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Abstract

The stimulation of a single neuron in the rat somatosensory cortex can elicit a behavioral
response. The probability of a behavioral response does not depend appreciably on the
duration or intensity of a constant stimulation, whereas the response probability increases
significantly upon injection of an irregular current. Biological mechanisms that can potentially
suppress a constant input signal are present in the dynamics of both neurons and synapses
and seem ideal candidates to explain these experimental findings. Here, we study a large
network of integrate-and-fire neurons with several salient features of neuronal populations
in the rat barrel cortex. The model includes cellular spike-frequency adaptation, experimen-
tally constrained numbers and types of chemical synapses endowed with short-term plastic-
ity, and gap junctions. Numerical simulations of this model indicate that cellular and synaptic
adaptation mechanisms alone may not suffice to account for the experimental results if the
local network activity is read out by an integrator. However, a circuit that approximates a dif-
ferentiator can detect the single-cell stimulation with a reliability that barely depends on the
length or intensity of the stimulus, but that increases when an irregular signal is used. This
finding is in accordance with the experimental results obtained for the stimulation of a regu-
larly-spiking excitatory cell.

Author summary

It is widely assumed that only a large group of neurons can encode a stimulus or control
behavior. This tenet of neuroscience has been challenged by experiments in which stimu-
lating a single cortical neuron has had a measurable effect on an animal’s behavior.
Recently, theoretical studies have explored how a single-neuron stimulation could be
detected in a large recurrent network. However, these studies missed essential biological
mechanisms of cortical networks and are unable to explain more recent experiments in
the barrel cortex. Here, to describe the stimulated brain area, we propose and study a
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network model endowed with many important biological features of the barrel cortex.
Importantly, we also investigate different readout mechanisms, i.e. ways in which the
stimulation effects can propagate to other brain areas. We show that a readout network
which tracks rapid variations in the local network activity is in agreement with the experi-
ments. Our model demonstrates a possible mechanism for how the stimulation of a single
neuron translates into a signal at the population level, which is taken as a proxy of the ani-
mal’s response. Our results illustrate the power of spiking neural networks to properly
describe the effects of a single neuron’s activity.

Introduction

A classical method used in neuroscience to understand cortical circuits is to determine how
single neurons respond to a controlled sensory stimulus. If, for instance, one of a rat’s whiskers
is moved by the experimenter, a change in firing of specific neurons can be measured in the
barrel cortex, one of the most well studied parts of the primary sensory cortex [1]. The concept
of “reverse physiology” turns this approach around by studying the inverse situation in which
neurons in higher brain areas are stimulated and a behavioral or motor response can be elic-
ited (see [2] for early references on such experiments). The two kinds of experiments in combi-
nation then allow the linking of sensation and perception, one of the notoriously difficult
problems in neuroscience.

In the case that the stimulation affects only a single neuron, the outcome of the unconven-
tional and technically challenging reverse physiology experiments are particularly striking:
stimulating a single neuron in the motor cortex can evoke a whisker movement [3], and sin-
gle-cell stimulation in the barrel cortex—but not in the thalamus—Ileads to a weak but statisti-
cally significant behavioral response [4-6]. This contradicts prevailing hypotheses that
relevant signals can only be encoded in the activity of large neural populations.

Both the enormity of cortical networks—tens of thousands of neurons in the case of the
somatosensory cortex [7]—and the apparent randomness of single-neuron spiking [8, 9] have
classically been evoked as arguments for population coding. If single spikes are unpredictable
and noisy how can a few externally induced spikes lead to changes in behavior?

On the theoretical side, cortical populations have been modeled as (locally) random net-
works of synaptically coupled excitatory and inhibitory cells [10-12] (many studies just take
into account two distinct cell types). Even without the inclusion of explicit noise sources, these
models can show asynchronous irregular activity [13-15] that is similar to that observed in the
cortex of alert animals [16, 17]; this kind of network noise can also be described analytically by
stochastic mean-field methods (see for instance [10, 13, 18-20]). Besides the autonomous
activity of such networks, their linear and nonlinear response to global stimuli, i.e. applied to
all neurons in the network, has been in focus [20-24]. However, injecting a current into a sin-
gle neuron in such a generic network model can lead to sizable changes in a subpopulation’s
activity as well [25, 26]; this subpopulation can be regarded as a readout of the stimulus. If the
readout population is somewhat oriented towards the direct postsynaptic partners of the stim-
ulated cell, then the stimulus can be detected in the activity of this population [25]. If, more
realistically, the readout is accomplished by a second recurrent network with feed-forward
inhibition, as is most likely the case in the cortex, already a very small bias will lead to a detec-
tion performance comparable to that in the behavioral experiment [26].

Especially challenging for theoreticians are the results of the nanostimulation experiments
in the barrel cortex of behaving rats [6] which demonstrated striking dependencies of the

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831

February 8, 2021 2/38


https://doi.org/10.1371/journal.pcbi.1007831
https://gin.g-node.org/davidebernardi/BerDorBreLin20-plos-CB-sub/wiki
https://gin.g-node.org/davidebernardi/BerDorBreLin20-plos-CB-sub/wiki
https://www.eecs.tu-berlin.de/grk_15891
https://www.eecs.tu-berlin.de/grk_15891
https://www.bccn-berlin.de

PLOS COMPUTATIONAL BIOLOGY Differentiator network replicates single-cell stimulation effects in barrel cortex model

behavioral response on the properties of the stimulating current. The response does not
depend on the duration of the stimulus, it depends weakly on its intensity, and strongly on its
irregularity: the response is greatly enhanced if the current varies irregularly within the stimu-
lation window instead of being held constant. None of these findings can be explained by the
generic setups previously investigated in the context of single-cell stimulation [25, 26]. The
results in ref. [6] represent a challenging and complex set of constraints that are difficult to ful-
fill at the same time, especially for a model based on spiking network models, which are notori-
ously expensive to simulate and hard to treat analytically.

Here, we tackle this problem by studying a computational model that includes more biolog-
ical details of the barrel cortex: a network with three distinct cell types (one excitatory neuron
type and two distinct inhibitory interneuron classes), which are all modeled as integrate-and-
fire neurons endowed with adaptation currents, short-term synaptic plasticity for chemical
synapses, which can be facilitating or depressing according to the cell types, and electrical syn-
apses (gap junctions). A further crucial difference to our previous studies is that we compare
two ways of reading out the network’s response to the stimulation of one randomly selected
neuron: one based on the integration and one based on the differentiation of the network’s
activity. We also show that a basic excitatory-inhibitory circuit can be used to approximate the
differentiator, and demonstrate that the response of this so-called differentiator network read-
out is in several key aspects similar to the behavioral response observed in the experiments in
ref. [6].

Results

The model consists of two parts: a recurrent network, in which a randomly selected excitatory
regular spiking cell is stimulated to mimic the experiments, and a readout, which receives
input from the recurrent network and can detect the stimulation.

Recurrent network model

Fig 1 shows a scheme containing all essential features of our network model, briefly described
in the figure caption. The recurrent network model represents the surroundings of the stimu-
lated cell in a radius of about 200pm, in which connection probabilities can be considered as
constant [27, 28]. Taking into account the estimated neuron density in the barrel cortex [7], a
sphere with a radius of 200um contains about N = 2600 neurons, which we therefore take as
the network size. Although this network size corresponds to a fraction of one barrel, and an
even smaller fraction of the entire barrel cortex, this part of the model will be referred to as
“barrel cortex network” (BCN); we stress that the BCN only describes a generic subnetwork
within the barrel cortex and is not tailored to one specific layer, in line with the single-cell
stimulation experiments [4, 6], which did not target one layer in particular. The BCN consists
of three neuronal populations: excitatory regular spiking cells (RS), inhibitory fast-spiking (FS)
cells, and somatostatin-expressing low-threshold spiking (SOM-LTS) inhibitory neurons.
These three cell types account for a large fraction of the neurons found in the barrel cortex (for
instance, they account for about 99% of layer IV [29], but numbers in other layers are similar
[30]). All neurons are modeled as one-compartment leaky integrate-and-fire (LIF) neurons.
Besides leak conductance and spike generation, several other biological mechanisms are mod-
eled, according to the cell type.

The largest population consists of 2000 excitatory RS neurons, which are sparsely connected
to each other but densely connected to FS interneurons and SOM-LTS cells, as experimental
studies report [29]. The membrane time constant of RS cells is lognormally distributed with
mean 7,,, = 20 ms and a standard deviation of 20% of the mean [29, 31]. The 400 inhibitory FS
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Fig 1. Recurrent network model representing the surroundings of the stimulated cell. The network is formed by N,
= 2000 excitatory regular spiking (RS) neurons, N; = 400 inhibitory fast spiking (FS) neurons, and N, = 200 inhibitory
somatostatin-positive low-threshold spiking (SOM-LTS) neurons. Recurrent connections between RS neurons are
sparse (15%), all connections involving FS neurons as well as those between RS and SOM-LTS neurons are dense
(40%-50%). FS and SOM-LTS neurons are electrically coupled (only neurons of the same type). Gap junctions are
represented by an effective all-to-all spiking coupling (see main text). Connections in blue are strongly depressing,
connections in light blue are weakly depressing, and connections in red are strongly facilitating. RS and SOM-LTS
neurons are endowed with a spike-frequency adaptation current. Input from the thalamus and from neighboring
cortical regions is represented by Poissonian shot noise. SOM-LTS neurons do not receive external shot noise. The
three raster plots show the spontaneous activity of 120 (from top to bottom) RS, SOM, and FS neurons, respectively.
The spontaneous activity of all three populations is asynchronous and irregular.

https://doi.org/10.1371/journal.pcbi.1007831.g001

interneurons are characterized by faster membrane time constants (lognormal distribution
with mean 7,,,; = 10 ms [29]) and are densely connected both to other FS neurons and to RS
cells. The 200 SOM-LTS inhibitory neurons possess longer time scales (lognormal distribution
with mean 7, = 20 ms [29]) and a firing threshold which is 6 mV lower than in RS and FS
neurons [29]. SOM-LTS neurons do not inhibit each other via chemical synapses, but form
dense connections to and from RS neurons and sparser connections to and from FS interneu-
rons [29, 32, 33].

Both FS and SOM-LTS neurons are densely coupled to cells of the same type via electrical
synapses (gap junctions) [29, 32, 34], which are represented here by an effective global excit-
atory spiking coupling (the sub-threshold contribution of gap junctions has a much smaller
effects on the network dynamics [35]).

In the barrel cortex, both RS and SOM-LTS neurons display spike-frequency adaptation,
whereas FS neurons do not [29, 36]. Therefore, RS and SOM-LTS are endowed with a spike-
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triggered hyperpolarizing current [37-39]. Consistent with experimental observations, the
strength of the adaptation current is larger for RS neurons than for SOM-LTS neurons.

We drive RS and FS cells with Poissonian spike trains mimicking input from the thalamus
and neighboring cortical areas. SOM-LTS cells are mostly subject to local input [29, 40] and
therefore, in our model, they do not receive external input.

Experimental studies suggest that most synapses in the barrel cortex show depression, with
the notable exception of connections from RS neurons to SOM-LTS cells, which have been
found to be strongly facilitating [29, 41-43]. The short-term plasticity of chemical synapses is
simulated here by means of a standard model [44, 45]. Parameters were chosen such that all
synapses except those from and to SOM-LTS neurons are strongly depressing. These synapses
are depicted in blue in Fig 1. Parameters for synapses branching from SOM-LTS neurons (rep-
resented in light blue in Fig 1) are set such that they display a weak depression. Finally, param-
eters of synapses connecting RS cells to SOM-LTS neurons are chosen to generate a strong
facilitation. A further property that distinguishes these synapses is that the transmission failure
rate is high (~50%) at low presynaptic firing rate, but the reliability increases upon repeated
activation of the synapse [29]. This property is modeled by a variable that mimics the activity-
dependent failure rate.

More details on model equations and parameters are given in the Methods on p. 26.

Readout models

We consider three readout schemes, as illustrated in Fig 2. The first detection scheme (Fig 2A)
receives input from a subset of the BCN and reacts when the filtered activity of these neurons,
which we will refer to as readout activity, reaches a lower barrier. This readout scheme will be
called integrator readout (IR). The second readout scheme (Fig 2B) filters the readout activity
in the same way as the IR, but it subtracts a time-shifted copy of the same activity. In other
words, it considers the difference between the filtered activity at different time points, thus act-
ing as a sort of differentiator. For this reason, it will be referred to as differentiator readout
(DR). The third readout scheme (Fig 2C) is based on the summed activity of a second simple
excitatory-inhibitory network of LIF neurons, which approximately implements the differenti-
ation operation of the DR. Hence, we will call this third readout scheme differerentiator net-
work readout (DNR).

Integrator readout. The first readout scheme, the integrator readout (IR), first filters the
summed activity of the readout neurons, which are a subset of the BCN. This set of readout
neurons can be divided into three subsets (S*°, S, and S**™), which are a random selection
from the RS, FS, and SOM populations, respectively (see Fig 2A). Unless otherwise indicated,
the size of the three readout sets is N* = 1000, N3, = 100, and N3} = 100, respectively.
The spike trains emitted by all neurons within the readout sets are linearly filtered by using the
following dynamical equation:

dAir(t) e
Tm.e T = _Air + Rm,read Z ]read,i(t)xi(t)

ieS®S

_Z ]:ead,i(t)xi(t) - Z ]ieud.i(t)xi(t) 9

ieSFS icSSOM

where x; is the spike train of the ith neuron within the readout set S* (where X = RS, FS, or
SOM), the integration time constant is 7,,,, = 20 ms, and Ry, ;eqd = Tin,o/ C,i. Consistent with the
idea that this readout is performed by other brain areas, and that synapses projecting to other
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Fig 2. Readout models considered in this paper. One excitatory regular-spiking (RS) neuron from the barrel cortex network (BCN)
is selected at random and stimulated. The BCN consists of three populations: RS neurons, inhibitory fast-spiking neurons (FS), and
somatostatin-positive low-threshold spiking neurons (SOM-LTS), all modeled by leaky integrate-and-fire neurons. The BCN includes
several biological details of the barrel cortex (see Fig 1 and Methods). Three readout schemes are considered. A: The integrator
readout (IR) integrates the activity of a subset of the RS neurons within the BCN and reacts to deviations in the negative direction. B:
The differentiator readout (DR) evaluates the difference between the IR activity at two time points separated by a delay. This filtered
running difference at fixed lag is processed by the detector, which reacts when an upper threshold is reached. C: The differentiator
network readout (DNR) approximates the operation of the DR with two populations of LIF neurons. The FS readout population (Z)
provides delayed recurrent inhibition to itself and feed-forward inhibition to the RS readout population (S”), the activity of which is
fed to the upper threshold detector. All connections depicted in blue and light blue are dynamic and show short-term depression
(STD).

https://doi.org/10.1371/journal.pcbi.1007831.9g002

brain areas are likely to undergo short-term depression, the dynamic weights J . .(t), ]\, ,.(t),

read,i
s
and read,i

i.e. Eqs (34) and (35); STD parameters are randomly distributed as those within the BCN, and
depend on the cell type, so that J;, , (t) and J;,,, () are more strongly depressing than J;, , .(t)

read,i

(t) are depressing and obey the same equation as their counterparts within the BCN,

(see Methods). In other words, the readout activity A;.(t) can also be interpreted as the mem-
brane potential of one “grandmother” neuron without fire-and-reset mechanism, which
receives synaptic input from the readout sets only. This synaptic input is treated as any other
synaptic input of the corresponding type in the network, with the only exception that readout
weights from S** to the readout are on average 20% stronger than those from the SOM to the
RS population within the BCN.

