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a b s t r a c t
Cortical neurons behave similarly to stochastic processes, as a consequence of their irregularity and dense
connectivity. Their ﬁring pattern is close to a Poisson process, and their membrane potential ðV m Þ is analogous to colored noise. One way to characterize this activity is to identify V m to a multidimensional stochastic process. We review here this approach and how it can be used to extract important statistical
signatures of neuronal activity. The ‘‘VmD method” consists of ﬁtting the V m distribution obtained intracellularly to analytic expressions derived from stochastic processes, and thereby deduce synaptic conductance parameters. However, this method requires at least two levels of V m , which prevents applications to
single-trial measurements. We also discuss methods that can be applied to single V m traces, such as
power spectral analysis and the ‘‘STA method” to calculate spike-triggered average conductances based
on a maximum likelihood procedure. A recently proposed method, the ‘‘VmT method”, is based on the
fusion of these two concepts. This method is analogous to the VmD method and estimates the mean
excitatory and inhibitory conductances and their variances. However, it does so by using a maximumlikelihood estimation, and can thus be applied to single V m traces. All methods were tested using controlled conductance injection in dynamic-clamp experiments.
Ó 2009 Elsevier Ltd. All rights reserved.

1. Introduction
One of the most salient characteristics of cerebral cortex is that
its activity is very complex. In different cortical structures and in
awake animals, cortical neurons display highly irregular spontaneous ﬁring (Evarts, 1964; Steriade and McCarley, 1990). Together
with the dense connectivity of cerebral cortex (each pyramidal
neuron receives between 5000 and 60,000 synaptic contacts and
a large part of this connectivity originates from the cortex itself;
see DeFelipe and Fariñas, 1992; Braitenberg and Schüz, 1998)
one may expect that a large number of synaptic inputs are simultaneously active onto cortical neurons (but see Margrie et al., 2002;
Crochet and Petersen, 2006; Lee et al., 2006 for reports of sparse
ﬁring of cortical neurons in vivo in the awake state). Indeed, intracellular recordings in awake animals reveal that cortical neurons
are subject to an intense synaptic bombardment and, as a result,
are depolarized and have a low input resistance (Matsumura
et al., 1988; Baranyi et al., 1993; Paré et al., 1998; Steriade et al.,
2001) compared to brain slices kept in vitro. This activity is also
responsible for a considerable amount of subthreshold ﬂuctuations, called ‘‘synaptic noise”. This noise level and its associated
‘‘high-conductance state” greatly affect the integrative properties
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of neurons (reviewed in Destexhe et al., 2003; Destexhe and Contreras, 2006; Destexhe, 2007; Longtin, 2008).
Besides characterizing the effect of synaptic noise on integrative
properties, there is a need for analysis methods that are appropriate
to this type of signal. In the present paper, we review different
methods to analyze synaptic noise. These approaches are all based
on considering the membrane potential ðV m Þ ﬂuctuations as a multidimensional stochastic process. In a ﬁrst approach, an analytic
expression of the steady-state V m distribution (Rudolph and
Destexhe, 2003, 2005) is ﬁt to experimental distributions, yielding
estimates of mean and variances of excitatory and inhibitory conductances. This so-called ‘‘VmD method” (Rudolph et al., 2004)
was tested numerically as well as in real neurons using dynamicclamp experiments. The originality of the VmD method is that it
allows one to measure not only the mean conductance level of excitatory and inhibitory inputs, but also their level of ﬂuctuations which
is quantiﬁed by the conductance variance. However, this approach,
like all traditional methods for extracting conductances, requires at
least two levels of V m activity, which prevents applications to
single-trial measurements (see review by Monier et al. (2008)).
Other methods were also proposed which can be applied to single V m traces, such as power spectral analysis, or the ‘‘STA method”
to compute spike-triggered average conductances based on a maximum likelihood procedure (Pospischil et al., 2007). We recently
proposed a new method, called the ‘‘VmT method” (Pospischil
et al., 2009), based on the fusion between the concepts behind
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the VmD and STA methods. This VmT method is analogous to the
VmD method and estimates excitatory and inhibitory conductances and their variances, but it does so by using a maximum-likelihood estimation, and can thus be applied to single V m traces. We
review these different approaches in the present article.
2. Materials and methods
The models presented in this paper were simulated together
with either the leaky integrator, or an integrate-and-ﬁre mechanisms. Procedures for simulations were described in previous
papers (Destexhe et al., 2001; Rudolph et al., 2004; Pospischil
et al., 2007) where all details were given. All numerical simulations
were performed in the NEURON simulation environment (Hines
and Carnevale, 1997) and were run on PC-based workstations under the LINUX operating system. Standard numerical procedures
such as curve ﬁtting were taken from Press et al. (2007). Experimental methods (dynamic-clamp experiments) were given in
previous papers (Rudolph et al., 2004; Pospischil et al., 2007;
Piwkowska et al., 2008).
3. Results
We focus on methods for the analysis of synaptic noise from
intracellular V m measurements of cortical neurons. We emphasize
a class of methods which are derived from stochastic processes,
such as the ‘‘VmD method”, which is reviewed in Section 3.2. We
also review two methods that can be applied to single V m traces,
based on power spectral density (PSD; Section 3.4) and spike-triggered averages (STA; Section 3.5). Finally, in Section 3.7, we review
a recently introduced method, the ‘‘VmT method”, which is aimed at
extracting synaptic conductance parameters from single V m traces.
3.1. Modeling membrane potential ﬂuctuations by stochastic processes
Membrane potential ﬂuctuations were modeled as stochastic
processes for many years (for an overview, see Tuckwell, 1988).
These traditional approaches, however, have considered inputs as
currents, which amounts to adding noise directly to the derivative
of the V m (additive noise). In this case, the V m is analogous to an
Ornstein–Uhlenbeck (OU) stochastic process, which was used long
ago to model Brownian motion (Uhlenbeck and Ornstein, 1930). A
few years ago, the noise source was placed at the level of conductances, leading to a model in which the noise was multiplicative
and more realistic (Destexhe et al., 2001). The realism here comes
from the fact that the noise enters the membrane equation as a
conductances, as for real synaptic inputs, and also from the possibility of independently controlling excitatory and inhibitory inputs
and respective noise levels. The latter model is considered in more
detail below.
According to this conductance-based stochastic model, called
the ‘‘point conductance” (PC) model, two conductances, representing excitatory and inhibitory global synaptic conductances, were
each described by an OU process (Destexhe et al., 2001). These stochastic conductances in turn determine the V m ﬂuctuations through
their (multiplicative) interaction at the level of the V m dynamics.
The model is described by the following set of equations:

dV
¼ g L ðV  EL Þ  g e ðV  Ee Þ  g i ðV  Ei Þ þ Iext ;
dt
sﬃﬃﬃﬃﬃﬃﬃﬃﬃ
dg e ðtÞ
1
2r2e
n ðtÞ;
¼  ½g e ðtÞ  g e0  þ
dt
se
se e
sﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2r2i
dg i ðtÞ
1
n ðtÞ;
¼  ½g i ðtÞ  g i0  þ
dt
si
si i

C

ð1Þ
ð2Þ
ð3Þ

where C denotes the membrane capacitance, Iext a stimulation current, g L the leak conductance and EL the leak reversal potential. g e ðtÞ
and g i ðtÞ are stochastic excitatory and inhibitory conductances with
respective reversal potentials Ee and Ei . The excitatory synaptic conductance is described by Ornstein–Uhlenbeck (OU) stochastic processes (Eq. (2)), where g e0 and r2e are, respectively, the mean
value and variance of the excitatory conductance, se is the excitatory time constant, and ne ðtÞ is a Gaussian white noise source with
zero mean and unit standard deviation. The inhibitory conductance
g i ðtÞ is described by an equivalent equation (Eq. (3)) with parameters g i0 , r2i , si and noise source ni ðtÞ. Note that all conductances
are here expressed in absolute units (in nS) but a formulation in
term of conductance densities is also possible.
The OU stochastic process is an excellent effective model for a
large number of synaptic inputs each described by single-exponential decaying conductances (Destexhe et al., 2001; Destexhe and
Rudolph, 2004). For instance, the PSD of the conductance is close
to a Lorentzian, which is the functional form of the PSD of the
OU process. The distribution of the conductance is very close to a
Gaussian distribution, as also predicted by the OU process. However, this resemblance only applies to cases where the mean conductance is much larger than its standard deviation (‘‘diffusion
approximation”), which fortunately is generally the case in conditions found in vivo (see below).
3.2. The VmD method
The model described by Eqs. (1)–(3) has been thoroughly
studied theoretically and numerically. Different analytic approximations have been proposed to describe the steady-state distribution of the V m activity of the PC model (Rudolph and Destexhe,
2003, 2005; Richardson, 2004; Lindner and Longtin, 2006); for a
comparative study, see Rudolph and Destexhe, 2006). One of these
expressions is invertible (Rudolph and Destexhe, 2003, 2005),
which enables one to directly estimate the synaptic conductance
parameters (g e0 , g i0 , re and ri ) from experimentally obtained V m
distributions. This constitutes the basis of the VmD method
(Rudolph et al., 2004), which we outline below.
The essential idea behind the VmD method is to ﬁt an analytic
expression to the steady-state subthreshold V m distribution obtained experimentally. This yields estimates of the parameters
(mean and variance) of the underlying synaptic conductances, solely from the V m activity. Among the different analytic expressions
mentioned above, we consider the following steady-state probability distribution qðVÞ for the membrane potential V (Rudolph and
Destexhe, 2003, 2005):

