JOURNAL OF
NEUROSGIENGE
METHODS

www.elsevier.com/locate/jneumeth

ELSEVIER Journal of Neuroscience Methods 130 (2003) 173-199

Combining principal component and spectral analyses with the method
of moments in studies of quantal transmission

Alexander E. Dityate%*, Radik Sh. Altinbae¥, Andrej V. Astrelin®, Leon L. \VoronirP

@ Zentrum fuir Molekulare Neurobiologie, Universitat Hamburg, Martinistr. 52, D-20246 Hamburg, Germany
b Brain Research Institute, Academy of Medical Sciences and Institute of Higher Nervous Activity and Neurophysiology,
Russian Academy of Sciences, Butlerova 5a, 117485 Moscow, Russia
¢ Department of Mathematics and Mechanics, Moscow State University, Vorobiovy Gory, 119899 Moscow, Russia

Accepted 8 September 2003

Abstract

This chapter considers methods for measurements of postsynaptic responses and simple approaches to the estimation of parameters of quant
release in synapses of the central nervous system of vertebrates. The use of these methods is illustrated by the analysis of single-fibre anc
“minimal” monosynaptic postsynaptic potentials (PSPs) or currents (PSCs) recorded from neurons of the frog spinal cord and rat hippocampus.
First, we briefly discuss traditional methods of the response measurements using peak amplitudes or areas, further focusing on a novel method
based on multivariate statistical techniques of the principal component analysis (PCA). This approach provides typically better signal-to-noise
ratios and is able to separate two or more response components, which can arise due to activation of more than one presynaptic fibre, axon
collaterals, receptor subtypes or spatially separated transmission sites. Second, spectral analysis is introduced as the method of choice tc
verify whether the amplitude fluctuations of the postsynaptic responses have a quantal nature and to obtain estimations of the “basic” quantal
parameters, i.e. the quantal si£) Gnd mean quantal contemt), without introducing assumptions on release statistics. Third, we show how
the method of moments could be applied in the framework of the Poisson and binomial models to estimate the basic quantal parameters and
parameterp andn, which reflect the release probability and maximum number of quanta released (or the number of effective release sites),
respectively. Fourth, we show that the analysis of the moments can also be instrumental to reveal non-uniformity of release probabilities and
compare how several competing models of neurotransmitter release fit to multiple experimental data sets.
© 2003 Elsevier B.V. All rights reserved.

Keywords:Synaptic transmission; Postsynaptic response; Principal component analysis; Spectral analysis; Quantal analysis; Method of moments; Long-term
potentiation; Hippocampus; Spinal cord

1. Introduction handbooks (e.gNicholls et al., 2001 see alsoVoronin,
1993a, 1993land especially other chapters for more recent
Quantal theory of synaptic transmissiate( Castillo and data and additional discussion).
Katz, 1954a, 1954bhas been based on the observation that Quantal analysis includes a number of statistical meth-
when the mean probability of transmitter releaggi¢ low, ods aimed to evaluate both the basic quantal parameers (
the amplitudes of a postsynaptic response vary randomlyandm), and number of release sites or vesicles immediately
between integer multiplies of spontaneous “miniature” re- available for releasenf and mean release probability) (of
sponses (called also “minis”). Basics of the quantal theory a synapse under study. Data sets for the statistical treatments
are described in several excellent reviedsder and Marty, are provided by electrophysiological recordings of postsy-
2000; Bekkers and Stevens, 1991; Jack et al., 1994; Korn andnhaptic responses. The aim of the initiakctions 1 and 2
Faber, 1987, 1991; Redman, 1990; Stevens, 1993; Thomsonof this chapter is to briefly consider related recording and
2000; Thomson and Deuchars, 1995; Walmsley, 120®i measurement methods. Several common methods of mea-
surements are briefly considered followed by the detailed
mspondmg author. Tels49-40-428036250; prgsgntation of the amplitqde measurements based on the
fax: +49-40-428036302. principal component analysis (PCA) that has also been mod-
E-mail addressdityatev@zmnh.uni-hamburg.de (A.E. Dityatev). ified by the authors to extract response components likely
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publications from our groups, séetrelin et al., 1997, 1998;
Berretta et al., 1999, 2000; Dityatev and Clamann, 1998
Dityatev et al., 1994, 2001a, 200 1Kasyanov et al., 2000;
Sokolov et al., 2002, 2003; Voronin et al., 1938so see
Voronin, 1993a, 1993b, 19%r references to earlier pub-
lications).

2. Recordings and traditional measurements of
postsynaptic responses

2.1. Recordings of unitary and minimal postsynaptic
responses

A postsynaptic response induced by activation of a sin-
gle presynaptic neuron or axon is called “single-fibre” or
“unitary” (or “elementary”) response. Recordings of uni-
tary responses provide the most suitable data for quantal
analysis. Despite difficulties inherent to CNS synapses,
a number of laboratories have successfully recorded uni-
tary responses from hippocampal and neocortical slice
preparations Keldmeyer and Sakmann, 2000; Foster and
McNaughton, 1991; Malinow, 1991; Markram et al., 1997;
Sayer et al., 1990Stricker et al., 1996a, 199%However,
the percentage of synaptically connected pairs in slices is
very low and examples of quantal analyses of unitary hip-
pocampal postsynaptic potentials or currents (EPSPs or EP-
SCs) are exceptional (e.§oster and McNaughton, 1991
The percentage of connected neuronal pairs is much higher
in dissociated or organotypic hippocampal culture. Thus
about 50% of CA3 pyramidal neurons have been found
to be synaptically connected in the cultured hippocampal
slices Pebanne et al., 1996 Therefore, this preparation
is more practical for recordings of unitary responses (see
Saviane et al., 200%ith references). However, it should
be kept in mind that properties of cultured synapses could
differ from those in the acutely prepared slices. From our
personal experience, the synapses in the hippocampal slices
are closer in their properties to hippocampal synapses in
vivo although this problem is open to discussion. Studies
on the living brain are much more difficult, although intra-
cellular recordings of minimal EPSPs from CA3 neurons in
vivo have been published, including application of quantal
analysis to LTP Yoronin, 1983, 1993a, 1993b

One more preparation used to record unitary PSCs of cen-
tral synapses is the isolated spinal cord of several species
(reviewed byRedman, 1990 For instance, isolated spinal

mediated by different synapses or subtypes of glutamate re-cord of the frog have been used for quantal analysis of uni-
ceptors.Section 3describes the use of spectral analysis for tary EPSPsKabalian and Chmykhova, 1980ityatev et al.,
evaluation of the response fluctuations and basic quantal pa1992, 1994, 2001a, 2001rantyn et al., 1984even with
rameters. The final part of this chapter introduces the anal-triple intracellular recordingdiityatev and Clamann, 1998

ysis of moments of amplitude distributions aimed to select Properties of two synapses on two different motoneurons in-
an appropriate model and to evaluate parameters of quannervated by the same presynaptic fibre have been compared
tal release. More detailed description of the commonly used in the latter publication. An example of a recently elabo-
methods and additional references can be found in aboverated preparation is the calyx of Held of the rat auditory
cited reviews and in other chapters of this issue (for related system Neher and Sakaba, 2001; Schneggenburger et al.,
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2002; von Gersdorff and Borst, 2002ee also the chapter
of Neher and Sakaba, 2003n this preparation, not only
may a single presynaptic fibre be activated but also intra-
cellular recording from the giant presynaptic ending is pos-
sible together with simultaneous recordings of postsynaptic
responses. However, such a preparation is rare in the mam-
malian CNS. Therefore, recordings of so-called “minimal”
postsynaptic potentials (PSPs)/postsynaptic currents (PSCs)
are often used, whereby a just supra-threshold stimulus cur-
rent is selected for extracellular stimulation with the aim
of activating a single presynaptic fibre. Minimal stimulation )
remains as a basic approach to collect data for quantal anal-

)

(A) (B)
Peak amplitude (pA)
I )

A
(C

ysis, although in practice activation of more than one fibre © :
W

cannot be excludedR@astad, 1995; Torii et al., 1997

Up to now, in vitro cortical slices represent the most pop-
ular preparations for studies of central synapses in mammals
and especially of their short- and long-term plasticity like
long-term potentiation (LTP). The latter represents a popu-
lar experimental paradigm widely used to study long-term
synaptic plasticity and information storage in CNBdigs and
Collingridge, 1993; Malenka and Nicoll, 199%ig. 1A and
B illustrates two basic types of synaptic connections most
commonly analyzed in hippocampal slices. In experiments
with recordings from CA1 or CA3 pyramidal neurons, stim-
ulating electrodes are placed to activate Schaffer collaterals
or mossy fibresKig. 1A and B respectively). Recordings
from CA1 pyramidal neurons are used in most of the illus- Fig. 1. Recordings and measurements of minimal hippocampal excitatory
trations below. The waveforms iFlig. 1C and ngve ex- postsynaptic responses. (A and B) Electrode arrangement in experiments
. with recordings from CA1 (A) and CA3 pyramidal neurons in the hip-
amples of averaged and single traces recorded from a CA3 ) ) )

. . . . . B pocampal slice preparation (B). Recording electrodes (rec.) and electrodes
neuron Inan eXpe“me_nt with m'mm_al stimulation of MOSSY  |pcated to stimulate the mossy fibre tract in CA3 and the Schaffer collat-
fibres. Note that the single sweepdd. 1F) were selected  erals in CA1 (S-I and S-Il) are shown. (C and D) Averagat=¢ 100)
to illustrate both spontaneous “synaptic noisé’lg( 1Fa minimal EPSCs recorded from a CA3 neuron. The EPSC is reproduced
and Fo and evoked minimal excitatory postsynaptic cur- twice to put the bars that mark the windows for the measurement of the

. peak amplitude and for the principal component analysis (C and D, respec-
rents (EPSCSFIQ' 1Fb_ and F): The spontaneo_us EPSCS_ tively). (E) Correlation between the peak amplitudes and the first principal
can start before the stimulus artefact and thu.s interfere with component scores (expressed in pA and called “PCA amplitudes”) from
the evoked EPSCd-{g. 1Fh. In the trace cKig. 1P the the same experiment. The linear regression line, the Pearson correlation
spontaneous EPSC started apparently before the stimulusoefficient ¢) and its significance levelP) are given. Letters a—c mark
and thus the evoked response does not look essentially Congata points that strongly deviate from the linear correlation and corre-
taminated by the synaptic noise. However. the measuremen pond to respective traces in F. (F) Single traces contaminated by spon-

: . B} O . aneous activity that distorts the peak amplitude measurement but does

of the baseline C;fm_ be distorted if made just before the stim- not essentially influence the PCA amplitude. Traces a and b are taken
ulus artefact, as it is commonly done. from the same experiment shown in C and D. Trace c is taken from a
different experiment under the same experimental conditions to exemplify

2.2. Recordings of postsynaptic responses: postsynaptic 2 diﬁerek”t typftocfj SUChd ds(‘éizﬁons I:OZI the strong Cortre""(‘gc;”Abet‘?_’teZ”
. e peak amplituae an amplitude measurements. mplituae
potentials or currents?

distributions from the same experiment built from the PCA amplitudes
) o ) and peak amplitudes (thick and thin lines, respectively). Note clearer
Unitary or minimal postsynaptic responses can be “quantal’ peaks for the PCA amplitudes as compared to the peak ampli-

recorded either under voltage or current clamp, Each modetudes due to a better signal-to-noise ratio. Altogether E and G show that
has advantages and disadvantages as reviewedabk both measurements give highly correlated and very similar data but with