To compute false positive and correct detection rates, a single lower decision boundary 6_
is used by the IR, as depicted in Fig 3A. A detection event is registered if A;(f) falls at least
once below the boundary 6_ within the detection time window (0, T,, = 600ms). In catch trials,
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Fig 3. A detection event is defined by a lower threshold crossing for the integrator readout (IR) and by an upper
threshold crossing for the differentiator readout (DR) and the differentator network readout (DNR). We show here an
example for the IR (A) and the DR (B). A: The black trace represents one realization of the IR readout activity during one
catch trial (i.e. in the absence of stimulus). The red trace represents one realization of the readout activity in the presence of
a stimulus. B: Same for the DR. The readout activity of the IR and DR are defined in Eqs (1) and (4), respectively. The IR
reacts whenever the readout activity falls at least once below the detection boundary 6_ (dashed-dotted line) within the
detection time window (delimited by vertical dotted lines). The DR and the DNR react whenever the readout activity
exceeds at least once the detection boundary 6, (dashed-dotted line) within the detection time window (delimited by
vertical dotted lines).

https://doi.org/10.1371/journal.pchi.1007831.9003

no stimulus is present. These catch trials are used to determine the false positive rate:

FPA0) = max (HO - A0)) . ®
te(0.1,) catch

where H(x) is the Heaviside step function, and angular brackets indicate trial average. The rea-

sons why a single lower detection boundary is used are explained below. The hit or correct

detection rate is computed exactly in the same way, but in the presence of a stimulus

CD,.(0_) = < max){H(()i - Air(t))}> . (3)

te(0.T,, stim.

In Fig 3A, the red trace is a stimulus trial which falls below the chosen threshold. Hence,
this trial is considered a correct detection. The black trace represents a catch trial. Because it
does not cross the threshold within the detection window, no false positive event is registered
in this trial. Note that the noise at the single-trial level is large.

Differentiator readout. The differentiator readout (DR) first reads in the input from
the network in the same way as the IR and it takes the difference between A;, evaluated at
two times separated by a lag AT. The result is then convolved with an exponential filter
F . (t) = exp(—t/1;) /7, to reduce the noise

g
Ay (1) = (A,() = At — AT) % F, (1). @)

Trajectories computed from Eq (4) are used in combination with a simple threshold detec-
tor, as in the previous case. Note that the DR, however, uses an upper detection threshold 8,
as shown in Fig 3B. Black and red trials plotted in Fig 3B represent again a catch and stimulus
trial, respectively. They both exceed the chosen threshold at least once within the detection
window. Therefore, both trials contribute to false positive and correct detection rates, respec-
tively. These rates are defined as in the previous case, except that here an upper threshold is
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used:

FP0,) = ( max (14,0~ 0,)}) )

te(0.Ty catch

€D,0.) = ( max (AL - 0.)) ©

te(0.T,, stim.

There is nothing profound in the choice to endow the IR with a lower detection boundary
and the DR with an upper detection boundary. The essential reason is that, in this way, we
obtain a positive effect size (defined below), as it was observed in the experiments. In other
words, this combination works for the readout schemes we consider here.

Differentiator network readout. The operation performed by the DR, i.e. the subtraction
of a delayed copy of the readout activity, can be approximated by the simple network shown in
Fig 2C. The differentiator network readout (DNR) consists of two populations: one readout
population of 10000 RS neurons (S”) and one population of 2000 ES inhibitory neurons (Z).
Each neuron within both populations receives the same number of feed-forward input connec-
tions from the three populations of the BCN as the size of the readout set of the respective cell
= 1000 randomly
= 100 randomly chosen FS neurons, and N3 = 100 randomly

read

type. More precisely, each neuron in the DNR receives input from N2

read
chosen RS neurons, N,
chosen SOM neurons. Neurons in the readout population S” evolve according to the same
dynamical equation as RS neurons of the BCN, while neurons in Z follow the same dynamical
equations as the FS neurons of the BCN (see Methods).

One way to obtain a network that approximates a differentiator is that the mean input to
the readout population S” via the feed-forward inhibitory pathway from the BCN via Z to S°
should cancel the direct feed-forward excitatory pathway input at a later time. To this end, the
average weight of connections from Z to S”, J?, should be chosen such that a static change in
the input from the direct pathway Ay, is compensated by the static change in the input from
the inhibitory pathway Ay, (see Fig 4). The value of JX that approximately satisfies the condi-
tion Ap, + Ap; = 0 is computed from a linear-response calculation, (see p. 28). Importantly,
the inhibitory pathway is given an additional transmission delay AT = 10 ms, so that changes
in the input from the BCN to the DNR are counterbalanced at a later time. As a matter of fact,

Fig 4. Tuning of the differentiator readout network to implement the operation of the differentiator readout
scheme. A perturbation in the firing rate of the BCN (Ar) causes a perturbation in the mean input to the RS readout
neurons, Ay,, and a perturbation in the firing rate of the inhibitory readout population Z. This change in firing rate
causes a shift in the input from Z to S” (Ayt;). The strength of the connection from 7 to S” (J?) is adjusted such that
Apt, + Apt; & 0. This cancellation reaches S” with a time lag AT so that the readout network roughly implements the
operation of the DR Eq (4).

https://doi.org/10.1371/journal.pcbi.1007831.g004
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choosing J* such that the cancellation is not perfect grants an even better agreement with the
experimental data, as shown below. More details on the DNR can be found in the Methods
along with all parameter values.

The DNR activity is obtained by filtering the average firing rate of the readout neurons S”
with the same exponential filter used for the DR:

Aut) = 1 S50 % F, (). )

The DNR uses an upper detection boundary as the DR. Hence, false positive and hit rates
are obtained in exactly the same way as done for the DR and depicted in Fig 3B):

FPunl0) =  max (H(Aw () 0.7} ®)

t€(0.T,, catch

€D (0.) = { max (H(A (0~ 0}) . o)

te(0.T,, stim.

Effect size

The effect size is defined as the difference between the hit and the false positive rate [4]. Itisa
function of the detection threshold 8

yx(e) = CDX(Q) - FPX(H)ﬂ (10)

where X € {ir, dr, dnr} indicates the detector type and 8 can be either an upper or lower
boundary. The false positive rate of 0.25 corresponds approximately to the average false posi-
tive rate measured experimentally. For this reason, this value was chosen to compare the simu-
lation results to the experimental data. More precisely, the threshold 6 is chosen such that

FP,(0) =0.25, (11)
which is then used to compute
j)X:yX(é)ﬂ (12)

which is the final output of the detection procedure and will be compared to the experimental
data.

Single-cell stimulation

In every trial, the network is initialized with random initial conditions and simulated for Tjg.
= 1200 ms, to let the system forget the initial state. The spontaneous firing pattern of the net-
work is asynchronous and irregular (Fig 1). The mean spontaneous firing rate of RS, FS, and
SOM-LTS neurons is 7y, e ~ 0.8 Hz, rg,; & 10 Hz, and r, = 3 Hz, respectively. These proper-
ties of the spontaneous firing activity are consistent with experimental observations [46, 47].

A neuron is randomly selected as site of the nanostimulation, which is switched on at t =0
and modeled as an additional current injected into the cell. The maximum stimulation current
used here is Al . = 5 nA. This value is chosen to elicit a similar number of spikes as in the
experiment and is in the range used experimentally [48]. After the stimulus is switched off, the
network is further simulated until the time reaches t = T,,,; = 1200 ms.
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Following [6, 48], we use step currents of different lengths and intensities to investigate
how the response probability depend on the properties of the stimulus. Furthermore, random
permutations of steps of different length and amplitude will be used to generate irregular spike
trains. Two equally-sized sets of catch trials, i.e. trials in which no stimulus was present, were
simulated to estimate the size of random fluctuations in the detection rates.

The shot noise mimicking external input and the initial conditions were drawn anew in
every trial. The same realization of the network (randomized cellular parameters and the con-
nectivity matrix including weights and delays) was used once for each stimulus type. The total
number of trials per stimulus type was Ny, = 10000.

Firing-rate response of the network

Before investigating to what extent the three readout procedures introduced above are capable
to detect the single-cell stimulation, it is instructive to examine the trial-averaged firing rate
response of the network to the stimulation of a single RS cell. In the following, the case of a
constant step current with intensity at 25% of the maximum and a duration of 400 ms is
considered.

When a single RS cell is stimulated (red triangle in Fig 5), its output spikes directly affect a rel-
atively small set of RS neurons (blue shaded area in Fig 5) because RS-to-RS connections are
sparse (15% connection probability). Furthermore, their average amplitude is smaller if com-
pared to other connections and they are strongly depressing, so that—neglecting indirect multi-
synaptic paths—the direct excitatory effect on the overall firing rate of the RS population is small.

Connections from RS cells to the FS population are dense (40%), so that the spikes of the
stimulated RS neuron directly reach a large fraction of the FS population (blue shaded area in
Fig 5). However, FS cells also strongly inhibit one another and thus counteract the input from
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Fig 5. Disynaptic inhibition mediated by somatostatin-positive low-threshold spiking (SOM-LTS) cells causes
inhibitory response to the stimulation of a regular spiking (RS) cell. When a RS cell is stimulated (the stimulus is
switched here on at ¢ = 0 and off at t = 400 ms), synapses from the stimulated cell (red triangle) to the SOM-LTS
population strongly facilitate and cause a large increase in the firing rate of the SOM population, which then relaxes
back to a plateau because of the spike-frequency adaptation (panel B, black line). The inhibitory input from the SOM
to the RS population produces a response in the RS cells which is almost a mirror image (A, black line). The initial
positive peak in the RS response is due to the spikes fired by the stimulated cell itself, as can be seen by excluding it
from the population (A, green line). The curves in panels A and B are averages over 10000 trials and spikes are filtered
with an exponential filter with decay constant 7= 15 ms. Gray lines indicate catch trials (no stimulation). Colored
shaded areas indicate the approximate fraction of the three populations which have a direct synaptic connection with
the stimulated cell.

https://doi.org/10.1371/journal.pchi.1007831.g005
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the stimulated cell. Consequently, the average change in the firing rate of the entire FS popula-
tion is small.

Finally and most importantly, the output of the stimulated cell reaches a large fraction of
the SOM-LTS population (50%, red shaded area in Fig 5) via strongly facilitating synapses. As
a result, they induce an appreciable increase in the average firing rate of the SOM-LTS popula-
tion, shown in Fig 5B. Importantly, SOM-LTS do not inhibit each other. However, the spike-
frequency adaptation causes a strongly damped oscillation which, after an initial peak around
t =30 ms and a dip around ¢ = 100 ms, relaxes to a plateau lying about 20% above the sponta-
neous firing rate level.

The increased inhibition from the SOM-LTS population ultimately causes the average firing
rate of the RS population (Fig 5A, black line) to drop below the spontaneous level (Fig 5A, gray
line). Note that the time course of the response of the RS population is closely related to that of
the SOM-LTS population, except for the small peak shortly after the stimulus onset and for the
overshoot after the stimulus is switched off. The small peak is due to the spikes fired by the
stimulated cell itself. This can be seen by omitting the spikes fired by the stimulated cell (Fig
5A, green line) and observing that the peak disappears. The overshoot after ¢ = 400 ms is due
to the slow relaxation of the adaptation variable to its baseline value.

Clearly, this description of how the single-neuron stimulation affects the firing rate of the
network is greatly simplified, and it gives only a coarse picture of the actual network’s
response. However, these observations are consistent with in vitro experiments showing that
the strong activation of a single pyramidal cell in the barrel cortex has mostly an inhibitory
effect on nearby pyramidal cells, and that this effect is due to disynaptic inhibition mediated
by SOM-LTS neurons [41, 42]. More recent in vivo experiments pairing the stimulation of a
single cell with calcium imaging suggest that bursts induced in a pyramidal cell have a very
weak excitatory effect on other pyramidal cells and on FS neurons, but have a significant effect
on neighboring SOM-LTS cells [49], in line with the behavior of our model.

Relation between effect size and statistics of readout activity

In the previous subsection, the effects of the single-cell stimulation on the trial-averaged
response of the RS population have been examined. The readout, however, must decide on the
presence of the stimulus based on the RS population activity in each single trial, which is a
much more difficult task, as a comparison between the smooth lines of Fig 5A and 5B and the
noisy curves in Fig 3 suggests.

The readout performance is quantified by the effect size, defined above. Before investigating
how the effect size depends on the properties of the stimulus, we will examine how changes in
the statistical properties of the readout activity Ax(#) can influence the effect size.

The simplest statistics that can be considered are the time-dependent mean and standard
deviation of the readout activity (the averaging ensemble consists of the different trials). Statis-
tics of higher order (skewness and kurtosis) were measured and did not display appreciable
deviations from the spontaneous state and will be therefore omitted for brevity. Because we are
interested in deviations from the spontaneous state, it makes sense to consider mean and stan-
dard deviation of the readout activity as standardized deviations from the spontaneous value.
More precisely, we will consider first the time-dependent deviation from the spontaneous
value of the readout activity Ax(t) (here X = ir, dr, dnr, as defined above), normalized by the
spontaneous standard deviation:

() = ) = B )

GX , catch
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where pix catcn a0d O carcn are the average mean and standard deviation in the spontaneous
state, respectively:

luX‘ catch = <AX(t) >catch7 (14)

O-X7 catch — <AA§((t) >catch’ (15)

where AA%(t) = (A,(t) — (A,(t)))?, and the time dependence in both last equations s self-
averaging due to the stationary conditions. The time-dependent standard deviation of the
readout activity is defined in a similar way (again a relative measure, given in multiples of the
spontaneous standard deviation):

<AA§((t)> - o-X, catch

GX , catch

6x(t> = (16)

Non-zero values of fi,(¢) and of 6, (¢) at any time point within the detection time window
can impact the effect size in different ways. Suppose, for instance, that the considered detector
employs an upper boundary. Then, a positive deflection of ji,(¢) locally increases the probabil-
ity of reaching the threshold, whereas a negative deflection reduces it. If a lower detection
boundary is used, the opposite holds. Regardless of the type of threshold, a local increase of
6 (t) enhances the probability of reaching the threshold, whereas a local decrease in 6, (t)
reduces the probability of crossing the decision barrier. This line of reasoning is qualitative
only and holds under the assumption that Ax(f) is approximately normally distributed at all
times.

