot generate an extracellular potential,
as the sum of all its in- and outgoing currents is zero. The validity
of the hybrid scheme was recently revisited by Hagen et al. (2022).
We refer to the Methods section of Hagen et al. (2016) for an in-
depth technical description of the implementation for randomly
connected point-neuron network models. Here, we only summa-
rize the scheme’s main steps and list the changes incorporated
for networks with distance-dependent connectivity and periodic
boundary conditions. As in Hagen et al. (2016), we assume that
cortical network dynamics are well captured by the point-neuron
network, and apply the hybrid scheme as follows:

e Spike trains of individual point neurons are mapped to
synapse activation times on corresponding postsynaptic
multicompartment neurons while overall connection param-
eters are preserved, that is, the distribution of delays, the
mean postsynaptic currents, the mean number of incoming
connections onto individual cells (in-degree), and the
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Table 4. Additional network parameters for the reference and the upscaled models. Population sizes and in-degrees are given in Fig. 2.

D: Model-specific network parameters of the reference model

Connection parameters

Symbol Value Description
avx Relative synaptic strengths:
1 X € Xg, except for:
2 (X,Y) = (L4E, L2/3E)
-11 X e X1
LA 0.5ms Postsynaptic current time constant
HE 1.5ms Mean excitatory delay
a 0.75ms Mean inhibitory delay
i x 0.5 -H; Standard deviation of delay distribution

E: Model-specific network parameters of the upscaled model

Connection parameters

Symbol Value Description
9%y Derived relative synaptic strengths:
0.25 X € Xg, except for:
0.5 (X,Y) = (L4E, L2/3E)
—0.6875 X eXp
e 2ms Excitatory postsynaptic current time constant
oy 8ms Inhibitory postsynaptic current time constant
do 0.5ms Delay offset
v 0.3mm/ms Conduction speed
(Ef; ;)I }151) (gﬁg 812;) mm Spatial widths of exponential connectivity profile

In-degree modifications

Symbol Value Description
kyx Scaling factor for in-degrees of recurrent connections
1 {X,Y} € Xtotal, €XCEPL fOr:
1.8 (X,Y) = (L4, L4D)
0.75 (X,Y) = (L5E, L5I)
0.9 (X,Y) = (Lél, Lel)
0.75 (X,Y) = (L6E, L6])
0.75 (X,Y) = (L6l, L6E)
Rext,y Scaling factor for external in-degrees to population Y
1 Y € Xiotal\ {TC}, except for:
1.1 Y = L2/3E
1.08 Y = L4E
Rext 1.04 Global scaling factor for all external in-degrees
Thalamus
Symbol Value Description
R?‘Cﬂse 0.4mm TC neuron activation radius of disc around (0, 0), all TC neurons in the disc are active during pulses
oTC 0.1lmm Spatial width of TC neuron connections
trC start 1,000 ms Start time for thalamic input
Atrc 100 ms Interval between thalamic pulses
cell-type and layer specificity of connections is preserved, multicompartment representation. An overview of the choice
as in Hagen et al. (2016). of morphologies representing each cell type (My), segment
e The multicompartment neurons are mutually unconnected, count per morphology (neomp), 0ccurrence (Fy), relative occur-
and synaptic activations result in transmembrane currents rence (Fyy) per population, and final cell count is given in
that contribute to the total LFP. Table 6. The corresponding morphologies and layer bound-
e Activity in multicompartment neuron models (and the cor- aries are shown in Fig. 7.
responding LFP) does not interact with other multicompart-
ment neurons or the activity in the point-neuron network The first version of the hybrid scheme implemented in
model, that is, there are no synaptic or ephaptic interactions. hybridLFPy (https://INM-6.github.com/hybridLFPy) is developed
e Each population Y € Xiotal\ {TC} of neurons in the point- for random networks such as the layered cortical microcircuit

neuron network may map to a number of cell types y in the model of Potjans and Diesmann (2014). In contrast to this
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Table 5. Comparison of selected model parameters with experimental data. The notation =+ refers to mean =+ standard deviation.

Connection parameters

Delay offset (upscaled model: dy = 0.5 ms)

Value (ms) Data acquisition Reference

05-1 rat visual cortex (31 +0.5°C) Murakoshi et al. (1993)
0.6-0.8 cat visual cortex (34 — 35°C) Hirsch and Gilbert (1991)
0.6 cat motor cortex (35°C) Kang et al. (1994)

Conduction speed (upscaled model: v = 0.3 mm/ms)

Value (mm/ms) Data acquisition

Reference

0.2-0.35 guinea pig hippocampus
1/3.5~0.29 cat visual cortex (34 — 35°C)
0.3 rat hippocampus (35°C)

Andersen et al. (1978)
Hirsch and Gilbert (1991)
Berg-Johnsen and Langmoen (1992)

0.15-0.55 rat visual cortex (31 £ 0.5°C) Murakoshi et al. (1993)
0.28 — 0.48 (0.37 £0.37) cat motor cortex (35°C) Kang et al. (1994)
0.284+0.19 rat visual cortex (34°C) Lohmann and Rorig (1994)
0.06 —0.2 rat somatosensory cortex (34 — 35°C) Salin and Prince (1996)
0.508 rat somatosensory cortex (32 — 35°C), back-propagating action potentials in Larkum et al. (2001)

dendrites

Distance-dependent connection probability (upscaled model, exponential decay: ( bez ba ) = ( 0232 0.161 ) mm)

b bn 0.125 0.120
Value (mm) Data acquisition Reference
Gaussian fit: pyramidal cells in layers 2 and 3 of rat visual cortex Hellwig (2000)

0.2967 — 0.6208
exponential fit:
0.0488 — 0.05198
exponential fit:

clutch cells in layer 4 of cat visual cortex

parvalbumin-positive cells connected to pyramidal cells in multiple layers of

Budd and Kisvarday (2001)
Packer and Yuste (2011)
Perin et al. (2011)

Levy and Reyes (2012)
Schnepel et al. (2015)
Jiang et al. (2015)

Reimann et al. (2017)

0.124 —-0.183 mouse neocortex

most connections: pyramidal cells in layer 5 of rat somatosensory cortex

<03

Gaussian fit: pyramidal cells and (non-)fast-spiking inhibitory cells in deep layer 2/3 and
0.085—-0.114 layer 4 of mouse auditory cortex

exponential fit: excitatory input to pyramidal neurons in layer 5B of rat somatosensory cortex
0.141 - 0.352

most connections: pyramidal cells and different interneurons in layers 1, 2/3, and 5 of mouse
<0.25 visual cortex

exponential fit: morphologically classified cell types in an anatomical reconstruction and
0.125 —0.232 simulation of rat somatosensory cortex (Markram et al. 2015)

model that contains no spatial information, the upscaled model
(Section Point-neuron networks) assigns spatial coordinates to
the neurons within each layer but still ignore information about
cortical depth, and draw connections between neurons with
probabilities depending on lateral distance. Modifications to
the hybrid scheme accounting for spatially organized networks
include the following:

e Multicompartment neuron models inherit their lateral
locations from their point-neuron counterparts. Population-
dependent somatic depths are defined as in Hagen et al.
(2016).

* The spiking activity from all neurons in the point-neuron net-
work is recorded and indexed by the corresponding neuron ID.

e Presynaptic neuron IDs are drawn randomly for each
multicompartment neuron governed by the same distance-
dependent probability as is used when constructing the
point-neuron network. The connectivity is thus statistically
reproduced. The same distance-dependent delay rule is also
implemented in the hybrid scheme, and can be set separately
for each pair of populations.

e The extracellular potential is computed at 100 contact sites
arranged on a square regular grid with each contact sepa-
rated by 400 um, similar to the layout of the Blackrock ‘Utah’
multi-electrode array, and at a depth corresponding to the
center of layer 2/3 (L2/3). The signal predictions account for
periodic boundary conditions as described next.