. the better signal-to-noise ratio for the measure based on the scores of the
etal. (1994)andWaImsIey (1993)AS both reviews stress, first principal component. Here and in all other hippocampal experiments

in practice the Signa_l'to'n()ise ratio may be better for the yhe sjices were kept at 32 or 36. GABA4 inhibition was pharmacolog-
current clamp recordings as compared to the voltage clampically blocked to isolate the minimal EPSCs. See original publications for

that is important for precise determination of quantal pa- other details. The recording protocols illustrated in this figure were similar
rameters. However., when the response amplitude is Iarge to those ofGasparini et al. (2000)From Voronin, Altinbaev, Bayazitov,
several problems arise with current clamp recordings. For Gasparini, Kasyanov, Saviane, Savtchenko and Cherubini (submitted).
instance, a reduction in the driving force for the underlying

synaptic current or/and activation of potential-dependent
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channels could lead to non-linear summation of postsynap-gests that the PSP could contain more than one component
tic responses. If the effects of non-linearity are thought to with different latencies. In such cases, the window can be
be significant, it is preferable to use voltage-clamp mode chosen to cover only the rising phase of the short latency
and to record PSCs rather than PSPs. component. However, the measurements of the “mean win-
The background noise includes the noise due to elec-dow amplitude” and the peak at a fixed time point have a
trode resistance as well as due to opening and closing ofdisadvantage because the contribution of each monosynap-
membrane channels, specifically the activity of the channelstic quantal component to the recorded PSP does not nec-
resulting from ongoing spontaneous and evoked neuro-essarily occur at the same latendygimsley, 1993 Such
transmitter release (“synaptic noise”). The latter can induce a “latency jitter” Barrett and Stevens, 19y different in
additional complications due to its non-linear interaction different preparations, sometimes being rather small so it
with recorded PSPs. To keep the electrode resistance andan be neglected. However, it can be essential in synapses
therefore the noise level to a minimum, whole-cell patch with multiple release sites and at low (room) temperature.
electrodes Blanton et al., 1989; Edwards et al., 1989 Therefore some authors claim that “it is not meaningful to
rather than “sharp” microelectrodes have been commonly use peak amplitude as a measure of synaptic transmission”
used for intracellular recordings recently. One disadvantageand recommend “the time integral of the current to obtain
of the whole-cell recordings is perfusion of the cell with the charge” Bekkers and Stevens, 199The charge trans-
the electrode solution. This can be avoided by using the fer or the time integral over the entire time course of a
somewhat more complicated techniques of the “perforated” postsynaptic response has been used by some groups. How-
whole-cell recordingsHorn and Marty, 1988 Develop- ever, in practice, it has been shown that this measurement
ment of patch clamp techniques in combination with the may produce an extremely poor signal-to-noise rafiorf
optical techniques permitted recordings from thin dendrites and Faber, 1987; Walmsley, 199&n empirical approach
of neocortical and hippocampal neurons to be introduced can be used to find the optimum measurement region, i.e. a
(Benke et al., 1998; Magee and Johnston, 1995; Stuart et al.range of different time windows can be tested intermediate
1993. Recordings in the close proximity to the synaptically between the whole time integral and single data point. This
activated dendritic site improves signal-to-noise ratios due procedure can be continued until the region producing the
to higher amplitude of the postsynaptic signal and gives a best signal-to-noise ratio is chosaffgdlmsley, 1993 Typi-

better control of the effects of non-linear summation. cally, the “measurement window” is set around the peak of
the average response, while the second (“baseline window")

2.3. Measurements of postsynaptic responses: peak is set before the response onset, e.g. as illustrated by hori-

amplitude and time integral zontal bars irFig. 1D. The average value over the baseline

window is calculated and subtracted from the average value
Having obtained PSPs or PSCs, the next important stepover the measurement window. As indicated\bigimsley
before performing quantal analysis is to measure the mag-(1993) the choice of a finite time window results in a mea-
nitudes of the recorded events. Various types of amplitude sure that is neither a peak amplitude nor a complete time
measurements have been tried. The simplest way is to meaintegral. To obtain a precise amplitude value, a correction
sure the peak amplitude as a difference between two points:factor should be introduced by dividing the peak amplitude
atthe peak and at the baseline. Normally, the time of the peakof the average response by the mean value over the chosen
is determined from the average waveform and is fixed for window (Walmsley, 199R
measurements of single events. However, some authors use a Typically, the time window contains only a few points
computer algorithm (or visual guidance) that finds the peak especially when fast EPSCs are recordeid).(10. When
in each individual response. A disadvantage of this proce- only a few points are used, the advantage of the averag-
dureis that it can produce amplitude fluctuations not directly ing is not large because the signal-to-noise ratio increases
related to true “quantal” fluctuations but rather related to as the square of the number of averaged signals. To use
“quantization” of the background noise. Such “quantization” more full information contained in the response waveform
can be in part due to the quantal nature of the spontaneousone can use methods based on the multivariate statistical
synaptic bombardment, but can also arise from steps in thetechnique of the principal component analysis (PCA). This
electronic noise or hum. multivariate technique Harmon, 1979; Hotelling, 1933;
One disadvantage of the measurements at a single pointlackson, 1991has been applied to CNS studies including
is its high variability due to the baseline noise. This can brain imaging (se&riston, 1996or review), artificial neu-
be reduced by averaging over a number of adjacent dataral nets Churchland and Sejnowski, 199and especially
points. One approach is using a “mean window amplitude”, electroencephalographic evoked respon&ath and Di,
i.e. an average over a time window covering a part of the 1992; Chapman and McCrary, 1995; Glaser and Ruchkin,
PSP/PSC, e.g. initial part of the PSP rising phagednin 1976; Musial et al., 1998 Recently algorithms for appli-
et al., 1992a Application of this method has been moti- cation of the PCA to intracellularly recorded EPSPs and
vated by observing notches on the rising phase of minimal EPSCs have been elaborated and used in pradisee(in
EPSPs (see e.§ig. 4B). The presence of such a notch sug- et al., 1998; Berretta et al., 2000; Kasyanov et al., 2000;
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Sokolov et al., 2002, 2003; Voronin et al., 199%®e also Our data show that the first component scores usually
Henery et al., 1998 strongly correlate with the most commonly used peak am-
Below we follow two traditional descriptions (formal- plitude measurement, giving most of the measurements as
ized and geometrical) of the basis of the PCA as they are equal within the noise leveF{g. 1E). The coefficient of the
used in the above cited handbooks and reviews. The for-correlation is always high (>0.85, often >0.9) and highly
malized description is mainly ilppendix Ato avoid an significant as exemplified blig. 1E (r = 0.91, P < 0.001
excess of mathematical formulas in the main text. Addi- at N = 100). The question arises, why use such a sophisti-
tional details can be found in the above cited standard text- cated measurement method if the correlation with the mea-
books. Electrophysiological applications of PCA were re- surements of the peak amplitude is so high and thus the
viewed by Chapman and McCrary (199%nd Glaser and mean output provided by both methods should be the same,
Ruchkin (1976) as has been confirmelldronin et al., 199%nd our unpub-
lished observations). There are several reasons that make
this method of measurement advantageous. First of all, PCA

3. Measurements of postsynaptic responses using uses all information contained in a larger window as com-

principal component analysis pared to the peak amplitude measurement, but in distinc-
tion from the charge transfer it does not decrease but rather

3.1. Introduction and simple applications increases the signal-to-noise ratio. The amplitude distribu-

tion built from PCA amplitudes is clearly more “peaky” in

PCA is a mathematical method that helps to find fac- Fig. 1Gthan that obtained using the peak amplitudes (thick
tors underlying variability of experimental datelgrmon, and thin lines, respectively) due to the better signal-to-noise
1979; Jackson, 1991We applied a PCA algorithnigtrelin ratio. A related advantage is illustrated by considerations of
et al., 1998 to both simulated EPSPs and minimal EPSPs the three data points that show a strong discrepancy between
recorded from CA3 and CA1 hippocampal pyramidal cells the two measured~{g. 1Ea—E}. Respective single sweeps
(seeFig. 1A and Band above cited publications from our (Fig. 1P indicate that the reason for the discrepancy is con-
group for additional methodological details). The PCA can tamination of the evoked EPSCs by occasional spontaneous
be described in terms of signal space geomeitager and activity. Importantly, the “PCA amplitudes” gave more rea-
Ruchkin, 1976; Harmon, 1979n these terms, postsynaptic sonable values, e.g. a small negative value comparable to the
responses are first defined in a data signal vector space of Thoise level Fig. 1E3 for the trace shown ifrig. 1Fa un-
dimensions so that each recorded sweep represents a singlike the peak amplitude measurement that gave rather large
vector. In practice, we usefl = 40-80 so that a window  amplitude (about-14 pA). In practice, such contaminated
could include a small time region (up to 1.5ms) before the sweeps can be discarded following a visual inspection or
beginning of the average response, its initial slope and might measured again with a different baseline window. However,
include its peak. The task of the PCA is to determine if the visual inspection becomes impractical when hundreds of
same data signal vectors could be adequately representedweeps are recorded. The comparison of the two measures
in a subspace of fewer dimensions. Therefore, the princi- (Fig. 1E) quickly indicates such “doubtful cases” that can
pal components represent linear combinations of the origi- be taken for visual inspection if a researcher prefers peak
nal sweeps, which explain successively a maximum amountamplitude measurements. We note that there is no need to
of response variance and are orthogonal to each other (sediscard similar sweeps when the PCA amplitude is used.
Appendix Afor equations and more details). In the simplest In distinction from the peak amplitude, the latter measure
case, when all postsynaptic responses have the same shapeses only one window rather than two. It is well known that
and are different just by a scaling factor, the PCA would re- generally, an error increases when differences between two
veal that there is one principal component that correspondsvariable measures are used.
to the average postsynaptic response. All information about To better understand PCA outcome, simulation experi-
variability of sweeps would then be provided by the scaling ments were performedAgtrelin et al., 1998 The wave-
factors (one for each sweep), which are called the scores ofform of simulated EPSPs was described by a function of
the first principal component in terminology of PCA. The time using two exponentialsE(r) = A[exp(—t/ Tdecay —
score C1 for a sweep is equal to a correlation between theexp(—¢/ Trise)], where amplitude#\ were uniformly or nor-
sweep and the first principal component multiplied by the mally distributed. The waveforms were convolved with a
ratio between the standard deviations of the sweep and theGaussian noise. The standard deviation (S.D.) of the noise
first principal component. The score can be normalized to (S,) was varied in different experiments giving different
the peak amplitude to be expressed in the units of the voltagesignal-to-noise ratios. Either non-quantal (continuously dis-
(mV) or current (pA). Here, we refer to such score-derived tributed) or “quantal” EPSPs were simulated. For the latter,
amplitudes as “PCA amplitudes”. The procedure of the nor- the number of release sites) (vas taken to be 1 or 2. The
malization is analogous to that described above for the nor-release probabilityp) was usually set at 0.5, so that either
malization of the amplitudes obtained over a window around about 50%# = 1) or 25% ¢ = 2) of the waveforms repre-
a peak. sented transmission failures with zero mean and S.D. equal
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Fig. 2. Principal component analysis of simulated waveforms with one component (A) and its comparison with a plot from a hippocampal minimal EPSP
(B). (A) Plots of the first against second component scores (C2/C1 plots) obtained from simulated non-quantal (Aa) and quantal waveforms with one
component (Ab). (B) Similar plots obtained from a minimal EPSP recorded from a CA1 pyramidal cell (a and b) and from baseline noise measurements
(c). Note band-like plots for both simulated monocomponent EPSPs (A) and for the real EPSP in this particular case (B). Numbers 1 and 2 in Ba mark
regions corresponding to small (presumably monoquantal) and large (multiquantal) responses, respectively. Averages corresponding taritse data po
from the regions 1 and 2 in Ba are shown in Bb. The dashed curve in Bb2 represents the record Bbl scaled in such a manner that its peak amplitud
matches that of Bb2 to show that the time courses are similar for the EPSPs with a small (region 1 in Ba) and large amplitude EPSPs (region 2 in Ba).
The noise measurements (Bc) were obtained from the same sweeps as used for Ba but for prestimulus periods. Note that the width of the Bc plot alon
the y-axis is similar to that in Ba, suggesting the absence of a second component in Ba. Modifiedsfrefin et al. (1998)

to S,. Either “small” (0.15-0.Q) or large (Q or >S,) in- imal non-zero increment presumably due to quantal release.
trinsic variation of the quantal siz&] could be added to  The width of the bandFig. 2Bg is comparable to the width
the non-failures. of the C2/C1 plot for the baseline noise, thus, suggesting

Fig. 2A exemplifies principal component scores obtained the absence of an essential contribution from a second com-
from simulations of a simple waveform having one compo- ponent. Panels bl and bEig. 2B) illustrate similar time
nent. Noise-contaminated non-quanfaly 2Ag and quan- courses of the scaled averaged responses corresponding to
tal EPSPsKig. 2Ab) were simulated. The plot of the scores two different regions having small and large response am-
of the second component against the first one (“C2/C1 plot”) plitudes, respectively. This is also compatible with the pres-
gave a band with a width that dependednWith a Gaus- ence of only one component. It was further confirmed by
sian noise, about 96% of the values should fall withi?S, averaging the data points around (0, 0) coordinates that pro-
along they-axis. In the case of the quantal EPSPs, transmis- duced no discernable response (not shown, see similar “flat
sion failures were represented by a cloud around point (0, average” inFig. 4F4.