"

qðVÞ ¼ N exp A1 ln

"

ue ðV  Ee Þ2
C2

þ

ui ðV  Ei Þ2

#

C2

#
ue ðV  Ee Þ þ ui ðV  Ei Þ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃ
;
þ A2 arctan
ðEe  Ei Þ ue ui

ð4Þ

where the following constants were deﬁned: kL ¼ 2Cg L ; ke ¼ 2Cg e0 ;
~e ; ui ¼ r2i s
~i , as well as the following voltageki ¼ 2Cg i0 ; ue ¼ r2e s
independent terms:

A1 ¼ 

kL þ ke þ ki þ ue þ ui
2ðue þ ui Þ

and
A2 ¼ 2C

ðg e0 ui  g i0 ue ÞðEe  Ei Þ  g L ue ðEe  EL Þ  g L ui ðEi  EL Þ þ Iext ðui þ ue Þ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃ
:
ðEe  Ei Þ ue ui ðue þ ui Þ

R1
Here, N denotes a normalization constant such that 1 dV qðVÞ ¼ 1.
s~fe;ig are effective time constants given by (Rudolph and Destexhe,
2005; see also Richardson, 2004)
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s~fe;ig ¼

~m
2sfe;ig s
;
sfe;ig þ s~m

ð5Þ

~m ¼ C=ðg L þ g e0 þ g i0 Þ is the effective membrane time
where s
constant.
Due to the multiplicative coupling of the stochastic conductances to the membrane potential, the V m probability distribution
(Eq. (4)) takes in general an asymmetric form. However, qðVÞ
shows only small deviations from a Gaussian distribution, allowing
an approximation by a symmetric distribution. To this end, we expressed Eq. (4) by a Taylor series expansion of the exponent of qðVÞ
around the maximum V

V¼

S1
;
S0

ð6Þ

with S0 ¼ kL þ ke þ ki þ ue þ ui and S1 ¼ kL EL þ ke Ee þ ki Ei þ ue Ee þ
ui Ei .
By considering only the ﬁrst and second order terms in this
expansion leads to a simpliﬁed expression for qðVÞ, which takes
the following Gaussian form:

1

"

ðV  VÞ2

#

qðVÞ ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp 
2 r2V
2pr2V

ð7Þ

with the standard deviation given by

r2V ¼

S20 ðue E2e þ ui E2i Þ  2S0 S1 ðue Ee þ ui Ei Þ þ S21 ðue þ ui Þ
S30

ð8Þ

:

This expression provides an excellent approximation of the V m distributions obtained from models and experiments (Rudolph et al.,
2004), because the V m distributions obtained experimentally show
little asymmetry (for up-states and activated states; for speciﬁc
examples, see Rudolph et al., 2004, 2005, 2007; Piwkowska et al.,
2008).
The main advantage of this Gaussian form is that it can be inverted, which leads to expressions of the synaptic noise parameters as a function of the V m measurements, speciﬁcally V and rV .
By ﬁxing the values of se and si , which are related to the decay time
of synaptic currents and can be estimated from voltage-clamp data
and/or current-clamp by using power spectral analysis (see Section
3.4), we remain with four parameters to estimate: the means
ðg e0 ; g i0 Þ and standard deviations ðre ; ri ) of excitatory and inhibitory synaptic conductances. To extract these four conductance
parameters from the membrane probability distribution (Eq. (7))
is, however, impossible because it is characterized by only two
parameters ðV; and rV Þ. To solve this problem, we consider two
V m distributions obtained at two different constant levels of injected current Iext1 and Iext2 . In this case, the Gaussian approximation of the two distributions gives two mean V m values, V 1 and
V 2 , and two standard deviation values, rV1 and rV2 . The resulting
system of four equations relating V m parameters with conductance
parameters can now be solved for four unknowns, yielding
h
i
ðIext1  Iext2 Þ r2V2 ðEfi;eg  V 1 Þ2  r2V1 ðEfi;eg  V 2 Þ2
g fe;ig0 ¼
2
½ðEe  V 1 ÞðEi  V 2 Þ þ ðEe  V 2 ÞðEi  V 1 ÞðEfe;ig  Efi;eg ÞðV 1  V 2 Þ


ðIext1  Iext2 ÞðEfi;eg  V 2 Þ þ ½Iext2  g L ðEfi;eg  EL ÞðV 1  V 2 Þ
ðEfe;ig  Efi;eg ÞðV 1  V 2 Þ
2

r2fe;ig ¼

;

