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Abstract. Neocortical pyramidal neurons in vivo are subject to an intense synaptic background activity that has a
significant impact on various electrophysiological properties and dendritic integration. Using detailed biophysical
models of a morphologically reconstructed neocortical pyramidal neuron, in which synaptic background activity
was simulated according to recent measurements in cat parietal cortex in vivo, we show that the responsiveness of
the cell to additional periodic subthreshold stimuli can be significantly enhanced through mechanisms similar to
stochastic resonance. We compare several paradigms leading to stochastic resonance-like behavior, such as varying
the strength or the correlation in the background activity. A new type of resonance-like behavior was obtained when
the correlation was varied, in which case the responsiveness is sensitive to the statistics rather than the strength
of the noise. We suggest that this type of resonance may be relevant to information processing in the cerebral
cortex.
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1.

Introduction

Over the last two decades, phenomena like the amplification of weak signals or the improvement of signal detection and reliability of information transfer
in nonlinear dynamical systems in the presence of a
certain nonzero noise level were subject of an increasing number of theoretical and experimental investigations. They became well known and are now well established under the term stochastic resonance (SR).
Since its first appearance as a possible explanation
of the periodicity of Earth’s ice ages (Benzi et al.,
1981; Nicolis, 1982), SR has shown to be an inherit
property of many physical, chemical and biological
systems. For a comprehensive review and up-to-date
summary of the basic theoretical principles underlying SR, experimental verifications, and applications,

we refer to Gammaitoni et al. (1998) and references
therein.
Neurons provide particularly favorable conditions
for displaying SR—namely, they are strongly excitable
and nonlinear, and often they are subject to noisy environments. Indeed, evidence for SR was found in neurons, both theoretically (e.g., Bezrukov and Vodyanoy,
1997; Bulsara et al., 1991; Capurro et al., 1998; Chow
et al., 1998; Huber et al., 1998; Lee et al., 1998; Lee
and Kim, 1999; Longtin, 1993; Longtin and Chialvo,
1998; Mar et al., 1999; Mato, 1998; Neiman et al.,
1999a, 1999b; Shimokawa et al., 1999; Wang et al.,
1998; Wiesenfeld and Moss, 1995) and experimentally
(e.g., Chialvo and Apkarian, 1993; Collins et al., 1995,
1996; Denk and Webb, 1989; Douglas et al., 1993; Ivey
et al., 1998; Jaramillo and Wiesenfeld, 1998; Levin
and Miller, 1996; Pei et al., 1996; Richardson et al.,
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1998; Simonotto et al., 1997; Srebo and Malladi, 1999).
These studies conclude that noise could play an essential role in the enhancement of signal detection and
transmission, especially in sensory and peripheral nervous systems. On the other hand, due to technical difficulties, SR remains poorly characterized in the central
nervous system. Recently, it was shown that the presence of noise affects the detection of distal synaptic inputs in rat hippocampal CA1 neurons in vitro (Stacey
and Durand, 2000). It was proposed that SR, besides
the amplification due to active channels in the dendritic
tree (Cook and Johnston, 1997; Johnston et al., 1996;
Magee and Johnston, 1995b; Segev and Rall, 1998;
Stuart and Sakmann, 1994), could provide an alternative mechanism capable for enhancing distal synaptic
input detection.
In the neocortex, each pyramidal cell is embedded
in a very dense network and receives several thousands of synaptic inputs from other neurons (Cragg,
1967; DeFelipe and Fariñas, 1992; Gruner et al., 1974;
Szentagothai, 1965). With a spontaneous firing rate of
5 to 20 Hz in awake animals (Evarts, 1964; Hubel,
1959; Matsumura et al., 1988; Steriade, 1978; Steriade
et al., 2001), cortical cells are subject to a tremendous
synaptic bombardment that leads to a highly fluctuating intracellular activity (e.g., Azouz and Gray, 1999;
Contreras et al., 1996; Destexhe and Paré, 1999; Hô and
Destexhe, 2000; Lampl et al., 1999; Matsumura et al.,
1988; Nowak et al., 1997; Paré et al., 1998). In this article, we investigate whether this type of fluctuating activity can lead to SR in neocortical pyramidal neurons.
We used computational models of morphologically reconstructed neurons in which synaptic background activity was simulated according to recent measurements
in cat parietal cortex in vivo (Destexhe and Paré, 1999;
Paré et al., 1998). This approach departs from classic
SR paradigms because here the “noise” (background
activity) is not external but is generated by the cortex
itself. We discuss its implications and predictions for
information processing by cortical neurons.
Part of these results have appeared in a conference
abstract (Rudolph and Destexhe, 2000).

2.
2.1.

Methods
Model Settings

Computational simulations were performed using a
morphologically reconstructed neocortical pyramidal
layer VI neuron of a cat (Fig. 1A) obtained from a
previous study (Contreras et al., 1997). The dendritic
surface was corrected for spines under the assumption
that about 45% of the dendritic membrane area are represented by spines (DeFelipe and Fariñas, 1992).
The passive model parameters (Table 1), which were
kept constant in all simulations, were estimated by
matching the model to passive responses obtained intracellularly after application of TTX and synaptic blockers (Destexhe and Paré, 1999).
For most of the models, three types of active
ionic currents (fast sodium current INa , delayedrectifier potassium current IK d and Vm -dependent
potassium current IM ) were simulated by inserting voltage-dependent conductances, described by
Hodgkin-Huxley type models, in the soma, dendrites
and the axon (Table 2). The kinetics of the currents
were taken from a model of hippocampal pyramidal
cells (Traub and Miles, 1991) in which inactivation
was shifted 10 mV towards hyperpolarized values in
order to match voltage-clamp data of cortical pyramidal cells (Huguenard et al., 1988). To discuss the impact
of membrane excitability, the peak conductances of all
ion channels were altered by a common multiplicative factor aic . Here, three cases were investigated: a
low excitabi- lity (aic = 0.4, corresponding to the lower
border of the experimental observed range), a medium
(“mid”) excitability (aic = 0.7, corresponding to values
found experimentally in adult hippocampal pyramidal
neurons) (see Magee and Johnston, 1995a), and a high
excitability (aic = 1). The robustness of the results was
tested by using different sets of voltage-dependent conductances, which included a Ca2+ -dependent potassium current (C-current) IK Ca (kinetics in Yamada
et al., 1989; constant dendritic conductance density of
1 mS cm−2 ), a high-threshold Ca2+ -current (L-current)

Table 1. General passive parameter settings (reversal potential E rev , axial resistivity Raxial , leak
conductances gleak , and capacitances C for the axon, soma and dendrites) used in the models.
gleak axon = 0.02 S cm−2
gleak soma =

4.52 · 10−5

S

Caxon = 0.04 µF cm−2
cm−2

gleak dend = 6.5495 · 10−5 S cm−2

Csoma = 1.449 µF

cm−2

Cdend = 1 µF cm−2

E rev = −80 mV
Raxial = 250 cm
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Figure 1. Synaptic background activity leads to membrane potential fluctuations and spontaneous firing activity. A: Morphologically reconstructed neocortical pyramidal layer VI neuron of a cat incorporated in the models. The shaded area indicates the proximal region including all
dendritic branches within a radius of 40 µm from the soma. Inside that region there were no excitatory synapses, whereas inhibitory synapses
were spread over the whole dendritic tree. B: Vm fluctuations (left) due to synaptic background activity. Poisson-like distributed random inputs
without correlation led to small-amplitude fluctuations, whereas the amplitude and number of spontaneously elicited spikes was much higher
when correlation between individual synaptic release events was introduced. In all cases, synaptic background activity led to a nearly Gaussianlike amplitude distribution of Vm fluctuations (right). C: Relation between Pearson’s correlation coefficient cPear of the synaptic release events
and the parameter c used in the distributed generator algorithm for various types of synapses.