0) (Fig. 2Ab). The cloud was clearly separated from the rest

of the data points because of large signal-to-noise ratio used3.2. Analysis of simulated multicomponent EPSPs

in these simulationg=ig. 2Billustrates a similar plot for an

EPSP recorded from a CA1 neuron. Note that the C2/C1 There is one more important advantage of the measure-
plot (Fig. 2Bg is similar to that for the simulated mono- ment based on the PCA, that is its ability to separate and

component EPSH-(g. 2Ab), although the cloud containing measure independently underlying components of a postsy-
transmission failures was not as clearly separated from thenaptic response. Indeed, unitary responses may consist of
rest of data points as in the simulation with a low noise. several components with different latencies and waveforms

Nevertheless, the “failure cloud” can be distinguished from when a presynaptic fibre establishes several synaptic con-
the rest of the data points, suggesting the presence of a minnections at various electrotonic distances from the recording
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site. When “minimal” rather than unitary responses are an- (a) (b)
alyzed, the number of activated presynaptic fibres can be * noise
more than one as noted above. Accordingly, the responses comp. 1/\

can show clear signs of the presence of different com-

ponents such as notches at the initial slop&gér et al., Comp. 2_/\ \/\_\,

1996; Voronin et al., 1993abimodal latency distributions

(Edwards et al., 1990; Stern et al., 1992; Torii et al., 997  Mixture /\

and different waveforms for different amplitude ranges (A)

(Stricker et al., 1996a, 1996koronin et al., 199% Quantal a (b)
analysis based on commonly used measurement methods Non-quantal Quantal
may give false results in the presence of more than one com-$ 1o
ponent. One way to separate different EPSP components is t0§ o
consider their latencie${ern et al., 1992; Torii et al., 1997; g o
Voronin et al., 199% However, the measurements from sin- O M
gle trials are not reliable when the latency differences and g, 0 % 50 T

signal-to-noise ratios are small. A better separation may be First principal compon?br;t scores

achieved using full information contained in both response § 4 (@ § 40
latencies and waveforms. This is provided by the PCA. § o | iR, § of A

While the meaning of the first PCA component in case - e e < i
of minimal postsynaptic responses is very clear, as ex-O ™ o
plained above, the interpretation becomes more difficult 0 % 0 g 120 N
when several components are present. To obtain a meaning{®) C1 scores C3 scores
ful interpretation of the basic waveforms and their scores, @) Aligned %o (b) 3
several procedures can be used, most popular being “vari-g *| . AT By le . x>0, y>0
max rotation” Glaser and Ruchkin, 1976; Harmon, 1979; & 1o .ijts s w0
Jackson, 1991 These procedures produce new “components"8 o 1
that may be useful although they are obtained by dif- 8 ° x>0, y~0
ferent criteria from PCA. We elaborated and tested a 0 20 40 0 0 6o
graphical procedure suitable for minimal EPSPs. The pro- (D) First component scores

cedure was called “alignment’/Aétrelin et al., 1998 see . . . .
also Appendix A Section 3 We shall illustrate it using Fl_g. 3. Component analy5|s of simulated bicomponent waveforms. (A)
. ) . . > Simulated waveforms with shorter (comp. 1) and longer (comp. 2) la-
simulated bicomponent EPSPEid. 3) and physiological tencies, their mixture (column a) and the same waveforms contaminated
recordings Figs. 4, 6 and 7¢ with noise (column b). Two waveforms with different latencies and with
To simulate two components, different time constants or response failures were simulated and mixed. Either non-quantal or quan-
latencies were introduced to obtain two simulated wave- tal release with two release sites was assumed. (B) Plot of the scores of
. the two initial principal components from experiments with simulations
forms (Flg. 3A3 th upper traces)' Aﬁerwardsj the two of non-quantal (a) and quantal (b) waveforms. Note characteristic paral-
waveforms were mixed so that the sample (typicaily= lelograms suggesting the presence of two components. (C) The scores of
500) consisted of bicomponent wavefornisg, 3Aa mix- the third principal component plotted against the first (a) and the fourth
ture), monocomponent waveforms and failures. A Gaussian (b) ones. Note the narrow band (&) and the cloud (b) suggesting that
noise was added to the simulated waveforfig.(3Ab). The the third and fourth components were absent. (D) Alignment procedure
. . . . and extraction of the simulated waveforms; a and b present transformed
a.'ms of the S_'mUIat'ons Yvere to test PCA algonthms, tF’_ as- (“aligned”) plots of Ba and Bb, respectively. Note that the parallelograms
sist elaboration of the alignment procedure and to facilitate shown in B were transformed into rectangular fields. Insets (1-3) show
interpretation of the components obtained in the physiolog- waveforms obtained by averaging the simulations corresponding to the
ical experiments. dots from different parts of the plots in b: (1) for the band along the
As the first step of the algorithm implementation, a win- i“;‘/’;ilie";’“ai{hi‘;a'gieszgi ?;’?férz)t;grcfgﬁ db\";‘vri‘tf] i‘)g’r‘s ;':%"a"is ;"gth
. . . ns y > 25,.
dow was defined as described abc_’ve' After this, the programysee that the procedure restores the waveforms (Db1-b3) identical to the
calculated PCA scores (sé@pendix A) and showed them  simulated ones (A). The arrow (Db3) marks the notch corresponding to
as two-dimensional plotsF{g. 3B). The illustrated simu- the beginning of the longer latency component. Five hundred waveforms
lation experiment produced plots of the scores of the first were s_imulated in each Qf the simulation experiments shown here and in
(C1) and second (C2) principal components as a parallelo-°ter figures. Fromhstrelin et al. (1998)
gram with an apex at (0, 0) which was typical for bicom-
ponent simulations. The next step was to consider similar
plots for later (C3—C8) components. In this experiment, the was practically indistinguishable from the noise plot. Bands
C3/C1 plot Fig. 3C3 represented a band with the width similar to Fig. 3Cawere observed for other combinations
comparable to that of the noise indicating the absence of of C1 or C2 with later components (not illustrated) and the

C3 (seeAppendix A Section 3. The C4/C3 plotfrig. 3ChH noise clouds similar td~ig. 3Cbwere observed for other
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Fig. 4. Minimal hippocampal EPSPs (A and B) and their component analysis (C—F). (A) Superposition of consecutive single réépoiggdcorded

from a CA1 pyramidal neuron before (pretet.) and after (post-tet.) conditioning tetanic stimulation. Responses to the first (EPSP1) and se2pnd (EPSP
stimuli in the paired-pulse paradigm are shown. The resting membrane potential6dasV in the beginning ané-64 mV at the end of the experiment;

the input resistance was 157 and 132Mespectively. The small changes in either the membrane potential or input resistance did not correlate with the
amplitude changes. (B) Average waveform of all recorded EPSP1. The arrow marks a notch on the rising phase suggesting existence of two component
(C and D) First (C1) and second (C2) principal components and their scores (D) obtained after standard PCA. (E) Scores of two initial components
for EPSP1 (E1) and EPSP2 (E2) after the alignment procedieetibn 3.2 Note the rectangular shape of the plots with gaps suggesting existence

of separate (and quantal) components (compare with simulated dd&tgf3Db and 5Bp (F) Separation of pure components of EPSP1 using the
averaging procedure analogous to that illustratedFiopn 3Dh According to the results of this procedure, the responses associated with dots along the
x-axis (1) andy-axis (2) appeared to represent short- and long-latency components, respectively. The row 3 represents their mixture that is similar to the
average of all sweeps in B (arrow marks a notch on the rising phase). The row 4 represents the average of the trials corresponding to the cloud aroun
the coordinates (0, 0) in E1 (transmission failures). Frastrelin et al. (1998)

PCA components, which were not simulated in this partic- tions with two quantal levels and small quantal variance.
ular experiment. Summarizing, the above considerations of The “quantization” did not change general shapes of the
the component plots were in agreement with the simulation plot, except for the separation of the cloud of failures around
of bicomponent EPSPs. the coordinate (0, 0). Nevertheless, it essentially facilitated
The next step was the alignment of the visually inspected the alignment due to gaps and additional bord€&ig.(3D,
C2/C1 plots. We used a computer algorithm that is describedcompare a and b).
in Appendix A Briefly, the plot was aligned in such a way The aligned plots were used to interpret the meaning of
that the borders of the parallelogram became parallel to thethe components and to “restore” the simulated waveforms.
ordinate and abscissa axes. The result of such alignment ofTo this aim we averaged the waveforms, which corresponded
Fig. 3Bais shown inFig. 3Da It gave a rectangular plot to positive scores for a given coordinate and about 0 scores
typical for bicomponent caseBig. 3Bbillustrates simula- (within +2S,) for the second coordinat&ig. 3Dh insets 1
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and 2). For examplesig. 3Dblwas obtained by averaging (Fig. 4F1 and FRappeared to be alike in their waveforms
the waveforms corresponding to the dots along xtraxis but their latencies differed (2.3 and 5.4ms, respectively).
with y values close to 0. Similarlyig. 3Db2was obtained The responses from the cloud with positv@andy values

by averaging all responses corresponding to the dots alongin Fig. 4E1 could be interpreted as mixtures of the early
the y-axis with first component scores near zero. The re- and late components. Accordingly, their averagig (4F3
covered component$ig. 3Db1 and DbPwere identical to was similar to the general averadéd. 4A) and contained a

the simulated waveforms with different latenci€sy; 3A3). notch Fig. 4F3 arrow) corresponding to the expected tran-
Accordingly, the averaging of the simulations correspond- sition between the two components. The average response
ing to bothx andy positive fig. 3Db3 was identical to the  (Fig. 4F4 corresponding to the cloud around ORig. 4E1

mixture of the simulated componentsd. 3Ag). The inflec- confirmed that this cloud represented mostly failures and in-
tion point (Fig. 3Db3 arrow) corresponded to the beginning dicates the absence of additional independent components.
of the longer latency component. Fig. 5illustrates non-aligned (a) and aligned plots (b) ob-
tained with simulations of two components having the same
3.3. Comparison of simulation and physiological latency but different kinetics. The non-quantal and quantal
experiments: components with different latencies casesfkig. 5A and B respectively) further illustrate that the
and rise times latter is easier to align along the axes due to additional gaps

and borders. Insets 1-Bif. 5Bb) give the results of the re-

Cases with two components different in their latencies covery of the simulated components with the f&g(5Bb1)
were most commonly encountered in physiological exper- and slow Fig. 5Bb2 rise times Tiise) as well as their mix-
iments (see summary iRig. 8). Fig. 4A illustrates EPSPs  ture (Fig. 5Bb3 using the procedure dbection 3.2 The
recorded from a CA1 neuron with paired-pulse testing stim- component waveforms shown Fig. 5Bbwere equivalent
ulation before and after conditioning afferent tetanization to actually simulated waveforms similar to thoseFig. 3A
was delivered following 300 initial testing pairs (seekolov but with different kinetics rather than latencies.
et al., 200Zor methodological details). Comparisons of the A hippocampal EPSP having two components with dif-
first and second EPSPs (EPSP1 and EPSP2, respectively, ifierent kinetics but similar latencies is illustratedriy. 6A.
Fig. 4A) show typical paired-pulse facilitation (PPF). LTP The average waveforms associated with the data points along
was evident as a strong increase in the EPSP1 amplitudethe x- and y-axes are given irFig. 6C1 and C2respec-
(Fig. 4A, post-tet.) with reduction in the number of trans- tively. Since theifT,se differed they were termed “slow” and
mission failureslp). The latency of the averaged response “fast”, respectivelyFig. 6D and Ellustrate changes of their
(Fig. 4B) was 2.3 ms, but the consideration of both single scores during the experiment with LTP induction. Note si-
and averaged responses revealed a component with a longemilar time courses for the respective components of EPSP1
(5.4 ms) latencyKig. 4A and B arrows). Panels C-E illus- and EPSP2 but different changes of the slow and fast compo-
trate consecutive steps of the PCA that led to separation ofnents, suggesting their association with different synapses.
the components with different latencies and identification of It is noteworthy that different components contributed dif-
their waveforms. ferently to earlier and later LTP phases. There were practi-