Modifications of the forward model to account for periodic
boundary conditions

As the upscaling procedure of the 1 mm? reference point-neuron
network model incorporates periodic boundary conditions, we
modify the calculations of extracellular potentials accordingly.
The premise for this modification is that transmembrane currents
of a neuron positioned near the lateral network layer boundary
should contribute to the extracellular potential as sources
across the boundary. This is analogous to input from network
connections across the boundaries resulting from the distance-
dependent connectivity rule. Here, this modification is imple-
mented by accounting for additional “imaginary” transmembrane
current sources. Equation (23) computes the extracellular
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reference model
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Fig. 2. Neuron numbers, average in-degrees of recurrent projections, and external in-degrees. A-C Reference model. D-F Upscaled model. Color codes
are identical for in-degrees but not for neuron numbers; values of zero are colorless.

potential at location r by iterating over all true current sources,
i.e.each neuron located on the L x L domain with side length L. We
assume that the sheet is surrounded by eight identical domains
such that the potential at location r in the center sheet receives
contributions from within an extended area of size 3L x 3L. In other
words, for each current source we sum up contributions from
across both the true and all eight imaginary sheets, taking into
account their distances to r on the notionally extended cortical
sheet.

Model signal predictions

As simulation output, we consider the spiking activity of
the point-neuron networks (Section Point-neuron networks),
and corresponding multi-unit activity (MUA), LFP (Section
Forward modeling of extracellular potentials), and current-source

density (CSD) estimates. We use simulated output data only after
an initial period Tpre of model presimulation time to avoid startup
transients, and compute all measures for the whole time interval
of the subsequent simulation (model times Tmodel 1, Tmodel 2, and
Tmodel,3)<

Temporal binning of spike trains

Spike times t? of the point-neuron networks simulated using
temporal resolution h are assigned to bins with width At. Tem-
porally binned spike trains are used to compute pairwise spike-
train correlations and population-rate power spectral densities
(PSDs), and to illustrate population-averaged rate histograms. The
bin width At is an integer multiple of the simulation resolu-
tion h. The simulation duration Tpoedel is an integer multiple of
the bin width such that the number of bins is K = T/At. Time
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Table 6. Summary of cell-type specific population and morphology pararameters for extracellular signal predictions via the hybrid

scheme.
Layer Population Pop. size Cell type Morphology Segments Occurrence Rel. occurrence  Cell count
Y Ny y My Neomp Fy (%) Fyy (%) Ny
2/3 L2/3E 758,176 p23 p23 689 23.9 100.0 758,176
L2/31 213,856 b23 23 324 2.9 42.5 90,816
nb23 123 324 3.9 57.5 123,040
4 L4E 1,126,192 p4 p4 603 11.9 333 375,397
ss4(L2/3) ss4 339 11.9 333 375,397
ss4(L4) ss4 339 11.9 333 375,397
L41 281,552 b4 i4 230 7.0 78.3 220,345
nb4 i4 230 1.9 21.7 61,207
5 L5E 331,840 p5(L2/3) p5vl 423 8.2 78.7 261,120
p5(L5/6) p5v2 1078 2.2 21.3 70,720
L5I 72,864 bs i5 283 1.0 42.9 31,227
nb5 i5 283 1.3 57.1 41,637
6 L6E 317,424 p6(L4) p6 456 7.5 75.1 238,506
p6(L5/6) psvl 447 25 24.9 78,918
Lel 65,008 b6 i5 283 1.0 50.0 32,504
nbé i5 283 1.0 50.0 32,504

bins have indices k € {0,1,...,K — 1}, spanning time points in
t e [kAL, (R + 1)AL).

Spatiotemporal binning of spike trains

In order to compute the propagation speed of evoked activity
in the network, we perform a spatiotemporal binning operation
of spiking activity in the network. As introduced in the Sec-
tion Point-neuron networks, neuron positions (x;, y;) of the point-
neuron network are randomly drawn with {x;, y;} € [-L/2,1/2). We
subdivide the spatial domain of each layer into square bins of side
length Al such that the integer numbers of bins along the x— and
y—axis are L{ny} = L/Al The binindices are I{ny} €{0,1,..., L{ny}—l},
spanning {x,y} € [l{yy} Al = L/2, () + DAL= L/2). Temporal bins
of width At are defined as above. We compute for each population
a spatially and temporally binned instantaneous spike-count rate
in units of s as the number of spike events from all neurons
inside the spatial bin divided by At.

Calculation of the LFP

The LFP is here defined as the temporally downsampled extracel-
lular signal predicted using the hybrid scheme described in the
Section The hybrid scheme for modeling extracellular signals, at
a resolution of At. Our workflow uses the decimate function of
the scipy.signal package for downsampling by a factor At/h.

Calculation of the CSD

The scheme calculates the CSD from the sum of transmembrane
currents within a cuboid around the contact point of each elec-
trode, divided by the corresponding volume (with unit current per
volume). This signal is linearly related to the extracellular poten-
tial, but without confounding effects by the conductive medium.

Each CSD domain © is defined as having side lengths 400 um in
the lateral x- and y-dimensions (same as the electrode separation),
and thickness 100 um along the z-axis, centered around each
electrode location. Then, the CSD of each cuboid indexed by k in
each population results from compartmental currents as

| M e Iin if Ij, fully inside €

C As, ide
Va Z Z fj Ay
2 n ;
® X ) Asjn

i=1 n=1 .
) 0 otherwise.

if I, partially inside €

Here, Vg, denotes the cuboid volume, As;j, compartment length
as above, and Asjyinsige the length of the portion of the compart-
ment inside . For the the numerical evaluation we use the class
VolumetricCurrentSourceDensity provided by the lfpykit
Python package (Ifpykit.readthedocs.io).

Calculation of the MUA signal

For each electrode located in L2/3, we compute a signal repre-
sentative of the so-called MUA that is obtained from recordings
of extracellular potentials by high-pass filtering the signal (=
500Hz), followed by signal rectification, temporal smoothing, and
downsampling (see, for example, Einevoll et al. 2007). A biophysi-
cal modeling study (Pettersen et al. 2008) shows that this signal
is approximately linearly related to the firing rate of the local
population of neurons in the vicinity of the measurement device.
Neuron coordinates (x;,y;) of the upscaled point-neuron network
are randomly drawn on the interval {x;,y;} € [-L/2,L/2). We
subdivide the layers into square bins of side length Alyya =
0.4 mm resulting in 10 bins along the x— and y—axis, respectively.
The contact point of each electrode is located at the center of the
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respective bin. In the same way we define temporal bins of width
At and compute for each population a spatially and temporally
binned spike-count rate in units of s~! by tallying the spike events
of all neurons inside the spatial bin and dividing by the width of
the temporal bin At. We define the MUA signal as the number of
spikes per spatiotemporal bin emitted by populations L2/3E and
L2/3L.

Statistical analysis
Spike rasters and rate histograms

In the spike raster diagrams, each dot marks a spike event, and
the dot position along the horizontal axis denotes the time of
the event. Spike data of different neuron populations are stacked
and the number of neurons shown is proportional to the pop-
ulation size. As indicated in the respective figure caption, neu-
rons within each population are either scrambled on the vertical
axis of the dot display or sorted according to their lateral x—
position.

We compute population-averaged rate histograms by deriving
the perneuron spike rates in time bins At and units of s7?,
averaged over all neurons per population within the center disc
of 1mm?. The corresponding histogram shows the rates in a
time interval of +£25ms around the occurrence of a thalamic
pulse. Such a display is comparable to the Peri-Stimulus Time
Histogram (PSTH, Perkel et al. 1967) that typically shows the
spike count summed over different neurons or trials versus
binned time.

Image plots with color bars can have a linear or a logarithmic
scalingas specified in the respective captions. Since values of the
distance-dependent cross-correlation functions can be positive
or negative, we plot these with linear scaling up to a threshold,
beyond which the scaling is logarithmic.

Statistical measures

Per-neuron spike rates FR are defined as the number of spikes per
neuron during each simulation divided by the model time Tpodel.
Distributions of per-neuron spike rates are computed from all
spike trains of each population separately for an interval from
0 to 10s~! using 30 bins. Histograms are scaled such that the
maximum bar height equals unity. We define the mean rate per
population FR as the arithmetic mean of all per-neuron spike rates
of each population.

The coefficient of local variation LV is a measure of spike-train
irregularity computed from a sequence of length n of consecu-
tive inter-spike intervals T; (Shinomoto et al. 2003, Equation 2.2),
defined as

o L “2‘1: 3(Ti = Tipr)’
n—1 Py Ti+Tipq

(24)

Like the conventional coefficient of variation CV (Shinomoto et al.
2003, Equation 2.1), a sequence of intervals generated by a sta-
tionary Poisson process results in a value of unity, but the LV
statistic is less affected by rate fluctuations compared to the CV;
thus, a non-stationary Poisson process should resultin LV ~ 1. We
compute the LV from the inter-spike intervals of the spike trains
of all neurons within each population. Distributions of LVs are
computed from 0 to 2 using 30 bins, and histograms are scaled
such that the maximum bar height equals unity. We define the
mean LV per population LV as the arithmetic mean of all LVs of
each population.