ICa L (kinetics in McCormick and Huguenard, 1992;
conductance density of 3 mS cm−2 and 1.5 mS cm−2
for proximal and distal dendrites, respectively), and a
persistent sodium current INa P (kinetics in French et al.,
1990; Huguenard and McCormick, 1992; McCormick
and Huguenard, 1992; constant dendritic conductance
density of 0.1 mS cm−2 ), as well as a model with different kinetics for INa , IK d and an A-type potassium
current IK A (models from Migliore et al., 1999).
Synaptic currents were incorporated by using twostate kinetic models (Destexhe et al., 1998) of
glutamate α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA) and γ -aminobutyric acid typeA (GABA A ) receptors (Table 3). No metabotropic
receptors were included. The densities of synapses in
different regions of the cell were estimated from mor-

phological studies in neocortical pyramidal neurons
(DeFelipe and Fariñas, 1992; Larkman, 1991; White,
1989), leading to a total number of 16,563 glutamatergic and 3,376 GABA A ergic synapses (2,818 in dendritic and 558 in proximal region) for the layer VI
cell under consideration. To perform the simulations
in a time-efficient manner, an accelerating algorithm
(Lytton, 1996) was used to handle the synaptic activation.
Synaptic background activity was simulated by the
firing of inhibitory and excitatory synapses. Appropriate release conditions, which were estimated based
on recent data from intracellular recordings of pyramidal neurons before and after application of TTX
(Destexhe and Paré 1999; Paré et al., 1998), correspond to all presynaptic terminals releasing randomly
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Table 2. Parameter settings for voltage-dependent ionic currents used in the models (reversal potential E, conductance
densities ḡ). The factor aic was changed to rescale ion channel densities to obtain models with various membrane
excitability (see Section 2, Methods).
Fast sodium channels
INa

Delayed-rectifier potassium channels
IK d

E Na = 50 mV

E K = −90 mV

ḡNa axon = aic · 516 mS cm−2

ḡKd axon = aic · 100 mS cm−2

ḡNa soma = aic · 51.6 mS cm−2

ḡKd soma = aic · 10 mS cm−2

ḡNa dend = aic · 74.8 mS

cm−2

ḡKd dend = aic · 14.5 mS

cm−2

Vm -Dependent potassium channels
IM

ḡM soma = aic · 0.5 mS cm−2
ḡM dend = aic · 0.725 mS cm−2

Table 3. Parameter settings for synaptic currents used for simulating background activity as
well as additional stimulation. The common factor asc was introduced to adjust synaptic quantal
conductances (see Section 2, Methods). For details about the kinetic models used, we refer to
Destexhe et al. (1998).
GABA A synapses
αmGABAa = 5 ms−1 mM−1

Stimulating AMPA synapses

αmAMPA = 1.1 ms−1 mM−1

αAMPA stim = 1.1ms−1 mM−1

ms−1

βAMPA stim = 0.19 ms−1

Cmax mGABAa = 1 mM

Cmax mAMPA = 1 mM

Cmax AMPA stim = 1 mM

Cdur mGABAa = 1 ms

Cdur mAMPA = 1 ms

Cdur AMPA stim = 1 ms

E rev mGABAa = −75 mV

E rev mAMPA = 0 mV

Rrev AMPA stim = 0 mV

βmGABAa = 0.1

ms−1

AMPA synapses

βmAMPA = 0.67

E pre thres AMPA stim = 0 mV
Tdead AMPA stim = 1 ms
gGABAa dend = asc · 869.4 pS

gAMPA dend = asc · 1738.8 pS

gAMPA stim = 0.1 mS cm−2

NAMPA dend = 16563

NAMPA stim = 197

gGABAa prox = asc · 600 pS
NGABAa dend = 2818
NGABAa prox = 558

according to a Poisson-like process with average rates
of νinh = 5.5 Hz for GABA A synapses and νexc = 1.0
Hz for AMPA synapses. In addition, the distributed
nature of the synaptic release allowed to modify the
statistics of the background activity by introducing
a redundancy in the Poisson-distributed random
numbers assigned to the presynaptic
compartments:
√
At each time step, N0 = N + c (1 − N ) Poissondistributed random synaptic events were generated
and randomly redistributed among N synaptic channels. For N0 < N this leads to a simultaneous (“correlated”) release of some of the N synapses, whereas
each individual synapse still releases randomly
according to the same Poisson distribution. The average correlation for every pair of synapses was the same
irrespective of their location within the dendritic tree.
The procedure allows to control the correlation of the
background independently, by changing N0 , without
affecting the average release frequency at each synapse
and thus without changing the overall conductance due

to background activity. Details of this distributed generator algorithm can be found in Destexhe and Paré
(1999). In what follows, the correlation parameter c
rather than the Pearson’s correlation coefficient is used
to label various statistics because it is directly related to
the generating algorithm. Independent generators were
chosen for proximal and dendritic GABA A as well as
AMPA synapses, leading to different relations between
c and cPear , as shown in Fig. 1C.
To investigate the effect of additionally applied subthreshold periodic stimulation, a supplementary set of
AMPA-mediated synapses (equivalent kinetic model,
total of 197 synapses in dendritic region) was introduced into the model (see Table 3). The conductance
density of these synapses, which represented only a
small fraction of the total AMPA conductance available in the dendrites, was uniform in dendrites and kept
fixed through all simulations. The stimulation was obtained by firing of all of these additional synapses at the
same time with a constant period of Tstim = 100 ms,
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which was chosen as a compromise between the desired
high statistics, limited by computationally extensive
simulations, and the necessity of independent stimuli.
Successive stimuli can be considered as independent
because Tstim is large compared to the typical duration
of the responses (post-stimulus-time histograms are of
the order of 15 to 20 ms) (see Hô and Destexhe, 2000).
The cellular geometry was incorporated into the
NEURON simulation environment (Hines and
Carnevale, 1997), which was used for all simulations.
In the case of background activity and additional stimulation, 60 s neuron activity were simulated for each parameter set, leading to a total of 600 stimulation events.
For simulations with background only, the simulation
time was fixed to 30 s. In all cases a time resolution of
0.1 ms was used. Spike train and the membrane voltage Vm were recorded at the soma during the whole
simulation.
All computations were performed using a DELL
Dimension XPS T600 (Dell Computer Corporation,
Round Rock TX, USA) running under the LINUX
operating system.
2.2.

Data Analysis and Measures
of Response Coherence

Voltage records with a time resolution of 0.1 ms and
records of spike release events at the soma in conjunction with recordings of individual synaptic firing
events for each model parameter set constitute the data
basis for the presented investigations. Besides a standard statistical analysis of the voltage records and spike
trains, inter-spike-interval (ISI) and joint-interval (JI)
histograms with binsizes between 2 and 15 ms, poststimulus-time histograms (PSTH) with a temporal resolution of 0.5 ms and the (average and cumulative)
voltage after stimulation with a resolution of 0.1 ms
were obtained. In addition, for each parameter set
power spectral densities (PSDs) were calculated for the
voltage and spike trains using a complex discrete fast
Fourier transform (based on Press et al., 1993) with a
sampling frequency of 10,000 Hz, with 219 = 524,288
data points for the 60 s noise plus stimulation, and 218
data points for the 30 s noise-only simulations. This
led to a frequency resolution of 0.038 Hz in the case
of noise-only and 0.019 Hz for noise-plus-stimulus
simulations.
Various ways were used to characterize and quantify
the response of the neuron to the periodic stimulus (for a
detailed overview we refer to Gammaitoni et al., 1998).
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2.2.1. Power Spectral Analysis. The most common
way to characterize SR in the response of dynamical
systems is in terms of the signal-to-noise ratio (SNR)
following from the analysis of PSDs. A variety of mathematical implementations of this ratio, which simply
measures the ratio of the “strength” of the peak at some
typical frequency ν0 (usually the frequency of the periodic stimulus), and the strength of the background
at this frequency) exists in the literature (e.g., Fauve
and Heslot, 1993; Lee and Kim, 1999; Wiesenfeld and
Moss, 1995; Zhou and Moss, 1990), each leading to
similar results. In the present study we have made use
of the following definition:

SNR = 10 · log10 N (ν0 )

−1



ν0 + ν

ν0 − ν


dν P(ν) , (1)

where P(ν) and N (ν) denote the PSDs at frequency
ν in the spike train power spectra obtained from signal with background noise and noise-only simulations,
respectively. Due to the finite time resolution in our
simulations, the ideal limit ν → 0 was replaced by
the finite value 2· ν = 0.1 Hz. Note that this definition
of the SNR does not necessarily lead to a zero value
when there is no signal peak above the background in
the noise-plus-stimulus power spectrum.
Because a subthreshold periodic stimulation leads to
periodic EPSPs, which show up as peaks at appropriate
frequencies in the Vm power spectra, another way to
characterize the cell’s response to a stimulation is given
by the “strength” of the corresponding EPSPs, deduced
from the voltage PSDs. To that end, a SNR according to
(1) was defined for the membrane voltage, and analyzed
as a function of the background properties.
2.2.2. ISI Distribution. As it was shown in computational investigations of simple neuron models (Longtin,
1993; Wiesenfeld and Moss, 1995) as well as in experimental studies (e.g., Douglas et al., 1993; Ivey et al.,
1998), in the presence of a periodic force the neural system responds with spike trains whose ISI histograms
contain a series of peaks centered at multiples of some
period T0 , which in many cases equals the period of this
force Tstim . The height of the peaks usually decreases
exponentially with increasing order but also depends on
the noise and stimulus properties. Detailed studies of
bistable systems and simple models of excitable membranes (see Longtin, 1993) revealed that the height of
peaks with fixed order goes through a maximum as a
function of noise intensity, and thus can be viewed as a
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measure of the coherence or synchronization between
the periodic forcing and the particular behavior of the
system leading to the genesis of spikes. In the present
study we investigated if the results deduced from simple neuron models also apply in more realistic models.
As a measure of the “strength” of the peaks in the ISI
histogram we used the ISI density, defined by
ISIDi =

NISIi
∼ relative height of peak
Ntotal × Tbin
in ISI histogram . (2)

Here, NISIi denotes the number of ISIs with length
TISIi = i · Tstim , where Tstim is the period of the stimulus
and i is the order of the peak in the ISI histogram, and
Ntotal denotes the total number of ISIs. The NISIi used
in the analysis were obtained from ISI histograms with
binsizes Tbin of 5 and 15 ms for periods of TISI1 , TISI2
and TISI3 , respectively.
2.2.3. Coherence Between Output and Stimulus.
Another measure describing the response of the system in terms of the statistical properties of spike trains
is given by the coherence between the output and the
stimulus (Chialvo and Apkarian, 1993):
COSi =

NISIi
,
Ntotal

(3)

where Ntotal denotes the total number of spikes fired in
a fixed time interval T after the stimulation.
In the present study, the time interval T was taken
to be the total length of the corresponding simulations.
The number of ISIs, NISIi , were obtained from the ISI
histograms with a binsize of 15 ms for periods of TISI1 ,
TISI2 and TISI3 , respectively. Smaller binsizes led to
qualitatively equivalent results.
2.2.4. Probability for Evoking Spikes. The last measure we will use in quantifying the response of the
neuron is the probability of spikes specifically evoked
by the stimulus, defined by
Pspikes =

Nspikes
,
Ntotal

(4)

where Nspikes denotes the number of evoked spikes in
a fixed time interval after the stimulus, cumulated for
all stimuli, and Ntotal is the total number of evoked
spikes. This measure is similar to the time-integrated

PSTH (Hô and Destexhe, 2000). A SNR corresponding to Pspikes can be introduced by using the standard
deviation σV , obtained from voltage records of simulations with noise and stimulus, as a measure for the
background activity:
SNR∗ =

Pspikes
.
σV

(5)

For the analysis presented in this article, the number of
evoked spikes in time intervals of length 10 ms as well
as 20 ms after each stimulus were cumulated to yield
Nspikes .
To capture the resonance behavior, unless otherwise
stated, COS and ISId data as well as the SNR deduced from spike PSDs were fitted using functions
of the form P2 (x) exp(−(x − a)2 /b2 ), P2x(x)
exp(a/x)
2
or P2x(x)
exp(−ax), where P2 (x) denotes a polynomial
2
of second order. Due to an expected different functional behavior of the SNR∗ measure (see Section 3,
Results), corresponding data were fitted by an exponential a e−bx . The SNR deduced from voltage power
spectra was fitted by a quadratic function.
3.

Results

We begin by outlining some general properties of the
model and motivate its investigation in the framework
of SR-like phenomena by raising the question of how
the background activity affects the coherence between
the response of the cell and an additionally applied periodic stimulus. In a first part, we show how the strength
of the synaptic background affects the response coherence. This was done by changing either the quantal
conductances of the synapses subject to the background
activity (conductance study) or the release frequency
of the excitatory background (frequency study). In a
second part, we investigated the impact of the correlation in the background activity (correlation study) on
the response of the cell.
As described in Section 2, Methods, we simulated a
model of synaptic background activity that was introduced previously (Destexhe and Paré, 1999) and that
was based on intracellular recordings in cat parietal
neurons in vivo (Paré et al., 1998). Synaptic background activity was simulated by high-frequency release conditions at excitatory and inhibitory synapses,
which were matched to experimental measurements.
These conditions could simulate the typical electrophysiological parameters measured intracellularly in
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vivo (Destexhe and Paré, 1999; Paré et al., 1998), such
as a depolarized Vm around −65 mV, an about five-fold
lower input resistance, high-frequency Vm fluctuations
with an approximately symmetric (Gaussian) amplitude distribution (σV ∼ 4 mV), and spontaneous firing
activity between 5 and 20 Hz (see Fig. 1B). To reproduce all properties, it was necessary to introduce
a weak correlation between release events, labeled by
the parameter c in the distributed generator algorithm
(see Section 2, Methods). The relation between this
parameter and Pearson’s correlation coefficient cPear is
given in Fig. 1C. The weak correlation was in agreement with the level of correlation measured between
pairs of cortical neurons in awake monkeys (Zohary
et al., 1994).
3.1.