Fig. 4Clrepresents the new basic waveform revealed by cally no positive scores for the EPSP1 of the fast component
the PCA. It is commonly termed first principal component before tetanusHig. 6EJ), so that it represented a “virtually
(f;; from Eq. (A.2) in Appendix A) and reflects essential silent” synapse prior to LTP induction. Appearance of oc-

features of the initial part of the average EP$Ry( 4B) casional positive scores of the EPSP2 of the same compo-
taken for the analysis. The meaning of the second principal nent before tetanu§{g. 6E2 indicates that the synapse was
componentfp, in Appendix A shown inFig. 4C2was more “presynaptically silent” Gasparini et al., 2000; Torii et al.,

difficult to interpret. Therefore as the next step, the align- 1997; Voronin and Cherubini, 20D&ther than “postsynap-
ment of the initial C2/C1 plotKig. 4D) was used to obtain tically silent” (Durand et al., 1996; Isaac et al., 1995; Luscher
interpretable results. The shape Kify. 4D (parallelogram and Frerking, 2001 Finally, we note that after LTP induc-
with clear borders similar td-ig. 3Bb) suggested a good tion the fast component behaved in an “all-or-none” mode
component separation. Accordingly, there was no difficulty (Fig. 6E1 and ERso that mostly failures and large ampli-

to perform the alignment, and the aligned pl&ig. 4EJ) tudes appeared while the number of intermediate responses
appeared to be similar to the simulated plots with quan- was small. In this respect they were similar to neocorti-
tal componentsKig. 3Db. The analogous plot for EPSP2  cal EPSPs presumably recorded from large thalamo-cortical
(Fig. 4E2 showed a smaller cloud around (0, 0) as com- synapsesStratford et al., 1996; Volgushev et al., 1995
pared toFig. 4E1, reflecting PPF. To obtain the waveform of

the new first component (comp. 1 kg. 4F that appeared  3.4. Comparison of computer simulations and

as a result of the alignment, we followed the procedure physiological data: variable waveforms

of Section 3.2and averaged the waveforms corresponding

to the dots along-axis in Fig. 4E1 Analogous procedure We tested whether it is possible to distinguish between
was performed to obtain CFig. 4F comp. 2). C1 and C2  postsynaptic responses containing two components from a
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Fig. 5. “Alignment” of the PCA scores and extraction of the simulated waveforms in experiments with simulations of two components having the same
latencies but different kinetics. (A and B) Non-quantal and monoquantal EPSPs were simulated, respectively. The plots are shown before (agand after
alignment along the axes (b). Note that the parallelograms (a) were transformed into rectangulars after the alignment procedure (b). Insetshd3 in Bb
waveforms obtained by averaging the waveforms corresponding to different parts of the pldtg(sg@&gend for more details). The averages 1 and 2

were identical to the simulated components with different kinetics; the inset 3 represents the mixture of 1 and 2. Modifigstriztmet al. (1998)

continuum of variable waveformg&ig. 7A and Billustrate Fig. 7C illustrates data obtained from physiological
C2/C1 plots from simulations of non-quantal and quantal recordings that presumably reflect EPSPs with waveform
variable waveforms, respectively. This could imitate acti- variations. Both initial Fig. 7Cg and aligned Fig. 7CH
vation of a continuum of different presynaptic fibres with C2/C1 plots had structures typical for the simulations of
different kinetics of respective PSPs. Such plots were dif- variable waveforms (compare withig. 7Ba and Bbre-
ficult to align, especially with smalN (<200) and large spectively). The averages corresponding to the EPSPs with
noise ©Q/S, < 2), due to less clear a border than that of amplitudes along th&-, y-axis and the intermediate region
the bicomponent plotsHg. 2B). The alignment produced (Fig. 7Cb1-b3 respectively) suggest either strong wave-
C2/C1 plots Fig. 7Ab and Bb with a negative correlation  form variations in one input or activation of a large num-
between the components and with a shape close to a trianber of presynaptic axons producing EPSPs with different
gle rather than to a rectangle. The staFig. 7Ab denotes Trise-

the blank region without cases with large C1 and C2 scores. The simulations of the variable waveformgid. 7A

This is in agreement with the fact that no sum of compo- and B imitate also cases with a large number of different
nents was simulated. The averaging procedufsaation 3.2 components, each appearing with a low probability. When
resulted in the appearance of waveforms with different ki- >2 independent components were simulated, the initial
netics Fig. 7B1-B3. The result agrees with the simulation C2/C1 plot had a more complicated shape as compared to
of waveforms that varied between thosd-ig. 7B1 and B3 the parallelograms of the bicomponent plots (gestrelin
However, by itself it did not allow to decide whether the ini- et al., 1998or illustrations and more details). For example,
tial data fig. 7Ab) contained discrete components or repre- the plot represented a hexagon- or an octagon-like field for
sented a continuum of variable waveforms. Our simulations three or four simulated components, respectively. The ab-
showed that to answer this question, one should first analyzesence of clear borders made the alignment difficult. It was
the C2/C1 plotsKig. 7Aa and Baand to try to align them possible to perform the alignment only at highS, (>2.5)

(Fig. 7Ab and Bb. Rectangular plots without correlations with clear quantal groupings. At low€)/S, or non-quantal
(e.g.Fig. 5Ab and Bb would indicate the presence of dis- simulations, considerations of the plots of different PCA
crete components, whereas a triangle structure with a blankcomponents typically indicated the presence of >2 simu-
sector Fig. 7Ab, star) would suggest waveform variations. lated components, but their separation was not possible. One
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Fig. 7. Comparison of plots of component scores from simulated vari-
able waveforms and from “real” EPSPs giving a similar C2/C1 plot. (A
and B) C2/C1 plots from two computer experiments with simulation of
non-quantal (A) and quantal (B) variable waveforms mimicking activation
of a continuum of different presynaptic fibres with different kinetic char-
3 5 acteristics of respective synapses. (C) C2/C1 plots from EPSPs recorded
Time after tetanus from a CA1 pyramidal neuron. Columns a and b in A—-C represent initial
PCA scores and component scores obtained after alignment procedure,
Fig. 6. Minimal hippocampal EPSPs (A) and their component analysis respectively. Note “fan’-like plots (a) and triangle-like plots (b) obtained
(B-E) resulting in separation of two components with the same latency. from both simulated and physiological experiments. The meaning of 1-3
(A) Superimposed EPSPs induced by paired-pulse stimulation in a CAl jn Bh and Cb is the same as Fig. 3Dh The star in Bb denotes the
pyramidal neuron before and after tetanus, aig 4A. The membrane blank region without cases with large C1 and C2 scores. This agrees with
potential was—62mV in the beginning and-65mV at the end of the  the fact that no independent components were simulated. Note similar
experiment, the input resistance was 148 and 122 Mespectively. (B) blank region in Cb indicating that this recording also reflects appearance

Plot of the scores of two initial components after the alignment procedure. of multiple EPSPs with variable waveforms. Modified frakatrelin et al.
(C) “Pure” first (C1) and second (C2) components obtained by averaging (1998)

the responses associated with dots located in B along-tlaed y-axis,
respectively. Note similar latencies but different kinetics of the “slow”
and “fast’” components. (D and E) Scores of the first (D) and second b€ interpreted as the presence of >3 components were rather
(E) components plotted against time for EPSP1 (1) and EPSP2 (2). The exceptional in our physiological experiments (§ég. 8).

arrow marks tetanization. Note similar potentiation time courses for the
respective components of EPSP1 and EPSP2, but different changes fo

; . . e T '3.5. Limits of the resolution of the components and
different components, suggesting their association with different synapses. .. .
From Astrelin et al. (1998) composition of the recorded minimal EPSPs

Component scores

L
L

Limits of the resolution were explored in over 60 sim-
characteristic difference from the bicomponent simulations ulations of variable signal-to-noise ratio®/§,), Tise and
was the presence of clear responses when the trials correlatencies (sedstrelin et al., 1998or illustrations and more
sponding to data points at about (0, 0) coordinates were av-details). One essential result was that the ratio between the
eraged. Our algorithm included an option for the averaging latency difference4L) and the rise timeAL/Tyise) is a more
in a multidimensional space. In addition to the hiQls,, important variable for separation of two components than is
a sufficiently high number of failuredNg) for each compo- AL itself. Fig. 8A—C(open symbols) summarizes the results
nent was necessary for the complete component separatiorf our simulations. The ordinates present the normalized C2
using this option. However, the cases with plots that could width in initial (non-aligned) C2/C1 plots. The dashed line
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Fig. 8. Summary of the studies on the resolution of the component analysis in simulation (A—C) and physiological (D) experiments. (A—C) Refative widt
of the second component (C2) in C2/C1 graphs was plotted against signal-to-noise ratios (A); relative latency differences (B) and relati rise time
(Trise) Of the second component (C). The relative C2 width is determined as the ratio of the width of the second component in C2/C1 graphs to that of
the background noise. The latency (B) afige (C) differences were expressed as their ratiodig of the first component. Monoquantal components

were simulated with the binomial paramefe= 0.5 and variousQ/S,. Different symbols in A represent simulations wittl / Tyise = 0.9 (circles), with

ratios of Tyise Of two components equal to 2.5 (squares) and also witly Tise = 0.9 and in addition with ratios ofse Of two components equal to

2.5 (dots). Rise times or latencies were fixed in the experiments shown in B or C, respectively. (D) Distribution of the relative C2 width in playsiologic
experiments. The dashed lines in A-D indicates the threshold value 1.2ggendix A for selection of plots with reliable and unreliable component
separation. For the cases to the left of the dashed line, components cannot be separated due to too high noise levels. EPSPs with different number
components are shown by different bars as explained in the inset in D. Astralin et al. (1998)

marks the C2 width equal to 1.2 at which the component ported the existence of only one component for these six
resolution became unreliable (sAppendix A Section 2. cases.
Comparisons of circles and squares-ig. 8A—C show that The open bars to the right of the dashed lind-ig. 8D
the analysis is more sensitive to latency as compardgsto correspond to 10 cases with C2/C1 plofsg( 30 having
differences. Thus, at equal latencies, only components withappearances typical for the simulations of variable wave-
several-fold differences ifiyise could be resolved ap /S, = forms. Such plots suggest either strong waveform varia-
2 (Fig. 8C circles above the dashed line). At eqUake, tions in one input or activation of a large number of presy-
small relative latency differences could be resolved even atnaptic axons giving EPSPs with differefiitise. In 6 out
smallerQ/S, (Fig. 8B). It should be stressed thiaig. 8A-C of the 10 cases, latency variations (for 1-3 ms) were also
represents simulations of monoquantal responses and thereevident.
fore it evaluates the lower limits of the algorithm resolution. ~ The grey bars inFig. 8D correspond to three cases
The algorithm became essentially more sensitive when bothwith plots without clear borders, which could not be reli-
latency andTyise were different Fig. 8A and G dots), which ably aligned. Nevertheless, using the strategy elaborated in
is the most common case in real physiological experimentsthe simulation experiments it was possible to distinguish
(Fig. 8D). these cases from the waveform variation and detect two
The algorithm was applied to analyze recordings of 45 components. The components differed in their latencies
minimal EPSPs/ = 300-2200)Fig. 8D summarizes the  (for 1, 3ms) andT,ise (for 5, 6 and 1.5ms, respectively,
distribution of the ratios between the width (taken as 2S.D.) for these three cases). However, our simulations showed
of the second component and that of the noisg, X2The that the scores of the individual components can be used
value of the ratio equal to 1.2 was taken as a criterion for only cautiously for further statistical analysis in such
reliable resolution of two components (séppendix A). It cases.
is marked by the vertical dashed lifféig. 8D shows that in The hatched and black barshig. 8D represent the most
six cases (the bar to the left of the dashed line) the width numerous group with twoN = 19) or three § = 7) dis-
of C2 in the C2/C1 plot was close to that of the noise plot tinct components. The components differed either in the la-
(as inFig. 2B). Comparison with the plot of the simulated tency orT;ise (SeeFigs. 4 and grespectively) or both. Alto-
monocomponent EPSHFif). 2Ab) and additional analyses gether, comparisons of all 40 component pairs of this group
(seeSection 3.2 including averaging putative failures sup- gave eight cases with different (for 0.8—-3.0 ms) latencies,
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but with Tyise similar within <1 ms ig. 4 which was close  of measurements (0.2 ms). The latencies varied from 2.4 to
to the confidence interval foFise. The latter varied from 4  5.0ms (35+ 1.0 ms,N = 5). Twenty-seven out of 40 pairs

to 9ms (66 + 1.9ms, N = 8; meant S.D.), which gave showed differences in both latencies (from 0.6 to 7.8 ms;
the AL/Tise ratios from 0.15 to 0.67 (36 + 0.19). In five 2.5+ 1.8 ms) andTjise (from 1.6 to 5.0ms; B+ 1.7 ms).
pairs, the components differed ifse for 3—-6ms (52 + As noted above, the differences in both latencies &nd