To understand how multiple deviations from the spontaneous state within the decision
time window jointly influence the effect size, it is useful to consider a simplified description of
the decision model introduced in [25, 26, 50, 51]. In this simplified theory, hit and false posi-
tive rates are approximated as the result of n = T,,/ 7o, draws of a random variable, where T,
is the detection time window and 7., is the autocorrelation time of the readout activity (in
the example of Fig 6, n = 4). If these draws are treated as independent, the false positive rate

reads
FP(0) =1-p;(0), (17)
] T T J F 1 T | T 1 C T T 7]
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Fig 6. Illustration of simplified detection model used to interpret the simulation results. The continuous-time
problem is approximated by a discretized process, obtained by “sampling” trajectories at times separated by the
correlation time. In the spontaneous state, the probability that a time sample is not beyond the decision barrier 0 is p.
A: The peak decreases the local probability of not reaching 6, i.e. p; < po and the effect size is ), . B: The trough
increases the local probability of not reaching 6, i.e. p, > po; the effect size is here ,. C: in the case that both features
are present and the changes in probability are small, the effect size is ,, = J, + ), see text and Eq (22).

https://doi.org/10.1371/journal.pcbi.1007831.g006
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where po(0) is the probability of not crossing the barrier 0 at a given time point and in the
absence of the stimulus [po(6) does not depend on time and is therefore the same for each
draw]. For concreteness, let us use an upper barrier at the value 0, which yields the false posi-
tive rate of 0.25. In this way, the dependence on 6 can be dropped, but the following consider-
ations do not depend on the particular position or type of the boundary. Suppose now that

it (t) displays one peak at a certain position within the detection time window, as depicted in
Fig 6A. Therefore, the probability that one trajectory of the readout activity triggers the detec-
tor is locally increased. Thus, in the vicinity of the peak, the probability of not triggering the
detector will be p; = po + Ap; < po. The correct detection rate for this situation is then

CDI =1 —P1P371~ (18)

Consequently, the effect size reads

Vi=1-ppi' —(1—pp —pg(l —%) (19)
0

Consider now the situation of a negative deflection in fi,(¢) occurring at a different time (as in
Fig 6B). Locally, the probability of not triggering the detector is p, = po + Ap, > po. In this case,
the effect size is

vi=1-par - =) =i (1-2). (0)
0

Suppose now that both features are present at sufficiently separated times within the same
detection time window, as in Fig 6C. In this case, the effect size is

j}12 :p8 _P1P2P372 :PS <1 _p;)—é)?> (21)
0

Substituting p; = po + Ap; and p, = po + Ap, into Eq (21) and supposing Ap;, Ap, < 1 yields

Sl 4 Po AP+ poAp, + Ap Ap, +pf — P}
ylZ _p() 1 2
Po
%pg<1_Po+AP1+1_PU+APz> (22)
P P
=Y, + ),

This approximation generalizes to the case of more than two deviations from the spontane-
ous state [50], given that all deviations are small compared to py. For instance, when three fea-
tures are present the effect size is

_ pipops
3

0

y1232p3(1 >%y1+y2+y3~ (23)

The main insight here is that weak deviations from the spontaneous state appearing in the
same detection window can (approximately) add or cancel each other. This will be useful in
the following to interpret how the behavior of i, (¢) and 6 (¢) influence the response of the
detector.
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Detection of the stimulation of a single neuron

In this subsection, we will investigate how the properties of the stimulus influence the response
probability of the detector for each of the three readout procedures.

Effect of stimulus duration. The effect of changing the stimulus duration will be consid-
ered first. To this end, stimuli of length 100, 200, and 400 ms are used (Fig 7A). The stimulus
intensity is kept constant at 25% of the maximum current. In the experiment, when the stimu-
lated cell was a RS neuron, the three stimuli evoked 6 + 3, 11 + 5, and 23 + 10 spikes in the
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Fig 7. Experimental data for stimuli of equal intensity and different duration are compatible with simulation
results from DR and DNR, but not from IR. A: stimulation currents used in this figure. The color coding (red: 100
ms, green: 200 ms, blue: 400 ms) applies to all panels. B: number of spikes evoked in the targeted neuron vs. stimulus
duration in the model (black circles and dashed line) and in the experiments (squares colored as in A). First row (C,F,
I): deviation from the spontaneous value of the time-dependent mean readout activity normalized by the spontaneous
standard deviation, defined in Eq (13). Second row (D,G,)): deviation from the spontaneous value of the time-
dependent standard deviation of the readout activity normalized by the spontaneous standard deviation, defined in Eq
(16). Third row (E,H,K): average effect size for the three stimuli in A. Open circles with error bars: experimental data
(average over 119 RS cells and 2407 total trials); filled circles of corresponding color: model simulations. First column
(C,D,E): IR. Second column (F,G,H): DR. Third column (L,J,K): DNR. Black line: catch trial condition.

https://doi.org/10.1371/journal.pcbi.1007831.g007
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targeted neuron, respectively (Fig 7B, squares with different colors as in panel A). In the
model, the number of evoked spikes was 7 + 1, 12 £ 2, and 20 + 5 spikes, respectively. The aver-
age number of evoked spikes generated by the model is within one standard deviation of the
experimental data. However, the spread of the spike count distribution is smaller in the model,
which is not surprising, considering the multiple possible noise sources that are not modeled,
and that only some of the cellular parameters are randomly distributed in the model.

The remaining panels, Fig 7C-7K give an overview of ji,(t), 6 ,(¢), and the effect size mea-
sured by all three detectors with stimuli of different duration. In all plots, the color coding is as
in Fig 7A and the black line represents catch trials. The various panels are organized as follows:
the first, second, and third column represent results obtained from the IR, DR, and DNR,
respectively; the first row shows the time-dependent trial average (expressed as standard score)
ity (¢), the second row shows 6,(t), and the third row displays the effect size defined as in Eq
(12) (filled dots) superimposed with the experimental results (open circles with error bars).

The average response of the IR activity, i, (£), is shown in Fig 7C for the three stimuli. It is
a reduction that shows its deepest dip around ¢ = 40 ms and then relaxes back owing to the
spike-frequency adaptation of RS and SOM-LTS populations. Since a large part of the IR activ-
ity A;.(#) is driven by the RS population and the further input from the SOM population has
the same average postsynaptic effect (see Fig 5A and 5B and recall that the effect of the SOM
population is inhibitory), it is not surprising that the time course of ji, (¢) upon 400 ms stimu-
lation (Fig 7C, blue line) closely resembles that of the RS population, i.e. the mirrored SOM
response, shown in Fig 5. The disinhibitory input from the FS readout population does have
an antagonist effect, but it is not sufficient to remove the average decrease in the IR activity.
The different roles of the three readout populations will be discussed in more detail below (see
p- 19).

In the case of the 100 ms stimulus (Fig 7C, red line), the mean deviation goes back to zero
shortly after the stimulus is turned off, while ji, (¢) for the other stimulus durations (green and
blue line) settles around -0.3 for the remainder of the respective stimulation time window. The
time-dependent standard deviation &, (¢), shown in Fig 7D, displays a mild increase, especially
in the later part of the stimuli. The time courses of fi, (¢) and &, (¢) suggest that the readout
activity has more chances of reaching a lower detection threshold for longer lasting stimuli.
Indeed, the effect size measured by the IR strongly depends on the stimulus duration, as can be
seen in Fig 7E (filled circles), which is in contrast with the experimental data (open circles with
error bars).

When the DR is used, the picture changes rather drastically. The time-dependent mean
it (¢) displays two peaks and one trough in response to all three signals (Fig 7F), even though
the two peaks partly overlap in the case of the 100 ms stimulus (red line). Because the DR con-
siders differences in the IR readout activity, each peak corresponds to an upswing of ji, (t) and
the trough to the initial sharp drop. The most prominent feature in 6, (¢) is again a mild
increase in the later part of the simulation time window (Fig 7G). The main difference in the
response to the three stimuli is the position of the last peak. Hence, it stands to reason that the
DR activity Ag4,(¢) has similar chances to reach the upper barrier regardless of the signal length.
Indeed, the effect size measured by the DR displays only a weak dependence on the signal
duration, due to the mild increase in 6, (t) (Fig 7H).

The time course of i, (t) qualitatively resembles that of i, (¢) (see Fig 71), thus suggesting
that the DNR does approximately operate as a differentiator. The most evident difference
between fi, () and ji, (¢) is the value of the plateau between the two peaks, which is slightly
below the zero level. This negative response is due to the chosen tuning of the recurrent inhibi-
tion within the DNR and partly compensates the increase in the time-dependent standard
deviation 6, (t), which behaves similarly to the mean, except that it is above the zero level in
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Fig 8. Only results from DR and DNR are consistent with the experimental data for the stimulation with stimuli
of intensity inversely proportional to the duration (signals are shown in A). Panels B-] are organized as panels C-K
of Fig 7 with the same color coding. Open circles with error bars in D, G, and J are the experimental average effect size
measured from 55 RS cells (1469 total trials).

https://doi.org/10.1371/journal.pcbi.1007831.g008

the central part of all stimuli (Fig 7]), and thus, it slightly increases the detection chance of lon-
ger stimuli. The combination of the two effects leads to an effect size that is barely dependent
on the stimulus duration and that agrees rather well with the experimental results (Fig 7K).

To summarize the results of Fig 7, the effect size measured by the IR is larger but strongly
depends on the duration of the stimulus. The DR and the DNR detect the stimulus with a reli-
ability that is essentially independent of the signal duration and that is of the same magnitude
as the experimental data.

Effect of stimulus intensity. In the second experiment, we vary the firing rate of the stim-
ulated cell by changing the current intensity while keeping the total area under the step stimu-
lus, i.e. the injected charge, constant. As depicted in Fig 8A, the stimuli lasting 100 ms (red),
200 ms (green), and 400 ms have an intensity corresponding to 100%, 50%, and 25% of the
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maximum current, respectively. In this way, the total number of elicited spikes is approxi-
mately the same for each stimulus. In the experiment, the three stimuli evoked a firing rate of
(109 £ 52) Hz, (54 + 23) Hz, and (30 + 10) Hz, respectively. In the model, the average evoked
rates are (150 + 25) Hz, (103 + 20) Hz (50 + 12) Hz. Note that the maximum current in the
model is chosen such that the number of elicited spikes roughly matches the data of the previ-
ous experiment (dependence on stimulus duration), which were based on a different set of
cells. Still, the evoked firing rates in the model are in a similar range as the experimental values.

The remainder of Fig 8 reports all detection statistics arranged in the same way as before.
The shape of f1, (¢), the mean response of the IR to the three stimuli, is similar to the previous
case, although the initial drop is much stronger here when the stronger stimuli are used (Fig
8B). A small peak in the time-dependent standard deviation G, (t) is observed right after the
signal onset for the two stronger stimuli (Fig 8C). The pronounced initial response to the
stronger signals partially compensates the shorter duration of the signal in terms of chances of
reaching the detection barrier. As a result, the effect size measured by the IR for the two
shorter, but stronger, stimuli is larger than in the previous case, and a clear dependence on the
stimulus duration can be seen also in this case, as shown in Fig 8D.

The time-dependent mean of the DR activity, i, (), shown in Fig 8E, displays an initial
drop followed by two peaks for each of the three stimuli. Here, however, both the first trough
and the two subsequent peaks are more pronounced for signals of larger intensity. The behav-
ior of 6,4, (t) is similar to 6, (), and it marginally favors the detection of the longer signals (Fig
8F). As the most prominent features of fi, (¢) have opposing effects and become stronger
simultaneously upon growing stimulus intensity, the net effect on the effect size is barely
noticeable (Fig 8G). Furthermore, the effect size is of magnitude comparable with the experi-
mental observations.

Results obtained from the DNR are qualitatively similar to those from the DR. The principal
differences are that both positive and negative deflections in ji, (¢) are more pronounced, and
that the plateau between the two peaks is below the zero level (Fig 8H). The increase in 6, (¢)
is similar to that of 6, (¢) (Fig 8I). Finally, the effect size is essentially independent of the stim-
ulus, as in the experiments (Fig 8]).

Hence, the effect measured by the DR and the DNR shows barely any dependence on the
intensity of the stimulus, as it is observed in the experimental data. However, the effect size
measured by the IR is larger and dependent on which of the three stimuli is used, which is not
consistent with the data.

Effect of stimulus regularity. In the third and last in silico experiment, random stimuli
will be used to evoke irregular spike trains. These stimuli, in accordance with the experimental
procedure [6, 48], are a random shuffling of six current steps of length 10, 20, 40, 80, 160, and
90 ms, and with current intensity 100%, 50%, 25%, 12.5%, 6.25%, and -50% of the maximum
current, respectively. In other words, each sequence consists of a random permutation of five
positive (depolarizing) current steps with intensity inversely proportional to the duration and
of one hyperpolarizing step, which inhibits the cell from firing. Two example signals are
shown in Fig 9A. Note that stimuli are varied in each trial and not frozen. The irregular stimuli
are constructed such that their total duration is 400 ms. The response probability to these sti-
muli will be compared to that of regular steps of 400 ms at 25% of the maximum current,
which was used in both previous cases (plotted in blue). In the experiments, irregular current
injections generated spike trains with an average firing rate of (24 + 11) Hz and average CV of
(1.1 £ 0.3). In the model, the average rate is (27 + 5) Hz and the average CV (1.3 £ 0.3).

In Fig 9 we compare the simulation results obtained when irregular stimuli are used to
those obtained from the 400 ms regular current injection. The response to the latter is shown
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Fig 9. In the comparison irregular vs. regular stimulation, simulation results from DNR agree well with the
experimental data, whereas results from the IR are most inconsistent with the data. Blue lines and symbols refer to
the 400 ms regular stimulus, as in the previous cases; Red and orange lines and symbols refer to two different random
samples of 10000 irregular stimuli (two specific realizations are shown in A, the average stimulus is shown in B; for
details see text). Black line is catch trial condition (no stimulus). First row (C,F,I): deviation from the spontaneous
value of the time-dependent mean readout activity normalized by the spontaneous standard deviation, defined in Eq
(13). Second row (D,G,]): deviation from the spontaneous value of the time-dependent standard deviation of the
readout activity normalized by the spontaneous standard deviation, defined in Eq (16). Third row (E,H,K): average
effect size. Open circles with error bars: experimental data (average over 62 RS cells and 1780 total trials); filled circles
of corresponding color: model simulations. First column (C,D,E): IR. Second column (F,G,H): DR. Third column (L],
K): DNR.

https://doi.org/10.1371/journal.pcbi.1007831.g009

once more in Fig 9 because it serves here as reference case but it will not be discussed in depth
(see the discussion above). Results for irregular stimulation are based on two sets of irregular
stimuli, constructed by choosing from all possible permutations with equal probability.
Despite the large total number of trials used here (Ny1s = 10000), it is advisable to compare
results for two independent sets of stimuli because the large number of possible permutations
(6!=720) implies that the number of trials per signal is limited and that finite-size fluctuations
due to the particular choice of signals may be non-negligible. Results for the two independent
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sets of irregular stimuli are plotted in red and orange in Fig 9. We recall that /i, (¢) and 6, (¢)
are obtained by averaging over different realizations of the irregular stimuli and are not related
to the two particular signals shown in Fig 9A.

The average signal is plotted in Fig 9B. By recalling that each irregular signal corresponds to
one permutation of the step sequence, and recognizing that the reversed sequence is another
valid and equally probable permutation, one can conclude that the average signal must pos-
sesses time-reversal symmetry. Indeed, it displays a peak just after the stimulus onset, followed
by a mild trough and then by a plateau barely above the zero level. Just before the end of the
stimulation time window, the symmetric trough followed by a peak can be seen. Accordingly,
it,, shows two dips at the same time where the two peaks in the average signal are seen (Fig
9C). Note that although the first and second half of the average signal are perfectly symmetri-
cal, the second dip in j, (¢) is more pronounced than the first.