The Pearson (product-moment) correlation coefficient CC is a mea-
sure of synchrony that is defined for signals u (t) and v (t) as

cC— cov(u, V) , (25)
Jcov(u,u)cov(u, v)

with the covariance denoted by cov (Perkel et al. 1967). For
the numerical evaluation of correlation coefficients we use
numpy .corrcoef .

To compute distributions of spike-count correlations, u(t) refers
to the number n;(t, t + Atec) of spikes of neuron i in population
X and v(t) to the number n;(t, t + Atcc) of spikes of neuron j in
population X in a time interval [t, t + Atcc). The time window
Atce = 2ms corresponds to the refractory time, if not stated
otherwise. We randomly select 512 neurons per population and
obtain the CC from all disjoint neuron pairs ij. The CC histogram
bin width is determined such that the interval from —0.02 to 0.02
is covered by 30 bins, and the histograms are scaled such that the
maximum bar height equals unity.

Cross-correlation functions are evaluated for time lags t. The
sequences are spike trains resampled to time steps of At and
normalized by subtracting their mean and dividing by their stan-
dard deviation. Correlation functions between the sequences u
and vwith time steps k and the length of the sequences K are then
computed as

CCu (7) =

e

K
> Ui Uk (26)
k=1

In each layer, we randomly select 512 neurons per population and
compute their pair-wise cross-correlation functions (excluding
autocorrelations), denoted here by CCS, for time lags t «
[-25,25] ms within each population (indicated by E : E for an
excitatory population or I : I for an inhibitory population) and
between neurons from the excitatory and inhibitory population
(indicated by E I). These correlations are computed using
scipy.signal.correlate, which is an efficient FFT-based
implementation.

The effect of thalamic pulses is analyzed by means of distance-
dependent cross-correlation functions. These are a function both of
the time lag v and the distance r. We discretize the network of
size L x L into an even number of square bins of side length Al
The spike trains from all neurons within each spatial bin are
resampled into time bins of size At (as above) and averaged across
neurons to obtain spatially and temporally resolved per-neuron
spike rates. We select spatial bins on the diagonals of the network
such that each distance to the center with coordinates (0,0) is
represented by four bins. For 14 distances from consecutive spa-
tial bins along the diagonal, we compute the temporal correlation
function between the rates in the respective spatial bins with
a binary vector containing ones at spike times of the thalamic
pulses and zeros elsewhere, and then average over the four spa-
tial bins at equal distance. The cross-correlation functions are
then computed according to Equation (26), here evaluated with
np.correlate. Finally, we subtract the baseline correlation value,
obtained by averaging over all negative time lags (before thalamic
activation at t = 0), and get CC".

To estimate the propagation speed Upp from these cross-
correlation functions, we find for each distance the time lag
corresponding to the largest CC”. Values of CC" smaller than 5%
of the maximum of all CC" per population across distances and
time lags are excluded. We further exclude distances smaller
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than the thalamic radius RES*® plus the spatial width of thalamic
projections orc because a large part of neurons within this radius
are simultaneously receiving spikes directly from thalamus upon
thalamic pulses. A linear fit for the distance as function of time
lag, 1 (t) = Tp,0 + Uprop - 7, yields the speed Uprop.

We also compute distance-dependent spike-count correlations
for spike counts from excitatory and inhibitory spike trains sam-
pled from L2/3 and plot a subset of 512 in each population
according to distance between neuron pairs. To assess distance-
dependent correlations between LFP, CSD, and MUA signals, u and
v denote the time series recorded at the respective electrode. Here,
we fit exponential functions of the form

ym=a-e"" 4 (27)

where the n-tuple g = (a,b, c) of constant parameters minimizes
the sum X7, |yi(ri) — y(r;, B))| % for the m data points y; computed
for distance r;. The parameter fitting is implemented using a
non-linear least-squares method (Vugrin et al. (2007), using the
implementation curve_fit of the scipy.optimize module), with
initial guess g = (0.1,0.1,0.1). Goodness of fit is quantified by the
coefficient of determination, defined as

L i) =y, 8) 2

R2=1 - = , (28)
> (i) =)
where y is the mean of the observed data.
Coherences are computed as
2 1Suw (DI
= _—wyr 29
oD = 5 S @9)

where Sy (f) is the cross-spectral density between u and v,
and Suu(f) and S, (f) are the PSDs of each signal. The cross-
spectral density and power spectra are computed using Welch'’s
average periodogram method (Welch 1967) as implemented
by matplotlib.mlab’s csd and psd functions, respectively,
with segment length Nppr = 512, overlap between segments
Noverlap = 384 and signal sampling frequency Fs = 2kHz. To
compute the population-rate PSD, we use the spike trains of all
neurons per population, resampled into bins of size At, and with
the arithmetic mean across time of this population-level signal
subtracted.

Software accessibility

We here summarize the details of software and hardware used
to generate the results presented throughout this study. Point-
neuron network simulations are implemented using NEST v3.8
(Graber et al. 2024), and Python v3.11.3. We use the same
executable model description for the reference and upscaled
models and switch between them by adjusting parameters. LFP
signals are computed using NEURON v8.2.2 (branch ‘master’ at
SHA:93d41fafd), LFPykit v0.5 (https://github.com/LFPy/LFPykit.
git, branch ‘master’ at SHA:e5156c0) and LFPy v2.3.1.devO (http://
github.com/LFPy/LFPy.git, branch ‘master’ at SHA:5d241d6),
hybridLFPy v0.2.1 (https://github.com/INM-6/hybridLFPy, branch
‘espenhgn/issue84’ at SHA:0be2961). For parameter evaluation we
use the Python package parameters v0.2.1. Analysis and plotting
rely on Python with numpy v1.25.1, SciPy v1.11.1, and matplotlib
v3.7.2. All simulations and analyses are conducted on the JURECA-
DC cluster (Thornig 2021). Simulations are run distributed using
16 compute nodes with two AMD EPYC 7742 CPUs a 64 cores
each for both the network and the LFP simulations. All source
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codes to reproduce our results are publicly available on GitHub
(https://github.com/INM-6/mesocircuit-model) and on Zenodo
(https://doi.org/10.5281/zenodo.13798935). Further, all simulation
outputs and scripts needed to generate the manuscript figures are
available on Zenodo (https://doi.org/10.5281/zenodo.13799065).

Results
Spiking activity of the point-neuron networks

After the description and parameterization of the reference
and the upscaled models in the Section Point-neuron networks,
we here investigate their spiking activity obtained by direct
simulation. In the Section Spontaneous activity we compare the
spontaneous spiking activity of both models, and in the Section
Sensitivity to perturbed parameters during evoked activity =~ we
investigate the response evoked by a transient thalamocortical
activation in the upscaled model. Our main objective is to confirm
that the upscaling procedure preserves the overall statistics of
the reference model, and that the inclusion of space facilitates
activity propagating across lateral space.