1.3 ms) without any latency differences within the precision facilitated the identification of distinct components.
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Fig. 9. Combination of the component analysis with pharmacological isolation of EPSC components mediated by glutamate receptors of AMPA and
NMDA types. (A) Plot of the amplitudes of EPSCs recorded from a CA1 neuron under control conditions (a) with application of an antagonist of the
NMDA receptors (APV, b), of an antagonist of AMPA receptors after APV washout (CNQX, c) and of both receptor blockers (CARX d). The
waveforms show respective averages of 29-71 trials. Initial periods of the blocker application and the period of APV washout were omitted for clarity
(B) Initial (non-aligned) C2/C1 plot from the same experiment. Different symbols here and in C-E correspond to different periods (a—d) shown in A.
(C) The same plot shown in B after its alignment. Note that data points corresponding to pure (pharmacologically isolated) AMPA receptor-mediated
responses (triangles) are located along the abscissa, whereas NMDA receptor-mediated responses (squares) are located along the ordinate. (D and E
Plots of the amplitudes of the first (AMPA receptor-mediated) and second (NMDA receptor-mediated) components (D and E, respectively) during the
course of the experiment. EPSCs recorded from a CA1 pyramidal neuron under conditions favorable for expression of both AMPA receptor- and NMDA
receptor-mediated EPSCs (@60 mV holding potential with addition of @M glycine to the extracellular solution); APV and CNQX were added at 25

and 0.3wM concentration, respectively. Sé&ayazitov et al. (2002Jor other methodological details. From Bayazitov, Kleschevnikov and Voronin (in
preparation).
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3.6. Combination of component and pharmacological receptor-mediated component fluctuated around zero level
analyses as well. In practice, it appeared that application of only one
blocker was sufficient for reliable extraction of both com-
When two (or more) response components are present aponents. Using this method we found approximately equal
the same proportion in every trial, the components cannot changes of AMPA and NMDA receptor-mediated PSCs
be separated because the response is treated as a singtecorded from CA1 pyramidal neurons over a period from
identity. Recently we combined the component analysis about 5min to 2h after LTP inductiorBéyazitov et al.,
with a pharmacological approach. We isolated EPSC com-2002. We stress that this approach allowed us to mea-
ponents mediated by two types of glutamate receptors: sure amplitudes of both components in parallel within the
a-amino-3-hydroxy-5-methyl-4-isoxazole propionic acid same time window after the stimulus and under the same
andN-methylp-aspartate types (AMPA and NMDA types, conditions before and after afferent tetanus.
respectively). Afterwards, we used the pharmacologically
isolated “pure” components for the alignment procedure
with the final aim to quantify a contribution of AMPA and 4. Spectral analysis
NMDA receptor-mediated EPSCs to each dual-component
postsynaptic responséiig. 9Aa presents average wave- 4.1. Significance of peaks in amplitude distributions and
forms and amplitudes of EPSCs recorded from a CA1 spectral estimate of quantal size
pyramidal neuron under conditions favorable for expres-
sion of both AMPA and NMDA receptor-mediated EPSCs  If neurotransmitter is released in a quantal manner, indi-
(holding potential of~-50 mV and added glycine). Note that vidual responses are evoked by different number of quanta
similar to those irFig. 1, the values irFig. 9 are negative liberated. If quanta are of the same siRethe amplitudes
because they reflect negative-going EPSCs recorded undeof postsynaptic responses would fluctuate in steps equal to
voltage clamp conditions rather than positive-going EPSPs Q. WhensS, is low enough, several equidistantly separated
as in most of other figures. To isolate AMPA or NMDA peaks are expected to be seen in the PSC/PSP amplitude dis-
receptor-mediated components, respective specific blockersribution, as shown ifrig. 10A Therefore, the next step after
were added extracellularly-2-amino-5-phosphonovalerate  response measurement could be an analysis of distributions
(APV, Fig. 9Ab) or 6-cyano-7-nitroquinoxaline-2,3-dione  of their amplitudes. A question that arises is whether the
(CNQX, Fig. 9A¢). The averages of the pharmacologically peaks in a distribution are meaningful and represent quan-
isolated components and respective response amplitudes argal fluctuations of a postsynaptic response under study or if
shown in panels b and c dfig. 9A. Initial periods of the they appeared by chance, due to a limited sample size. The
antagonists’ applications and a period of APV washout are problem is illustrated byFig. 10B, where the underlying
omitted for clarity. Part d represents an experimental period theoretical distribution used to simulate a set of 200 ampli-
with simultaneous action of both blockeisig. 9B shows tudes was without peaks, but several quasi-quantal peaks are
an initial (non-aligned) C2/C1 plot. Note that the control distinguishable in the amplitude distribution reconstructed
response obtained without blockers (open circles) producesfrom simulated data.
a band similar to monocomponent cases while the general Several methods have been introduced to evaluate whether
plot represents a parallelogram typical for bicomponent peaks in an experimental distribution are random or reflect
casesFig. 9Cshows the C2/C1 plot after its alignment. Data
points corresponding to pharmacologically isolated AMPA . 081
receptor-mediated responses (triangles) were aligned along
the abscissa whereas NMDA receptor-mediated responseg 06 ] \/
(squares) were aligned along the ordinate. As a result,
control EPSCs (open circles) appeared to be found at the: 04 ] \
usual place of mixed responses (compare with inset 3 ing ' \
Fig. 3D). Note also that data points corresponding to the §
application of both blockers (closed circles) overlap with =02 021 L
data points corresponding to transmission failures during ] } \V\
other experimental periods. Thus, this approach allowed %o 400 660 800 1000 500 0 200 400 600 800 1000
us to plot separately time courses of amplitudes of AMPA (A) Amplitude (V) (8) Amplitude (1)
and NMDA receptor-mediated components during this ex- Fig. 10. Simulated amplitude distributions. (A) Mixture of Gaussian dis-
periment Fig. 9D and E respectively). Notably, during tributions separated by 1Q0/ and S, = 25wV was used to simulate
the periods of CNQX action the amplitudes of the AMPA 200 amplitudes. The simulated distribution is shown as a solid line, the
receptor-mediated component were comparable to the noisé,mderlying theoretical distribution is shown as a dotted line. (B) An ex-

. . ample of a “peaky” distribution that appeared due to a small sample size.
level (Flg. 9DQ’ supporting correct measurement of the Chi-square distribution was used to simulate 200 amplitudes. Vertical

contribution of this component. Analogously, during the pe- qotted lines are placed with 190/ interval to indicate “quasi-quantal”
riod of APV action Fig. 9EB the amplitudes of the NMDA  peaks, which appeared by chance.

0.4
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the quantal nature of neurotransmitter releaBéyétev However, such a method could provide biased results when
etal., 1994; Kullmann, 1993; Larkman et al., 1992; Magleby the actual experimental distributions are asymmetrical (see
and Miller, 1981; Rusakov, 1993; Stratford et al., 1297 Bolshakov et al., 1997; Liao et al., 199%oronin et al.,
These methods considered amplitude histograms as randoni992a, 1992hfor examples of distributions). To correct for
processes, to which autocorrelation or spectral analysesthe non-stationarity we employed a polynomial approxima-
could be applied to reveal the presence of periodic (si- tion of cumulative amplitude distributions, as often used
nusoidal) oscillations. Importantly, these methods do not in time-series analysiDityatev et al., 1994 Coefficients
require additional assumptions about specific mechanism ofof the polynomials were calculated by the least squares
quantal release, i.e. they do not imply Poisson, binomial or method Press et al., 1986We found that polynomials of
compound binomial release processes @edman, 1990; eighth order provided a good fit to the cumulative func-
Voronin, 1993h. Nevertheless, they have proved to provide tions derived from a variety of simulated and experimental
estimates of the quantal size close to those provided bydata fFig. 11A). The derivative of the theoretical cumulative
more constrained models (sBart et al., 1988a; Bolshakov  function, i.e. of the fitted polynomial, provided a theoretical
et al., 1997; Rusakov, 1993 probability density function (PDF). An empirical PDF was
There is an obstacle to direct application of the standard calculated as a sum of Gaussian functions each having a
spectral analysis to amplitude distributions. The latter rep- measured amplitude value as its mean and a standard devia-
resents a non-stationary process since quantal “oscillations”tion equal to one-hal, (Liao et al., 1992see the chapter of
are superimposed with a monomodal “envelope”, which can Stricker and Redman, 2008r optimal choice of the S.D.).
be considered as a low-frequency trend in terms of the The derivative of the polynomial (i.e. the “envelope” of the
time-series theory. To obtain unbiased estimates of peri- PDF) was subtracted from the experimental PBig(11B),
odic components from a short realization of the process, theresulting in a curve fluctuating around zero and, thus, rep-
trend should be subtracted. Early studies employed Gaussianmesenting a stationary proces$sdd. 11B lower curve). The
curves as approximations to the experimental histogramsspectral density of this curve was computed using a fast
(Bart et al., 1988a; Kullmann, 1993; Larkman et al., 1992 Fourier transformationRress et al., 1986 The reciprocal
This can be considered satisfactory for many cases when ex-of the frequency having the maximum spectral density was
perimental distributions are symmetrical and Gaussian-like. taken as an estimate  (Fig. 11Q. Having obtained an
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Fig. 11. Spectral analysis of sensorimotor EPSPs. (A) Experimental cumulative probability density function (steps) and its polynomial approximat
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estimate ofQ by the spectral analysis, one can easily ob- separation relative t§,. As expected from results provided
tain an estimate for the mean quantal contanas the ratio by other methods[ityatev and Clamann, 19%3the spec-
between mean amplitude of postsynaptic response€and tral method overestimated values when the ratiQ/S, was

The maximum value of the spectral densiBfay, Was small. Surprisingly, the bias appeared to be independent of
used to evaluate the significance of periodic oscillations by the number of the components in the underlying distribution
the Monte-Carlo method. For each experimental data set, we(n = 5-20;Fig. 12A) and was not much larger fof = 200
generated 100—-1000 artificial data sets using the polynomialas compared t&v = 500 (Dityatev et al., 1994
best fit to the experimental cumulative PDF. The PDFs of  The power of the test to detect actual peaks was strongly
such simulated data sets resembled the PDF of the originaldependent on the ratio betweéhand S, (Fig. 12B). The
data set but had no quantal peak#g( 11B upper dashed value of /S, = 2.5 was critical: for lower values the test
smooth curve). For each of the simulated data sets, the maxfailed to reveal peaks, i.e. the probability of detection of a
imum of the spectral density was determined and compared“peaky” distribution was not significantly different from the
with the maximum $nax) calculated for the original data  thresholdP-value. It is important to note that the value 2.5
set Fig. 11D. The fraction of data sets in which the max- was critical for bothV = 500 and 200. However, the values
imum of the spectral density exceed8dax was taken as  of theQ/S, ratio that provided >50% successful detections of
the significance levelR) of the hypothesis that the original  “peaky” distributions were different for differett: Q/S,, =
data set is derived from a continuous unimodal distribution. 3 for N = 500 (Fig. 12B) and Q/S,, = 3.5 for N = 200.

Experimental data sets withR less than a threshold value In all previous computations, we searched@in a lim-
(0.05 or 0.1) were considered as having genuinely “peaky” ited range from 0.8, to 4S,. We also checked that lifting
distributions. these restrictions and selecti@as the value correspond-
ing to the global maximum of the spectral density did not
4.2. Application of spectral analysis to simulated and reduce the power of the test to detect randomly generated
experimental data peaks. However, this approach overestima@eglven at rel-

atively high signal-to-noise ratio$-ig. 12A, upper curve),

To test the statistical properties of the estimates provided Whereas the use of a restricted frequency domain produced
by the spectral analysis, data sets resembling experimentaProper estimatesg. 12A, lower curves).
data but with known underlying distributions were gener-  To check that the method does not find significant peaks
ated. Afterwards, the values @ and the significanceP) in the distributions where peaks do not exist, data samples
of apparent peaks were determined. A convolution of bino- from Gaussian distributions as well as chi-square distribu-
mial and Gaussian distributions was used as an example of dions with 5 or 10 degrees of freedom were simulated. The
“peaky” distribution, whereas Gaussian and chi-square dis- probability of detection of “peaky” distributions is evidently
tributions were used as “non-peaky” ones. We determined dependent on the value Bf which defines how many such
the effects of the sample sizBl)( number of quantal com-  false detections we expect from the method. The number of
ponents (determined by binomial parametpand of their false detections was found not to be significantly different
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standard deviationS;). Convolutions of binomial £ = 0.6; » = 5, 10 or 20) and Gaussian distribution@ /S, = 1.5, 2, 2.5, 3 or 3.5) were simulated

with the sample size® = 500. The values of) were adjusted to provide amplitude distributions with equal variances for diffardfor each set of

values ofn, S, and N, 100 data sets were generated. (A and B) Estimates obtained by restriction of frequency domain are indicated by dashed lines
(n = 5), solid lines ¢ = 10) or heavy dotted linen(= 20). Heavy dashed lines correspond to estimates obtained using full frequency domain (FFD) for

n = 5. (B) Dependence of the fraction of reliabf® estimates on the signal-to-noise ratio. For each data set from A, 100 new data sets were generated
to calculate the fraction of reliable estimates. Modified frDityatev et al. (1994)
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from that expected. Therefore, the method satisfactorily re- N (E; — My)?

