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This document contains supplementary information reltddte following paper:

Rudolph M and Destexhe A. On the use of analytic expressartbé voltage distribution
to analyze intracellular recordingseural Computatiori8: 2917-2922, 2006.

Synopsis

This paper provided a comparison of different analytic espions for the steady-state membrane
potential (My) distribution of neurons subject to conductance-basedynnoise. The model used
consists of a passive membrane subject to two conductaexasatory, inhibitory), each described by
an Ornstein-Uhlenbeck stochastic process (Destexhe, &0él1). The subthresholdWdistribution
can be obtained analytically using different approximagi(Rudolph & Destexhe, 2003; Richardson,
2004; Rudolph & Destexhe, 2005; Lindner & Longtin, 2006).e$h different approximations are
respectively:

RD2003: Original analytic expression of Rudolph & Deste{®@03);

RD2005: An “extended” analytic expression basedR@?2003 where the time constants have
been corrected to account for larger ranges of parameterdo(ph & Destexhe,
2005);

RD2005*: A Gaussian approximation of the extended expoed’D2005(Rudolph & Des-
texhe, 2005);

R2004: An effective time constant approximation (Richards2004), which is equivalent
to a current-based approximation and is also Gaussian;

LL2006: An analytically-exact white-noise approximatigimit of time constants— O; Lind-
ner & Longtin, 2006);

LL2006*: An analytically-exact static-noise approxinati(limit of time constants- o; Lind-
ner & Longtin, 2006).

Figure 1A-D of the companion paper shows a scan of 10,000psa values, randomly chosen
within reasonable bounds (larger than physiological \&@lu€&or each parameter set, 100 sec of ac-
tivity was simulated and the ydistribution was computed numerically. This numericaireate was
then compared to each of the six expressions outlined abowbis scanRD2005was the best es-
timate in about 80 % of the cases, while the second-best a&tgtimasRk2004in about 60 % of the
cases.



Additional analyses and scans of parameters

In this supplementary information, we provide more exammEparameter scans (using the same
procedure as described in the paper), as well as illustoate $ypical situations. As a first example,
we scanned 10,000 parameter sets within strictly “phygiokl” values. Those values were obtained
from a recent study (Rudolph et al., 2005), in which the syioagise was analyzed from intracellular
recordings of neurons in cat parietal cortewivo. This analysis used both classic conductance anal-
ysis methods, the extended expressRWR005 as well as direct matching of compartmental models
to the recordings (see details in Rudolph et al., 2005). BpfHown states (Ketamine-Xylazine anes-
thesia) and EEG-activated states were used for the andéihysi® cells). The minimal and maximal
values for the conductances and variances obtained in theasurements were used as bounds for
choosing the 10,000 parameters. The results of these siondare shown in Fig. S-1A. Similar to
Fig. 1 of the companion papdRD2005was the most accurate estimate for about 86 % of the cases,
followed by theR2004approximation. Because including two expressions bidsearalysis against
RD2005 we also repeated the same analysis by removing the GawggiaoximatiorRD2005* as
shown in Fig. S-1B. In this casBD2005was the best estimate for about 95% of the parameter sets.

Manual examination of the cases for whiRlb2005was not the best estimate revealed that this hap-
pened when both time constants were slow (“slow synapsexaydtime constants50 ms). An
example of such distribution is shown in Fig. S-2. In thisezdke static-noise limitL2006*was the
best estimate, followed biRD2005

To explore this region of parameters, we performed two auttht runs of 5,000 randomly selected
values of parameters, contrasting a region of parametarfast time constants with the same region
with slow time constants. When time constants were RRB2005 RD2005*andM2004accounted
for the best performance (Fig. S-3A), in agreement with abélowever, for slow time constants, the
most accurate estimate was obtained by using the statie it (Fig. S-3B; identical run as Fig. 1F
of the paper). The performance of static noise limit is nepgging since this expression is specific
for systems with infinitely large noise time constants.

A last run was realized using a wider parameter range (F#), 8at included physiological values,
as well as slow synapses and strong conductances. The parapace scanned included all regions
of parameters scanned in all preceding runs. Based on a 4& @d0 parameter values randomly
chosen within this parameter space, Ri22005expression still provided the largest number of best
estimates (about 50% of the cases), followed by the staiigedimit LL2006* (37%). Similar values
were obtained by removingD2005*from the analysis (Fig. S-4B).

Based on these runs, we conclude that, for physiologicellgvant parameter values, the extended
expressioiRD2005s the most accurate for about 80-90% of the cases. Outsttiesatinge, however,
the situation is different. The static noise limit can be &tdreapproximation for systems with large
noise time constants (“slow synapses”), and should be ussalch cases.



NEURON Code

All simulations above and in the paper were done under the RIBN simulation environment (Hines
& Carnevale, 1997). The NEURON source code that was usetiésiulations shown here, as well
as the code for data analysis and drawings, can be found ttikheing location:
http://cns.iaf.cnrs-gif.fr/files/Note200demo. zip

This code contains two parts. First, a scanning program thagaumeric simulations for the 10,000
parameters, and writes the results to a data file. Secondadyses/drawing program reads this data
file and creates the histograms shown in Fig. 1. The user clly ehange the parameters and verify
the simulations shown here, or perform scans in unexploaegipeter ranges, and thereby contribute
to a more rich analysis of how the different analytic expi@ssfit numeric simulations.