Considering how different the average signal is from each particular realization of the irreg-
ular sequence, it may seem questionable to average over signals that provoke rather heteroge-
neous responses. However, the detector as well as the animals in the actual experiments do not
know which realization of the irregular sequence is used in each trial. Therefore, this averaging
ensemble, in which the stimulus is drawn in each trial, correctly represents the experimental
situation and it makes sense to consider its time-dependent mean, as done above. The variabil-
ity due to the particular realization of the input signal, which mostly averages out in the mean,
reveals itself in an increased time-dependent standard deviation, ¢, (¢) (Fig 9D), which is
above the zero level in the entire stimulation time window and grows further towards the end
of the stimulus. This increase of ¢, (¢) above the zero level enhances the chances of reaching
the detection threshold. As a result, the effect size upon irregular stimulation is as large as in
the experiments, but not as large as that observed for the regular stimulus (Fig 9E filled dots),
which is not consistent with the experimental observations, in which it is the other way around
(Fig 9E, open circles with error bars).

The average DR activity in response to the irregular stimuli (Fig 9F, red and orange line)
and to the 400 ms regular stimulus (blue line) are rather similar to each other. The main differ-
ence is that the initial trough and peak are somewhat smaller for irregular stimulation. Fur-
thermore, a small dip is observed for irregular stimuli just before the last peak. Also the
standard deviation 6. (t) (Fig 9G) is similar in the two cases. Consequently, the average effect
size upon irregular stimulation measured by the DR is similar for regular and irregular stimu-
lation (Fig 9H, red and orange vs. blue full circles), which is in better agreement, but not
completely consistent with the experimental observations.

The time-dependent mean DNR activity 1, (¢) (shown in Fig 91) is qualitatively similar to
i1, (t) although the peaks are more pronounced. Importantly, ¢, (¢) is generally larger than
6 4 () in the case of irregular stimulation (Fig 9]) and displays a strong peak at the end. The
larger 6, (t) sented (Fig 9K), which is as large as in the data.

In summary, Fig 9 shows that the DNR has the largest degree of consistency with the exper-
imental observation that irregular stimuli are easier to detect than a regular current step, as
opposed to the IR, which yields a smaller effect upon irregular stimulation than upon regular
stimulation.

Roles of cell types and delay difference on readout performance. After having shown
that the DNR is most consistent with the experimental results, we will now explore how the
readout performance depends on the size of the three readout populations, i.e. the effect of
each neuron class on the detectability of the single-neuron stimulation. The simulation results
are summarized in Fig 10. For brevity, we will focus on the IR (first row in Fig 10) and DNR
(second row in Fig 10), and use only the 400 ms stimulus (represented by blue circles) and
irregular stimulation (red squares).

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831 February 8, 2021 19/38


https://doi.org/10.1371/journal.pcbi.1007831

PLOS COMPUTATIONAL BIOLOGY

Differentiator network replicates single-cell stimulation effects in barrel cortex model

i T T I T | T t ;I | ! T |—-L —_l T | T ! T | T |_—

0'3: : 1r . C 1 ! ]

8 ¢ ! il Gl ! 1r ! .
202 ) 1 - - \ - - i —
S L : 1w O ! 1C ! N
L 1 -—‘.: - *e | . L 1 _—._

B F _e-"* I . JF f Sl
%0.1;,,."4!:“_........_ — ': e 1 [ //;“_.._....__
-1 1t Foow p A :

o L+ 1 v 1+ H Kl | I e B e DRI I R
T T T 2H Ea [ RN E

2 015F . Biber. I DIE - F3
g7 - : & F . 1L : ]
3] - TR == (N R SR i i -
é 0'1: e 1 r o "i. 1 F ,.!""." m ]
o com ’.’,‘_ - P 1 = ]
& 005 .- Y — i e I .. =]
Z g P | q1 ¢ s 1 F - .,’1 ‘\\ .
a - & 1E AN % ] o]
0le” | H I S N : —

= AP NP PR PR - I = HP AN A" O BN -V A O AP B =

0 500 100015002000 0 50 100 150 0 50 100 150 200

RS readout size FS readout size SOM readout size

Fig 10. Increasing the size of RS and SOM readout sets enhances the detectability of single-cell stimulation,
whereas the size of the FS readout set has an opposing effect. Effect size obtained upon 400 ms regular (blue circles)
and irregular (red squares) stimulation as a function of the size of each readout population. The upper row (A, C, E)
shows results for the IR readout, the lower row (B, D, F) displays the effect size measured from the DNR readout. The
reference parameters used in the previous figures are indicated by the vertical dashed lines; in each panel the size of the
readout population indicated on the x-axis is varied while all other parameters are kept fixed at their default value (as
in Figs 7-9).

https://doi.org/10.1371/journal.pchi.1007831.g010

First, we can systematically vary the size of the RS readout population. Intuitively, the effect
size should increase, the more RS neurons are fed into the readout. Simulation results demon-
strate that this is indeed the case both for the IR readout (Fig 10A) and the DNR readout (Fig
10B): the effect size grows monotonically with the size of the RS readout population.

Next, we can study the effect of a systematic variation of the FS readout population’s size. In
Fig 10C and 10D), it can be seen how the effect size measured by the IR (DNR) decreases
when the FS readout population is enlarged. The strong self-inhibition of FS cells tends to sta-
bilize their firing rate. Hence, despite the strong SOM response within the BCN, the average
firing rate of FS cells within the BCN is, on average, only slightly reduced during the single-cell
stimulation. However, due to the strong output weights of FS cells, they have a considerable
effect on the readout activity. Because they disinhibit the readout during the stimulation, the
effect of FS cells on the readout is antagonist to that of RS cells.

The readout performance is improved by feeding more SOM neurons into the IR (Fig 10E).
The readout performance of the DNR is generally enhanced by enlarging the number of SOM
readout cells (Fig 10F). However, the effect size tends to saturate (for irregular stimulation) or
even slightly decrease when the size the readout population approaches the entire SOM popu-
lation (200 cells). One possible reason may be stronger cross-correlations between SOM cells.

As a final comment to Fig 10, we note that the DNR detects the irregular signal with a
higher accuracy over the entire range of parameters, while the IR readout is almost always bet-
ter at detecting the regular signal. In this respect, these findings are robust, and the DNR is a
stronger candidate than the IR as a possible readout mechanism which is in line with the
experimental results.
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Fig 11. Effect size measured by the DNR is robust for AT % 5 ms. Effect size measured by the DNR as a function of
the delay difference AT measured upon regular (blue circles) and irregular (red squares) stimulation.

https://doi.org/10.1371/journal.pcbi.1007831.9011

One further crucial parameter for the operation of the DNR is the delay difference of the
two input pathways (AT). It is therefore important to check how robust our results are with
respect to this parameter. As shown in Fig 11, the effect size measured upon irregular stimula-
tion is larger than that observed for regular stimulation also for when AT is decreased below
10 ms, although it decreases in magnitude in both stimulus conditions. When AT is further
decreased below 5 ms, the effect size reaches zero and becomes negative for the regular stimu-
lus. Hence, the qualitative picture is robust for AT % 5 ms, as the weaker effect could be
enhanced by leveraging, for instance, the dependencies seen in Fig 10.

We note here that it is difficult to try out all possible parameter combinations due to the
high computational cost of simulating the network for multiple conditions and a large number
of trials, which is needed to measure a possibly small effect size reliably. The simulation results
shown in Figs 10 and 11 required about two weeks on a computing cluster with more than 200
cores.

Robustness of readout mechanisms against slow input non-stationarity. The above
results show that the DNR is more consistent with the experimental results. However, the
effect size measured by the IR is larger in magnitude in most cases, except for the case of irreg-
ular stimulation, in which the DNR is only slightly better. This observation raises the question
of why the animal should opt for a detection strategy which tends to detect the signal less
often, considering that experimental subjects were rewarded upon successful detection. One
possible answer, which we will briefly explore in the following, is that the DNR might be more
robust with respect to slow fluctuation of the background input. It is possible to get a feeling
for these slow non-stationarities by looking at Fig 12A, which shows the spontaneous firing
rate of some cells over long juxtacellular recording sessions. The strong changes in firing rate
are mostly unrelated to any stimulation event. A readout that integrates spiking in a sliding
time window might experience more difficulties in distinguishing the possibly small changes
induced by the single-cell stimulation from the strong background variations, whereas a differ-
entiator readout might still separate the timescales of stimulus and background noise.

Although a thorough investigation of this hypothesis goes beyond the scope of this study, in
this last subsection we will explore this conjecture by adding a “static modulation” to the net-
work background input. The basic idea is that a slow modulation of the network input will
look nearly constant, if observed for the total duration of one of our trials (=~ 2 s). More
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Fig 12. The differentiator network readout (DNR) is more robust than the integrator readout (IR) against static
readout noise, a proxy for slow modulations of the background network activity. A: Firing rate of four different
cells (filtered with a 1 sliding window) during juxtacellular recording sessions in the barrel cortex. The slow changes in
firing rate are unrelated to stimulation events and give an example of slow non-stationarities present in vivo (note that
the time window shown here is larger by orders of magnitude from the typical duration of a single trial in the detection
experiments). B: Effect size measured in the model for the case of 400 ms stimulation on increasing o, ¢y, the standard
deviation of the global background input (input readout noise). Light blue diamonds represent results obtained from
the integrator readout (IR), whereas green diamonds are results from the differentiator network readout (DNR). C:
same as B, but for the case that irregular stimuli are used.

https:/doi.org/10.1371/journal.pcbi.1007831.g012

precisely, in each trial we randomly draw 7., 4, one of the parameters that sets the global
intensity of the external background noise (see Methods). Each sample is drawn from a lognor-
mal distribution with constant mean (equal to 10 Hz, as in the simulations above) and stan-
dard deviation o, c; (Where g, o« = 0 corresponds to the situation considered so far, i.e. no
background noise modulation). Fig 12B shows the effect size measured by the IR (light blue
diamonds) and DNR (green triangles) upon increasing o, ., for the case of 400 ms regular
stimulus. Both detectors are affected by the additional noise in the background input. How-
ever, the effect size measured by the IR drops faster and becomes eventually smaller than the
effect measured by the DNR. For the case that an irregular stimulus is applied, Fig 12C shows
that both detectors suffer a performance loss when 0, ., is increased. However, the perfor-
mance loss is stronger for the IR than for the DNR, which measures a larger effect size over the
entire range of 0, ., considered here.
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Discussion

The development of juxtacellular stimulation has brought remarkable experimental opportu-
nities, ranging from reliably evoking prescribed spike trains [52-54] to probing the role of a
single neuron in the perception of sensory inputs and motor responses [2-6]. Although these
experiments question the well-established belief that large numbers of neurons are needed to
encode a stimulus or elicit a behavioral response, they have received little attention in the theo-
retical and modeling literature. Recently, first attempts were made to model the behavioral
responses to the stimulation of a single cortical neuron in rodents [25, 26, 55]. However, how
the behavioral response probability is influenced by the properties of the injected current [6,
48] is still an open theoretical challenge. A recent computational study has demonstrated how
irregular stimuli can be more effective in triggering a network burst than a regular stimulus
[55]. However, the proposed mechanism does not provide an explanation for the weak sensi-
tivity to the stimulus duration or intensity. In the present study, we constructed a model on
different premises, in which the network keeps firing asynchronously and does not burst. Our
model can successfully reproduce that the probability of the behavioral response is not sub-
stantially influenced by the duration or by the intensity of a constant stimulus, but it is strongly
dependent on whether irregular or regular stimuli are used.

The spiking network model (BCN) we constructed in this study incorporates several fea-
tures of the barrel cortex, and its parameters were consistent with the experimental literature.
The BCN was chosen to represent only the immediate surroundings of the stimulated cell and
its size is about one sixth of one standard cortical column [7]. Being too small, our network
does not have a layered structure. Furthermore, it does not represent one specific layer within
one “cortical column” because there was no clear layer specificity from the experimental side,
and, presumably, cells from different layers were stimulated. Also the readout part of our
model represents a generic downstream area and may or may not be located within a specific
layer, or within the barrel cortex itself. One hypothesis could be that the stimulated cell resides
in deeper layers and that the readout network is located within the supragranular layers. At the
present state, however, there is no specific element in support of this conjecture before others,
including the possibility that the readout computation is not localized in a single population,
but rather distributed across several downstream areas.

It is still unclear whether specific anatomical properties of the barrel cortex make it particu-
larly sensitive to the single-neuron stimulation. In this regard, although we did use the avail-
able experimental literature on the rat barrel cortex as reference to choose the range in which
all cellular and synaptic parameters are heterogeneously distributed, some of these characteris-
tics are similar in other cortical areas. Hence, the general traits of the BCN could describe also
other cortical systems. If this is the case, other cortical areas might be sensitive to the single-
cell stimulation.

The increased response probability for an irregular stimulation and the weak sensitivity to a
step-current bring to mind the much-debated observation that irregular stimuli increase the
response consistency of a single cortical cell in vitro [56], which was recently observed also in
vivo [52]. These studies, however, considered the reliability in the spike sequence generated by
a single cortical cell in response to repeated presentation of a frozen stimulus, and not the
response to randomized stimuli at the behavioral level. Hence, it was still a completely open
question what kind of mechanisms could be involved in the response of the local network and
in the subsequent processing stages to regular and irregular stimuli. Among the biological pro-
cesses included in the model, short-term depression and spike frequency adaptation could be
expected to oppose slow changes in the input. However, our results indicate that these mecha-
nisms may not suffice to explain the data if an integrator readout (IR) is employed. If a
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differentiator readout (DR or DNR) is used instead, simulation results are in agreement with
the data. In this respect, our results fit into the picture emerging from the classic experimental
and modeling studies showing that the barrel system as a whole responds to whisker move-
ments more as a differentiator rather than as an integrator [57-66]. These studies showed with
an elegant combination of experiments and computational modeling how the on- and off-
responses to whisker deflections, which are already present in the thalamic response, are
sharpened within the barrel cortex, and elucidated the key role of inhibition, and, in particular,
of cross-whisker inhibition. Refs. [57-66] already established the key role of inhibitory neu-
rons in making the barrel system respond more like a differentiator than an integrator, and
they did not postulate the existence of a further readout circuit, which performs the differentia-
tion. Our model suggest that at least one further processing stage is needed to explain the
experiments from ref. [6], which, in these earlier work, was not needed to explain the response
properties of the barrel cortex. It must be noted, however, that we consider here a completely
different situation, i.e. that of an extremely weak (at the network level) input that is delivered
directly into the cortex. This stimulus, therefore, overrides the preprocessing performed by the
afferent sensory pathways, which contribute significantly to the differentiation operation per-
formed by the whisker sensory system. It was, hence, a still open question whether a similar
kind of sensory processing that applies to a volley of correlated inputs such as those received
from thalamocortical projections upon whisker deflection [57, 65, 67, 68] would apply to the
experimental situation of refs. [4, 6]. Our model suggests that this might be the case, provided
that a second downstream area acts as a differentiator. The involvement of further processing
stages is also reasonable if one takes into account that the barrel cortex is part of a primary sen-
sory area, and that it is, therefore, implausible that it can encode a decision or elicit a motor
response directly. It is, indeed, likely that at least one more processing stage is involved in the
difficult task of detecting and reporting the single-neuron stimulation.