jected distributions with peaks that appeared by chance. M = ZlN—l (2)
Since the Gaussian approximation was previously em- i=1

ployed in a test for random peak¥Kullmann, 1993; N 5

Larkman et al., 1992 we compared the results of the sub- Ms— Z(Ei — M) 3)

traction of a polynomial with the subtraction of a Gaussian = N -2

distribution. A chi-square distribution was used for these
simulations. When the frequency range, in which the maxi- WhereE; stands for the amplitude of a response with the
mum of the spectral density was sought, was not restricted,Sequential numbér In physiological literatureE andS? are
the subtraction of a Gaussian distribution provided false often used instead d¥l; and My, respectively. In practice,
detection of peaks in 90% of cases. In contrast, with sub- the recorded signal is contaminated by a baseline noise,
traction of a polynomial, the probability of false detection Uusually having Gaussian distribution with the first and third
was not significantly different from the threshold value central moments equal to zero. To exclude the influence
(P = 0.1) even without restriction of the frequency domain. ©f the noise on the variability of response amplitudes, the
Originally, a spectral analysis with polynomial subtraction Vvariance of the background noisé should be subtracted
was applied to 36 experimental data sets representing amplifrom the variance of recorded responses. Below we will refer
tude fluctuations of sensorimotor EPSPs recorded from theto Mz as the amplitude variance after subtractiorspf
frog spinal cord Dityatev et al., 199% Among these, two In some cases, for instance, for the neuromuscular junc-
amplitude distributions possessed peaks with a significancetion at low extracellular concentration of & numerous
level P = 0.005. The estimates dp obtained from these  release sites are present with release probabilities close to
two distributions were 67 and 86/ (Q/S, = 2.9). For the zero. Then, the Poisson model can be used to describe am-
rest of the dataP > 0.1 was found and the amplitude distri- plitude fluctuations of postsynaptic responses. If the postsy-
butions were considered as “non-peaky”. Thus, our analysisnaptic responses produced by a single quantum are of equal
of the sensorimotor EPSPs in the frog spinal cord showed valueQ, the first three moments of Poisson distribution are
that only about 5% of the amplitude histograms had gen- given by the following expressions:

uine peaks, whereas most of peaky experimental distribu-M1 —Qm (4)
tions might arise from sampling artifacts. Further analysis
of 13 reticulospinal and 14 propriospinal EPSPs failed to M> = 0%m (5)

reveal any peaky distributions, so tHatwas bigger than Mee O3 6
0.1 in all these case®ityatev et al., 2001a, 200LbSince 3=0"m 6)

the method proved by simulations to be rather powerful in \where m denotes the mean quantal content as defined in

detection of quantal distributions, these results suggest thatsection 1 The parameter® andm could be derived from
there are factors, such as high number of spatially distributed ggs. (4) and (S5ps

synaptic contacts, which may mask quantal fluctuations in

the frog spinal cord (seBection §. = % (7)
1
mi

5. Method of moments "=, (8)

The method of moments is based on the use of relation-
ships between model parameters and moments of distribu-
tions. For the Poisson model, the estimates of the parameters

5.1. Estimation of quantal parameters

The selection of genuine quantal distributions is an im- X -
portant step to justify the use of several different approachesare calculated fronkgs. (7) and (8)/|§ substitution _Of the
targeted to estimate parameters of quantal reldasgatev actual values of the mo”‘.emf by their samplg es_t|mates.
and Clamann, 1993; Redman, 1990; Stricker et al., 1994;A very popular presentation of the last equation is
Voronin, 1993) Some parameters could be estimated using m = CV—2 9)
so-called central moments of distributions. Here, for prac- ] o o )
tical reasons, we consider just three moments, which de-Where CV is the coefficient of variation of response ampli-
fine the mathematical expectation of the mean vaMe) tudes. It is deflned_as the r_atlo of the st_andard deviation of
variance ), and asymmetryMs) of a distribution. Their the response amplitude to its mean. This method of the es-
sample estimates are provided by the following simple ex- timate of the mean quantal content is often called “variance

pressions: method” or “the method of the coefficient of variation® (see
Faber and Korn, 1991; Voronin, 1998tr references).
N E. One more popular method is calculation raffrom the
My = Zﬁl (1) number of transmission failureslg). For the Poisson dis-

i=1 tribution
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N Then, other parameters could be calculated usiagnd
m =1In (Fo) (10) My from Eqgs. (16)—(18)(“variance method”). It is obvi-
. . ) o _ous fromEqg. (20)that with a smallp (at limited N), Emax
Using this expression anilq. (4) the quantal size is esti- || pe smaller than the theoretically predicted value, and

mated as therefore parametep will be overestimated and under-
0= My (11) estimated. Wherp is close to 1, addition of noise could
In(N/No) lead to an underestimation pf These predictions were con-

In practice, however, the Poisson model usually cannot be!c'rm(Ed by computer simulations/gronin et al., 1992p To

applied to postsynaptic responses collected at normal extramprove determinations of the quantal parameters for small

cellular C&* concentration, when the release probabilities samples in the presence of background noise, a modified

at different release sitepy) are rather far from 0. Also the h_alf-er_npirical formula was _introduced for estimation of the
assumption of a large number of release sites to be presenl[;’Inomlal parametep (Voronin, 1992a, 1993a, 1998b

in one connection is not valid for many central synapses. M,

Then, if one can assume thas are close to each other, the 7 = Emaxz— 0.35, IN[2NM1/(Emax3 — Sn)]
binomial model can be applied. In case of a uniform quantal

size, the moments of the binomial model are given by the Where Emaxz stands for the mean value of three largest

(21)

following expressions: amplitudes. Computer simulations showed that this method
reduced the bias of estimated binomial parameters and pro-

M1 = Qnp (12) vided reasonably good estimates of binomial parameters in

Mz = 02np(l — p) (13) a broad range oh (1-15), p (0.05-0.95) and)/S, ratios
(0.5-4) {oronin et al., 1992p

M3z = Q3np(1— p)(1—2p) (14) Similarly, m could be derived usinblp andp provided by

where Q, n and p stand for the quantal size, maximum Eg. (20)or (21) (*failures method"):

number of quanta released (or the number of functional re-  pIn(No/N)

lease sites) and probability of release, respectively. Usingm ~ In(1-p) (22)
Egs. (13) and (14)the binomial parametgs can be esti- .
mated as Then,n andQ are calculated usinggs. (17) and (18)
2 Alternatively,p can be derived without the uselef]. (20)
M; — MiM3 (15) but from Egs. (16) and (22as a numerical solution of the

P= 5" - . : - .
2M§ — M1M3 following equation (“combined variance-failures method”,

From Egs. (12) and (13)binomial parameters: = np, Voronin et al., 1992a
n andp can be consecutively estimated using the following (1 — p)in(1—p)  M2In(No/N)

formula: p - M% (23)
M1(1—
m= % (16) Then,m, n andQ are calculated usinggs. (16)—(18)
An essential limitation of the simple binomial model is the
0= My (17) assumption that probabilities of release in different release
m sites are the same. There are numerous examples indicating
My that this assumption may be not valid for peripheral and
n= Q_p (18) central synapses. Importantly, this conclusion was made not

only on the basis of statistical analysis of amplitude fluctua-
In practice, the estimate pfgiven byEq. (15) however,was  tjons Bart et al., 1988a; Dityatev et al., 1992; Hessler et al.,
not in use. One possible reason is a high variabilityviaf 1993; Walmsley et al., 1988but also using independent
for small data sets. Instead, researchBesskys et al., 1978 methods of estimation of individual release probabilities in
Dityatev et al., 19982001a, 2001bVoronin et al., 1992 central synapses. These methods either employed a local
estimated binomial parameters using different combinations stimulation of single boutond.{u and Tsien, 199For uti-
of M1, M2, No and the maximum amplitude of postsynaptic  |ized an open-channel blocker (MK-801) of glutamate recep-
responsesHnmax). The latter is linked to the binomial pa-  tors of NMDA type Huang and Stevens, 1997; Rosenmund

rameters in the following manner (§, is negligible andN etal., 1993. If probabilities of releasgy at different release
is large): sites differ, the fluctuations of the postsynaptic responses are
Emax = NQ (19) described by the compound binomial distributidaimsley

et al., 1988 which has the following three moments:
FromEgs. (19) and (12)p could be estimated as

p= M, (20) M = Q;Pk (24)

Emax
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" 0°%nab
_ 02 _ _
Mz=Q gpk(l Pr) (25) M> @tbatbrl) (32)
n Mo — 0°%nabb — a) 33)
M3 = 0%y pr(1— p)(1—2pp) (26) *T@+bha+brha+b+2
k=1

- . If parameterQ can be estimated, for instance, using the
In the general case when no additional assumptions abouispectral analysis or analysis of miniature postsynaptic events
the distribution ofo, are made, the number of parameters in (see the chapter of Bekkers, 2003), other parameters of a

the compound binomial model is too high to use the method peta-distribution can be estimated by the method of moments
of moments. However, in a few particular cases, the method a5 following:

of moments can be applied. A simplest case is when two

different classes of release sites co-exist, so that for all re-,, — 2My(Ry — Rp) (34)
lease sites of the first class the transmitter quanta are re-  R1+ RiR2 —2R>
leased with a probability equal o, _vvhlle_ all sites of the Ri+ RiR» — 2R>
second class release neurotransmitter in response to every = 11 Ro— 2R (35)
presynaptic spikeo = 1). In this case, the release process 2 !
is described by a convolution of two binomial distributions b R1 — R1R> 36
and the model parameters could be estimated from the fol-= = 1y g, — 2R, (36)
lowing equationsDityatev et al., 199p
3 whereR; = M»/(QM1) and Ry = M3/(QMy).
_ aM;
nip=—s—- (27) . . . -
M5 — M3 5.2. Selection of a model using analysis of permissible
Moy — Ms 8) values of moments
p1=—0r—
2M> To decide which model of neurotransmitter release ap-
2142 propriately describes a given set of experimental data, the
ny = My — m (29) chi-square test is usually applied. This test compares fre-
2 3

guencies of experimental histogrankt;J and predicted the-
wheren; andn; stand for the number of release sites of oretical valuesKk;) using the following statistics:

the first and second classes, respectively. This model has .
been applied for the analysis of sensorimotor EPSPs and (Hj — Fj)z
showed better approximation of amplitude distributions than X = Z

the simple binomial modeBart et al., 1988p

Another case of the compound binomial model is a wherelL is the number of binning classes in the amplitude
beta-model that is based on the assumption fhatare  hjstogram. This statistic has the chi-square distribution with
distributed according to a beta-function. This function is the degree of freedom equal fo— 1 minus the number
used to describg distributions because it is very flexible  of independent model parameters. Therefore, it can be used
and can take a wide range of different shapes using two pa-to calculate the level of significance at which a particular
rametersa andb (Bennett and Lavidis, 1979; Clements and model fits an experimental histogram.