Spontaneous activity

The spike raster plot in Fig. 3A and the population-averaged rate
histograms in Fig. 3C show that the reference model produces
asynchronous irregular spiking with firing rates below 10 spikes/s
(Softky and Koch 1993; Brunel and Hakim 1999; Brunel 2000)
and rate fluctuations comparable in amplitude to the mean rate
for each population. The firing rates are on average higher for
inhibitory populations than for excitatory populations within the
same layer, and the mean firing rate is larger than the median for
each population (see Fig. 4A). The latter corresponds to the long-
tailed distributions of spike rates in Fig. 4D with most neurons
firing at lower rates. This type of asymmetric distribution of firing
rates in the model resembles the lognormally distributed firing
rates observed experimentally (reviewed by Buzsaki and Mizuseki
2014). The mean values of the coefficients of local variation
(Fig. 4B,E) are close to unity, indicating that the regularity of the
spike trains is similar to that of a Poisson point process (LV =
1). The distributions are broad, that is, a fraction of neurons in
each population has spike-train statistics with LV > 1. The mean
LV values are comparable to values observed in visual cortex
across different species (Mochizuki et al. 2016, Figure 5B). The
box plots in Fig. 4A,B are similar to (Potjans and Diesmann 2014,
Figure 6) showing firing rates and the conventional coefficient
of variation (Shinomoto et al. 2003, Equation 2.1). The Pearson
correlation coefficients (CC, Fig. 4C,F) are distributed around zero.
With our model time of Tmoder1 = 15min, the shapes of the
distributions observed here are not strongly affected by the finite
simulation duration, but they are not fully converged yet. The
effects of simulation duration were investigated by Dasbach et al.
(2021) using the microcircuit model by Potjans and Diesmann
(2014) (see Figures 2 and 7 of Dasbach et al. 2021). We here use
the same maximum duration as they. Weak pairwise spike-train
correlations (with mean values < 0.1 using 50 ms count windows)
are reported, for example, by Ecker et al. (2010), who record
from nearby neurons in primary visual cortex of awake monkey
under different stimulation conditions. The population-rate PSDs
in Fig. 4G show that the power tends to be higher in the activity of
excitatory compared to inhibitory populations in each layer due
to the overall larger density of excitatory neurons, except for layer
2/3, where the excitatory rate is less than 1spike/s. Across layers,
the power is highest in layer 4, explained by the comparatively
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Fig. 3. Spike raster plots and instantaneous firing rates. Spike times are vertically organized according to populations defined by layer and neuron type.
A Spikes of all neurons of the 1mm? reference model. B Spikes of all neurons located within a center disc of 1mm? in the upscaled model. Neuron IDs
within each population are randomized; spatial information is scrambled. C Population-averaged rate histogram with temporal bin size At = 0.5ms of
spike data in panel A. D Population-averaged rate histogram with temporal bin size At of spike data in panel B.

high spike rates and high cell densities. The power spectra are
relatively flat without visible dominant oscillation frequencies.

Analyzing the spike data of all neurons of the upscaled model
that are located within the central disc of 1mm? yields qualita-
tively similar spiking statistics to the reference model, as seen by
comparing Fig. 3 panels A,C versus panels B,D and Fig. 4 panels A-
G versus H-N. The difference between inhibitory and excitatory
firing rates in each layer is more pronounced in the upscaled
model. The upscaled model also exhibits an increased excitatory
firing rate in layer 2/3 compared to the reference model and
reduced excitatory firing rates in the other layers. Fig. 5 provides a
closer look on the spike train correlations of the upscaled model:
Wider count windows lead to wider distributions of Pearson cor-
relation coefficients while the mean remains close to zero (see
panel A). The spike-count cross-correlation functions in panel B
indicate that the structured part of the cross-correlations in our
model indeed only spans time lags of at most a few milliseconds;
for the corresponding theory, refer to Renart et al. (2010); Tetzlaff
et al. (2012); Helias et al. (2014).

The scaling factors for recurrent and external in-degrees (kyx
and kexty in Table 4) are chosen based on a dynamic argument:
There is accumulating evidence that the typical operating regime
of sensory cortices is asynchronous and irregular in particular in
the awake state when no specific stimulus is present. Measures of
LFP signals, which are assumed to mainly reflect synaptic activity,
in, for example, visual cortex also do not show pronounced peaks
in their spectra in the absence of stimuli (see, for example, Berens
et al. 2008; Jia et al. 2011; Ray and Maunsell 2011a; Jia et al.
2013a; Kerkoerle et al. 2014). The reference model already shows
reduced global synchrony in the low- and high-gamma ranges
compared to the model by Potjans and Diesmann (2014), but
some spontaneously occurring, coordinated rate fluctuations are
visible (Fig. 3A). We apply the mentioned perturbations to the

in-degrees in order to achieve asynchronous-irregular activity at
plausible firing rates with further attenuated rate fluctuations
in the final upscaled model. Our approach is informed by the
analytical framework by Bos et al. (2016) who provide a sensitivity
measure that relates population rate spectra to the connectivity
of the underlying neuron network. Since the in-degrees in the
reference model are estimated across different areas and species
and are merely suggestive of typical cortical connectivity, we
consider modifications to these values to be within the bounds
of uncertainties. In-degree values can be refined in future model
iterations when further experimental connectivity data becomes
available.

In the rate power spectra of the upscaled model (Fig. 4N), we
observe a peak at ~ 50Hz across all populations except within
layer 4 where such oscillations are attenuated via the increased
in-degree from L4I onto itself, leaving only a shoulder and peak
above ~ 100 Hz for L4E and L4I respectively. The low-gamma peak
seen around 50 Hz is predominantly generated by a sub-circuit of
layer 2/3 and layer 4 populations of excitatory and inhibitory neu-
rons (pyramidal-interneuron gamma or PING mechanism (Leung
1982; Borgers and Kopell 2003, 2005; Bos et al. 2016). A high-
gamma peak > 200Hz resulting from interneuron-interneuron
interactions (interneuron-interneuron gamma mechanism, see
Whittington et al. 1995; Wang and Buzséki 1996; Chow et al.
1998; Whittington et al. 2000) is pronounced in the version of the
microcircuit model by Potjans and Diesmann (2014) studied by Bos
etal. (2016) but not in the reference model. See Buzsaki and Wang
(2012) for a review on the various mechanisms underlying gamma
oscillations.

Sensitivity to perturbed parameters during evoked activity

We have so far only considered networks receiving external inputs
with stationary rates. However, cortical areas are recurrently
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Fig. 4. Statistical analysis of the spike data shown in Fig. 3. Data of full simulation duration T yeqe;1 analyzed for reference model (top, panels
A-G, Tmm?) and upscaled model (bottom, panels H-N, 1 mm? sampled). A,H Box plots (Tukey 1977) of spike rates FR for each population (horizontal
black lines: median, white lines: mean, boxes in population-specific colors: lower and upper quartiles of the data, whiskers extend to most extreme
observations within 1.5 x IQR beyond the IQR (interquartile range) without outliers (created with matplotlib.pyplot.boxplot). B,I Coefficients of
local variation LV, see Equation (24). C,J Pearson correlation coefficients CC, see Equation (25). D,K Distributions of spike rates FR. E,L Distributions of
coefficients of local variation LV. F,M Distributions of Pearson correlation coefficients CC. G,N Population-rate PSD.

connected to other parts of cortex and subcortical structures,
and receive inputs with large rate fluctuations. In order to assess
the speed of evoked wave propagation across cortical space, we
here mimic a stimulation experiment, by activating all thalamic
neurons inside a disc of radius REA*® centered around (x, y) = (0,0)
once every time interval of Atrc (see Table 4 for values). The
activation could, for example, represent a visual stimulation
experiment where activity in lateral geniculate nucleus (or
visual thalamus) thalamocortical (TC) projection neurons is
evoked by a brief flash stimulus to a part of the visual field
(Bringuier et al. 1999; Muller et al. 2014), air puffs or mechanical
whisker deflections to stimulate whisker barrel cortex (Swadlow
et al. 2002; Einevoll et al. 2007), or direct electric or optogenetic
stimulation of the thalamocortical pathway (Klein et al. 2016).
The model of Potjans and Diesmann (2014, page 802) exhibits a
handshake principle in response to thalamic pulses due to mutual
interactions of excitatory and inhibitory populations, in which
the receiving layer inhibits the sending layer as if to signal that
it has received the message, so that the sending layer can stop

transmitting. We test whether this mechanism is preserved in the
upscaled model. Furthermore, we derive the propagation speed
of evoked spiking activity spreading outward from the center of
stimulation.