ð9Þ

2

2CðIext1  Iext2 Þ½r2V1 ðEfi;eg  V 2 Þ  r2V2 ðEfi;eg  V 1 Þ 

s~fe;ig ½ðEe  V 1 ÞðEi  V 2 Þ þ ðEe  V 2 ÞðEi  V 1 ÞðEfe;ig  Efi;eg ÞðV 1  V 2 Þ2

:

ð10Þ

These relations enable us to estimate global characteristics of network activity, such as mean excitatory ðg e0 Þ and inhibitory ðg i0 Þ synaptic conductances, as well as their respective variances ðr2e ; r2i Þ,
from the sole knowledge of the V m distributions obtained at two

different levels of injected current. This VmD method was tested
using computational models (Fig. 1A) and dynamic-clamp experiments (Fig. 1B and C; Rudolph et al., 2004; see below) and was also
used to extract conductances from different experimental conditions in vivo (Rudolph et al., 2005, 2007; Zou et al., 2005). This will
be examined in more detail in the next sections.
3.3. Testing the VmD method with dynamic-clamp
Taking advantage of the possibility given by the dynamic-clamp
technique to mimic in a ﬁnely controlled way the ﬂuctuating conductances g e and g i in biological neurons, we performed in vitro
tests of the VmD method (Rudolph et al., 2004; Piwkowska et al.,
2004, 2008). In a ﬁrst test (in 5 neurons), we computed V m distributions selectively during periods of subthreshold activity collected within up-states recorded in ferret cortical slices, we
subsequently extracted conductance parameters from Gaussian
ﬁts to these distributions, and, ﬁnally, we used the estimated
parameters to inject ﬂuctuating conductances in dynamic-clamp
in the same cell, during down-states. Fig. 1C shows a typical example of a real up-state and, shortly after, an up-state re-created in
dynamic-clamp. We conﬁrmed that the V m distributions are very
similar in the two cases (see details in Rudolph et al., 2004;
Piwkowska et al., 2009) This test shows that the V m distributions
observed experimentally in vitro during recurrent cortical activity
can be accounted for by the proposed PC model. We also re-estimated known parameters of synaptic conductances ðg e0 ; g i0 ;
re and ri Þ injected in dynamic-clamp from the resulting V m distributions: the match between actual and estimated values is shown
in Fig. 1B. This second test indicates that the passive approximation for the membrane behavior holds in the studied case. In these
tests, we did not consider the issue of the estimation of se and si
and assumed these values are known. Optimal values around
se ¼ 3 ms and si ¼ 10 ms were obtained by ﬁtting analytic approximations of the power spectral density from in vivo recordings
(Rudolph et al., 2005; see next section).
The VmD method outlined here yields conductance estimates
from V m recordings, but this method cannot be applied to single
V m traces, because at least two V m levels are needed. In the following sections, we focus on methods that can be applied to single V m
traces.
3.4. Extraction of synaptic time constants from the power spectrum of
the V m
Another advantage of the point-conductance stochastic model
is that the power spectral density (PSD) of the conductances is
known analytically, which enables one to derive approximate
expressions for the PSD of the V m activity. This provides a way to
analyze single-trace V m recordings and extract useful information.
The PSD of the V m can be well approximated by the following
expression (Destexhe and Rudolph, 2004):

4
1
SV ðxÞ ¼ 2
~2m
g T 1 þ x2 s

"

#

r2e se ðEe  VÞ2 r2i si ðEi  VÞ2
;
þ
1 þ x2 s2e
1 þ x2 s2i

ð11Þ

where x ¼ 2pf ; f is the frequency, g T ¼ g L þ g e0 þ g i0 the total
~m ¼ C=g T the effective time constant,
membrane conductance, s
and V ¼ ðg L EL þ g e0 Ee þ g i0 Ei Þ=g T is the average membrane potential.
The ‘‘effective leak” approximation used to derive this equation
consisted in incorporating the average synaptic conductances into
the total leak conductance, and then considering that ﬂuctuations
around the obtained mean voltage are subjected to a constant driving force (see details in Destexhe and Rudolph, 2004).
Fitting this template to experimentally-recorded PSDs should
provide estimates of the synaptic time constants se and si . This
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Fig. 1. Numerical and dynamic-clamp test of the VmD method to extract conductances. (A). Simulation of the point-conductance model (top trace) and comparison between
numerically computed V m distributions (bottom; left) and the analytic expression (black; conductance values shown in the bar graph). (B). Dynamic-clamp injection of the
point-conductance model in a real neuron. (Right) Conductance parameters are re-estimated (black bars; error bars are standard deviations obtained when the same injected
conductance parameters are re-estimated in different cells) from the V m distributions and compared to the known parameters of the injected conductances (grey bars). (Left)
The experimental V m distributions are compared to the analytic distributions calculated using the re-estimated conductance parameters. (C). Comparison of a spontaneous
up-state (Natural up-state) with an artiﬁcial up-state re-created using conductance injection (Dynamic-clamp). Modiﬁed from Rudolph et al. (2004).