Silver, 2000; Zefirov and Stolov, 1982The range includes Alternatively, one can analyze whether some indices de-
monomodal distributions with a peak at 0, or at 1, or be- rived from amplitude distributions have values specific for

tween 0 and 1, as well as bimodal distributions with peaks 3 particular model. The advantage of this approach is that
at 0 and 1. The formal definition of the beta distribution is indices calculated for many experimental data sets could be
ot ta—pbtde plotted together and compared to the regions of permissible

La1(1_ pb-14 (30) values computed for several modef8g. 13. This presen-
fot ( D g tation provides a good overview of available data. To con-
Bennett and Lavidis (1979nd Zefirov and Stolov (1982)  struct the most informative indices, it is important to exclude
found that experimentally estimated distributions m& the influence of parameters present in all models related to
at amphibian neuromuscular junctions could be well ap- quantal analysis, such as the mean quantal Qiznd the
proximated by the beta-distributions and the beta-model number of release sites The influence of the latter can be
can describe fluctuations of multiquantal responses. Whenexcluded by considering ratios between momentQ fan
n is sufficiently large, the moments of the beta-model are be estimated by an independent method, one can use the
approximated by the following expressions: following indices:

Qna M> M3

My = 31 Ri=——, =
YT A (31) ! M10Q 2 M2Q

(37)

F:
j=1 /

probability(p; < x) =

(38)




192

(A1
x'0
-1 T T T T 1
(B)11
0£'0] 4
E A AA
'1 T T T T 1
()17 . s
E . a4 B /_,;,‘:/
E : e ,-:/,'
. —___‘*’ ’,’
N — A
14 O_ 7
] e
-1 - T T T T 1
0 02 04 06 08 10
Ry

Fig. 13. Analysis of permissible values of moments. (A) Scatter plots
of Ry and Ry values calculated for 17 samples of frog sensorimotor
EPSPsR; and R, were calculated fronkq. (38) Permissible values of
R; and R, for the binomial model (A and B) are located along the line
connecting large dots at (6;1) and (1, 1). The triangle marked by the
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of Ry andR; lay within a region limited by the dashed lines
shown inFig. 13A and CThe lower border oR1, Ry regions

for the convolution of two binomial distributions as well as
for the beta-model corresponds to the binomial model. The
upper dashed line is defined by the following expression:

o 1- R

R2 (40)
Moments and regions of permissible values for several
other models of transmitter release have been reviewed by
Dityatev et al. (1992)

The expressions described above are evidently valid for
infinitely large samples. To analyze variabilityRf, Ry val-
ues for finite samples, we generated data sets for several
models using the Monte-Carlo method. We found tRat
andR; obtained for the simulated sets form clusters around
the actual values used for simulatiorfsig. 13B and §.
For instance, for the binomial model, simulated values of
R; andR, were near the line corresponding to the binomial
model §Fig. 13B). For the beta-model, the valueskf and
R> for the simulated data sets lay within or nearby the re-
gion of permissible values for the beta-model, as shown in
Fig. 13C There was a higher variability of the simulated
andRy values for the beta-model, as compared to the bino-
mial model Fig. 13B and @, although the sam& = 400
was used for simulations.

For the sensorimotor EPSPs recorded from the spinal cord
of the frog Qityatev et al., 1999 most of calculate®; and
Ry values were found to lie above the line corresponding to

large dots and a region outlined by dashed lines correspond to the regionthe binomial modelFig. 13A). As was found in our simula-

of permissible values for convolution of two binomial distributions (A)
and the beta-model (A and C), respectively. (B and C) Similar plot as in
A, but for 20 data sets simulated assuming the binomial (B) or beta-model
of quantal release (C). The center of experimental (A) or simulated values
(B and C) is marked bys). The following parameters were used for
the simulationsn = 15, p = 0.6 (B); n = 45, a = 0.17, b = 0.68 (C).
Sample size was 400 in all simulations. Modified frddityatev et al.
(1992)

These indices do not depend @nhand n, although their

values are functions of other parameters influencing fluctua-

tions Fig. 13B), approximately half of points should lie be-
low the bisector if the binomial model underlay neurotrans-
mitter release in this connection. This discrepancy was sig-
nificant (P < 0.01, chi-square test). Importantly, experimen-
tal values oR; andRy form a cluster with the center located
within the region of permissible values for the beta-model.
Furthermore, the scatter patterns of the experimental points
(Fig. 13A) and data simulated with the use of beta-model
(Fig. 13Q showed remarkable similarity, supporting a view
that the beta-model adequately describes transmitter release

tions of postsynaptic responses, such as the mean probabilityn the sensorimotor connections of the frog spinal cord.

of release and variance pf. Evidently, these indices have
meanings similar to the coefficient of variation and the co-
efficient of asymmetry. Their values for the Poisson model
are equal to 1, as could be easily derived frags. (4)—(6)
For the binomial modelEgs. (12)—(14)show that theR;
andR; are linked by the following relation:

Ry =2R1 -1 (39)

Thus, all possible theoretic&;, Ry values for the binomial
model would lie along a diagonal line connecting points with
coordinates (0--1) and (1, 1) Fig. 13A and B. Our analysis

of Egs. (24)—(26]Dityatev et al., 199Prevealed that all pos-
sible theoretical values &; andR, for a convolution of two
binomial distributions lay within a triangle marked by the
large dots irFig. 13A For the beta-model, theoretical values

6. Discussion
6.1. Principal component analysis

We showed applicability of the PCA to minimal hip-
pocampal (present data) and neocorticgkgneya et al.,
2003 responses. One peculiarity of this application in com-
parison with most of previous electrophysiological studies
(Barth and Di, 1992; Chapman and McCrary, 1995; Glaser
and Ruchkin, 1976but seeMusial et al., 1998is using sin-
gle (non-averaged) responses as the input data. Therefore,
the results can be useful for further analysis of single trials
including building of amplitude distributiong-{g. 1G and
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guantal analysis. The standard PCA gives C1 scores, whichby their waveforms. (5) Responses with scores of about
can be used instead of conventional amplitude or slope mea-zero usually represented transmission failureg.(4F4. (6)
surements. Such “PCA amplitudesFi¢. 1B utilize more Combined component and pharmacological analyses pro-
information about the waveform as compared to the conven-duced expected extraction of components mediated by the
tional measuresGhapman and McCrary, 1985 two different subtypes of glutamate receptdfig( 9).

As noted by the authors who recorded electrical evoked The existence and heterogeneous behaviour of compo-
potentials (e.g.Collet, 1989, the physiological meaning nents with different latencies and time courses have several
of the PCA components might be uncertain. To facilitate implications. As an example, we shall briefly discuss their
their interpretation, we elaborated procedures for extraction relation to several phases of LTP maintenance in CAl
of distinct waveforms. We showed that hippocampal min- synapsesRliss and Collingridge, 1993 Our recording pe-
imal EPSPs often can be separated into two (sometimesriod corresponded to two phases: LTP1 (termed also STP by
three) distinct components with different latencies and/or some authors) which covers the initial 15-60 min according
time courses. The simplest interpretation of this result is that to different publications, and LTP2, which develops slower
more than one presynaptic fibre or release site is activatedand lasts up to 3—4 h. There is no general agreement on LTP1
by minimal stimulation (se&ection }. Indeed, even a sin- and LTP2 mechanisms. For example, LTP1 was explained
gle axon branch can contact two to four different dendrites by primarily presynaptic Bliss and Collingridge, 1993;
of a target CA1 neuronHarris and Kater, 1994so that Kullmann et al., 1996Voronin, 1993a, 1993bor postsy-
the related synapses can be spatially remote and producenaptic Edwards, 1995; Malenka and Nicoll, 1999 odifi-
postsynaptic responses with different latencies and kinetics.cations. The present data suggest a new view, according to
Moreover, in addition to the monosynaptic inputs, such as which different synaptic sites (or even inputs) may be re-
the Schaffer collaterals or local circuit connections to CA1 sponsible for different phases. The delayed (15-60 min) po-
neurons Thomson and Deuchars, 199polysynaptic path-  tentiation of one of the components suggests that LTP2 may
ways can be activated. Our analysis showed approximatelybe due to morphological changes. Appearance of synapses
similar latency variations for the early and late components with completely separated transmission zon@gifisman
in most cases, suggesting that both detected componentet al., 1993 represents a plausible possibility (see also
were monosynaptic. The signs of polysynaptic activation, Edwards, 1995; Kleschevnikov et al., 2002; Sokolov et al.,
namely, longer latency and stronger variations as compared2002; Voronin et al., 1995
to the EPSP components that we detected with the measure- Thus, we demonstrated that PCA is applicable to mini-
ment window covering initial EPSP slope, were much less mal postsynaptic responses. We described procedures which
common. Therefore, we believe that significant polysynap- separate physiologically meaningful EPSP components pre-
tic activation was unlikely under our conditions (minimal sumably arising from activation of different fibres or release
stimulation, cut between CA3 and CALl). sites. Under realistic signal-to-noise ratios (>2-3) the algo-

The interpretation of the EPSP components based on acti-rithm resolves EPSP components with differences in latency
vation of different synaptic sites is strongly supported by the of 0.8—1 ms or inT;jse of 2-3 ms. In practice, the sensitivity
simulation experiments with the number and shape of the is often even higher (0.6 and 1.6 ms, respectively) because
components known. The plots of the component scores indifferences in both latency afgise are very common. From
the simulation experiments appeared to be strikingly similar the methodological point of view, the PCA application can be
to those in our physiological experiments. Several additional considered as a way to substitute recordings of single-fibre
observations are compatible with physiological meaningful- EPSPs for a less laborious and more stable recordings of
ness of the EPSP components. (1) When different compo-minimal postsynaptic responses. Recently we used this ap-
nents were suspected from considerations of single or aver-proach in practice to separate activation of mossy fibre and
age responses-ig. 4A and B, the PCA-based component associative/commissural fibre inputs to CA3 pyramidal neu-
analysis produced the expected number of components. (2yons Berretta et al., 2000and two inputs to neurons of
Comparison of EPSP1 and EPSP2 gave expected resultsvisual cortex activated by minimal intracortical stimulation
the same respective components, characteristic PPF, paral(Akaneya et al., 2003 In addition, the component analysis
lel post-tetanic changes, smaller post-tetanic increases forcan be used for more precise analysis of unitary postsynap-
EPSP2 as compared to EPSP1 scores. The latter observatiotic responses separating activation of different transmission
agrees with post-tetanic decreases in the PPF ratio typicallyzones and even of different receptor types of the same trans-
observed under our conditionSgkolov et al., 1998see also mission zone.

Kleschevnikov et al., 1997; Kuhnt and Voronin, 1984d by Summarizing this part, we conclude that the PCA-based
others Li et al., 2000; Schulz, 1997(3) Dissimilar changes  algorithm has at least two advantages important for quan-
of different components in the course of our experiments tal analysis. The first one is a less noisy measure of the
(Fig. 6D and B confirm that they represented independent response magnitude, as compared to the common peak am-
identities. (4) PCA of the background noise produced scoresplitude, independent of whether only one or more compo-
of about zero with occasionally large values, which typi- nents are present. The second is the possibility of separate
cally corresponded to spontaneous events similar to EPSP<alculation of quantal parameters for different components,
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which in turn could help to avoid false results that could 75-100uV. The fact that only a few estimates of quantal
appear when mixed responses which consisted of severakize in frog synapses were found to be reliable means that

components are analyzed. these synapses rarely express quantal sizes as large as these
values. An additional source of “noise” occurs if there is a
6.2. Spectral analysis significant quantal variability in these synapses. In this case,

the variance of the apparent noise for a given peak in the

Several methods of time-series analysis have beenamplitude histogram would be equal to the sumspiplus
used to evaluate significance of apparent equally spacedthe intrinsic variance of the quantal size multiplied by a con-
peaks in amplitude distributionsDityatev et al., 1994; stant equal to the sequential number of the pdd&skys
Kullmann, 1993; Larkman et al., 1992; Magleby and Miller, et al., 1979; Voronin, 1993kbut seeJack et al., 1994 For
1981; Rusakov, 1993 The approach presented in this re- the spinal cord EPSPs, the latter term can be high due to
view is distinguished by (1) the subtraction of polynomial the fact that many boutons mediate synaptic transmission in
“envelop” from amplitude distributions; (2) the use of fast the connection established by a single muscle afferent fibre
Fourier transformation to compute spectra; and (3) the useor descending axon. Additionally, spatial non-uniformity of
of Monte-Carlo simulations to evaluate the significance of Q across different release sites, for instance, due to vari-
periodic peaksH). ability of their locations, can contribute to the variability

It seems to be important to use the polynomial approach of the quantal size. Thus, the complexity of the spinal cord
for the following reason: When the envelope of a histogram synapses may account for the fact that the number of distri-
is not exactly Gaussian (or another function with a fixed butions with significant multiple quantal peaks obtained for
shape), the residual trend after the subtraction of the Gaus-these synapses was lower than the 53% (8 of 15) and the
sian curve from an amplitude distribution makes a signifi- 19% (8 of 42) derived for potentiated and non-potentiated
cant contribution to the spectral density, particularly at low hippocampal synapses of the rat by our metHdolghakov
frequencies, and consequently to the maximum of the spec-et al., 1997 or by a similar techniqueKullmann, 1993.
trum, Spax- As a result, the maxima of the spectral densi-
ties of the simulated Gaussian distributions used in calcula- 6.3. Method of moments
tions of P are systematically smaller th&yax, €ven when
the analyzed distribution had no peaks. Therefore, the num- When correctly applied, the method of moments provides
ber of distributions with significant peaks is overestimated. unbiased and robust estimates of the basic quantal para-
Employing the maximum entropy method to calculate spec- meters. This method is simple and has been widely used
tral density Kullmann, 1993 seems to avoid this problem in numerous in vitro studies, especially in initial studies on
if only a few coefficients of the autocorrelation are used. neuromuscular junctions under conditions when transmitter
However, the part of the spectral density that is subtractedrelease was artificially suppressed by lowering the ratio of
in this way and how many coefficients should be optimally C&* to Mg?t concentrations in the external medium (see
used have not yet been determined. reviews listed inSection 1for references). In the central