Figure 6A shows series of snapshots of spatiotemporally binned
activity of each population in the full network of size 4 x 4mm?
(similar to Mehring et al. 2003; Yger et al. 2011, Figure 2). The
thalamic pulse is visible at t = 1,100 ms in the center of the net-
work. The cortical populations respond with a ring-like outward
spread of activity that can be described as a traveling wave, in
contrast to a stationary bump of activity (Muller et al. 2018). The
spike raster in Fig. 6B sorts the neurons within each population
vertically according to their x-position: the activity before the
pulse appears to be asynchronous and irregular, and the spatially
confined outward spread of high activity caused by the pulse
is followed by reduced activity for tens of milliseconds across
different populations until the asynchronous-irregular activity is
reattained. In Hao et al. (2016, Figure 3) a similar suppression
period of tens of milliseconds is observed after a single-pulse
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functions for each layer.

electrical micro-stimulation in monkey motor cortex, often fol-
lowed by a rebound of excitation. The population-averaged rate
histograms in Fig. 6 highlight the transient network responses.
The strong initial response visible in populations L4E and L6E
is expected since the thalamocortical input targets layers 4 and
6 directly (see Table 4). This evoked activity affects the other
network populations via recurrent connections across and within
layers. The duration of the activation is overall similar to evoked
MUA following whisker stimulation as reported by Einevoll et al.
(2007). The multiple peaks in the rate histograms in panel C,
most prominent in populations L4E and L6E, are due to recurrent
excitation and inhibition within and across layers. These results
are comparable with Potjans and Diesmann (2014, Figure 10) and
Hagen et al. (2016, Figure 7), and we therefore conclude that the
upscaling procedure does not fundamentally affect the response
of the network to transient external input apart from introducing
spatial structure.

In order to derive the radial propagation speed of evoked activ-
ity, we compute the distance-dependent cross-correlation func-
tions (see Section Statistical measures) shown in Fig. 6D. The
propagation speed Uprop is computed separately for each popu-
lation via the shift of the maximum value of CC (r,r) for time
lags t with increasing distance r. It is to date difficult to observe
wave-like activity on the spiking level (Takahashi et al. 2015).
However, model predictions for spiking propagation speeds can
be compared with other measures, keeping in mind potential
differences between spiking activity and population measures
such as the LFP. Both types of signals can reflect propagation
along long-range horizontal connections (Grinvald et al. 1994;
Nauhaus et al. 2009; Takahashi et al. 2015; Zanos et al. 2015),
which also includes synaptic processing times, but they are also
affected by intrinsic dendritic filtering (Lindén et al. 2010). Muller
et al. (2018) remark that macroscopic waves traveling across the
whole brain typically exhibit propagation speeds of 1 —10mm/ms,
similar to axonal conduction speeds of myelinated white matter
fibers in cortex, while mesoscopic waves (as considered here)
show propagation speeds of 0.1 — 0.8 mm/ms, similar to axonal
conduction speeds of unmyelinated long-range horizontal fibers
within the superficial layers of cortex. For example, LFP signals

and signals obtained with voltage-sensitive dye imaging in visual
cortex propagate with similar speeds, see Table 7. Estimates from
monkey motor cortex are in the same range (Rubino et al. 2006;
Takahashi et al. 2015; Denker et al. 2018). The derived propagation
speeds in our model are vpep € [0.13,0.17] mm/ms, which is
within the range of experimentally measured propagation speeds.
Note that these values are smaller than the fixed conduction
speed (v = 0.3 mm/ms) because propagation through the network
includes neuronal integration and the delay offsets.

Prediction of extracellular signals

We here summarize our findings for the calculated LFP, CSD and
MUA signals across the cortical space spanned by the upscaled
network model, with recording geometry similar to a 4 x 4mm?
Utah multi-electrode array. As in Hagen et al. (2016), the eight
cortical network populations spanning layers 2/3, 4, 5 and 6 are
expanded into 16 different cell types to account for differences
in laminar profiles (layer specificities) of synaptic connections
among cell types in a single layer when predicting the LFP. The
detailed derivation of laminar profiles from the anatomical data
(i.e. Binzegger et al. 2004) is given in Hagen et al. 2016 (but see
Section The hybrid scheme for modeling extracellular signals). In
Fig. 7 we show the reconstructed morphology used for each cell
type y in population Y, with occurrences and compartment counts
summarized in Table 6. The cortical layer boundaries and depths
are also shown in the figure, and each morphology is positioned
such that the soma is at the center of the corresponding layer.
Different cell types belonging to the same population within a
layer may have different geometries supporting different laminar
profiles of synaptic connections. For example, the p4 pyramidal
cell type and the ss4 spiny stellate cell types both belong to popu-
lation L4E of the point-neuron network. Previous modeling studies
demonstrate the major effect of the geometry of the morphology
on the measured extracellular potential due to intrinsic dendritic
filtering of synaptic input (e.g. Lindén et al. 2010, 2011; Leski et al.
2013), which is also accounted for here.

The geometry of the recording locations corresponding to the
4 x 4mm? Utah multi-electrode array is illustrated in Fig. 8A.
Fig. 8B shows example LFP signal traces corresponding to the
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Fig. 6. Activity evoked by thalamic pulses. A Series of snapshots of spatiotemporally binned activity per population over the whole 4 x 4mm? network.
B Spike raster showing every 25th neuron of all neurons in 4 x 4mm?; neurons are sorted according to their x-position. The network is stimulated by a
single thalamic pulse at t = 1, 100 ms. C Population-averaged rate histograms with temporal bin size At = 0.5ms for a time interval around the thalamic
pulse. D Distance-dependent cross-correlation functions CC” (z, ) between thalamic activation (length of vertical bar indicates radius of patch of active
thalamic neurons) and spatially binned spiking activity, where r is the distance to the center of the network and ¢ is the time lag. Estimate for wave

propagation speed Uprop through linear fit (dashed line).

spontaneous activity in our laminar, upscaled point-neuron net-
work, with spike raster plot shown in Fig. 3B. The LFP signal
fluctuates with amplitudes somewhat smaller than experimen-
tally observed spontaneous potentials (0.1 — 1mV, Maier et al.
2010; Hagen et al. 2015; Reyes-Puerta et al. 2016; Rimehaug et al.
2023), with occasional transients above 50 uV (occurring outside
shown interval). This result is expected as there are no external
sources of rate fluctuations and associated LFPs such as thala-
mic activation or feedback from other areas, which may other-
wise explain larger signal amplitudes. The amplitudes observed
here are also smaller than those from the forward-model pre-
dictions of LFPs from spontaneous activity in a 1mm? network
model (Potjans and Diesmann 2014; Hagen et al. 2016, Figure 8M),

although the total number of neurons in the upscaled model
is greater by a factor of ~ 40. The discrepancy is explained by
strong gamma oscillations generated in the 1 mm? network model
(Hagen et al. 2016).

For comparison with the LFP, we show in Fig. 8C the corre-
sponding CSD signal computed from transmembrane currents in
the same locations. The LFP and corresponding CSD in general
reflect correlations in synaptic input nearby the measurement
site and therefore contain contributions from both local and
remote neuronal activity (Kajikawa and Schroeder 2011; Lindén
et al. 2011; Leski et al. 2013; Rimehaug et al. 2023). The CSD
reflects the gross in- and outgoing transmembrane currents in
vicinity to the recording device (Nicholson and Freeman 1975;
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Table 7. Comparison of selected model results with experimental data.

Activity results

Propagation speed in visual cortex (upscaled model: vpop € [0.13,0.17 | mm/ms)

Value (mm/ms) Data acquisition

Reference

0.31+0.23 (cat)
0.24 + 0.2 (monkey)
0.18 (cat) 0.29 (monkey)

0.13 awake monkey, LFP

0.31+£0.08

0.1-0.25 monkey, voltage-sensitive dye imaging
0.28 [0.19, 0.55]

0.25 —1.35 (0.57 £0.18)

anesthetized cat and monkey, propagation of spike-triggered LFPs both in spontaneous
activity and with visual stimulation (mean + standard deviation)
reanalyze the data from Nauhaus et al. (2009), impulse response of ongoing activity

monkey, LFP propagation triggered by saccades (mean =+ standard deviation)

cat, voltage-sensitive dye imaging (mean and 75% confidence interval)
monkey, voltage-sensitive dye imaging (range and median =+ standard deviation)

Nauhaus et al. (2009)

Nauhaus et al. (2012)

Ray and Maunsell (2011b)
Zanos et al. (2015)
Grinvald et al. (1994)
Benucci et al. (2007)
Muller et al. (2014)

Population Y: L2/3E
Cell type y:  p23
JEPCA B 1/
L2/
’E‘ —587 = errrrarinians
=
= L4
=
Q.
% .Y 3 TP
L5
_1170_ ..............
L6
_1492_ ..............
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p5(L23) p5(L56) | b5 nb5 p6(L4) p6(L56) | b6 nb6

Fig. 7. Cell types and morphologies of the multicompartment-neuron populations. The 8 cortical populations Y in the 4 x 4mm? network model are
represented by 16 subpopulations of cell type y with detailed morphologies (Binzegger et al. 2004; Izhikevich and Edelman 2008). Neuron reconstructions
are obtained from cat visual cortex and cat somatosensory cortex (source: NeuroMorpho.org by Kisvarday and Eysel (1992), Mainen and Sejnowski (1996),
Contreras et al. (1997), Ascoli et al. (2007), and Stepanyants et al. (2007); see Hagen et al. 2016, Table 7). Each morphology is here shown in relation to
the layer boundaries across depth (horizontal lines). Colors distinguish between network populations as in Fig. 1.