Conductance Study: The Impact of Background
Conductance Density

We first investigated the model in the framework of
classical SR by changing the strength of the synaptic background. To that end, we introduced a common
multiplicative factor asc , which was applied to the value
of excitatory and inhibitory conductances. Here and
in what follows the term strength refers to the timeaveraged impact on the cell. asc was altered in the range
0.50 ≤ asc ≤ 1.95 with a stepsize of asc = 0.05. To
investigate how additional correlation in the synaptic
background affects the behavior of the cell, two sets
of simulations with c = 0.0 and c = 0.7 were performed. All simulations were done by using ion channel densities corresponding to medium excitability (see
Section 2, Methods).
A change of asc in the given range has had two major effects on Vm . First, increasing conductances led to
a slightly increasing depolarization of the membrane
between −67 mV for asc = 0.5 and −64 mV for
asc = 1.95 for both correlation values (see Fig. 2A).
Similar, the amplitude of Vm fluctuations, measured
by the standard deviation σV , showed a smooth increase between 1 mV ≤ σV ≤ 3 mV for c = 0.0 and
2 mV ≤ σV ≤ 4 mV for c = 0.7 (Fig. 2B). Whereas
the quantitative and qualitative behavior of the average
Vm as a function of asc was the same for both correlation settings, we observed higher-fluctuation amplitudes for c = 0.7, reflecting the fact that a simultaneous firing of single synapses has a much stronger
impact on Vm than their independent activation. However, it is remarkable that only the height of the fluctuations was affected by the correlation but not the
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fluctuation range. In both cases, the effective change
in σV was about 2 mV over the chosen asc parameter
range. Moreover, for high synaptic conductances the
average Vm as well as σV did not further increase but
instead showed a saturation behavior by converging
toward fixed values. Additional simulations done for
even higher asc (data not shown) supported this observation. This result could be explained by a very stable balance between inhibitory and excitatory inputs,
which was not affected by the present simulation settings. However, the frequency study (see below), which
directly altered this balance by modifying the excitatory firing rate only, revealed a qualitatively similar
behavior for the corresponding quantities. Finally, the
additional periodic stimulation has had only a minor
influence on σV , which decreased further for higher
correlation.
In both cases, the number of observed spikes was
low. For c = 0.0 practically no spikes were evoked in
the noise-only simulations, even for high conductances,
indicating that the background-induced Vm fluctuations
were too small for spontaneously eliciting spikes. Also
the combined effect of background- and stimulationinduced Vm depolarizations only sporadically led to
a crossing of the firing threshold, manifesting in a
spike rate of less than 0.5 Hz for higher asc . Due to an
overall higher σV , this situation changed for c = 0.7.
Whereas here the cell remained subthreshold for lower
asc , at higher values the release rate stabilized between
7 and 8 Hz.
The effects of the additional stimulation induced a
slight periodic depolarization, which led to clear peaks
in the corresponding power spectra at multiples of the
stimulation frequency of 10 Hz (Fig. 2E). Because of
a higher number of evoked spikes in coherence with
the stimulation for increasing conductances, the height
of the peaks in the spectra also increases with asc .
The spectral noise follows a similar behavior due to
the higher fluctuation amplitudes for higher asc . In all
PSDs, peaks at the signal frequency and multiples of
it are higher for c = 0.0, whereas the spectral noise
is lower due to the smaller σV caused by the synaptic
background.
The evoking of spikes and membrane depolarization in coherence with the periodic stimulus reflect
in peaks right after the stimulus in the corresponding
PSTHs and average Vm after stimuli (Fig. 2C). The
height of these peaks, which measure the “amplitude”
of this coherent response, becomes larger for higher
background strength. However, an effect of correlation
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Figure 2. Behavior of the model following covariations in the quantal conductances of excitatory and inhibitory inputs. A: Impact of quantal
synaptic conductance changes on the average Vm obtained from recordings that were cleared for spikes. Depicted are the results for simulations
with noise-only (N) and noise-plus-stimulus (NS) for both correlation settings. B: The behavior of the standard deviation σV quantifying
Vm fluctuations as a function of asc for simulations with background noise-only as well as noise-plus-stimulus for both correlation values.
C: Average Vm after stimulus for two conductance settings. The evoking of spikes in coherence with the stimulus reflects in the peak right
after the stimulus. D: Representative ISI histogram obtained from noise-plus-stimulus simulations for asc = 1.55 and c = 0.7. The distribution
shows indication for peaks at multiples of the stimulation period Tstim = 100 ms but also contains a very strong background expected for
Poisson-like processes. E and F: Representative PSDs of voltage records (E) and spike trains (F) obtained from noise-plus-stimulus simulations
for both correlation values and asc = 1.50. The plots show clear peaks at multiples of the signal frequency of 10 Hz. PSDs calculated from
the corresponding noise-only simulations are depicted as inlets. Channel densities corresponding to medium excitability were used in all
cases.
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on the responsiveness for fixed conductances is visible
only for higher asc .
Due to the low number of spikes, no statistically
meaningful ISI distribution or PSDs of spike trains
could be derived for c = 0.0. A representative ISI histogram for c = 0.7 is depicted in Fig. 2D. It shows indications for peaks at multiples of the stimulation period
of Tstim = 100 ms, in accordance with results obtained
from investigations of bistable systems mentioned
above. However, these peaks are partially blot out by a
background expected for spike trains of Poisson-like
processes. For high asc the ISI histograms take the
shape of an ideal Poisson-distributed spike train with
an absolute refractory period drawn from a Gaussian
distribution, whereas for low quantal conductances the
statistics prevented a reliable statement. Similarly, for
lower amplitudes of the background it was not possible to calculate spike train PSDs. For higher asc the
obtained power spectra (see Fig. 2F) show peaks at multiples of the signal frequency, whose height undergoes
a maximum as a function of asc . As in the case of voltage records, the spectral noise increases with increasing conductance, and for fixed asc the noise was higher
for c = 0.7. All measures of response coherence introduced above (see Section 2, Methods) were applied.
The corresponding results for c = 0.7 are depicted in
Figs. 3 and 4. The SR-like behavior indicated by the
ISI histograms is best seen when the COS measure is
depicted as a function of the noise level. For the latter
we used both, asc labeling the background strength, as
well as σV labeling the internal noise level. However,
only the COS values deduced from the strongest peak
in the ISI histograms (at an ISI of length Tstim ) increase
and slightly decrease for increasing background amplitude, whereas the coherence obtained from second- or
higher-order peaks (data not shown) only gets stronger
over the simulated conductance range. Moreover, the
ISI density measure shows high fluctuations and does
not allow an interpretation of the results, especially for
higher-order ISI peaks. This can be traced back to the
fact that the ISID was obtained from histograms with a
binsize of only 5 ms, whereas the calculation of COS
is based on ISI histograms with a binsize of 15 ms. But
as we will see in the forthcoming frequency study and
correlation study, these differences will disappear.
Additional simulations were performed up to asc =
3.0 to see if a significant decrease in the COS and ISID
measures could be achieved (data not shown). However, due to the saturation of σV the effects were only
marginal. In contrast, at very high conductances we
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obtained a slight decrease in σV , which indicates the
limit of the present computational model.
Qualitatively different from the behavior of the COS
and ISID measures is that of SNR∗ (Fig. 3C). Here, a
sharp increase is followed by a slight exponential decrease. This can be explained by the fact that evoking
of the first spikes is most likely when the combined effects of stimulation caused Vm depolarization and Vm
fluctuations due to the background lead to a crossing of
the firing threshold. Thus, naturally the strongest coherence between the stimulus and the spike following
that stimulus event occurs for low background strength,
showing up in a rapid increase of Pspikes and the related
SNR∗ . For even higher background amplitudes, spikes
are evoked with increasing probability in the whole
time interval between two stimuli, which leads to the
observed decrease of the SNR∗ . This way the SNR∗
can be viewed as an indicator for the particular background amplitude at which the system starts to respond
in coherence with the external stimulus. This was the
case for c = 0.7 at asc ∼ 0.5 and σV ∼ 1.7 mV.
The SNR deduced from the PSDs of the recorded
spike trains shows only an slight increase toward a fixed
value (Fig. 4A), which was kept nearly unaffected for
even higher asc settings (data not shown). Comparing
with the COS and ISID measures, the SNR graphs seem
to be shifted towards smaller values of asc and σV .
Therefore, here the maximum SNR is reached for lower
background amplitudes.
We also calculated the SNR based on the voltage
PSDs. Because of the peaks in the spectra caused by the
periodic membrane depolarization we cannot expect
to find a resonance structure. However, the behavior
we observed is quite remarkable. Over the simulated parameter range, the SNR stayed nearly constant
(Fig. 4B). This suggests that an increase in the background amplitude did not affect the response of the cell
with respect to Vm changes due to additional stimulation, which stands in contrast to the expectation that
the latter should be blurred or “smeared out” by a
higher σV .

3.2.