To determine the significance of the periodic oscillations, synapses, the estimates of quantal parameters derived from
theoretically the variance analysis (commonly known as the number of transmission failures as well as from the value
ANOVA) can be used: If there are no systematic oscillations of CV~2 have also been used in numerous publications,
and, thus, the analyzed process represents a set of indeperfer example, to evaluate contribution of presynaptic mech-
dent observations, spectral amplitudes should be distributedanisms in synaptic plasticity (for references, see Eajper
according to a chi-square distribution with two degrees of and Korn, 1991; Voronin, 1993al imitations of the appli-
freedom. This approach has been applied to a few examplescation of the coefficient of variation method to the Poisson
of experimental and simulated datRuysakov, 1998 but and to the more general binomial model have been consid-
statistical evaluation for the bias and reliability of provided ered byFaber and Korn (1991)
estimates remains to be performed. An obvious limitation is  When applied to CA1 hippocampal synapses, the above
that this method has to be applied to amplitude histograms methods based on a binomial distributi&ué. (16)—(23)all
(Rusakov, 199Band therefore depends on the binning of gave consistent result¥gronin et al., 1992gthat were close
the primary data. Moreover, the presence of a trend or evento those provided by deconvolution analysis based on a quan-
its residuals left after the trend subtraction could lead to an tal model not constrained by the binomial lavo(onin et al.,
overestimation of the spectral amplitudes of the oscillations 19921. In the spinal cord, the estimates of the binomial pa-
and, therefore, to false detection of oscillations. To avoid rameterp obtained fromEq. (20)showed a strong negative
the above-mentioned biases and evaluate the significancecorrelation with the magnitude of subsequent post-tetanic
of periodic oscillations, the use of Monte-Carlo simulations potentiation Dityatev and Clamann, 1998as is expected
therefore seems to be advantageous. when synapses with a high efficacy of transmitter release

Our simulations showed that to obtain unbiased results, would be close to saturation, whereas synapses withplow
the required value of th€)/S, ratio must be more than  could be further potentiated. Unitary EPSPs evoked in two
2.5. ForS, of 30-40uV this requiresQ equal to at least  different motoneurons of the lumbar spinal cord by stimula-
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tion of the same descending axon showed considerable dif-are to Drs. |. Bayazitov, E. Cherubini, S. Gasparini, V.I.
ferences in the mean amplitudes. These differences appeare®erevyagin, A.M. Kleschevnikov, A.V. Rossokhin, M.V.
to be related to the distance between postsynaptic motoneuSokolov, L.P. Savtchenko, S. Gapanovich, V. Kozhanov,
rons and were mostly expressed in terms of binomial param-A. Babalyan, N. Chmykhova, and H.P. Clamann for par-
etersn andp, rather therQ (Dityatev and Clamann, 1998 ticipation in parts of this work. We thank C. Patton and

In the sensorimotor connections of the frog, analysis M. Hammond for improving the English and especially
of permissible values of moments suggests the spatialDr. D.S. Faber for critical reading of the manuscript and
non-uniformity of transmitter release probabilities, which numerous suggestions. This work was supported by grants
could be described by the beta-model. Additional support from INTAS, RFBR and from Wellcome Trust to L.L.V.
for the beta-model is obtained by comparison of the numbersand from DFG to A.E.D.
of boutons contacting a motoneuron (derived from morpho-
logical reconstructions) and estimated values of parameter
n (Dityatev et al., 199@ There is a striking one-to-one rela- Appendix A. Principal component analysis and its
tionship between these values=£ 0.95, five connections).  application to minimal postsynaptic responses
Respective beta-model parameters{0.17 andb = 0.68)
indicate extremely high non-uniformity of release probabili- A.1. Basic formula of the principal component analysis
ties: a beta-function with these parameters has two maxima,
the most prominent one at O (low-efficient release sites) and As briefly described in the text of this review, the prin-
the second maximum at 1 (highly efficient release sites). cipal component analysis is a method of the multivariate
Thus, these data correspond to results previously obtainedstatistics that finds the most important directions of the data
using the convolution of two binomial distribution84rt variance in a linear fashion. Here we give the standard for-
et al., 1988l which also predicted existence of highly ef- mal introduction of PCA ldarmon, 1979; Jackson, 1991
ficient release sites in sensorimotor connections. It would and describe a PCA algorithm adapted for analysis of mini-
be of great interest to plot the; and R, values for other mal and unitary postsynaptic potentials responses recorded
types of synapses and relate these to regions of permissibléntracellularly in electrophysiological experiments. The ap-
values for several known models of transmsitter release.  plication of the algorithm to the physiological and simulated

waveforms is described in the main text.
. Let S(t) be a function describing the waveform of a single

7. Conclusions postsynaptic PSP or PSC with numbdi = 1,2,... , N)
from a set oNresponses. L& (t) be defined by a set of con-

In summary, the data of this chapter demonstrate that : ; X
B i 4 i . secutive numbers§;,, i.e. we take amplitude measurements
early” steps in evaluation of experimental data are very : . . . ; )
from a window ofT discrete time points. It is convenient to

important for subsequent quantal analysis. The best possible_,. . .
. . . : align the measurements in such a way that the mean ampli-
signal-to-noise ratio should be achieved. We show that the . .
o . tude of each single response over the window was equal to
methods based on the principal component analysis allow . ; )
. . . . 0. The basic assumption of PCA is that the set of the data
one to optimally measure unitary and minimal postsynaptic : o
; ) ) aveformsS; can be represented as a linear combination of
responses. This approach gives selective measurements 9% independent fundamental waveforms (componetsin
different separate components that can be present in both P P

. . L : our case, PSP/PSC wavefof® recorded in time birt on
unitary and especially minimal postsynaptic responses mak-_ . . : S
. . : trial i can be represented as a linear combination of responses
ing subsequent quantal analysis more precise and a”OWSfrom K independent inputs plus noisB,). Therefore
one to avoid possible false results. Further, we show that "
spectral analysis is a method of choice to determine whetherg; = Z(k = 1toK)cik fut + Bit (A.1)
peaks in the distributions of amplitudes of postsynaptic
responses are regular and genuine or appeared by chancavhere the weighting coefficients or scorgg indicate the
Finally, we demonstrate how the method of moments could weight of each component present on each trial. Each com-
be used to estimate parameters of several models and arponent {;,) represents a temporal pattern of the fundamental
gue that a plot of moment ratiofR{ and Ry) graphically waveforms underlying variability of postsynaptic responses.
depicts variability and asymmetry of multiple experimental If we ignore the noise, the following procedure may be used
distributions. This provides a convenient way to test or at to find the first component (C1) ét,. We assume

least to formulate plausible hypotheses on the mechanism _ 2

of transmitter release. Sz(t =1toDfi =1 (A-2)
and define C1 scores as

Acknowledgements cn = Z(r = 1to7) f1 Sit (A.3)
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their collaboration and useful discussions. Special thanksand (A.3)it follows: Y f1,S(1)it = 0. Therefore we find,
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so that the sum of respective residuals foNatlesponsesis  A.3. Alignment procedure and identification of response
minimal, i.e.} (i = 1toN) Y_(r = 1toD)(S(1)i)*> — min, components
which is equivalent to

For identification of the components, an alignment pro-
Z(i = 1toN)ci21 —> max (A.4) cedure was elaborated and tested in simulation experiments
and against physiological data as described in the main text.
If K is the “optimal” number of components as defined in
the previous section, we can consider the following signal
representation instead &q. (A.1} Si = Y (k = 1toK)
cik fkt + Rit, whereR;; is a small residual which we can ig-
nore. To facilitate physiological interpretation of the compo-
nents we can define new functioRg so thatSiy = > (I =
1toK)Cj Fit. We shall look foiF;, in the form: Fiy = > (k =

After finding f1;, we calculate the second componefat)(

or C2 using equations similar t6gs. (A.2) and (A.3)i.e.

> f2 =1,cp=Y.(t = 1to7) fS(D)i, the condition of
components “orthogonality” in the space of response ampli-
tudes §_ f1, fo = 0), and a minimization procedude (i =
1toN) > (r = 1to7(S(2)i)2 — min. Here, the residual

S(2)it = Sit — ci1f1r — cizfr. Again similar toEq. (A.4), p
> L . 1toK) Ayfy. Therefore,fie = ) (I = 1toK) A, Fir, where
Y c5 is maximized. The procedure can be repeated until the the matrixA' is the inverted matrbA. ThenCii = 3" (k =

Kth component i termined. As a result hr nse i . . .
component IS dete . ed. As a result, €ach response S1 toK)cikA, i.e. the coefficient€; can be obtained from
described in new coordinates;{, C;2, ..., Cig) instead of

the previous temporal coordinatss, Cir in Eq. (A.l) by a_Iinear transformation. To facili'_tate
component identification we performed a transformation of
the two-dimensional plots according to the following four
A.2. “Optimization” of the number of principal conditions. First, the dots around (0, 0) coordinate should
components preserve their position withig-2S, (whereS, is the noise
standard deviation for the respective component). This con-
The importance of PCA is its ability to adequately repre- dition follows from the above formulations of the linear
sent aT variable data set ik < T dimensions. The larger transformation of the coefficients; into C;. Second, all
K, the better is the fit of the PCA model to experimental data. C; should be positive withia:-2S,. This condition is natural
The smalleiK, the simpler the model. Determination of the for purely excitatory inputs. Third, the borders of the com-
optimal value ofK (“when to stop?”, sedackson, 1991lis ponent plots should be aligned along the coordinate axes
essential: it permits one to ignore components that explain (seeFig. 3Da and of the main text). The objective was to
very little of the total variance and, in addition, may not be obtain a full range of “pure” component scores for one in-
readily interpretable. There are a large number of criteria put (response component), which corresponds to about zero
(Jackson, 1991 but generally the problem &€ determina- values for the other input. This condition stresses one limita-
tion does not seem to be solved. tion of our identification procedure: the presence of response
In our case, the components, which describe noise, dofailures for every component to be unequivocally identified.
not represent any essential interest. Therefore, to optimizeFourth, if the plot contains gaps (sé&. 3Dbof the main
K, we compared PCA results obtained from the responsestext) they should also be aligned. This condition is natural
and from the background noise. The idea was formulated because the gaps reflect “quantization” which creates addi-
as follows. For everyk from Eq. (A.1) let define the  tional borders. The borders facilitated the alignment, espe-
squared mean deviation of the PCA scores fromuwp:= cially when the sample size amh were low.
A/ = 1toN)(cik)?. Let B;; represent the back-
ground noise, in the same way §g (seeEq. (A.1)). Then,
we can define scordsy in the PCA basishk = Y (t =
1to7)Bit fi« and calculatedy = (1/N) (i = 1toN)hz..
If a componen't do.es hot contain any mfor.matlon about Akaneya Y, Altinbaev RSh, Bayazitov IT, Kinoshita S, Voronin LL,
the response, i.e. it corresponds to the noisg,should Tsumoto T. Low-frequency depression of synaptic responses recorded

be approximately equal,, wherek = 1,2,..., K is the from rat visual cortex. Neuroscience 2003;117:305—-20.
number of the components. Therefore, we considered theAlger BE, Pitler TA, Wagner JJ, Martin LA, Morishita W, Kirov SA,

sequencer, = wy/d; which was decreasing and tended Lenz RA. Retrograde signalling in depolarization-induced suppres-
to approach 1 According to our criteria we can ignore sion of inhibition in rat hippocampal CA1 cells. J Physiol London

. . . 1996;96:197-209.
components which give smaller than a certain constant Astrelin AV, Sokolov MV, Behnisch T, Reymann KG, Voronin LL.

(e.g. 1.2). As exemplified in the main textig. 30), the Noise deconvolution based on the L1-metric and decomposition of

two-dimensional plots of the last simulated component  discrete distributions of postsynaptic responses. J Neurosci Methods

against the next (non-simulated) component represented a 1997:3:17-27. _ . o

band with its width comparable to that of the respective plot AStrélin AV, Sokolov MV, Behnisch T, Reymann KG, Voronin LL. Princi-

for the noise. i.e. passing the above criterion. In practice pal compo_nents analysis of minimal excitatory postsynaptic potentials.
ik . - ; ! J Neurosci Methods 1998;79:169-86.

on the basis of the analysis of physiological data we used ayger c, Marty A. Quantal currents at single-site central synapses. J

K =5. Physiol London 2000;526:45-53.
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