One way of identifying candidate areas as a readout network would be an experiment in
which the juxtacellular stimulation is performed in parallel with multi-electrode array extracel-
lular recordings of the pooled activity of the local network. In this way, one could directly
access fiy(t) and 6 (t) (the deviation from the spontaneous state of the pooled local activity’s
mean and standard deviation, and thus extend the experimental data that can be compared to
our model results beyond the change in the probability of a behavioral response, i.e. the effect
size.

Beside being closer to the normal operation of the whisker system, a further argument for
why the readout should differentiate the local network activity is provided by our results
shown in Fig 12 and discussed on p. 21: there, we introduced a proxy for slow modulations of
the input to the network; i.e. a static input noise. Our results showed that, in this simplified sit-
uation, the readout performance of the integrator readout is more severely degraded than that
of the differentiator. Although it remains to be seen whether this finding holds also for a true
dynamical input noise, differentiating would be a strategy that the detector uses to deal with
strong and slow variations in the network’s firing state.

The circuit configuration we chose for the DNR hinges on a difference in transmission
delays, which in the standard case was AT = 10 ms. This choice was made because it roughly
matches the timescales of the changes induced in the readout population by the current jumps
and thus ensures a good signal-to-noise ratio. Is this value physiologically plausible? The inter-
somatic distance required to achieve such a time difference in the barrel cortex would be
approximately 2mm [69], which is a large but not unphysiological value [70]. As a matter
of fact, Fig 11 shows that this value could be halved without compromising the qualitative pic-
ture. Moreover, although in the model the additional delay was entirely assigned to the con-
nections from the BCN to the inhibitory readout population Z (Fig 2C), it would be possible to
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distribute the total latency among these connections and those from 7 to the readout popula-
tion S”. In this way, the disynaptic inhibitory pathway would need, for instance, to travel back
and forth over an even shorter distance.

Except for some minor technical differences, interpreting the IR activity as the voltage of a
single “grandmother” neuron renders the detection problem somewhat reminiscent of the
“Tempotron” readout [71], which can learn to respond to specific spiking patterns. Theoretical
studies have shown that one single spike can be enough to perturb the firing pattern of a spik-
ing network [72, 73], and it has been argued that the same may hold for the actual cortex as
well [9]. Since the nanostimulation elicits multiple spikes in the targeted neuron, it is likely
that some learning algorithm sensitive to precise spiking patterns, akin to the Tempotron,
could easily detect the single-cell stimulation and achieve a better performance than our read-
out, which simply considers the pooled activity from a fraction of the local network activity. In
fact, it has been shown that a simple classifier can discriminate highly correlated inputs to a
spiking network which exhibits chaotic spontaneous firing activity [74]. Although some
explicit training of the readout weights could indeed drastically increase the effect size and the
experimental subjects did undergo a training phase before the single-neuron stimulation ses-
sions [4, 6], we chose not to explicitly train the readout to detect specific cells, because the
training in experiments was performed by employing microstimulation pulses, which intri-
cately affect a large area rather than a specific cell directly [75-78]. Our readouts, that rely on
the pooled activity of the local network, discard a lot of information that can be stored in pre-
cise spiking patterns, but they are also more robust and, most importantly, insensitive to the
choice of the specific neuron.

In the construction of our model, we implicitly assumed that the training had already
occurred and that it resulted in the formation of the differentiator circuit. It is possible that
training the readout to detect the microstimulation with a suitable learning rule would pro-
duce a detector that is also more efficient in detecting the single-cell stimulation than the sim-
ple differentiator considered here. To this end, one could employ, for instance, a Tempotron-
like rule, as mentioned above, or a Hebbian paradigm that pairs the microstimulation with
the response of the readout population connected over several possible paths to the BCN.
Beside the learning rule, however, an important problem would be how to construct a proper
model for the complex, and only partially understood, cascade of events triggered by cortical
microstimulation.

In our model, the main effect of inducing sustained firing in a single excitatory cell was to
recruit SOM-LTS cells, which, in turn, inhibited the surrounding excitatory neurons. These
results are consistent with the disynaptic inhibition observed in vitro [41, 42] and with record-
ings under anesthesia showing that bursts in pyramidal cells mostly activate surrounding SOM
cells, hardly affecting other pyramidal cells or neighboring fast-spiking neurons [49].

Many different classes of inhibitory interneurons have been identified in the neocortex
[79]. In this study we decided to include only two types of interneurons to try to limit the
already high degree of complexity of the model. Modeling PV neurons is necessary as they
are the most common interneuron type and form the backbone of the inhibitory system.
SOM-LTS cells were included both because they are the second most common type of inter-
neuron in the barrel cortex [30] and because other experimental studies hinted at their possible
functional role when a single pyramidal cell is firing at high rates [41, 42, 49]. Another impor-
tant class of cortical interneurons is formed by vasoactive intestinal peptide (VIP) neurons.
These neurons do not directly provide inhibitory input to pyramidal cells and receive compar-
atively weak input from pyramidal cells. However, they have been found to make connections
to and receive connections from SOM-LTS cells [33]. A recent computational study shows
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that the mutual inhibition between VIP and SOM-LTS cells can modulate the response of
pyramidal cells to external input [80]. On this basis, it may be speculated that VIP neurons
also amplify the response to the single-cell stimulation through disinhibition. In other words,
SOM-LTS cell activation would inhibit VIP neurons which, in turn, would disinhibit
SOM-LTS and amplify the effects of single-cell stimulation. Because VIP neurons are believed
to receive top-down input, this conjecture would explain how the attention level of the experi-
mental subjects positively influences the ability to detect the single-cell stimulation [4, 6].

The network model considered here represents the surroundings of the stimulated cells,
which justifies the choice of a random unstructured connection topology within each neuronal
population. Expanding the model beyond the local scale requires a structured or distance-
dependent connectivity profile. Spatial connection profiles and non-random topologies have
strong repercussions on the cross-correlations between the spike trains in a network [81-84].
Cross-correlations, in turn, largely contribute to the fluctuations in the pooled activity of a
large readout population, as was considered here [25, 50, 85-88], and in general has conse-
quences for the propagation of information about a stimulus to subsequent processing stages
[89]. Hence, it is important that future studies investigate how different network topologies
can change both the signal, i.e. the effects of the single-cell stimulation, and the noise, i.e. the
fluctuations in the network’s activity.

Methods
Detailed description of the recurrent network model

Single-neuron properties and total input to neurons. We modeled all neurons as leaky
integrate-and-fire point neurons [90]. The kth neuron follows the differential equation

dv,

Tm,k E (t) = _Vk(t) + Rmkltotal,k(t)? (24)

where the membrane time constant 7,,, , was drawn from a lognormal distribution with mean
Tie = Tms = 20 ms if k is a RS neuron or a SOM-LTS neuron, or with mean 7,,,; = 10 ms if k is
a FS neuron. The standard deviation of all three distributions was set to 20% of the mean.
These values are compatible with experimental measurements for the rat barrel cortex [29, 31].
The membrane resistance is R, x = T,, 4/ C,,,, where the capacitance C,,, = 150 pF is assumed
equal for all neurons. Eq (24) is complemented with the rule that whenever v,(¢) reaches the
threshold value v, the neuron emits a spike and v(t) is reset and clamped at vz = 10 mV for
the duration of the refractory period 7,efx. The value of the firing threshold was drawn inde-
pendently for each neuron from a Gaussian distribution [31] with mean vz = vy; =20 mV if
k is an RS or FS neuron [29, 31] and with mean vy,g = 14 mV if the kth neuron belongs to the
SOM-LTS population, because the distance from resting potential to threshold is 5 mV to
7 mV lower in SOM-LTS neurons than in RS and FS neurons [29]. The standard deviation
was set to 10% of the mean for all three neuron types [29]. The refractory time is
Treik = Trer T Trefso Where Trepo = 4 ms and 7, ¢ was drawn from a lognormal distribution
with mean 2 ms and standard deviation 1 ms. The variability in the refractory time serves the
purpose of mimicking the variability in the maximum firing rate of neurons [29].

If the kth neuron belongs to the FS population, its total input current Iy, is just the sum
of the external input and of the recurrent input, i.e. it reads:

Rm‘kItotal‘k(t) = Rm,k [Iext.k(t) + Irec‘k(t)]? (25)

keFS

where the first term on the right side of Eq (25) represents the external input from other brain
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areas and the second term models the recurrent local input from other neurons within the net-
work. If the considered kth neuron belongs either to the RS or to the SOM-LTS population,
the total input current includes an additional adaptation term a(t):

R, kItotalk( ) =R, [Iext,k(t) + Irec,k(t) —a,(t)]. (26)

keRS, SOM

The adaptation current in the last equation obeys [37, 38]:

Fak d;iatk (t) = —a (t) + 7, Aax (1), (27)
where x(t) = %; 6(t — t ;) is the spike train emitted by neuron k. In other words, every time the
neuron fires, the adaptation current jumps by Aa,. Otherwise, it decays to zero with the time
constant 7, .

Both Aay and 7,4 are randomly drawn from a lognormal distribution with standard devia-
tion equal to 20% of the mean. For RS neurons, the mean of the two distributions are 7, , = 100
ms and Ag, = 0.3 nA, respectively; for SOM-LTS neurons they are 7, = 50 ms and Ag, = 0.2
nA, respectively.

With this choice of parameters, the strength of the spike-frequency adaptation roughly
agrees with in vitro measurements from the layer IV of the rat barrel cortex [29, 36].

External input to the network. The external input encompasses one constant term and
two excitatory Poissonian shot-noise processes:

Cext,th k

2.2 Jdlt = 1)

R, (t) _RmkI +’ka

m,k™ext,k

(28)

extbck
+ Z Z kpg ot = tf(’;q)}

The constant term is set to R, x o = 10 mV for all neurons. The second term in Eq (28) rep-
resents the input from the thalamus, and the third mimics incoming spikes from surrounding
cortical areas. Because the thalamus has a higher average firing rate, “thalamic” input spikes at
times £, occur at an average rate of rex s, = 10 Hz, while “cortical” input spikes at times #",
have a lower rate of 7y b = 2 Hz. The number of external input spike trains depends on the
cell type. Experimental studies suggest that SOM cells, in contrast to RS and FS cells, receive
only weak input from the thalamus and from distant brain areas [29, 40]. Therefore, if the kth
neuron belongs to the SOM-LTS population, then the number of external inputs is set to zero
Cext.thk = Cextbek = 0, whereas when k is a RS or a FS neuron, then Cey g, 1 = 500. Furthermore,
dendrites of FS neurons tend to be more localized than those of pyramidal cells, i.e. to receive
more input from local RS neurons and less from distant ones. Hence, the number of inputs
mimicking the cortical surroundings is Cex; e = 2000 when k is a RS neuron, and Cexgpei =
1000 when k is a FS neuron. Each input spike causes a PSP drawn independently from an
exponential distribution with mean Jox. = 0.1 mV when k is a RS neuron, and from an expo-
nential distribution with mean J; = 0.2 mV when k is a FS neuron, because both thalamic
and cortical excitatory postsynaptic potential (EPSP) amplitudes are larger in FS cells than in
RS cells [29].
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Recurrent input to RS neurons. The recurrent input term I, x(f) depends on the neuron
type. If kis a RS cell, it is

R, e () [Z Jii(t)x,(t — Dy,)

keRS i€P, (k)
Jy(t Dy) 29
- 200 (9
- Z Jie(£)x,(t = Dy,) |,
1P

where x;(t — Dy;) indicates the spike train emitted by neuron i, Dy; represents the total trans-
mission delay resulting from the axonal propagation, the neurotransmitter diffusion, and the
dendritic propagation from neuron i to neuron k, Ji; stands for the synaptic strength from neu-
ron i to neuron k, which depends on the spiking history (see below).

Connections to neuron k originate from three sets of neurons: P,(k), formed by C,, = 300
randomly selected RS neurons, P;(k), consisting of C,; = 200 randomly selected FS neurons,
and P (k), composed of C,; = 100 randomly selected SOM-LTS neurons. Hence, the connec-
tion probability of RS-to-RS synapses is C,./N, = 15%, of FS-to-RS and of SOM-LTS-to-RS is
C.i/N; = C,/Ns = 50%, consistent with the experimental observations that the connections
between RS cells are sparse whereas those between RS and inhibitory cells are dense [27, 29,
41, 91-93]. Transmission delays are drawn uniformly in the range 0.5 ms to 1.0 ms [93]. All
synaptic weights in Eq (29) undergo short-term depression (STD)

]ki(t) :]kiRki(t7)7 (30)

where the maximum coupling amplitudes Ji; (corresponding to the first spike after neuron i

has not been firing for a long time) are drawn independently from an exponential distribution

with mean J,, = 0.1 mV for RS-to-RS connections, J,; = 0.5 mV for FS-to-RS coupling, and /.,

=0.25 mV for SOM-to-RS connections. The variables Ry;(f) represent the fraction of available

synaptic resources, and ¢~ indicates that the function is evaluated immediately before a spike.

Model and parameters of STD, i.e. the time evolution of the Ry,(t), are described below.
Recurrent input to FS neurons. The recurrent input to a FS neuron reads:

Rm kIreck l Z ]kr z z)

keFS i€Q, (k)
Z ]kJ )
j€Qi(k
(31)
o Z ]kp — Dy)
peQs(k

JFZ jki,‘xl(t

LeFS

)

where the first term represents the synaptic input from Q,(k), a set of C;, = 800 randomly
selected RS cells (connection probability C;./N, = 40%), the second term is the input from the
inhibitory FS presynaptic population Q,(k) with size C;; = 200 (connection probability C;;/N; =
50%), and the third term represents the inputs from Q,(k), C;; = 50 randomly selected
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SOM-LTS neurons (connection probability 25%). All weights appearing in these three terms
follow Eq (30) and their peak value is drawn from an exponential distribution of mean J;, = 0.2
mV, J;=1.0mV, and J;; = 0.1 mV, respectively. Transmission delays are the same as for RS-to-
RS connections. These values reflect the fact that FS neurons receive strong and dense connec-
tions both from RS and from FS neurons, and that synapses from SOM to FS neurons are com-
paratively weaker [29, 33]. The fourth and last term in Eq (31) is an effective model for the
electrical coupling among FS cells (gap junctions), see next subsection.