procedure was ﬁrst tested by comparing the prediction to numerical
simulations of a single-compartment model subject to ﬂuctuating
synaptic conductances (Eqs. (1)–(3)). The matching between the
analytic expression and the PSD obtained numerically was nearly
perfect (Fig. 2A; Destexhe and Rudolph, 2004). The same procedure
was also tested in dynamic-clamp (Piwkowska et al., 2008). In this
case, the theoretical template provided an excellent ﬁt up to
frequencies of about 500 Hz, above which the mismatch was presumably due to instrumental noise (Fig. 2B).
This procedure was also used to ﬁt experimental data, either
spontaneous network activity (up-states) obtained in vitro
(Fig. 2C), or in vivo recordings of V m activity (Fig. 2D; Rudolph
et al., 2005). In this case, the matching was more approximate: the
theoretical PSDs present a frequency scaling region at high frequencies (>100 Hz) which scales as 1=f a with an exponent a ¼ 4, while
the experimental PSDs show a different scaling at high frequencies,
with an exponent close to a ¼ 2:5 (Destexhe et al., 2003; Rudolph
et al., 2005). This different scaling may be due to the attenuation
of synaptic inputs occurring on dendrites, as well as to the non-ideal
aspect of the membrane capacitance (Bedard and Destexhe, 2008).
Nevertheless, the matching of the expression above to the low-frequency end (<100 Hz) of the PSD yielded values of time constants
of se ¼ 3 ms and si ¼ 10 ms. Variations (around 20–30%) around
these values of se and si yielded equally good ﬁts (Rudolph et al.,
2005). Thus, we conclude that this PSD method cannot be used to
precisely estimate those parameters, but can nevertheless be used
to broadly estimate them with an error of the order of 30%.

3.5. Extraction of spike-triggered average conductances from V m
activity
Another method that can be derived from the point-conductance model is the extraction of spike-triggered averages (STAs)
of conductances from recordings of the V m (Pospischil et al.,
2007). Like the PSD approach reviewed in the preceding section,
the ‘‘STA method” is also applicable to single V m traces.
The basis of the STA method is to, ﬁrst, calculate the STA of the
V m activity, and then search for the ‘‘most likely” spike-related
conductance time courses ðg e ðtÞ; g i ðtÞÞ that are compatible with
the observed voltage STA. This problem is non trivial, because the
membrane equation must be inverted, which is in general not possible because of the multiplicative coupling of conductances. However, assuming that the conductances are Gaussian stochastic
processes (as in the point-conductance model), and by discretizing
the time axis, it is possible to estimate the most probable conductance time course (‘‘maximum likelihood” approach). To do this,
one discretizes time, leading to sequences fg ke ; g ki gk¼1;...;n , denoting
the time course of conductances giving rise to the voltage STA V k .
For a given time k, there is a continuum of combinations fg ke ; g ki g
that can advance the membrane potential from V k to V kþ1 , each pair
occurring with a probability denoted pk . If the initial condition
fg 0e ; g 0i g is known (if the duration of the STA is long enough, one
can safely assume g 0e ¼ g e0 and g 0i ¼ g i0 ), one can write down the
probability p for certain series of conductances fg je ; g ji gj¼0;...;n to
occur that reproduce a given voltage trace fV l gl¼1;...;nþ1 :
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Fig. 2. Numerical and dynamic-clamp test of the PSD method to extract conductance parameters. (A). Simulation of the point-conductance model (top) and comparison
between numerically computed power spectral density (PSD) of the V m (bottom; black) and the analytic expression (bottom; gray). (B). Dynamic-clamp injection of the pointconductance model in a real neuron (top) and PSD calculated from the V m (bottom), comparing the experimental PSD (black) and the analytic expression (gray). (C).
Spontaneous network dynamics (up-states) in the slice (top) and PSD obtained from the V m (bottom, black). D. Spontaneous activity in cat parietal cortex in vivo (top) and
PSD obtained from the V m (bottom, black). In C and D, the gray trace in the bottom graphs indicate the best ﬁt obtained using the analytic expression. A–C modiﬁed from
Piwkowska et al. (2008); D modiﬁed from Rudolph et al. (2005).

p¼

n1
Y


pk ;