Note that, contrary to the previous papers (Rudolph & DdseR003, 2005), no boundary conditions
were used here, and the codes provided allow the conductargzenegative. Similar results were
obtained when boundary conditions were used (this is easythfy in the code provided).

Experimental testsand analysis of experimental data

Finally, another test of the analytic expressions is by camnmg them directly to experimental data.
The RD2005expression is the basis of a recently proposed method tgznaitracellular record-
ings by fitting experimental distributions, yielding estites of parameters of the real synaptic noise,
such as the mean and variance of excitatory and inhibitangectances (Rudolph et al., 2004). This
method is presently used by several laboratories aroundohle. Related to the present paper, the
RD2005expression was tested against experimental data, in @iffevays. First, the conductances
obtained by using thRD2005based method were compared to other methods for condecterad-
ysis, as well as to the direct matching of computational netteexperimental data. These different
methods yielded consistent results for activated statesded intracellularly in cat parietal cortex
vivo (see Rudolph et al., 2005), suggesting fRBX2005is accurate for the parameters corresponding
to this type of synaptic noise in cortical neuransvivo (indeed those are the parameters shown in
Fig. S-1).

A second test, more severe, was realized using the dyndamtpctechnique. The synaptic noise
produced spontaneously in ferret cortical slices (“upestg was analyzed usingD2005 yielding
estimates of the conductance parameters. An artificialgimaoise was then generated using the
estimated parameters, and was re-injected isémee neuroduring quiescent activity using dynamic-
clamp. This yields a “recreated” state that can be compardtet“natural” state. This procedure was
successful, as shown by the matching of the natural andcati¥, distributions (see Fig. 7 and
Fig. 8A in Rudolph et al., 2004). Another test, equally sey&vas to first inject synaptic noise with
known parameters, and then compare thgdétribution obtained in the real neuron with the analytic
prediction ofRD2005 This procedure also yielded consistent estimates (Fign8Budolph et al.,
2004).



These experiments and analyses show that the extendedsixmRD2005can provide a very useful
analysis tool for extracting conductances from experimatdta, and that the accuracy of this analysis
is acceptable. Other expressions could possibly be usdtitasparadigms, but this has not been
done yet. Future experiments should be designed to addressdpective accuracy of the different
expressions using similar procedures, which would cartsté further test of their respective accuracy
in physiological conditions.

Resour ces
Electronic (PDF) copies of the paper and supplementarynmdition are available at:

http://cns.iaf.cnrs-gif.fr/files/Note2006.pdf
http://cns.iaf.cnrs-gif.fr/files/Note200&uppl. pdf

The NEURON code corresponding to the simulations is aviglab
http://cns.iaf.cnrs-gif.fr/files/Note200demo.zip
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Fig. S-1: Histogram of best estimates for physiological values ofipaters.A. Additional scan of 10,000
runs of parameters using randomly-chosen parameter (saroedure as in Fig. 1 of the accompanying article)
within the following range: membrane araa 5,000-50,00Qum?, mean excitatory conductangg = 1-96 nS,
mean inhibitory conductanagy = 20-200 nS, correlation timag = 1-5 ms and; = 5-20 ms. The red dashed
histograms show the second best estimates. The extendezbsigm RD2005 had the smallest mean-square
error for about 86% of the caseB. Same set of simulations, but the histogram was calculage@inoving
RD2005* In this caseRD2005was the most accurate for about 95% of the cases.
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Fig. S-2: Example of \, distribution for parameters where the static noise limithis best approximation.
The Vj, distributions are shown using a similar layout as Fig. 1AfBhe accompanying article (left: linear
scale, right: log-scale; color code in inset). The best fi wethis case the static noise limitl(2006* green),
while RD2005was second best (red). Parameters: membraneaare@¥286um?, excitatory conductancgs
=400 nS,0¢ = 130 nS, mean inhibitory conductangg = 141 nS,o; = 39 nS, correlation times = 35.4 ms
andt; = 20.8 ms.
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Fig. S-3: Histogram of best estimates for fast and slow time constame additional scans of 5,000 param-
eters each are shown MandB, using the same procedure as in Fig. 1 of the accompanyiimmgarthe same
parameters were used in both scams 6,000-50,00Qm?; g = 1-50 nSgip = 1-50 nS), except for the time
constantste = 1-5 ms and; = 5-20 ms inA; Te andt; = 50-200 ms irB). The red dashed histograms show
the second best estimates. For fast time const&2005was the most accurate estimate for about 60% of
the cases, whereas for slow time constant£006* was more accurate for about 50% of the runs.
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Fig. S-4: Histogram of best estimates for scans within a wide rangawfmeter valuesA. Additional scan of
10,000 runs of parameters using randomly-chosen parasr(st@mne procedure as in Fig. 1 of the accompanying
article) within the following rangea = 1,000—100,00Qim?, geo = 1-300 nSgjo = 1-300 NSt = 1-200 ms and

T; = 1-200 ms. The red dashed histograms show the second besitest The extended expressi®tD2005

had smallest mean-square error for about 50% of the cBs&ame set of simulations, but the histograms were
calculated by removin@D2005* In this caseRD2005was the most performant for about 57% of the cases.
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