Effective model for gap junctions. Both FS and SOM neurons in the rat somatosensory
cortex are coupled by gap junctions [32, 34, 40, 94]. In a simplified picture, gap junctions act
as a passive conductance coupling between the membrane voltage of two neurons. The stan-
dard way of mimicking the effect of a gap junction between neuron k and neuron £ would be
the following additional current for neuron k [95, 96]:

R, Ig = Te(Ve = i) + 1w X (t = D), (32)

where yy, is proportional to the Ohmic conductance between the two neurons and modulates
the strength of the subthreshold coupling, and J,, models the effect of spikes fired by neuron ¢,
which has to be added ad hoc, because LIF neurons do not explicitly generate action potentials.
Gap junctions typically form between dendrites of different neurons. Therefore, the effect of
spikes must travel from the soma along the dendrite of the first neuron to the gap junction and
then from it along the dendrite into the soma of the second neuron. For this reason, the time
necessary for this propagation can be as large as 0.5 ms [97]. Hence the delay term Dy, is
drawn from a uniform distribution in the range 0.1 ms to 0.5 ms. As reported in the main text,
the subthreshold coupling is completely neglected here, i.e. y;, = 0 is set for all neuron pairs.
The subthreshold coupling was shown to have a very weak influence on the firing rate, syn-
chrony, and oscillation frequency of networks of LIF neurons, as opposed to the spike-related
coupling [35]. The amplitude of gap-junction-related post-synaptic potentials measured in FS
neurons of the rat somatosensory cortex is rather variable and, on average, about half as large
as excitatory post-synaptic potentials induced by RS neurons [97, 98]. Hence, J,, was drawn
from an exponential distribution of mean J, = J,/2 = 0.05mV. The probability of a gap junc-
tion connecting two neighboring inhibitory neurons of the same type (FS with FS and SOM
with SOM) is high (60% to 80% [40, 94]). For simplicity, the gap-junction coupling was
approximated here as all-to-all (without self-coupling).

Recurrent input to SOM-LTS neurons. Finally, the recurrent input to a SOM-LTS neu-
ron is

Rm.kIrec‘k(t) = Tk [ Z Ju(t)x,(t — Dy;)

keSOM i€L,(k)

- Z)]kj(t)xj(t —Dy) (33)

jeL(k

+ Z juxz(t - D).

LeSOM

The three terms in Eq (33) represent the input from excitatory RS neurons, from inhibitory
FS neurons, and from gap junctions, respectively. Gap-junctions are modeled in the same way
as for FS neurons: their amplitudes and delays are drawn from the same distributions. The
first term in Eq (33) is the input from C,, = 1000 randomly chosen RS neurons (connection
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probability C,./N, = 50%). These are the only connections that undergo short-term facilitation
instead of depression, and for which random transmission failures were modeled (details on
the model below). The static baseline amplitudes J;; of each synapse are drawn independently
from an exponential distribution and have mean J,, = 0.1 mV. The second term in Eq (33) rep-
resents the input from C; = 100 randomly selected FS neurons (connection probability C,;/N;
=25%). These connections have the average maximum strength J; = 0.25 mV, undergo short-
term depression and obey Eq (30). Chemical synapses between SOM neurons are infrequent
and weak [29, 40] and were omitted for simplicity.

Model of short-term depression. Except for those connecting RS to SOM neurons, all
chemical synapses in the model undergo short-term depression. Each weight Ji;(¢) has a time
dependence described by

]ki(t) = ]kiRki(r% (34)

where the variable Ry;(f) stands for the fraction of available synaptic resources and is described
by the standard model by Tsodyks and Markram [44],

() = Ry )3 ot - i), 9

)

where ¢, ; are the times at which the spikes of neuron i arrive at the synapse, and ¢~ indicates
that the function is evaluated at t — £ (¢ > 0 is a small positive number), i.e. just before a spike.
The parameter U,, represents the release probability and 7p, is the recovery time scale. Note
that the time evolution of Ry;(t) depends on the spike times of the presynaptic neuron i only.
Hence, if 7p and Uy, do not depend on k, the time course of each variable Ry(¢) is a time-
shifted copy of a single master variable R;(t)

Rki(t) = Ri(t - Dki)a (36)

where R,(f) obeys the same equation as Ry,(£), except that the arrival times ¢, ;in Eq (35) are
replaced by t;, the spike times of neuron i. Here, it is assumed that 7, and U,, only depend on
the type of the source and target neuron, but not on the identity of the particular neuron
within a population so that Eq (36) holds. In this way, the actual number of dynamic variables
required to simulate the network is reduced from one variable per synapse to one variable per
neuron, which is an enormous computational advantage.

The parameter values chosen to model strong depression (all connections depicted in blue
in Fig 1) are 7p = 7p = 150 ms and U,, = U, , = 0.2. With this choice, the eighth PSP of a 40
pre-synaptic regular spike train is about one half of the maximal amplitude [29]. Most chemi-
cal synapses in the barrel cortex are depressing ([29, 43, 69]). However, inhibitory synapses
originating from SOM-LTS neurons and terminating onto RS neurons show only weak
depression or slight facilitation. Here, these connections are modeled as mildly depressing (Fig
1, light blue) by setting 7p = 7p,,, = 50 ms and Uy, = 0.05. For simplicity, also SOM-to-FS con-
nections were given the same STD parameters.

Short-term facilitation and transmission failures. Excitatory synapses from RS neurons
to SOM-LTS neurons (depicted in red in Fig 1) are strongly facilitating ([29, 41, 42]). If the
parameter U, in Eq (36) is turned into a dynamical variable, u(t), facilitating synapses can be
described [45, 99]. The amplitude of the PSPs is proportional to the product R(#)u(t). Consid-
ering the connection from the RS neuron i to the SOM-LTS neuron k, the time evolution of
the synaptic amplitude is described by (note that the conventions have been slightly changed
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with respect to ref. [45]):

(t" = D,
J.(t) = J,R,(t — D) %7
b

(37)
where " means that the function is evaluated at ¢ + &, i.e. the value of u;(f) just after the occur-
rence of a spike. The variables R;(t) and u(t) obey

() = 24D e yu Y a1, (38)

Tr

R0 =2 R Yoty (39)

)

where ;; indicate the spike times of neuron i. The first term in Eq (38) governs the relaxation
of the facilitation variable to the baseline level U, and the second term determines a positive
jump upon each pre-synaptic spike. The time evolution of the depression variable R,(f) has the
same form of Eq (35), i.e. a purely depressing synapse, except that the release probability is the
time-dependent function u,(f). The choice of the parameters U, 75, 7p dictates whether, for a
given firing rate, the synapse facilitates, depresses, or both [45]. Here, the four parameters
appearing in Eqs (38) and (39) were set as follows: 7z = 300 ms, 7 = 7p = 100 ms, U, = 0.01,
and U = 0.03. With this choice and for a pre-synaptic stimulation of 40 Hz, the synapse is
purely facilitating [29].

RS-to-SOM synapses stand out from all other synapses considered here because of a much
higher occurrence of transmission failures at low presynaptic firing rates (the average failure
rate is ~10% for RS-to-RS synapses, ~ 5% for synapses to and from FS neurons, and Z 50
for RS to SOM-LTS synapses [29]). However, the failure rate of RS-to-SOM-LTS synapses
decreases to ~ 10% upon repeated stimulation at 40 (failure rates for other synapses weakly
depend on the presynaptic firing rate [29]). Here, transmission failures are modeled only for
RS-to-SOM synapses via a stochastic binary variable S(py):

1 with probability 1 — p;

S(pf) = . . ) (40)
0 with probability p,

where p;describes the failure rate, which obeys the following dynamical equation

_ pf,rest - pf(t)

By () ==
f

- G@fﬂApf?pmin)Zé(t_ tLj)‘ (41)

In the last equation, py e = 0.5 is the baseline failure rate. Upon each presynaptic spike, the
failure rate decreases by G(ps Aps pmin) and relaxes back to the baseline value with the time
constant 7y= 250 ms. The size of each downward jump is Apy= 0.1 but is constrained to values
above Aps= piin = 0.1, a condition which is imposed by the piecewise linear function

0 lf pf S pmin
G(pvapf7pmin): pfipmin ifpmin<pf<pmin+Apf' (42)
Ap; if P + APy < py
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In the end, the synaptic weight from the RS neuron i to the SOM-LTS neuron k obeys the
following equation:

u,(t*

Ji(t) = J,R(t” — D) ;DI“.)S(PfJ(f - Dki))' (43)

U,

If the average effect of synaptic failures is taken into account, a 40 Hz presynaptic stimula-
tion causes the eighth PSP to be about eight times larger than the first, which is in a reasonable
qualitative agreement with the strong amplification measured in vitro [29, 42].

Detailed description of the readout network model

The differentiator network readout (DNR) consists of one population of Nz = 10000 RS neu-
rons (S”) and of one population of 2000 ES neurons (Z). Each neuron in the DNR follows the
same dynamical equation as its counterpart within the BCN and receives feedforward input
from C"**£ = 1000 randomly selected RS neurons of the BCN, from C"**! = 100 randomly
selected FS neurons of the BCN, and from C"*** = 100 randomly selected SOM neurons of
the BCN. In other words, the size of the presynaptic population of each excitatory and inhibi-
tory neuron within the readout network is equal to the readout sets of the other detection
schemes. The cellular properties of RS and FS neurons within the readout network are statisti-
cally equivalent to their counterparts within the BCN, except that the average strength and
recovery time of the spike-frequency adaptation variable of RS neurons within the DNR was
reduced to Aa, = 0.1 nA and 7,,, = 50 ms, respectively (the relative standard deviation of these
parameters was again 20%). A further difference is that the average rate of the Poisson input
mimicking cortical input was reduced to 50% of that of the BCN (the “thalamic” random input
is the same), and that each neuron in the DNR receives 200 random connections from the
local inhibitory population (Z). Hence, the only recurrent connections within the DNR are
inhibitory, as depicted in Fig 2C.

All connections from the BCN to the DNR and within the DNR are randomly drawn from
the same distributions as for the corresponding class of neurons within the BCN, except for
the connections from the inhibitory readout population 7 to the excitatory readout population
S”, the average strength of which, J®, is tuned to a value that enables the DNR to approximate
the function of a differentiator circuit, as explained in the following.

Referring to Fig 4, we have to calculate the value of /% such that the input Ay, via the indi-
rect path to the readout population S” equals a negative and temporally delayed image of the
direct input Ap,. This value can approximately be determined by the following linear-response
calculation.

Consider a perturbation of the firing rate of the RS neurons within the BCN and indicate it
with Ar,. We assume that the perturbation is slow compared to the most important system
time constants so that time-dependencies can be neglected. As a consequence of the firing rate
perturbation within the BCN, the mean input from the BCN to S” changes by

Au, = Tm?e]feFR(re)C‘Are, (44)
where the term
R(r) = ! 4
B 1 + TD.S Use.sr ( 5)

represents the average effect of the short-term depression (STD), given a presynaptic firing
rate . In Eq (44), JiF represents the average synaptic strength of the connections from the BCN
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to the excitatory readout population S”. Likewise, the mean input from Z to S® changes by

Ap; = _Tm.e]fiR () CfiArI’ (46)

where Ck = 200 is the number of input connections from Z to S” per postsynaptic neuron,
and Ar; is the change in the firing rate of the population 7 from the spontaneous value 7.
The linear-response approximation of Ar; is

do,,

Ar, = d

., (JER(r,)CAr ~ iR (r,) CEAY, ) (47)

where d¢,,/du is the so-called DC susceptibility, i.e. the linear response of the firing rate of a
LIF neuron to a slow change in its total mean input y. The value of the DC susceptibility can
be approximated by taking the derivative of the firing rate of a white-shot-noise-driven LIF
neuron [100] with respect to its mean input. The explicit expression for d¢,/du with a non-
zero refractory period can be found in the first appendix of [50].

First, Eq (47) can be solved for Ar; and substituted into Eq (46). Then, we require that the
perturbation in the mean input from direct and indirect pathways cancel each other (see Fig
4). In other words, we impose Ay, + Ap; = 0 and finally solve for J%, which yields

ei’

(1 7, 2 J5R (r,) )

myi du
R
]ei -

b (48)
Tomsi ;,in JEFCER(r;)

The only unknown quantity on the right hand side of Eq (48) is r;, the spontaneous firing
rate of Z. This firing rate can be estimated from the numerical solution of the following self-
consistency condition:

rr = d( eFeFv i}:’ r;:n Cﬁ 1 1y), (49)

where r". = Cr, + Coabeelextne T ConeTexenn 18 the total excitatory input rate to Z and ¢y (e
a; Re, Ry, Ip) is the firing rate of a LIF neuron driven by white shot-noise with exponentially
distributed weights [100]. The first two arguments, 4., a; are the excitatory and inhibitory
mean input weights, respectively. The third and fourth argument R,, R; are the input rates of
the excitatory and inhibitory input, respectively. The last argument I, is the constant input.

The explicit expression with non-zero input current and non-zero refractory period is

(bsn(ae’ ai7Re’Ri’ IO) = (Iref

1/aed . -1
S eSVT N

7 —Z (s — er
+m/s 0()[1—%5 ])

0

TmR;

where ¥, = v, — R, I, 7, = v; — R, I),and Z; ' (s) = (1 — a,s)"™ (1 + as)

Substituting numerical values in Eq (48) reveals that J® ~ 0.65mV would satisfy the
imposed condition. By choosing the smaller value J? = 0.6 mV, we obtain an imperfect com-
pensation of the mean input, which, as shown above, ultimately leads to a good agreement
with the experimental data.
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Experimental data

The experimental data appearing in Figs 7-9 are a part of the dataset of references [6, 48]. In
particular, the data shown in Fig 7 are the average effect size (for each stimulus duration) of
most cells shown in Fig 18A of reference [48] (800 ms stimuli were not used in the present
study); the experimental effect size in Fig 8 is the average for each stimulus intensity (and dura-
tion) of the cells appearing in Fig 14A of reference [48]; the average effect size for regular and
irregular stimulation of Fig 9 is based on the same dataset used for Fig 21C of reference [48].
For experimental procedures, we refer to [6, 48].

Author Contributions

Conceptualization: Davide Bernardi, Guy Doron, Michael Brecht, Benjamin Lindner.
Data curation: Davide Bernardi, Guy Doron.

Formal analysis: Davide Bernardi, Benjamin Lindner.

Funding acquisition: Davide Bernardi, Michael Brecht, Benjamin Lindner.
Investigation: Davide Bernardi, Guy Doron.

Project administration: Benjamin Lindner.

Resources: Michael Brecht, Benjamin Lindner.

Software: Davide Bernardi.

Supervision: Michael Brecht, Benjamin Lindner.

Validation: Davide Bernardi.

Visualization: Davide Bernardi.

Writing - original draft: Davide Bernardi, Benjamin Lindner.

Writing - review & editing: Davide Bernardi, Guy Doron, Michael Brecht, Benjamin
Lindner.