ð12Þ

k¼0

where it can be shown (Pospischil et al., 2007) that

1  1 Xk
pk ¼
e 4Dt
2p

ð13Þ

with

Xk ¼









2
se kþ1 k
Dt
Dt
 g e0
ge  ge 1 
2
re
se
se



2
si kþ1 k
Dt
Dt
þ 2 gi  gi 1 
 g i0 ;
si
si
ri

ð14Þ

where Dt is the time step of the discretization. The extremum of p
can be found by solving the linear system of equations:


@X
¼0
;
k
@g e
k¼1;...;n

ð15Þ

using traditional methods (Press et al., 2007); here, X is the sum
over Xk(see details in Pospischil et al., 2007).
Thus, as can be seen from Eq. (14), the STA of the conductances
can be evaluated from a voltage trace at a single current level
(since in this approach g ki depends on g ke and V k according to the
discretized version of Eq. (1)). However, it requires the prior
knowledge of g e0 ; g i0 ; re and ri parameters, which can be estimated
using the VmD method (see above).
Similar to the VmD method, the STA method was tested in two
ways: First, using computational models, we veriﬁed that the procedure applied to the V m activity reproduces the STA of the conductances calculated from the model (Fig. 3A; Pospischil et al.,
2007). Second, we used the dynamic-clamp technique to inject
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Fig. 3. Numerical and dynamic-clamp test of the STA method to extract conductance parameters. (A). Simulation of the point-conductance model (top) and comparison
between numerically computed spike-triggered averages (STA) of the excitatory and inhibitory conductances in the model (bottom; black). The gray curves in the bottom
graph show the maximum-likelihood estimates of STA from the V m . (B). Dynamic-clamp injection of the point-conductance model in a real neuron (top) and STA calculated
from the injected conductances (bottom, black), compared to the maximum-likelihood estimate from the V m (gray). The matching was nearly perfect in both cases. Modiﬁed
from Pospischil et al. (2007).

known conductance patterns in real neurons. From the analysis of
the V m activity, one could check that the STA method successfully
estimates the correct conductance patterns related to spikes
(Fig. 3B; Pospischil et al., 2007; Piwkowska et al., 2008).
The STA method was applied to intracellular recordings in
awake and naturally sleeping cats (Rudolph et al., 2007). We found
that for the majority of neurons, the spike is correlated with a decrease of inhibitory conductance, suggesting that inhibition is most
effective in determining spiking activity. This observation matches
the dominance of inhibition observed using the VmD method in
the same neurons (Rudolph et al., 2007).
3.6. STA method with correlation
During response to sensory stimuli, there can be a substantial
degree of correlation between excitatory and inhibitory synaptic
input (Monier et al., 2003; Wehr and Zador, 2003; Wilent and
Contreras, 2005), and it was recently shown that this could also
occur during spontaneous activity (Okun and Lampl, 2008). The
STA method proposed in Pospischil et al. (2007), was extended in
Piwkowska et al. (2008) to include correlations. The discretized
versions of Eqs. (2) and (3) were reformulated as follows:

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃ
g ekþ1  g ke
g ke  g e0
2 Dt
ðnk þ cnk2 Þ;
þ re
¼
Dt
se
se ð1 þ cÞ 1
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃ
g ikþ1  g ki
g ki  g i0
2Dt
ðnkd þ cnkd
þ ri
¼
1 Þ:
Dt
si
si ð1 þ cÞ 2

ð16Þ

the peak of the g e —g i –crosscorrelation is not always centered at 0
during stimulus-evoked responses (‘‘delayed inhibition”; see Wehr
and Zador, 2003; Wilent and Contreras, 2005), we allow a non-zero
delay d: for a positive parameter d, the inhibitory channel receives
the input that the excitatory channel received d time steps before.
Eqs. (16) and (17) can be solved for nk1 and nk2 . It is then possible
to proceed as in the uncorrelated case, where now, due to the delay,
the matrix describing Eq. (15) has additional sub-diagonal entries.
However, the application of this extended method requires the
estimation of the usual leak parameters, of conductance distribution parameters – for which the VmD method cannot be directly
used in its current form since it is based on uncorrelated noise
sources – as well as knowledge of the parameters c and d. These
correlation parameters could perhaps be obtained from extracellularly recorded spike trains, provided that simultaneously recorded
single units could be classiﬁed as excitatory or inhibitory. They can
also be derived from the analysis of paired recordings from closely
situated neurons receiving mostly shared inputs, as shown recently (Okun and Lampl, 2008). Alternatively, different plausible
c and d values could be scanned to examine how they could potentially inﬂuence the conductance STAs extracted from a given V m
STA.
Fig. 4 shows a numerical test of this extension of the method.
The value of the correlation had an inﬂuence on the shape of the
STA of conductances, and this shape was well resolved using the
extended STA method.