Mitzdorf 1985; Pettersen et al. 2006, 2008; Potworowski et al.
2012), and is therefore expected to be less correlated across
space than the LFP, which is affected by volume conduction.
Thus on average, LFP traces from neighboring sites are more
correlated than sites further apart, detailed in the Section
Distance-dependent correlations of spike trains and LFPs.

The high-frequency (2 100 Hz) part of experimentally obtained
extracellular potentials contains information on spiking activity
of local neurons (see e.g. Einevoll et al. 2012). Spikes of single neu-
rons may be extracted from the raw signal based on classification
of extracellular waveforms of the action-potentials (throughspike
sorting, Quiroga 2007; Einevoll et al. 2012). Even if no units are
clearly discernible in the high-frequency part of the signal, a previ-
ous forward-modeling study using biophysically detailed neuron
models (Pettersen et al. 2008) shows that the envelope of the
rectified high-pass filtered (750Hz cutoff frequency) signal cor-
relates well with the spike rate in the local population of neurons.
Pettersen et al. (2008) refer to this rectified signal as the MUA,
which we approximate by summing up the spiking activity of layer
2/3 neurons in 400 x 400 um? spatial bins around each contact
and weighting the contributions from excitatory and inhibitory
neurons identically. Consequently MUA signals have more high-
frequency content than the LFP and CSD signals at the same

locations (Fig. 8D). To quantify this observation, we next compare
the power spectra.

Signal power spectra

As a first quantitative inspection of the different virtual mea-
surements of network activity, we compute the mean PSDs of
LFP, CSD, and MUA signals and their standard deviations in all
channels (Fig. 8E-G). The population firing rate spectra exhibit
a gamma oscillation around 50Hz (Fig. 4N). The oscillation is
prominent in the MUA spectra, due to MUA directly reflecting the
firing rates in L2/3. LFP and CSD express the gamma oscillation
merely as a shoulder in the respective PSD. Above ~ 50Hz, the
signal power of the LFP and CSD decay steeply (approximately as
1/f?), mainly explained by the combination of intrinsic dendritic
filtering (Lindén et al. 2010) and synaptic filtering from using
exponential temporal kernels for the synaptic currents. This low-
pass filtering effect is absent in the population firing rates and in
the MUA signal PSD, which flattens out toward higher frequencies.
At frequencies < S0Hz, the LFP and CSD increase in power down
to ~ 10 Hz, below which their spectra remain comparatively flat,
in contrast to the attenuated low frequency content in the MUA.
Monotonically decreasing LFP signal amplitudes with frequency
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Fig. 8. Top-down illustration of multi-electrode array geometry and LFP, CSD, and MUA signals. A Extracellular potentials are computed in 10 x 10
electrode locations denoted by circular markers at the depth corresponding to the center of layer 2/3. The electrode inter-contact distance is 400 um.
The signals are computed at the center of layer 2/3 (at z = —334 um) The number under each circular marker denotes the channel number. B-D LFP,
CSD, and MUA signal excerpts from three chosen contacts numbered 12, 67, and 77, color code as in panel A. The CSD is computed from transmembrane
currents, and the MUA is calculated as the count of excitatory and inhibitory spike events from layer 2/3 neurons in spatiotemporal bins of duration
At = 0.5ms and width 400 um around each contact. The pairwise correlations between these signals computed for the full 5s simulation duration
are: LFP: CCCh_67:77 = 0.37, CCch_12:67 = OAOGS,CCCh_12:77 = 0.024; CSD: CCCh_67:77 = 0.040, Ccch‘12:67 = 7OA093,CCC}‘_12:77 = 0.014; MUA: CCCh_57:77 =

0.035, CCMUA

ch12:67 — ch,12.77 =

—0.0027,CCMYA __ — —0.011. E LFP power spectrum averaged over channels (black line). The gray area denotes the average spectrum

plus/minus one standard deviation computed over all observations. F,G Same as panel E, but for the CSD and MUA signals.

are consistent with experimental observations (see, e.g. Jia et al.
2011; Prakash et al. 2021).

The lack of low-frequency power in the MUA is partly explained
by the background input with a flat power spectrum (a Pois-
son process with fixed rate) and the absence of recurrent sub-
circuits capable of generating slow rate fluctuations or slow
oscillations. One mechanism contributing to the lack of low-
frequency power in the MUA is active decorrelation by inhibitory
feedback, which suppresses population-rate fluctuations (Tetzlaff
et al. 2012; Helias et al. 2014). With LFP power spectra in quali-
tative agreement with experimental observations, we investigate
the properties of these signals in terms of distance-dependent
correlations and coherences.

Distance-dependent correlations of spike trains and LFPs

The observation of weak pairwise spike-train correlations in
cortical neuronal networks (for example, Ecker et al. 2010) is
seemingly at odds with the typical observation of highly corre-
lated LFPs across cortical space (for example, Nauhaus et al. 2009).
We have so far established that the mean pairwise spike-train
correlations within populations in our spatially organized layered
network are typically near zero for spontaneous activity (Section
Spontaneous activity). However, the network can propagate waves
of synchronous activity when excited by external input (Sec-
tion Sensitivity to perturbed parameters during evoked activity).
Here, we focus on spontaneous activity, as it is unclear how this
weakly correlated network activity affects population signals such
as the LFP across space. Previous modeling studies highlight the
crucial role of correlation in synaptic inputs for the spatial reach
of the LFP (Lindén et al. 2011; Leski et al. 2013). In contrast to these
studies, which rely on input spike trains with Poisson inter-spike
statistics, we here account for ongoing network interactions, and

full numbers of neurons and connections under 4 x 4mm? of
cortical surface.

For spontaneous spiking activity in the upscaled network, we
analyze the LFP, CSD, and MUA across the 100 channel locations in
layer 2/3 illustrated in Fig. 8A, with panels B-D showing temporal
snapshots of each signal in three different channels. In addition
to pairwise spike train correlations computed for a subset of
neurons in network populations L2/3E and L2/3I arranged by their
separation (Fig. 9A), we compute the Pearson product-moment
correlation coefficient between all possible pairs of LFP chan-
nels, and sort them by inter-contact distance (Fig. 9B). Due to
the periodic boundary conditions of the upscaled network and
LFP model, the largest possible separation between contacts is
L/v/2 ~ 2.8mm (i.e. five electrode contacts along the diagonal).
The mean values are well fit by a simple exponential function,
with a space constant of ~ 0.53mm and an offset of ~ 0.047. The
correlations in the simulated LFP (marginal distribution across all
distances in Fig. 9B) are lower compared to findings by Nauhaus
et al. (2009, Fig. 8) during spontaneous activity in anesthetized
macaque (approximately 0.95 at 0.4 mm and 0.75 at 2.4 mm elec-
trode separation, respectively) and cat (approximately 0.93 at
0.4mm and 0.83 at 2.4mm electrode separation, respectively).
However, with high-contrast drifting grating type stimuli the cor-
relations between pairs of LFP signals are shown to decrease
to values around 0.5 at an electrode separation of 2.4 mm. Also
Destexhe et al. (1999) analyze spatial correlations in the LFP of
cat suprasylvian cortex during awake and different sleep states,
and find mean correlations of approximately 0.6 at 2 mm contact
separation in the awake state. The point neuron and correspond-
ing LFP model also ignore rate fluctuations in their background
input (here represented as Poisson generators with fixed rates),
which may be another source of spatial correlations in vivo. Global
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Fig. 9. Distance-dependent correlations in spike trains, LFP, CSD, and MUA signals in L2/3. A Pairwise spike-train correlations (vertical) computed for
excitatory (E-E, n = 512) and inhibitory (I-I, n = 512) pairs of L2/3 neurons (color code in legend), sorted by inter-neuron distance r (horizontal) and
gathered across all distances as marginal distributions (vertically, right side of panel). The correlations are computed from spike trains of a long duration
network simulation (Tmogdel1 = 15min). B Pearson correlation coefficient between pairs of LFP signals as function of separation between channels. The
black curve (denoted “corr. coeff.”) shows the mean at each unique separation (marginal as in panel A); whiskers denote 1 standard deviation. The red
curve (denoted with g and R?) shows the least-squares fit of an exponential function (Equation (27)) to all data points (coefficient of determination (R?)
in legend). C Similar to panel B but for CSD signals. D Similar to panel B but for MUA signals. Histograms of the values marginalized across distance are
given at the right of each panel. Note that the distance values in panels B-D result from the electrode layout (see Fig. 8A); for visibility, the individual
data points are jittered along the horizontal axis by adding uniformly distributed random numbers in [-0.025, 0.025].

fluctuations or shared input correlations in the background input
can be expected to increase pairwise LFP correlations (Lindén et al.
2011; keski et al. 2013; Hagen et al. 2016).