References

1. Feldmeyer D, Brecht M, Helmchen F, Petersen CCH, Poulet JFA, Staiger JF, et al. Barrel cortex func-
tion. Prog Neurobiol. 2013; 103:3-27. https://doi.org/10.1016/j.pneurobio.2012.11.002 PMID:
23195880

2. Doron G, Brecht M. What single-cell stimulation has told us about neural coding. Philos Trans R Soc
Lond B Biol Sci. 2015; 370:20140204. https://doi.org/10.1098/rstb.2014.0204

3. Brecht M, Schneider M, Sakmann B, Margrie TW. Whisker movements evoked by stimulation of single
pyramidal cells in rat motor cortex. Nature. 2004; 427(6976):704—710. https://doi.org/10.1038/
nature02266

4. Houweling AR, Brecht M. Behavioural report of single neuron stimulation in somatosensory cortex.
Nature. 2008; 451(7174):65-68. https://doi.org/10.1038/nature06447

5. Voigt BC, Brecht M, Houweling AR. Behavioral detectability of single-cell stimulation in the ventral pos-
terior medial nucleus of the thalamus. J Neurosci. 2008; 28(47):12362—12367. https://doi.org/10.1523/
JNEUROSCI.3046-08.2008

6. Doron G, von Heimendahl M, Schlattmann P, Houweling AR, Brecht M. Spiking irregularity and fre-
quency modulate the behavioral report of single-neuron stimulation. Neuron. 2014; 81(3):653—-663.
https://doi.org/10.1016/j.neuron.2013.11.032

7. Meyer HS, Wimmer VC, Oberlaender M, de Kock CPJ, Sakmann B, Helmstaedter M. Number and
laminar distribution of neurons in a thalamocortical projection column of rat vibrissal cortex. Cereb Cor-
tex. 2010; 20:2277-2286. https://doi.org/10.1093/cercor/bhq067

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831 February 8, 2021 34/38


https://doi.org/10.1016/j.pneurobio.2012.11.002
http://www.ncbi.nlm.nih.gov/pubmed/23195880
https://doi.org/10.1098/rstb.2014.0204
https://doi.org/10.1038/nature02266
https://doi.org/10.1038/nature02266
https://doi.org/10.1038/nature06447
https://doi.org/10.1523/JNEUROSCI.3046-08.2008
https://doi.org/10.1523/JNEUROSCI.3046-08.2008
https://doi.org/10.1016/j.neuron.2013.11.032
https://doi.org/10.1093/cercor/bhq067
https://doi.org/10.1371/journal.pcbi.1007831

PLOS COMPUTATIONAL BIOLOGY

Differentiator network replicates single-cell stimulation effects in barrel cortex model

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

Softky WR, Koch C. The highly irregular firing of cortical cells is inconsistent with temporal integration
of random EPSPs. J Neurosci. 1993; 13(1):334-350. https://doi.org/10.1523/JNEUROSCI.13-01-
00334.1993

London M, Roth A, Beeren L, Hausser M, Latham PE. Sensitivity to perturbations in vivo implies high
noise and suggests rate coding in cortex. Nature. 2010; 466(7302):123—127. https://doi.org/10.1038/
nature09086

Treves A. Mean-field analysis of neuronal spike dynamics. Network. 1993; 4(3):259-284. https://doi.
0rg/10.1088/0954-898X_4_3_002

Amit DJ, Brunel N. Model of global spontaneous activity and local structured activity during delay peri-
ods in the cerebral cortex. Cereb Cortex. 1997; 7(3):237-252. https://doi.org/10.1093/cercor/7.3.237

Kumar A, Schrader S, Aertsen A, Rotter S. The high-conductance state of cortical networks. Neural
Comput. 2008; 20:1-43. https://doi.org/10.1162/neco.2008.20.1.1

Brunel N. Dynamics of sparsely connected networks of excitatory and inhibitory spiking neurons. J
Comput Neurosci. 2000; 8(3):183-208. https://doi.org/10.1023/A:1008925309027

Ostojic S. Two types of asynchronous activity in networks of excitatory and inhibitory spiking neurons.
Nat Neurosci. 2014; 17(4):594—600. https://doi.org/10.1038/nn.3658

Wieland S, Bernardi D, Schwalger T, Lindner B. Slow fluctuations in recurrent networks of spiking neu-
rons. Phys Rev E. 2015; 92(4):040901. https://doi.org/10.1103/PhysRevE.92.040901

Renart A, de la Rocha J, Bartho P, Hollender L, Parga N, Reyes A, et al. The asynchronous state in
cortical circuits. Science. 2010; 327(5965):587-590. https://doi.org/10.1126/science.1179850 PMID:
20110507

Harris KD, Thiele A. Cortical state and attention. Nat Rev Neurosci. 2011; 12(9):509-523. https://doi.
org/10.1038/nrn3084

van Meegen A, Lindner B. Self-Consistent Correlations of Randomly Coupled Rotators in the Asyn-
chronous State. Phys Rev Lett. 2018; 121:258302. https://doi.org/10.1103/PhysRevLett.121.258302

Vellmer S, Lindner B. Theory of spike-train power spectra for multidimensional integrate-and-fire neu-
rons. Phys Rev Research. 2019; 1(2):023024. https://doi.org/10.1103/PhysRevResearch.1.023024

Sanzeni A, Histed MH, Brunel N. Response nonlinearities in networks of spiking neurons. bioRxiv. 2019;.

Doiron B, Chacron MJ, Maler L, Longtin A, Bastian J. Inhibitory feedback required for network oscil-
latory responses to communication but not prey stimuli. Nature. 2003; 421(6922):539-543. https://doi.
org/10.1038/nature01360

Kumar A, Rotter S, Aertsen A. Conditions for propagating synchronous spiking and asynchronous fir-
ing rates in a cortical network model. J Neurosci. 2008; 28(20):5268-5280. https://doi.org/10.1523/
JNEUROSCI.2542-07.2008

Ledoux E, Brunel N. Dynamics of networks of excitatory and inhibitory neurons in response to time-
dependent inputs. Front Comput Neurosci. 2011; 5:25.

Alijani AK, Richardson MJE. Rate response of neurons subject to fast or frozen noise: from stochastic
and homogeneous to deterministic and heterogeneous populations. Phys Rev E. 2011; 84:011919.
https://doi.org/10.1103/PhysRevE.84.011919

Bernardi D, Lindner B. Optimal detection of a localized perturbation in random networks of integrate-
and-fire neurons. Phys Rev Lett. 2017; 118:268301. https://doi.org/10.1103/PhysRevLett.118.268301

Bernardi D, Lindner B. Detecting single-cell stimulation in a large network of integrate-and-fire neu-
rons. Phys Rev E. 2019; 99(3):032304. https://doi.org/10.1103/PhysRevE.99.032304

Avermann M, Tomm C, Mateo C, Gerstner W, Petersen CCH. Microcircuits of excitatory and inhibitory
neurons in layer 2/3 of mouse barrel cortex. J Neurophysiol. 2012; 107(11):3116-3134. https://doi.org/
10.1152/jn.00917.2011

Schoonover CE, Tapia JC, Schilling VC, Wimmer V, Blazeski R, Zhang W, et al. Comparative strength
and dendritic organization of thalamocortical and corticocortical synapses onto excitatory layer 4 neu-
rons. J Neurosci. 2014; 34(20):6746—6758. https://doi.org/10.1523/JNEUROSCI.0305-14.2014 PMID:
24828630

Beierlein M, Gibson JR, Connors BW. Two dynamically distinct inhibitory networks in layer 4 of the
neocortex. J Neurophysiol. 2003; 90(5):2987-3000. https://doi.org/10.1152/jn.00283.2003

Meyer HS, Schwarz D, Wimmer VC, Schmitt AC, Kerr JND, Sakmann B, et al. Inhibitory interneurons
in a cortical column form hot zones of inhibition in layers 2 and 5A. Proc Natl Acad Sci USA. 2011; 108
(40):16807—16812. https://doi.org/10.1073/pnas.1113648108 PMID: 21949377

Harrison PM, Badel L, Wall MJ, Richardson MJ. Experimentally verified parameter sets for modelling
heterogeneous neocortical pyramidal-cell populations. PLoS Comput Biol. 2015; 11(8):e1004165.
https://doi.org/10.1371/journal.pcbi.1004165

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831 February 8, 2021 35/38


https://doi.org/10.1523/JNEUROSCI.13-01-00334.1993
https://doi.org/10.1523/JNEUROSCI.13-01-00334.1993
https://doi.org/10.1038/nature09086
https://doi.org/10.1038/nature09086
https://doi.org/10.1088/0954-898X_4_3_002
https://doi.org/10.1088/0954-898X_4_3_002
https://doi.org/10.1093/cercor/7.3.237
https://doi.org/10.1162/neco.2008.20.1.1
https://doi.org/10.1023/A:1008925309027
https://doi.org/10.1038/nn.3658
https://doi.org/10.1103/PhysRevE.92.040901
https://doi.org/10.1126/science.1179850
http://www.ncbi.nlm.nih.gov/pubmed/20110507
https://doi.org/10.1038/nrn3084
https://doi.org/10.1038/nrn3084
https://doi.org/10.1103/PhysRevLett.121.258302
https://doi.org/10.1103/PhysRevResearch.1.023024
https://doi.org/10.1038/nature01360
https://doi.org/10.1038/nature01360
https://doi.org/10.1523/JNEUROSCI.2542-07.2008
https://doi.org/10.1523/JNEUROSCI.2542-07.2008
https://doi.org/10.1103/PhysRevE.84.011919
https://doi.org/10.1103/PhysRevLett.118.268301
https://doi.org/10.1103/PhysRevE.99.032304
https://doi.org/10.1152/jn.00917.2011
https://doi.org/10.1152/jn.00917.2011
https://doi.org/10.1523/JNEUROSCI.0305-14.2014
http://www.ncbi.nlm.nih.gov/pubmed/24828630
https://doi.org/10.1152/jn.00283.2003
https://doi.org/10.1073/pnas.1113648108
http://www.ncbi.nlm.nih.gov/pubmed/21949377
https://doi.org/10.1371/journal.pcbi.1004165
https://doi.org/10.1371/journal.pcbi.1007831

PLOS COMPUTATIONAL BIOLOGY

Differentiator network replicates single-cell stimulation effects in barrel cortex model

32.

33.

34.

35.

36.

37.

38.

39.

40.

.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Beierlein M, Gibson JR, Connors BW. A network of electrically coupled interneurons drives synchro-
nized inhibition in neocortex. Nat Neurosci. 2000; 3:904-910. https://doi.org/10.1038/78809

Pfeffer CK, Xue M, He M, Huang ZJ, Scanziani M. Inhibition of inhibition in visual cortex: the logic of
connections between molecularly distinct interneurons. Nat Neurosci. 2013; 16(8):1068—1076. https://
doi.org/10.1038/nn.3446

Galarreta M, Hestrin S. A network of fast-spiking cells in the neocortex connected by electrical synap-
ses. Nature. 1999; 402(6757):72. https://doi.org/10.1038/47029

Holzbecher A, Kempter R. Interneuronal gap junctions increase synchrony and robustness of hippo-
campal ripple oscillations. Eur J Neurosci. 2018; 48(12):3446—-3465. https://doi.org/10.1111/ejn.14267

Gottlieb JP, Keller A. Intrinsic circuitry and physiological properties of pyramidal neurons in rat barrel
cortex. Exp Brain Res. 1997; 115(1):47-60. https://doi.org/10.1007/PL0O0005684

Benda J, Herz AV. A universal model for spike-frequency adaptation. Neural Comput. 2003; 15
(11):2523-2564. https://doi.org/10.1162/089976603322385063

Schwalger T, Lindner B. Patterns of interval correlations in neural oscillators with adaptation. Front
Comput Neurosci. 2013; 7:164.

Gutkin B, Zeldenrust F. Spike frequency adaptation. Scholarpedia. 2014; 9(2):30643. https://doi.org/
10.4249/scholarpedia.30643

Gibson JR, Beierlein M, Connors BW. Two networks of electrically coupled inhibitory neurons in neo-
cortex. Nature. 1999; 402:75-79. https://doi.org/10.1038/47035

Silberberg G, Markram H. Disynaptic inhibition between neocortical pyramidal cells mediated by Marti-
notti cells. Neuron. 2007; 53(5):735-746. https://doi.org/10.1016/j.neuron.2007.02.012

Kapfer C, Glickfeld LL, Atallah BV, Scanziani M. Supralinear increase of recurrent inhibition during
sparse activity in the somatosensory cortex. Nat Neurosci. 2007; 10(6):743—753. https://doi.org/10.
1038/nn1909

Lefort S, Petersen CCH. Layer-Dependent Short-Term Synaptic Plasticity Between Excitatory Neu-
rons in the C2 Barrel Column of Mouse Primary Somatosensory Cortex. Cereb Cortex. 2017;
27:3869-3878. https://doi.org/10.1093/cercor/bhx094

Tsodyks MV, Markram H. The neural code between neocortical pyramidal neurons depends on neuro-
transmitter release probability. Proc Natl Acad Sci USA. 1997; 94:719-723. https://doi.org/10.1073/
pnas.94.2.719

Tsodyks M, Pawelzik K, Markram H. Neural networks with dynamic synapses. Neural Comput. 1998;
10:821-835. https://doi.org/10.1162/089976698300017502

Middleton JW, Omar C, Doiron B, Simons DJ. Neural correlation is stimulus modulated by feedforward
inhibitory circuitry. J Neurosci. 2012; 32:506-518. https://doi.org/10.1523/JNEUROSCI.3474-11.2012

Gentet LJ, Kremer Y, Taniguchi H, Huang ZJ, Staiger JF, Petersen CCH. Unique functional properties
of somatostatin-expressing GABAergic neurons in mouse barrel cortex. Nat Neurosci. 2012; 15:607—
612. https://doi.org/10.1038/nn.3051

Doron G. Psychophysical characterization of single neuron stimulation effects in rat barrel cortex.
Humboldt-Universitat zu Berlin, Mathematisch-Naturwissenschaftliche Fakultat; 2012.

Kwan AC, Dan Y. Dissection of cortical microcircuits by single-neuron stimulation in vivo. Curr Biol.
2012; 22(16):1459—-1467. https://doi.org/10.1016/j.cub.2012.06.007

Bernardi D. Detecting Single-Cell Stimulation in Recurrent Networks of Integrate-and-Fire Neurons.
Humboldt-Universitat zu Berlin, Mathematisch-Naturwissenschaftliche Fakultat; 2019.