Frequency Study: The Impact of Excitatory
Background Firing Rates

Another way to change the strength of the background is given by a modification of the synaptic release frequencies. However, in contrast to the previous case, in this frequency study we altered only
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Figure 3. Classical stochastic resonance in the neuron model with changing quantal synaptic conductances. Model with medium excitability
and c = 0.7. The left plots show the coherence measures as a function of the background amplitude labeled by asc . The right plots depict the
corresponding resonance measures as a function of the voltage fluctuations σV resulting from background and stimulus inputs. A: Coherence
between output and stimulus obtained from the first and second peak at 100 ms and 200 ms in the ISI histograms, respectively. The total numbers
of intervals were obtained from the ISI histograms with a binsize of 15 ms. B: ISI density for intervals of 100 ms and 200 ms length, taken from
ISI histograms with a temporal resolution of 5 ms. The high variance of the deduced data prevented appropriate fits (see Section 2, Methods).
However, a linear regression revealed an slight increase in the corresponding coherence measures in all cases. C: The SNR∗ measure as a function
of the background amplitude. The number of evoked spikes in a time interval of length 10 ms after each stimulus was cumulated to yield SNR∗ .

the properties of the dendritic AMPA synapses. This
way the balance between inhibitory and excitatory
influences on the system’s dynamics was directly
affected.

The firing frequency was changed in the range
0.5 Hz ≤ νexc ≤ 2.0 Hz with a stepsize of νexc =
0.1 Hz, whereas νinh was kept fixed at 5.5 Hz. As
in the conductance study, we investigated the impact
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Figure 4. SNR obtained from the PSDs by varying quantal conductances. Model corresponding to medium excitability. A: SNR following
from the PSDs at 10 Hz and 20 Hz in the spike train power spectra for c = 0.7. B: SNR following from the power spectra analysis of the voltage
records. The SNR deduced from the peaks at 10 Hz and 20 Hz for c = 0.0 and c = 0.7 stays constant over the whole simulated background
parameter range, indicating that the background does not affect the response of the cell with respect to Vm changes caused by the periodic
stimulation.

of the background correlation by performing simulations with c = 0.0 and c = 0.7. All simulations were
done using channel densities corresponding to medium
excitability.
The observed effects of a change in νexc on Vm were
qualitatively similar to that obtained in the conductance study. First, increasing νexc led to a continuously
increasing depolarization slightly larger than that observed in the conductance study (between −70 mV
and −58 mV for c = 0.0, between −70 mV and
−60 mV for c = 0.7). The average Vm showed also
a saturation behavior by converging toward a constant value for high νexc . Second, the amplitude of
Vm fluctuations increased for stronger backgrounds
(1 mV ≤ σV ≤ 3 mV for c = 0.0, 2 mV ≤ σV ≤
3.5 mV for c = 0.7, see Fig. 5A). Higher correlation
led to higher σV but, in contrast to the conductance
study, also affected the range of voltage fluctuations.

For both cases, σV reached the same amplitude for
high νexc . Third, although additional stimulation led
to an increase of the Vm fluctuations that was slightly
higher than in the conductance study, the differences
between σV obtained from noise-only and noise-plusstimulus simulations vanished for higher background
strength. Last but not least, the average Vm after stimulus (see Fig. 5B) as well as the PSTHs show behaviors similar to what we found in the conductance
study.
The number of spikes evoked at the soma was much
higher than in the conductance study. Although for
c = 0.0 up to νexc ∼ 0.9 Hz the system remained
subthreshold, after that the spike rate increased constantly to about 35 Hz in the noise-only as well as
noise-plus-stimulus simulations. For c = 0.7 it was
slightly higher (about 45 Hz in both cases for νexc =
2.0 Hz), and spikes were evoked also for lower νexc .
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Figure 5. Behavior of the model for variations in the release frequency of excitatory synapses. A: Impact of the excitatory background firing
rate on Vm fluctuations. The plot shows the behavior of σV as a function of νexc for simulations with background noise-only (N) as well as
noise-plus-stimulus (NS) for c = 0.0 and c = 0.7. B: Average Vm after stimulation for the two limiting frequency settings for both correlation
values. C: Representative ISI histograms obtained from noise-plus-stimulus simulations with νexc = 1.4 Hz for c = 0.0 (left plot) and c = 0.7.
The distribution in the zero correlation case shows clear peaks at multiples of the stimulation period of 100 ms, whereas the corresponding
distribution for higher correlations matches that for a Poisson-like processes. D and E: Representative PSDs of voltage records (D) and spike
trains (E) for νexc = 1.4 Hz obtained from noise-plus-stimulus simulations for both cases. The inlets show the corresponding PSDs calculated
from the noise-only simulations. Channel densities corresponding to medium excitability were used in all cases.

Moreover, in this case the ISI histograms for c = 0.0
show clear peaks at multiples of the stimulation period (Fig. 5C, left plot) in the middle νexc range before for higher frequencies the background, expected

from Poisson-spike trains with refractory period, blot
out that peaks. For c = 0.7 this background in the
ISI histograms was much stronger (Fig. 5C, right
plot).
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For both correlation values, the PSDs of spike trains
and voltage records (Fig. 5D and E) show a behavior
similar to what we found in the conductance study. The
spectral noise increases with higher νexc and, for fixed
νexc , is higher for c = 0.7. Whereas the height of the
peaks at multiples of the signal frequency continuously
increases in the case of the voltage PSDs, the height
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of the peaks in the spike train PSDs goes through a
maximum for increasing νexc .
To quantify this rather qualitative picture of a SRlike behavior, we applied again all introduced measures of response coherence (Figs. 6 and 7). Both COS
and ISID show clear resonance peaks for intermediate
background strength. As expected, the strongest peaks

Figure 6. Classical stochastic resonance obtained by varying the release frequency of excitatory synapses. The left plots show the coherence
measures as a function of the background amplitude labeled νexc . The right plots depict the corresponding measures as a function of the amplitude
of Vm fluctuations. A: COS obtained from the first- and second-order peaks at 100 ms and 200 ms in the ISI histograms, respectively. The total
number of intervals were obtained from the ISI histograms with a binsize of 15 ms. B: ISID for intervals of 100 ms and 200 ms length, taken
from ISI histograms with a temporal resolution of 5 ms. C: SNR∗ as a function of the background amplitude. Medium excitability in all cases.
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Figure 7. Different measures of signal-to-noise ratio when varying the release frequency of excitatory synapses. The SNR is shown for the
PSDs of the first and second peaks at 10 Hz and 20 Hz, respectively, in the appropriate power spectra for the model with medium excitability, and
with c = 0.0 and c = 0.7. A: SNR following from spike train power spectra. In the zero correlation case, there is a clear increase and decrease
in the SNR, indicating a SR-like behavior in the system’s coherent response. In contrast, for c = 0.7 the SNR stays constant over the simulated
range of background strength. B: SNR following from the power spectrum analysis of the voltage records. The ratios decrease for increasing
background strength due to the higher Vm fluctuations and, thus, internal noise in the system that blot out the effects of the periodic stimulus.