Bringing our attention to CSDs (Fig. 9C), the calculated CSD is
expected to suppress correlations among channels due to vol-
ume conduction and represents the local sink/source pattern
underlying the LFP (Nicholson and Freeman 1975; Mitzdorf 1985;
Pettersen et al. 2006, 2008; Potworowski et al. 2012). The overall
positive correlations observed for the LFP are mostly gone for
the CSD: the correlations are on average only positive at short
separations and negligible beyond 1mm electrode separation.
This negligible correlation at greater distances reflects in part
that dendrites of each morphology (cf. Fig. 7) are mostly confined
within ~ 300 um in the lateral directions. Also, the CSD estimate
(cf. Section Calculation of the CSD) is here computed at a single
depth only, but CSDs do vary across depth, mediated mainly by the
apical dendrites of the pyramidal cell populations across layers.

The MUA estimate based on the sum of spiking activity
in L2/3 in the vicinity of each LFP contact point (cf. Section
Calculation of the MUA signal) results in the distance-dependent
correlations in Fig. 9D. In contrast to pairwise spike-train corre-
lations (Fig. 9A), a monotonically decaying distance dependence

is observed, which is well fit by an exponential function with
spatial decay constant of ~ 0.25mm and vanishing offset from
zero at greater distances. This sharper decay, about half of
the spatial decay constant observed for the LFP, reflects the
fact that the LFP is essentially composed of spatiotemporally
filtered spiking activity. In conclusion, the model reproduces the
theoretical result that sums of correlated variables are generally
more strongly correlated than the individual components in the
sum (Bedenbaugh and Gerstein 1997; Harris and Thiele 2011;
Rosenbaum et al. 2011; Tetzlaff et al. 2012), and in addition shows
a distance dependence in these composed signals (in particular
in the LFP and MUA) similar to experimental findings.

Spatial coherence of local field potential is band-passed

So far we have established that the model LFP is correlated across
distance in qualitative agreement with experimental findings,
while the corresponding CSD and MUA signals are hardly corre-
lated beyond electrode separations of ~ 1mm. We next extend
this analysis to the frequency domain by considering distance-
dependent coherences, mainly motivated by two experimental
observations: LFP coherence across channels depends on inter-
electrode distance as reported by Jia et al. (2011) and Srinath
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and Ray (2014), and a study by Dubey and Ray (2016) showing
that the ‘spatial spread’ of LFP has band-pass properties in the
gamma range. Another modeling study (Leski et al. 2013) extends
the study of LFP ‘reach’ by Lindén et al. (2011) to distance-
dependent coherences, showing that dendritic filtering (Lindén
et al. 2010) introduces a low-pass effect on the LFP reach of uncor-
related synaptic input currents with an approximately white
power spectrum. In contrast to these latter modeling studies, our
combined point-neuron network and LFP-generating setup allows
accounting for weakly correlated spiking activity in the network,
at realistic density of neurons and connections. In contrast to
the earlier model studies, the network’s spiking activity is non-
random and the corresponding firing rate spectra is frequency
dependent (Fig. 4N), which may allowing testing the hypothesis
that network activity in the gamma range results in increased
coherence in the LFP, explaining the apparent band-pass filter
effect.

From the LFP spectrum (Fig. 8E), we infer that a fraction of
its variance is due to a low-frequency gamma oscillation around
50Hz mainly explained by the PING mechanism (detailed in Sec-
tion Spontaneous activity). In Fig. 10A we show the mean coher-
ences (yirp—rrp)(f) between individual pairs of LFP signals from
channels separated by a distance r = {0.4, 0.8, 1.2, 1.6, 2.0} mm.
The coherence drops quickly from OHz to around 15Hz. For the
shortest separation (0.4 mm), the coherence is around 0.05 at this
frequency, and increases above ~ 0.25 in the low-gamma range
(around S50Hz). A broad peak in the coherence with magnitudes
above 0.2 is seen up to 100—150 Hz. Above ~ 200 Hz, the coherence
drops to below 0.1. The coherence across all frequencies is further
reduced for increased inter-contact distances, and is negligible
at 2mm across all frequencies. The drop in coherence across
frequencies with distance is similarly observed in experimental
LFP data during stimulus conditions (Srinath and Ray 2014, Figure
1A). Srinath and Ray (2014) observe a peak in low-gamma LFP
coherence around 40 Hz for distances up to 4 mm in two different
subjects. Also an increase in coherence is seen for harmonic
frequencies around 80 Hz. The baseline coherence (no visual stim-
ulus) shows no increase in the gamma range of frequencies,
except for sharp peaks due to the CRT display frequency and
the second harmonic of noise (Srinath and Ray 2014). While less
pronounced than in their study, also the LFP predictions show
elevated coherences across greater distances than the CSD and
MUA. The effect is quite visible in the color image plot (Fig. 10D),
compared to the corresponding CSD and MUA (panels E and F).
The effect is reminiscent of the apparent band-pass filter effect
reported by Dubey and Ray (2016), in that the coherence across
sites is increased and decays more slowly with distance in the
gamma range compared to higher and lower frequencies. In our
study, the effect occurs in the absence of temporally varying
external input to the network model and is explained by network
interactions. In a previous model iteration (Senk et al. 2018), we
report much stronger LFP coherence in the gamma band across
space, attributed to the fact that the network generated relatively
strong gamma oscillations, translates into a greater band-pass
filter effect.

Discussion

This study investigates a multi-layer point-neuron network model
covering 4 x 4mm? of cortical surface at realistic neuron and
connection density, amounting to ~ 3.2 million neurons and
~ 7.7 billion synapses. The model covers the same area as the
10 x 10 Utah multi-electrode array and accounts for spiking
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activity across excitatory and inhibitory neurons in layers 2/3,
4, 5, and 6, and LFP, current source densities (CSD), and MUA
in layer 2/3. Our model extends a 1mm? cortical microcircuit
model of macaque V1 (Potjans and Diesmann 2014; Schmidt et al.
2018a), introducing distance-dependent connection probabilities
and delays. The biophysics-based LFP predictions rely on a scheme
(Hagen et al. 2016) generalized to spatially structured networks.

The upscaled model reproduces asynchronous-irregular
spiking activity, heterogeneous firing rates, spike—train variability
consistent with observations in sensory cortex, and weak pairwise
spike-train correlations. The model further exhibits spatially
spreading activity with plausible propagation speed evoked by
a thalamic pulse, as resulting from a brief stimulus to a part
of the visual field. Finally, the model accounts for spatially
correlated and coherent LFPs during spontaneous network
activity, and thereby reconciles weakly correlated spiking activity
with significantly correlated LFPs across space. This results
from temporal filtering properties of synaptic current, filtering
by neuronal cables, volume conduction, and the LFP “boosting”
effect by summing over all pairwise cross-correlations between
the contributing single cells, see Hagen et al. (2016, p. 4484) for
details. LFP coherences are distance-dependent with a slower
spatial decay around the 50 Hz low-gamma frequency compared
to other frequencies, resulting in an apparent band-pass filter
effect.