Bernardi D, Lindner B. Receiver operating characteristic curves for a simple stochastic process that
carries a static signal. Phys Rev E. 2020; 101:062132. https://doi.org/10.1103/PhysRevE.101.062132

Doose J, Doron G, Brecht M, Lindner B. Noisy Juxtacellular Stimulation In Vivo Leads to Reliable Spik-
ing and Reveals High-Frequency Coding in Single Neurons. J Neurosci. 2016; 36:11120-11132.
https://doi.org/10.1523/JNEUROSCI.0787-16.2016

Stuttgen MC, Nonkes LJP, Geis HRAP, Tiesinga PH, Houweling AR. Temporally precise control of sin-
gle-neuron spiking by juxtacellular nanostimulation. J Neurophysiol. 2017; 117(3):1363—1378. https://
doi.org/10.1152/jn.00479.2016

Doose J, Lindner B. Evoking prescribed spike times in stochastic neurons. Physical Review E. 2017;
96(3):032109. https://doi.org/10.1103/PhysRevE.96.032109

van Gils T, Tiesinga PH, Englitz B, Martens MB. Sensitivity to stimulus irregularity is inherent in neural
networks. Neural Comput. 2019; 31(9):1789-1824. https://doi.org/10.1162/neco_a_01215

Mainen ZF, Sejnowski TJ. Reliability of spike timing in neocortical neurons. Science. 1995; 268:1503—
15086. https://doi.org/10.1126/science.7770778

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831 February 8, 2021 36/38


https://doi.org/10.1038/78809
https://doi.org/10.1038/nn.3446
https://doi.org/10.1038/nn.3446
https://doi.org/10.1038/47029
https://doi.org/10.1111/ejn.14267
https://doi.org/10.1007/PL00005684
https://doi.org/10.1162/089976603322385063
https://doi.org/10.4249/scholarpedia.30643
https://doi.org/10.4249/scholarpedia.30643
https://doi.org/10.1038/47035
https://doi.org/10.1016/j.neuron.2007.02.012
https://doi.org/10.1038/nn1909
https://doi.org/10.1038/nn1909
https://doi.org/10.1093/cercor/bhx094
https://doi.org/10.1073/pnas.94.2.719
https://doi.org/10.1073/pnas.94.2.719
https://doi.org/10.1162/089976698300017502
https://doi.org/10.1523/JNEUROSCI.3474-11.2012
https://doi.org/10.1038/nn.3051
https://doi.org/10.1016/j.cub.2012.06.007
https://doi.org/10.1103/PhysRevE.101.062132
https://doi.org/10.1523/JNEUROSCI.0787-16.2016
https://doi.org/10.1152/jn.00479.2016
https://doi.org/10.1152/jn.00479.2016
https://doi.org/10.1103/PhysRevE.96.032109
https://doi.org/10.1162/neco_a_01215
https://doi.org/10.1126/science.7770778
https://doi.org/10.1371/journal.pcbi.1007831

PLOS COMPUTATIONAL BIOLOGY

Differentiator network replicates single-cell stimulation effects in barrel cortex model

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

Kyriazi HT, Simons DJ. Thalamocortical response transformations in simulated whisker barrels. J Neu-
rosci. 1993; 13:1601-1615. https://doi.org/10.1523/JNEUROSCI.13-04-01601.1993

Pinault D. Golgi-like labeling of a single neuron recorded extracellularly. Neurosci Lett. 1994; 170
(2):255-260. https://doi.org/10.1016/0304-3940(94)90332-8

Kyriazi HT, Carvell GE, Simons DJ. OFF response transformations in the whisker/barrel system. J
Neurophysiol. 1994; 72:392—401. https://doi.org/10.1152/jn.1994.72.1.392

Brumberg JC, Pinto DJ, Simons DJ. Spatial gradients and inhibitory summation in the rat whisker bar-
rel system. J Neurophysiol. 1996; 76:130—140. https://doi.org/10.1152/jn.1996.76.1.130

Brumberg JC, Pinto DJ, Simons DJ. Cortical columnar processing in the rat whisker-to-barrel system.
J Neurophysiol. 1999; 82:1808-1817. https://doi.org/10.1152/jn.1999.82.4.1808

Pinto DJ, Brumberg JC, Simons DJ. Circuit dynamics and coding strategies in rodent somatosensory
cortex. J Neurophysiol. 2000; 83:1158-1166. https://doi.org/10.1152/jn.2000.83.3.1158

Pinto DJ, Hartings JA, Brumberg JC, Simons DJ. Cortical damping: analysis of thalamocortical
response transformations in rodent barrel cortex. Cereb Cortex. 2003; 13:33—44. https://doi.org/10.
1093/cercor/13.1.33

Khatri V, Bruno RM, Simons DJ. Stimulus-specific and stimulus-nonspecific firing synchrony and its
modulation by sensory adaptation in the whisker-to-barrel pathway. J Neurophysiol. 2009; 101:2328—
2338. https://doi.org/10.1152/jn.91151.2008

Pesavento MJ, Rittenhouse CD, Pinto DJ. Response sensitivity of barrel neuron subpopulations
to simulated thalamic input. J Neurophysiol. 2010; 103:3001-3016. https://doi.org/10.1152/jn.01053.
2009

Pesavento MJ, Pinto DJ. Network and neuronal membrane properties in hybrid networks reciprocally
regulate selectivity to rapid thalamocortical inputs. J Neurophysiol. 2012; 108:2452—-2472. https://doi.
org/10.1152/jn.00914.2011

Kyriazi HT, Carvell GE, Brumberg JC, Simons DJ. Quantitative effects of GABA and bicuculline
methiodide on receptive field properties of neurons in real and simulated whisker barrels. J Neurophy-
siol. 1996; 75:547-560. https://doi.org/10.1152/jn.1996.75.2.547

Simons DJ, Carvell GE, Kyriazi HT, Bruno RM. Thalamocortical conduction times and stimulus-evoked
responses in the rat whisker-to-barrel system. J Neurophysiol. 2007; 98:2842-2847. https://doi.org/
10.1152/jn.00800.2007

Helmstaedter M, Staiger JF, Sakmann B, Feldmeyer D. Efficient recruitment of layer 2/3 interneurons
by layer 4 input in single columns of rat somatosensory cortex. J Neurosci. 2008; 28(33):8273-8284.
https://doi.org/10.1523/JNEUROSCI.5701-07.2008

Schnepel P, Kumar A, Zohar M, Aertsen A, Boucsein C. Physiology and Impact of Horizontal Connec-
tions in Rat Neocortex. Cereb Cortex. 2014; 25:3818-3835.

Gitig R, Sompolinsky H. The tempotron: a neuron that learns spike timing-based decisions. Nat Neu-
rosci. 2006; 9:420—-428. https://doi.org/10.1038/nn1643

Monteforte M, Wolf F. Dynamical entropy production in spiking neuron networks in the balanced state.
Phys Rev Lett. 2010; 105(26):268104. https://doi.org/10.1103/PhysRevLett.105.268104

Monteforte M, Wolf F. Dynamic flux tubes form reservoirs of stability in neuronal circuits. Phys Rev X.
2012; 2(4):041007.

Lajoie G, Lin KK, Thivierge JP, Shea-Brown E. Encoding in Balanced Networks: Revisiting Spike Pat-
terns and Chaos in Stimulus-Driven Systems. PLoS Comput Biol. 2016; 12:€1005258. https://doi.org/
10.1371/journal.pcbi.1005258

Butovas S, Schwarz C. Spatiotemporal effects of microstimulation in rat neocortex: a parametric study
using multielectrode recordings. J Neurophysiol. 2003; 90(5):3024—-3039. https://doi.org/10.1152/jn.
00245.2003

Butovas S, Hormuzdi SG, Monyer H, Schwarz C. Effects of electrically coupled inhibitory networks on
local neuronal responses to intracortical microstimulation. J Neurophysiol. 2006; 96(3):1227—1236.
https://doi.org/10.1152/jn.01170.2005

Histed MH, Bonin V, Reid RC. Direct activation of sparse, distributed populations of cortical neurons
by electrical microstimulation. Neuron. 2009; 63(4):508-522. https://doi.org/10.1016/j.neuron.2009.
07.016

Overstreet CK, Klein JD, Tillery SIH. Computational modeling of direct neuronal recruitment during
intracortical microstimulation in somatosensory cortex. J Neural Eng. 2013; 10(6):066016. https://doi.
org/10.1088/1741-2560/10/6/066016

Tremblay R, Lee S, Rudy B. GABAergic Interneurons in the Neocortex: From Cellular Properties to
Circuits. Neuron. 2016; 91:260—292. https://doi.org/10.1016/j.neuron.2016.06.033

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831 February 8, 2021 37/38


https://doi.org/10.1523/JNEUROSCI.13-04-01601.1993
https://doi.org/10.1016/0304-3940(94)90332-8
https://doi.org/10.1152/jn.1994.72.1.392
https://doi.org/10.1152/jn.1996.76.1.130
https://doi.org/10.1152/jn.1999.82.4.1808
https://doi.org/10.1152/jn.2000.83.3.1158
https://doi.org/10.1093/cercor/13.1.33
https://doi.org/10.1093/cercor/13.1.33
https://doi.org/10.1152/jn.91151.2008
https://doi.org/10.1152/jn.01053.2009
https://doi.org/10.1152/jn.01053.2009
https://doi.org/10.1152/jn.00914.2011
https://doi.org/10.1152/jn.00914.2011
https://doi.org/10.1152/jn.1996.75.2.547
https://doi.org/10.1152/jn.00800.2007
https://doi.org/10.1152/jn.00800.2007
https://doi.org/10.1523/JNEUROSCI.5701-07.2008
https://doi.org/10.1038/nn1643
https://doi.org/10.1103/PhysRevLett.105.268104
https://doi.org/10.1371/journal.pcbi.1005258
https://doi.org/10.1371/journal.pcbi.1005258
https://doi.org/10.1152/jn.00245.2003
https://doi.org/10.1152/jn.00245.2003
https://doi.org/10.1152/jn.01170.2005
https://doi.org/10.1016/j.neuron.2009.07.016
https://doi.org/10.1016/j.neuron.2009.07.016
https://doi.org/10.1088/1741-2560/10/6/066016
https://doi.org/10.1088/1741-2560/10/6/066016
https://doi.org/10.1016/j.neuron.2016.06.033
https://doi.org/10.1371/journal.pcbi.1007831

PLOS COMPUTATIONAL BIOLOGY

Differentiator network replicates single-cell stimulation effects in barrel cortex model

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

Hertag L, Sprekeler H. Amplifying the redistribution of somato-dendritic inhibition by the interplay of
three interneuron types. PLoS Comput Biol. 2019; 15(5):e1006999. https://doi.org/10.1371/journal.
pcbi. 1006999

Kriener B, Helias M, Aertsen A, Rotter S. Correlations in spiking neuronal networks with distance
dependent connections. J Comput Neurosci. 2009; 27:177-200. https://doi.org/10.1007/s10827-008-
0135-1

Trousdale J, Hu Y, Shea-Brown E, Josi¢ K. Impact of network structure and cellular response on spike
time correlations. PLoS Comput Biol. 2012; 8(3):e1002408. https://doi.org/10.1371/journal.pcbi.
1002408

Pernice V, Staude B, Cardanobile S, Rotter S. Recurrent interactions in spiking networks with arbitrary
topology. Phys Rev E. 2012; 85:031916. https://doi.org/10.1103/PhysRevE.85.031916

Rosenbaum R, Smith MA, Kohn A, Rubin JE, Doiron B. The spatial structure of correlated neuronal
variability. Nat Neurosci. 2017; 20(1):107—114. https://doi.org/10.1038/nn.4433

Helias M, Tetzlaff T, Diesmann M. Echoes in correlated neural systems. New J Phys. 2013;
15:023002. https://doi.org/10.1088/1367-2630/15/2/023002

Dipoppa M, Gutkin BS. Correlations in background activity control persistent state stability and allow
execution of working memory tasks. Front Comput Neurosci. 2013; 7:139.

Helias M, Tetzlaff T, Diesmann M. The Correlation Structure of Local Neuronal Networks Intrinsically
Results from Recurrent Dynamics. PLoS Comput Biol. 2014; 10(1):1-21.

Kihn T, Helias M. Locking of correlated neural activity to ongoing oscillations. PLoS Comput Biol.
2017; 13:e1005534. https://doi.org/10.1371/journal.pcbi. 1005534

Zylberberg J, Pouget A, Latham PE, Shea-Brown E. Robust information propagation through noisy
neural circuits. PLoS Comput Biol. 2017; 13:61005497. https://doi.org/10.1371/journal.pcbi. 1005497

Gerstner W, Kistler WM, Naud R, Paninski L. Neuronal dynamics: From single neurons to networks
and models of cognition. Cambridge University Press; 2014.

Lefort S, Tomm C, Sarria JCF, Petersen CCH. The excitatory neuronal network of the C2 barrel col-
umn in mouse primary somatosensory cortex. Neuron. 2009; 61(2):301-316. https://doi.org/10.1016/j.
neuron.2008.12.020

Packer AM, Yuste R. Dense, unspecific connectivity of neocortical parvalbumin-positive interneurons:
a canonical microcircuit for inhibition? J Neurosci. 2011; 31:13260-13271.

Koelbl C, Helmstaedter M, Libke J, Feldmeyer D. A barrel-related interneuron in layer 4 of rat somato-
sensory cortex with a high intrabarrel connectivity. Cereb Cortex. 2015; 25(83):713-725. https://doi.org/
10.10983/cercor/bht263

Amitai Y, Gibson JR, Beierlein M, Patrick SL, Ho AM, Connors BW, et al. The spatial dimensions of
electrically coupled networks of interneurons in the neocortex. J Neurosci. 2002; 22(10):4142—-4152.
https://doi.org/10.1523/JNEUROSCI.22-10-04142.2002 PMID: 12019332

Lewis TJ, Rinzel J. Dynamics of spiking neurons connected by both inhibitory and electrical coupling. J
Comput Neurosci. 2003; 14(3):283-309. https://doi.org/10.1023/A:1023265027714

Ostojic S, Brunel N, Hakim V. Synchronization properties of networks of electrically coupled neurons in
the presence of noise and heterogeneities. J Comput Neurosci. 2009; 26(3):369-392. https://doi.org/
10.1007/s10827-008-0117-3

Tamas G, Buhl EH, Loérincz A, Somogyi P. Proximally targeted GABAergic synapses and gap junctions
synchronize cortical interneurons. Nat Neurosci. 2000; 3(4):366. https://doi.org/10.1038/73936

Sun QQ, Huguenard JR, Prince DA. Barrel cortex microcircuits: thalamocortical feedforward inhibition
in spiny stellate cells is mediated by a small number of fast-spiking interneurons. J Neurosci. 2006; 26
(4):1219-1230. https://doi.org/10.1523/JNEUROSCI.4727-04.2006

Markram H, Wang Y, Tsodyks M. Differential signaling via the same axon of neocortical pyramidal neu-
rons. Proc Natl Acad Sci USA. 1998; 95:5323-5328. https://doi.org/10.1073/pnas.95.9.5323

Richardson MJE, Swarbrick R. Firing-rate response of a neuron receiving excitatory and inhibitory syn-
aptic shot noise. Phys Rev Lett. 2010; 105(17):178102. https://doi.org/10.1103/PhysRevLett.105.
178102

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007831 February 8, 2021 38/38


https://doi.org/10.1371/journal.pcbi.1006999
https://doi.org/10.1371/journal.pcbi.1006999
https://doi.org/10.1007/s10827-008-0135-1
https://doi.org/10.1007/s10827-008-0135-1
https://doi.org/10.1371/journal.pcbi.1002408
https://doi.org/10.1371/journal.pcbi.1002408
https://doi.org/10.1103/PhysRevE.85.031916
https://doi.org/10.1038/nn.4433
https://doi.org/10.1088/1367-2630/15/2/023002
https://doi.org/10.1371/journal.pcbi.1005534
https://doi.org/10.1371/journal.pcbi.1005497
https://doi.org/10.1016/j.neuron.2008.12.020
https://doi.org/10.1016/j.neuron.2008.12.020
https://doi.org/10.1093/cercor/bht263
https://doi.org/10.1093/cercor/bht263
https://doi.org/10.1523/JNEUROSCI.22-10-04142.2002
http://www.ncbi.nlm.nih.gov/pubmed/12019332
https://doi.org/10.1023/A:1023265027714
https://doi.org/10.1007/s10827-008-0117-3
https://doi.org/10.1007/s10827-008-0117-3
https://doi.org/10.1038/73936
https://doi.org/10.1523/JNEUROSCI.4727-04.2006
https://doi.org/10.1073/pnas.95.9.5323
https://doi.org/10.1103/PhysRevLett.105.178102
https://doi.org/10.1103/PhysRevLett.105.178102
https://doi.org/10.1371/journal.pcbi.1007831