come from the ISIs of length equal to Tstim . ISIs of
higher order lead to smaller peaks but also show a
clear SR-like behavior. For c = 0.7 the height of the
peaks is much smaller. This can be understood by noting that here the coherence between periodic stimulus
and response is disturbed by the spontaneous evoking
of spikes due to the background, which is much stronger
when correlation is present.
Another remarkable result is that the maxima of the
resonance peaks in the various cases do not match. We
observed that maximal coherence is reached at lower
νexc values for higher-order peaks. Moreover, higher
correlation shifted the resonance peaks toward lower
frequencies. In contrast, due to the nonlinear relationship between σV and νexc (Fig. 5A), the maxima were
taken for higher values of σV when correlation was
present. Focusing on the strongest peak, COS as well

as ISID take their maxima at comparable values—
namely, νexc ∼ 1.5 Hz and σV ∼ 3.0 mV for c = 0.0,
νexc ∼ 1.2 Hz and σV ∼ 3.5 mV for c = 0.7. The latter
is equal to the σV for maximal coherence we found in
the conductance study.
For the probability measure (Fig. 6C), the same
argumentation applies as in the case of the conductance study. The steplike structure is clearly visible for
c = 0.0, where for low background noise amplitudes
the system stayed subthreshold and spontaneous firing
started when the background amplitude (νexc ∼ 0.8 Hz)
or the resulting Vm fluctuations (σV ∼ 1.5 mV) were
strong enough to cross in conjunction with the additional stimulus this threshold. For higher correlations,
even low νexc together with the periodic stimulation
forced the cell to fire. Therefore, in the simulated parameter range only a decrease of SNR∗ was obtained.
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Comparing this finding with the corresponding result
in the conductance study (σV ∼ 1.7 mV) supports the
idea that the probability measure quantifies the onset
of a coherent response of the system, which must not
occur at the same fluctuation level for different model
parameter settings, in contract to its SR-like behavior.
The PSDs of the spike trains indicated a SR-like
behavior only for c = 0.0 (Fig. 7A). Here, a sharp increase of the SNR is followed by a rather slow decrease.
Remarkably, the behaviors deduced from the secondand higher-order peaks (data not shown) in the power
spectra follow quantitatively and qualitatively that obtained from the peak at the signal frequency of 10 Hz.
In contrast, the SNRs for higher correlations remain
nearly constant over the simulated parameter range.
Finally, we investigated the SNR following from the
voltage PSDs. In contrast to the conductance study,
the calculated SNR continuously decreases for higher
noise amplitudes, which, however, is the expected behavior. Due to the disturbance of the balance between
inhibition and excitation, there was no compensating
increase of inhibitory influences that could reduce the
effects of noise coming from the excitatory inputs. This
way, the internal noise was determined mainly by the
excitatory background and blotted out the effects on
Vm due to additional stimulation.

3.3.

Correlation Study: The Impact of the
Background Statistics

The results presented above, in conjunction with recent modeling investigations (e.g., Destexhe and Paré,
1999), revealed that the correlation in the background
significantly impacts the amplitude of the Vm fluctuations. Therefore, it is natural to ask if a change of this
correlation leads to a similar SR-like behavior in the
coherence of the cell’s response.
To investigate the effects of the correlation, the parameter c was changed in the interval 0.0 ≤ c ≤
0.99 with a stepsize of c = 0.05 for c ≤ 0.90 and
c = 0.01 for c > 0.90. Three models with parameter
settings leading to a different membrane excitability were investigated—namely, low (aic = 0.4), mid
(aic = 0.7) and high (aic = 1.0).
For all three models, the Vm showed a similar behavior as a function of c. Up to c ∼ 0.9, Vm took values
around −65 mV and only slightly depolarized with increasing c. For the highest values of the correlation, the
Vm dropped rapidly due to the increasing influence of
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fluctuations (Fig. 8A). Fig. 8B shows the average Vm
after stimulus for various settings. The influence of the
membrane excitability on the average Vm was found to
be minimal. In contrast to the conductance study and
the frequency study, the voltage fluctuations increased
continuously with increasing background amplitude.
More interesting, however, is the fact that the observed
range of Vm fluctuations was much larger but decreased
for higher excitability (1 mV ≤ σV ≤ 7.5 mV for low
excitability, 1.5 mV ≤ σV ≤ 6.5 mV for medium excitability, 2 mV ≤ σV ≤ 5.5 mV for high excitability).
This finding is quite remarkable because one would
expect that a higher excitability leads to higher fluctuations for fixed input amplitudes. Last but not least,
as in the case of the frequency study, the additional
subthreshold stimulations only minimally affected σV .
Whereas with stimulation σV increased about 0.5 mV
for low correlation settings, the effects due to stimulation vanished for higher c.
Because of the much higher σV , the number of spontaneously elicited spikes, and, thus, the total number
of spikes was (on average) higher than in the preceding studies. Whereas in the low-excitable model we
recorded no spikes in the simulated time interval up to
c ∼ 0.65, afterwards it increased constantly to finally
yield a firing rate of about 25 Hz for both noise-only
and noise-plus-stimulus simulations. For medium and
high excitability, however, spontaneously generated
spikes appeared even for zero correlation. In this
case, we observed values between 0.1 Hz and 45 Hz
(medium excitability) as well as 4 Hz and 50 Hz (high
excitability).
Despite this high number of spike events for medium
and high excitability, indications for peaks at multiples
of the signal period in the corresponding ISI histograms
were only rare. Two representative examples are shown
in Fig. 8C. With low excitability, the calculation of statistically reliable ISI histograms was possible only for
higher c. These, however, took the shape expected for
ideal Poisson-like spike trains, and no clear indication
for peaks was found.
The PSDs (Fig. 8D and E) show the expected behavior. First, for all three models the periodic depolarization of the membrane led to clear peaks in the
voltage power spectra with decreasing height and increasing spectral noise for higher c. Second, the spike
train PSDs also show peaks at signal frequency and
multiples of it. However, whereas at medium excitability the height of the peaks runs through a maximum,
it decreases only for low and high excitability for
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Figure 8. Behavior of the model for variations in the correlation of excitatory and inhibitory synapses. A: Impact of the background correlation
on Vm fluctuations quantified by σV . The plot shows the behavior of σV as a function of c for simulations with noise-only (N) as well as with
noise-plus-stimulus (NS) for three levels of excitability: low, medium (mid), and high. In contrast to the conductance study and frequency study,
the fluctuations increase rapidly for higher correlation settings and do not saturate. B: Average Vm after stimulation for both correlation settings
in the three models. C: Representative ISI histograms obtained from noise-plus-stimulus simulations with c = 0.8 for the medium and high
excitability. The distribution obtained for medium excitability shows indications for peaks at multiples of the stimulation period, whereas the
corresponding distribution for high excitability matches that of a Poisson-like processes with refractory period. D and E: Representative PSDs
of voltage records (D) and spike trains (E) obtained from noise-plus-stimulus simulations for the three models (c = 0.8 for each case). The inlets
show the corresponding PSDs calculated from the noise-only simulations.
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Figure 9. Resonance in the coherent response as a function of correlation for different levels of membrane excitability. The left plots show the
coherence measures as a function of c. The right plot depicts the corresponding measures as a function of σV resulting from background and
stimulus inputs. A: Coherence between output and stimulus corresponding to the first peak at 100 m in the ISI histograms. The total numbers
of intervals were obtained from the ISI histograms with a binsize of 15 ms. B: ISI density for interval of 100 ms length. The ISI densities were
taken from the histograms with a temporal resolution of 5 ms. C: SNR∗ as a function of the background amplitude. The number of evoked spikes
in a time interval of length 10 ms after each stimulus was cumulated to yield SNR∗ .

increasing background amplitude. With low excitability, PSDs could be obtained only for higher c.
Figures 9 and 10 depict the results of the applied measures of coherence. COS as well as ISID
show peaks that become most clear when the corresponding measures are plotted as functions of σV .