ð17Þ

Here, instead of having one ‘‘private” white noise source feeding
each conductance channel, the same two noise sources n1 and n2
contribute to both inhibition and excitation. The amount of correlation is tuned by the parameter c. Also, since there is evidence that

3.7. The VmT method: extracting conductances from single V m traces
In this section, we merge together the strategies of two of the
methods considered above. We review a new method to extract
synaptic conductance parameters, similar to the VmD method,
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Fig. 4. Numerical test of the STA method with different levels of correlation. The point-conductance model was simulated with different levels of correlations between
excitation and inhibition, and the V m activity was used to extract the STA of the conductances. Different levels of correlations were used, c ¼ 0 (A), c ¼ 0:3 (B), c ¼ 0:6 (C),
c ¼ 0:9 (D), all with d ¼ 0. In each case, the V m STA is shown on top, while the two bottom panels show the excitatory STA and inhibitory STA, respectively (red), together with
the estimates using the method (green). (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

but using a maximum-likelihood estimation similar to the STA
method, thus applicable to single V m traces (Pospischil et al.,
2009). The starting point of this VmT method is similar to the
STA method described above (see Section 3.5 and Pospischil
et al., 2007). The point-conductance model (Eqs. (1)–(3)), is discretized in time with a step-size Dt and Eq. (1) is solved for g ki , which
gives

g ki

¼

C

(
Vk  VL

Vk  Vi

sL

)
g ke ðV k  V e Þ V kþ1  V k IDC
;
þ
þ

C
Dt
C

ð18Þ

where sL ¼ C=g L .
There is a continuum of combinations fg kþ1
; g kþ1
g that can ade
i
vance the membrane potential from V kþ1 to V kþ2 , each pair occurring with a probability pk . The expression for this probability is
identical to that derived previously for the STA method (Pospischil
et al., 2007), except that no implicit average must be assumed here.
Thus, the probability p for certain conductance series to occur, that
reproduce the voltage time course, is the probability for successive
conductance steps to occur, namely the product of the probabilities
pk

p¼

n1
Y

pk ;

ð19Þ

k¼0

given initial conductances g 0e ; g 0i . However, again, there is a continuum of conductance series

fg le ; g li gl¼1;...;nþ1 ;
that are all compatible with the observed voltage trace. We deﬁne a
likelihood function f ðV k ; hÞ; h ¼ ðg e0 ; g i0 ; re ; ri Þ, that takes into
account all of them with appropriate weight. We thus integrate

Eq. (19) over the unconstrained conductances g ke and normalize by
the volume of conﬁguration space

R Qn1

k

dg p
f ðV ; hÞ ¼ R Qn1k¼0 k e k ;
k¼0 dg e dg i p
k

ð20Þ

where only in the nominator g ki has been replaced by Eq. (18). This
expression reﬂects the likelihood that a speciﬁc voltage series fV k g
occurs, normalized by the probability, that any trace occurs. The
most likely parameters h giving rise to fV k g are obtained by maximizing (or minimizing the negative of) f ðV k ; hÞ using standard optimization schemes.
3.8. Test of the VmT method
The VmT method was ﬁrst tested in detail to voltage traces created using a model (Pospischil et al., 2009). Simulations were performed to scan the ðg e0 ; g i0 Þ–plane, and subsequently re-estimate
the conductance parameters used, but only from the V m activity.
This procedure gave an excellent agreement in general. The mean
conductances were very well reproduced over the entire scan region, with an exception for the estimation of g i0 in the case where
the mean excitation exceeds inhibition by several-fold, a situation
which is hardly found in real neurons. Excitatory SDs were reproduced very well in the whole area under consideration, but this
was not necessarily the case for inhibitory SDs, for which a considerable deviation was found for weak inhibition. Fortunately, inhibition is in general strong in cortical neurons (Borg-Graham et al.,
1998; Rudolph et al., 2005, 2007).
We next tested the method on in vitro recordings using dynamic-clamp experiments (Fig. 5). As in the model, the stimulus
consisted in two channels of ﬂuctuating conductances representing
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Fig. 5. Dynamic-clamp test of the VmT method to extract conductances. Fluctuating conductances of known parameters were injected in different cells using dynamic-clamp,
and the V m activity produced was analyzed using the single-trace VmT method. Each plot represents the different conductance parameters extracted from the V m activity: g e0
(A), g i0 (B), re (C) and ri (D). The extracted parameter (estimated) is compared to the value used in the conductance injection (control). While in general the mean
conductances are matched very well, the estimated SDs show a large spread around the target values. Nevertheless, during states dominated by inhibition (three examples
shown by symbols indexed 1, 2, 3), an acceptable estimation could be performed. Modiﬁed from Pospischil et al. (2009).