To our knowledge, this study is the first to address both spik-
ing activity and LFP in a layered network model covering sev-
eral square millimeters of cortical surface at full neuron and
synapse density. Compared to natural cortical neuron densities
of O (10°) neurons/mm’ (see e.g. Herculano-Houzel 2009; Ribeiro
et al. 2013), other studies of 2D networks often consider only
one layer of excitatory and inhibitory neurons (Mehring et al.
2003; Yger et al. 2011; Voges and Perrinet 2012; Keane and Gong
2015; Schnepel et al. 2015) or two layers (Rosenbaum et al. 2017,
Antolik et al. 2024), examine a smaller surface area (e.g. only
1mm?, see Yger et al. 2011; Rosenbaum and Doiron 2014; Pyle and
Rosenbaum 2017), and use reduced densities (e.g. about 50,000
neurons on 5 x 5mm?, Voges and Perrinet 2012). Tomsett et al.
(2014) also incorporate LFP predictions from a network of O (10°)
multicompartment neurons, but consider only a thin cortical slice
across layers similar to in vitro experiments. There are also related
works aiming at highly detailed anatomical models of cortical
circuitry incorporating extracellular signal predictions (e.g. Billeh
et al. 2020; Rimehaug et al. 2023; Reimann et al. 2024). Network
downscaling without compromising first- and second order spike—
train statistics requires adjusting connection strengths and back-
ground input to the decreased numbers of synapses (Albada et al.
2015), but upscaling is different: Our procedure of increasing the
size of a microcircuit modifies in-degrees and background input,
but preserves local recurrence and local activity statistics. Hence,
the upscaled model presented here simultaneously explains the
findings obtained in less complex models.

The modeled LFP amplitudes agree with spontaneous LFP
amplitudes in the range 0.1 — 1mV observed experimentally (e.g.
Maier et al. 2010; Hagen et al. 2015; Reyes-Puerta et al. 2016).
The LFP spectra reveal an oscillation around 50 Hz, but otherwise
decrease in power with frequency, akin to the power law scaling
behavior in experiments. Visual cortex exhibits elevated LFP
gamma power in the 30 — 80 Hz range especially during stimuli
(Berens et al. 2008; Katzner et al. 2009; Jia et al. 2011; Ray and
Maunsell 2011a; Xing et al. 2012; Jia et al. 2013b; Hadjipapas
et al. 2015; Veit et al. 2017; Ray 2022), leading to the hypothesis
that gamma oscillations have a functional role for computation
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(Ray and Maunsell 2010; Buzsaki and Wang 2012; Jia et al. 2013a).
The oscillations here result from the interplay between the
excitatory and inhibitory network populations (Bos et al. 2016).
The network receives an external drive with a stationary rate,
does not intrinsically generate slow rate fluctuations, and is
subject to active decorrelation (Tetzlaff et al. 2012). Nevertheless,
the model produces correlated LFPs with a distance dependence
compatible with experimental observations (Nauhaus et al. 2009).
The model also reproduces elevated coherences in the low-
gamma band compared to other frequencies, as also seen during
visual stimulation (Jia et al. 2011; Srinath and Ray 2014). The
slower spatial decay around 50 Hz in the model is consistent with
areported increased spatial LFP ‘reach’ analogous to spatial band-
pass filtering in the low-gamma band (Dubey and Ray 2016). Our
model shows that this effect is related to network oscillations.
The upscaled model uses exponentially decaying connection
probabilities, but future work may incorporate long-range
connections. Pyramidal neurons can have long horizontal
axons spanning several millimeters in addition to local axonal
branching. In cat and monkey visual cortex, these connections
are typically patchy and connect neurons with similar orientation
selectivity (Livingstone and Hubel 1984; Gilbert and Wiesel 1989;
Bosking et al. 1997; Sincich and Blasdel 2001; Tanigawa et al.
2005; Buzés et al. 2006; Binzegger et al. 2007). On a similar
note, the homogeneous distribution of neurons in the model is

a simplification that could be addressed in the future (Roe 2019).
Inhibitory interneurons can also exhibit long-range connections
(McDonald and Burkhalter 1993). Voges and Perrinet (2012)
demonstrate that the fraction of local versus remote connections
is crucial for the resulting network dynamics.

There are only a few comprehensive datasets detailing
(distance-dependent) connection probabilities (e.g. Binzegger
et al. 2004; Reimann et al. 2017). Most connectivity studies focus
on specific projections, and due to different experimental proto-
cols (Albada et al. 2022), the data are difficult to integrate. Neuron
morphology appears to provide a valid first approximation for the
distance dependence of projections (Amirikian 2005; Brown and
Hestrin 2009; Hill et al. 2012), but the overlap between dendrites
and axons alone does not explain connectivity patterns, due
to target neuron-type specificity (Potjans and Diesmann 2014),
specificity at the level of individual neurons (Kasthuri et al.
2015), and preferential locations of dendritic spines and synaptic
boutons (Ohana et al. 2012). Algorithmic approaches pursued
within large-scale consortia (e.g. Kandel et al. 2013; Markram
et al. 2015; Reimann et al. 2015; Bae et al. 2023; Ding et al. 2023)
will hopefully provide more accurate connectomes of different
brain regions.

Activity in laminar networks depends on the boundary condi-
tions. Here we use periodic boundary conditions, which is a com-
mon choice for 2D models with isotropic connectivity mimicking
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a patch of the intact brain (e.g. Yger et al. 2011; Voges and Perrinet
2012; Rosenbaum and Doiron 2014). However, propagating activity
may travel across the boundary and directly influence its own
propagation, resulting in wave-front annihilation (Muller et al.
2018). An option to suppress such effects would be to sample the
activity of neurons across an inner domain of a larger network
(cf. Figs. 3 and 4). Larger models could also address the effects of
borders to adjacent cortical areas, as anatomical borders between
areas affect wave propagation (Xu et al. 2007; Muller et al. 2014).
Further comparisons between waves in experimental and simu-
lated data may follow the example of Capone et al. (2023) using a
data-driven model of a whole mouse hemisphere.

Spontaneous activity in our models is driven by uncorrelated
external inputs implicitly representing connections from other
cortices, subcortical structures, and sensory inputs However,
mutual interactions between recurrently connected areas are
expected to affect input statistics in terms of rates, spectra, and
correlations (Schuecker et al. 2017; Schmidt et al. 2018a). More
detailed models (e.g. Martinez-Cafnada et al. 2018) representing
naturalistic visual input to cortex are emerging. A recent model
reconstruction of mouse visual cortex showcases the importance
of thalamocortical and cortico-cortical input and feedback to the
local circuit for evoked LFP and CSD signals (Billeh et al. 2020;
Rimehaug et al. 2023). Inclusion of these feedback loops may
bring model results closer to experimental data (e.g. Chen et al.
2022).

For signal predictions, the tool LFPy (https://lfpy.readthedocs.
io; Hagen et al. 2018) facilitates the calculation of current dipole
moments and associated electroencephalographic (EEG) signals
and magnetoencephalographic (MEG) signals (Hdmaldinen et al.
1993; Nunez and Srinivasan 2006; Hagen et al. 2018). Forward-
model predictions of macroscopic signals like EEG and MEG may
thus provide an avenue toward a mechanistic understanding of
visually evoked potentials (Sokol 1976; Neymotin et al. 2020).

Simulations of networks with O (10°) neurons can be per-
formed routinely on high-performance computing facilities
(Jordan et al. 2018). However, extracellular signal predictions
via the computationally demanding hybrid scheme, which relies
on morphologically detailed neurons, required 3,407 core-h to
initialize and 1,680 core-h/s for predicting activity, versus 180
core-h and 2.3 core-h/s, respectively, for the spiking network.
Future work should adapt the kernel-based scheme of Hagen et al.
(2022) for LFP, EEG, and MEG predictions from spatially organized
networks.

This work represents a stepping stone for interpreting experi-
mental data obtained by multi-electrode arrays. Simulated single-
neuron and population activities can be directly compared with
corresponding data in a fully digitized “integrative loop”, while
the model’s simplicity makes mathematical analysis in terms
of mean-field and neural field theory viable (Bos et al. 2016;
Senk et al. 2020). Our hope is that the model facilitates a prin-
cipled understanding of the dependence of spike correlations on
distance, spatially coherent and correlated LFPs, spike-LFP rela-
tionships, and emergent spatiotemporal patterns such as waves.
We therefore envision the model as a platform for future work
adding further constraints iteratively and incrementally to deliver
accurate predictions of brain activity.
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