Whereas with high excitability we observed only the
decreasing branch of the coherence curve, with medium
and low excitability these quantities took their maxima at some intermediate values—namely, c ∼ 0.95
and σV ∼ 6 mV at low excitability, and c ∼ 0.75 and
σV ∼ 4 mV at medium excitability. The latter value is
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Figure 10. SNR obtained from the PSDs in the correlation study. The left plots show the measures as a function of the background amplitude
labeled by c, whereas the right plots depict the corresponding measures as a function of σV . A: SNR following from spike-train power spectra.
A SR-like behavior is visible only for medium excitability, whereas with low and high excitability, the corresponding SNRs decrease only with
increasing background strength. B: SNR following from the power spectrum analysis of the voltage records. As for the frequency study, the
corresponding SNRs decrease for all models due to the higher Vm fluctuations caused by the background, which interfere with the periodic
depolarization caused by the stimulation.

quite remarkable because it comes close to the amplitude of Vm fluctuations for which we observed maxima
in the conductance and frequency studies. Lowering the
excitability shifted the peak toward higher background
amplitudes due to the fact that higher fluctuations are
needed to cross the threshold for generating spikes. A
second observation concerns the height of the peaks,
which decreases for decreasing excitability. Because
the strength of the weak periodic input was kept constant during the simulations, their impact on the cell is
lower for low excitability. However, an expected impact of the excitability on the width of the resonance
peaks due to the decreasing of the covered σV range
with increasing excitability (see above) could not be
deduced from the data.
Only with low excitability the model yielded a probability measure that shows a sharp step at some value

of the background amplitude (c ∼ 0.6, σV ∼ 2.5 mV,
Fig. 10C). In contrast, for medium and high excitability,
spikes in coherence with the additional stimulus were
elicited even for zero correlation, leading only to a decrease of the SNR∗ . As expected, the probability and
the related SNR∗ were higher for medium excitability
due to the weaker influence of the background.
Only for medium excitability the SNR obtained
from spike train PSDs displays a SR-like behavior
(Fig. 10A). For low excitability, the statistics prevents
an equivalent conclusion. In the highly excitable model,
we observed a continuous decrease of the SNR following the same reasoning as given above for the
probability measure. The analysis of the PSDs of the
voltage records (Fig. 10B) shows that, in all three
models the SNR decreases for increasing background
amplitudes.
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3.4.

Robustness of Stochastic Resonance-Like
Behavior

We verified the robustness of our observations by varying a number of parameters in the model. In addition to testing different levels of dendritic excitability
and different parameters for the background activity (see above), we tested whether the presence of
SR was dependent on the particular set of voltagedependent conductances present. In addition to INa ,
IK d , and IM voltage-dependent currents, a Ca2+ dependent potassium current (C-current) IK Ca (Yamada et al., 1989) and a high-threshold Ca2+ -current
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(L-current; McCormick and Huguenard, 1992) ICa L
with conductance densities corresponding to low excitability were used. Although the overall range of Vm
fluctuations was increased (2 mV ≤ σV ≤ 11 mV), the
COS measure shows a clear increase and decrease in
the response coherence (Fig. 11A), indicating that the
SR-like effect is only minimally affected by additional
Ca2+ -dependent conductances. The optimal coherence
was reached for σV ∼ 6 mV, in accordance with the
findings in the correlation study.
Another set of voltage-dependent conductances
with different kinetics (Migliore et al., 1999) was
also tested, including sodium and delayed-rectifier

Figure 11. Physiological robustness of the resonance in the response coherence to an additional applied subthreshold periodic stimulus.
A: Additional Ca2+ -dependent potassium current and a high-threshold Ca2+ -current in conjunction with INa , IK d , and IM voltage-dependent
currents lead to a resonance in the response coherence (quantified by the COS measure), with optimal coherence is reached for σV ∼ 6 mV,
in accordance with the findings in the correlation study. B: Resonance behavior for a model with voltage-dependent conductances including
sodium and delayed-rectifier potassium channels, as well as A-type potassium channels IK A with conductance densities corresponding to medium
excitability (see Section 2, Methods). C: The COS measure as a function of internal Vm fluctuations for a model with active conductance settings
according to B and additional persistent sodium channels. D: A three-compartment model (left panel) with membrane area and conductance
settings corresponding to the detailed model leads to a clear resonance behavior of the COS measure as a function of the internal noise quantified
by σV .
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potassium channels, as well as an A-type potassium
current IK A with conductance densities adjusted to
match the general behavior of the medium excitable
model described above. Also here the range of Vm fluctuations was increased (1.5 mV ≤ σV ≤ 12 mV),
but the COS measure shows a clear resonance peak
(Fig. 11B). The optimal coherence was reached for
σV ∼ 5 mV, which is slightly higher than that found in
the correlation study. These findings remained nearly
unaffected when an additional persistent sodium current (French et al., 1990; Huguenard and McCormick,
1992) was incorporated into the model (Fig. 11C).
The impact of the morphology of the cell on the
SR effect was also addressed. To this end, we used a
simplified three-compartment model with membrane
area corresponding to the total membrane area of the
detailed pyramidal cell (Destexhe, 2001). The voltagedependent current INa , IK d , and IM used for the model
had densities leading to an average Vm as well as Vm
fluctuations corresponding to the low excitable model.
Also here the COS measure follows a resonance-like
behavior as a function of the internal noise, with an
optimal coherence at σV ∼ 6 mV, which matches that
found in the correlation study.
4.

Discussion

In this article we have investigated the presence of
stochastic resonance in detailed biophysical models of
a morphologically reconstructed neocortical pyramidal neuron in the presence of excitatory and inhibitory
synaptic background activity. The chosen (correlated)
Poisson-like distributed background activity was adjusted to match the results found in recent measurements in cat parietal cortex in vivo (Destexhe and Paré,
1999; Paré et al., 1998). The impacts of various background properties (quantal synaptic conductances, firing rate and correlation) and physiological settings (active conductances, morphology) on the responsiveness
were studied. In all three cases we observed clear indications for a behavior consistent with the SR phenomenon, depending on the measure used to quantify
the response coherence of the model, as well as how
the “noise” is affected.
4.1.

Measures of Response Coherence
and Their Applicability

Not all measures of response coherence used here (see
Section 2, Methods) show a resonance-like behavior.

The measures deduced directly from the spike trains
via the corresponding ISI histograms—namely, ISID
(Eq. (2)) (see Douglas et al., 1993; Ivey et al., 1998;
Longtin, 1993; Wiesenfeld and Moss, 1995) and COS
(Eq. (3)) (see Chialvo and Apkarian, 1993) show the
most clear indications for resonance peaks, whereas
the SNR calculated from the spike train PSDs (Eq. (1))
(e.g., Fauve and Heslot, 1993; Lee and Kim, 1999;
Wiesenfeld and Moss, 1995; Zhou and Moss, 1990)
only partly allowed such an interpretation. Even modifications of the mathematical definition of the SNR
lead to not enhancement of this result. This is easy
to understand because spikes represent a low statistics compared to the subthreshold voltage fluctuations
(only ∼2% of the time is spent producing spikes for
a cell firing at 10 Hz, and only few of these spikes
are related to the stimulus). In addition, PSD analysis
via the fast Fourier transform was accompanied by a
large procedure-dependent error. This could be minimized by using more complex analysis methods—e.g.,
fast Fourier transforms with overlapping data segments
and windowing (Press et al., 1993). However, the necessary computational expenditure can be circumvented
by using quantities that deal in a direct way with the
spike times, such as COS or ISID.
On the other hand, the probability measure Pspikes
(Eq. (4)), derived from the PSTH, and its corresponding SNR∗ (Eq. (5)), are less suitable to show SR-like
behavior in the response coherence. Following the reasoning outlined above, due to a sharp step followed
by an exponential decrease, they are rather quantifying
the background amplitude at which a coherent response
of the system starts. As our simulations have shown,
this onset must not occur at the same amplitude of Vm
fluctuations for models with different parameter settings. Moreover, we found that the functional behavior
of the probability measure is much more sensitive on
the model parameters. Only in a few number of cases
we obtained a step within the range of the simulated
background amplitudes.
4.2.