excitation and inhibition. The conductance injection spanned values from low-conductance (of the order of 5–10 nS) to high-conductance states (50–160 nS). It is apparent from Fig. 5 that the
mean values of the conductances ðg e0 ; g i0 Þ are well estimated,
while for the standard deviations of the conductances ðre ; ri Þ,
the estimation is subject to larger errors. Interestingly, for some
cases the estimation works quite well (see symbols 1, 2, 3 in
Fig. 5). When the cell is in a high-conductance state with dominant
inhibition ðg i0 P 3 g e0 Þ and the standard deviations obey a similar
ratio, the estimate comes close to the values used during the
experiment.

4. Discussion and conclusions
In this paper, we have reviewed different analysis methods to
extract information from the V m recordings of central neurons.
The VmD method (Rudolph et al., 2004) to estimate conductances
requires to use at least two different V m levels. Other methods also
require to perform current-clamp or voltage-clamp at different
voltages (Monier et al., 2008). If the membrane has intrinsic voltage-dependent conductances, the use of different voltage levels
will necessarily cause important errors. This is particularly critical
in vivo, where pharmacological manipulations to suppress currents
are usually very limited.
The most obvious method applicable to single V m traces is to calculate power spectra (PSD). The ﬁtting of analytical expressions of
the V m PSD would allow in principle to estimate the conductance
parameters, since they appear in these expressions. However, this
analysis would require to know the effective membrane time constant, and therefore the total conductance. In such a case, since
the average V m is known, the conductances can be estimated by
simply solving the membrane equation at steady-state, or from

current–voltage curves, so the PSD presents no useful means of estimating conductances. However, ﬁtting theoretical expressions to
experimental PSDs can yield estimates of other parameters, such
as the decay time constants of the synapse, although these estimates can be subject to large errors (see Piwkowska et al., 2008
for an assessment of this method).
A second type of method applicable to single V m traces is to estimate the STA of synaptic conductances (Pospischil et al., 2007). The
principle of this method is to search for the most probable conductance traces that account for the average V m STA. These traces are
calculated by maximum likelihood following a discretization of the
time axis. The performance of this method was tested using computational models and dynamic-clamp experiments (Pospischil
et al., 2007; Piwkowska et al., 2008). The performance is excellent,
and the STA method was applied to estimate the optimal conductance patterns preceding spikes in vivo (Rudolph et al., 2007).
However, this method requires a prior estimate of the conductance
parameters ðg e0 ; g i0 ; re and ri Þ and thus requires in fact several
V m levels to apply the VmD method. In addition, all the methods
reviewed here require the estimation of leak parameters (as discussed in detail in Piwkowska et al., 2008, 2009).
We recently proposed a ‘‘VmT method” which uniﬁes some of
the above concepts (Pospischil et al., 2009). This method can estimate conductance parameters very similar to the VmD method
ðg e0 ; g i0 ; re and ri Þ, but using a maximum likelihood approach
similar to the STA method. The estimate can thus be realized from
a single V m level, thereby limiting the bias caused by voltagedependent currents. The VmT method does not rely on static properties of the membrane voltage, like mean and standard deviation,
in order to determine the shape of the conductance distributions.
Instead, it exploits the dynamical information hidden in the V m
time course. The VmT method is, however, sensitive to the relative
excitatory and inhibitory conductance values. Large errors were
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observed when the transmembrane current due to inhibitory conductances is small compared to the leak current. In this case, the
inhibitory ﬂuctuations are not reliably resolved and particularly
sensitive to the presence of recording noise. Smoothing the voltage
trace could in some cases re-establish good results (Pospischil
et al., 2009). For other parameter regimes, and in particular
‘‘high-conductance” (HC) states with strong inhibition, the estimates were satisfactory.
A test of the VmT method on data obtained in vitro using dynamic-clamp conﬁrmed these observations, the important errors
in the case of weak inhibitory conductances, and the good performance during HC states. Since in cortical neurons in vivo the membrane potential is usually well above the inhibitory reversal
potential, and inhibitory conductances tend to dominate over
excitatory ones (Rudolph et al., 2007), the VmT method should lead
to good estimates from in vivo recordings.
An interesting future development would be to extend the VmT
method based on Eqs. (16) and (17) in order to take into account
the correlation between excitation and inhibition. The set of
parameters h would then be augmented by the parameters for correlation c and delay d, as for the STA method. This way, the amount
of correlation could be estimated using the same model as for the
conductance parameters, thus providing a more coherent picture.
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