“Classical” Stochastic Resonance
in Pyramidal Neurons

If one associates background activity with “noise,” and
if the amplitude and strength of this noise are varied by
conventional ways (frequency of release events, quantal conductances), then the present results provide evidence for phenomena that can be associated with SR
in its classical sense—namely, an enhancement of the
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response in coherence with additionally applied weak
stimulation for a particular range of noise strength
(Benzi et al., 1981; Fauve and Heslot, 1993; Longtin
et al., 1991).
In the conductance study, the coherence in the response increased for higher quantal conductances, and
reached a maximum for a certain amplitude of the background (Fig. 3A and B). However, even for very high
conductances there was no clear decrease of the response coherence. We suggest that the reason for this
can be found in the observed saturation property of σV
because of which the Vm fluctuations converged toward
a fixed value (Fig. 2B). For zero correlation the very
low number of elicited spikes prevented a statistical
analysis. However, we found the remarkable property
of a nearly constant SNR deduced from voltage PSDs
over a broad range of background amplitudes (Fig. 4B).
It seems that an increase in the background activity has
had no effect on the response of the cell with respect
to Vm changes caused by the additional input. This can
be traced back to the fact that the balance between inhibitory and excitatory influences was not affected by
the present parameter settings.
In the frequency study, although the Vm fluctuations
showed a saturation behavior that was qualitatively and
quantitatively comparable to what we observed in the
conductance study (Fig. 5A), a change in νexc led to
full resonance peaks (Fig. 6A and B). Moreover, here a
direct comparison between the two correlation settings
was possible. First, for c = 0.0 the peaks in the COS
and ISID plots were higher than for c = 0.7. This can be
explained by the fact that higher correlations caused a
higher number of spontaneously evoked spikes, which
interfered with the spikes elicited in synchrony with
the stimulus. Second, when depicted as functions of
the σV , for c = 0.0 the resonance peak was shifted
toward lower values, whereas for c = 0.7 the maxima of the COS and ISI density measures were taken
for a σV , which compares to that found in the conductance study. It is remarkable that the resonance behavior showed up in the SNR deduced from the spike-train
power spectra only for low correlations (Fig. 7A). For
c = 0.7 the SNR stayed nearly constant over the simulated νexc range. The SNR calculated from the voltage
PSDs (Fig. 7B) shows, in contrast to the conductance
study, the expected decrease for increasing noise
amplitudes.
These results underline the findings of a recent investigation of rat hippocampal CA1 neurons (Stacey and
Durand, 2000), which point out the impact and role of
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noise in central neurons in the framework of the SR
phenomenon.
4.3.

“Nonclassical” Stochastic Resonance

A clear resonance in the coherence of the cell’s response was also found when the correlation and thus
the statistics of the synaptic background were changed.
Although the influence of correlation in the noise on the
behavior of simple neuron models was discussed previously (e.g., Capurro et al., 1998; Gerstein et al., 1989;
Mar et al., 1999; Mato, 1998), our study goes further
by showing that a change in the correlation itself gives
rise to a SR-like behavior. This novel form of SR departs from the classical notion of stochastic resonance
because here the response of the system is enhanced
not by an optimal noise strength but instead by optimal statistical properties of the synaptic background
noise.
Three cases with different levels of membrane
excitability were investigated. Whereas in the high
excitable model the huge number of spontaneously
evoked spikes even for lowest correlations led only to
a decrease in the coherence measures, full resonance
peaks could be deduced from medium and low excitability (see Fig. 8A and B). Here, lower excitability
shifted the curves toward higher c because higher fluctuations were needed to cross the threshold for spike
generation. For higher excitability we observed an increase in the height of the resonance peaks, which
can be explained on the same basis. Remarkably, the
maximum for the medium excitability was taken for
values of σV that match that found in the frequency
and conductance studies. A resonance behavior only
marginally appeared in the SNR obtained from the
spike train PSDs (Fig. 10A). The SNR obtained from
the voltage record (Fig. 10B) matches the behavior
found in the frequency study.
4.4.

Possible Functional Consequences

In all cases corresponding to the medium excitability
investigated here, the maximal coherence was reached
for comparable amplitudes of Vm fluctuations—
namely, 3.5 mV ≤ σV ≤ 4 mV. It is interesting to note
that these values are covered by the range of fluctuations found in measurements in vivo—namely, σV =
4.0 ± 2.0 mV (Destexhe and Paré, 1999). Moreover, the
resonance-like behavior was only minimally affected
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by various physiological settings, including active conductances and morphology. These findings underlines
what we have proposed earlier (Hô and Destexhe,
2000): the Vm fluctuations that, at first glance, can be
viewed as noise inherit to the system influence in a direct way the responsiveness of the cell by interfering
with the effects caused by additional stimuli, independent of the nature of their driving forces.
However, the above-stated interpretation of our findings in the framework of classical SR has to be done
with greatest care. In central neuronal systems, the
question about how noise impacts the response of neuron rather has to be replaced by a more ambitious one:
How does the overall synaptic input information provided to a neuron affects the response behavior of that
neuron with respect to special aspects in this input information? In other words, if one assumes that background activity is made of the superposition of many
independent—or weakly correlated signals, then the
properties shown here imply that the responsiveness
to anyone of these signals is enhanced by the presence of the other signals, which in our case play the
role of “noise.” This implies that the neuron could in
principle process and transmit many independent signals in parallel, much more efficiently than transmitting
them individually. How this property is implemented
at the level of populations of interconnected neurons
is an open question that should be addressed in future
models.
This picture goes beyond what can be achieved from
an interpretation based on the classical SR picture.
First, there is no longer a distinction between noise
and signal. Here we rather distinguish between various
properties and, thus, the contents of the overall information provided as input. The behavior and the response
of the system are determined by special aspects in that
input information and can be focused on some particular aspects of it. Second, a single neuron can no longer
be treated as an independent entity. It is merely a part
of a large network whose dynamics impacts the local
dynamics of the neuron. In turn, the single neuron’s
dynamics may impact the network level. Thus this dynamic feedback loop between “signal” and “noise” can
be viewed as a new kind of resonance, caused and determined by the local and global dynamics of the system
in question, justifying the term dynamical resonance.
In the framework of this model, a lot of questions
must be left unanswered. To mention only a few: Where
does the correlation comes from? How do particular
aspects and properties of the dynamics of the system

manifest in spike trains? Besides the correlation, do
there exist other aspects of the information provided
that can affect the behavior of single neurons? If so,
how? Can a dynamical mechanism described above
lead to a stable system? These problems cannot be
solved on the single-cell level but only in the framework
of networks with more realistic behaving constituents.
Also the question about the impact of the signal properties and the range of physiological and morphological
parameters that give rise to the described resonance
phenomena need a much more detailed investigation.
In conclusion, the present computational investigation allows us to give an answer to the question in the
main title: Yes, under a certain restrictive point of view,
cortical pyramidal neurons are subject to phenomena
that fit into the framework of SR. However, put into a
slightly more general context, the results obtained so
far also reveal a way that goes beyond this interpretation and can be viewed as a small step toward a deeper
understanding of the stochastic aspects of neuronal
dynamics and information processing in the cerebral
cortex.
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DeFelipe J, Fariñas I (1992) The pyramidal neuron of the cerebral
cortex: Morphological and chemical characteristics of the synaptic
inputs. Prog. Neurobiol. 39:563–607.
Denk W, Webb WW (1989) Thermal-noise-limited transduction observed in mechanosensory receptors of the inner ear. Phys. Rev.
Lett. 63:207–210.
Destexhe A, Mainen ZF, Sejnowski TJ (1998) Kinetic models of
synaptic transmission. In: Koch C, Segev I, eds. Methods in Neuronal Modeling (2nd ed.). MIT Press, Cambridge, MA, pp. 1–26.
Destexhe A (2001) Simplified models of neocortical pyramidal cells
preserving somatodendritic voltage attenuation. Neurocomputing.
38:167–173.
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