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We provide a functional measure, the synaptic information efficacy (SIE), to assess the impact of
synaptic input on spike output. SIE is the mutual information shared by the presynaptic input and
postsynaptic output spike trains. To estimate SIE we used a method based on compression
algorithms. This method detects the effect of a single synaptic input on the postsynaptic spike output
in the presence of massive background synaptic activity in neuron models of progressively increasing
realism. SIE increased with increases either in time locking between the input synapse activity and the
output spike or in the average number of output spikes. SIE depended on the context in which the
synapse operates. We also measured SIE experimentally. Systematic exploration of the effect of
synaptic and dendritic parameters on the SIE offers a fresh look at the synapse as a communication
device and a quantitative measure of how much the dendritic synapse informs the axon.

The word synapsis, later modified to synapse, was coined in 1897
(from the Greek word συναπτω, to clasp) by Lord Sherrington to
describe the functional connection between neurons. Sherrington1 noted that “…each synapsis offers an opportunity for a
change in the character of nervous impulses, that the impulse as
it passes over from the terminal arborescence of an axon into the
dendrite of another cell, starts in that dendrite an impulse having
characters different from its own.” Indeed, it is now common
knowledge that the typical chemical synapse transforms the allor-none spike in the presynaptic axon into a graded response in
the dendrites of the postsynaptic neuron, and that the synapse
shows activity-dependent modification. We must understand the
intricacies of the synapse if we are to comprehend how networks
of neurons operate collectively and how memory and learning
are embedded in such networks. Over the past 50 years, the
synapse has become a focus of intense research, and, as a result,
we have become intimately familiar with the fine anatomy, molecular biology and biophysical properties of the synapse.
The understanding of synapses at the functional level is, however, surprisingly limited. Basic questions remain regarding information processing by the synapse, including: What is the
appropriate measure for the effect of a synapse? What is the relationship between the biophysical parameters of a synapse (such as
the release probability and the amplitude of the postsynaptic
potential) and the efficacy of the synapses in the functional sense?
Are there plausible learning rules that optimize the effect of a
synapse? (See, however, refs 2–5.)
The need to assign a functional meaning to the synapse is
reflected in the popular use of the term synaptic efficacy, typically preceded by phrases such as maintenance of, regulation of
and redistribution of. In the biophysical realm, synaptic efficacy
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is typically characterized by parameters associated with specific
synaptic mechanisms, such as the number of transmitter quanta
released (per spike), the release probability, the peak value (or
time integral or rise time) of the postsynaptic potential or the
synaptic conductance change6–7. If the value of these parameters
increases, the synapse should have a stronger impact on the output of the postsynaptic neuron. But which of these parameters
is functionally the most relevant? In addition, in experimental
explorations of the synaptic effect, researchers typically treat the
synapse in isolation, ignoring the fact that in vivo the synapse
acts in the presence of massive background synaptic activity8–11.
Should we consider the effect of an isolated synapse, ignoring the
context provided by the other active synapses?
A functional link between synaptic parameters and the firing of the postsynaptic neuron is provided by the cross-correlation (CC) measure. Because the shape of the CC is closely
related to the time course of the postsynaptic potential12–13, the
question remains: Which of the parameters that characterize the
CC is functionally the most relevant, its peak, its rise time or
rather its time integral?
A rigorous definition for synaptic efficacy (or synaptic weight)
can be found in the field of connectionist theory, in which the
synapse is modeled by a single scalar, wij, that characterizes the
strength of the connection between neuron j and neuron i. Within this framework, learning algorithms and memory formation
rely on activity-dependent changes in the value of wij14–15. However, in the connectionist framework, neurons are highly simplified elements, and the relationship between the compact
description of the synaptic weight, wij, and the actual biophysical
parameters of real synapses is not well defined (but see O. Shriki,
et al., Soc. Neurosci. Abstr. 24, 143, 1998).
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Fig. 1. Single dendritic synapses, among
a
d
b
many other synapses, do matter.
(a) Layer 5 pyramidal neuron from the cat
somatosensory cortex50 used for the
model. 400 excitatory synapses (peak
conductance, Gsyn = 2 nS) were uniformly
distributed over the dendritic surface
c
(small magenta dots); each synapse was
–1
activated randomly 10 times s . A further
100 inhibitory synapses were uniformly
distributed; each synapse was activated at
v
–v
random, 65 times s–1 (cyan dots; see
e
Methods). The dendritic tree and axon
were excitable as in ref. 21. (b) An extra
excitatory input synapse (identical to all
other excitatory synapses) was placed at
Ginput
either a proximal or a distal dendritic site
(corresponding arrows in a). The resultant single somatic EPSPs are plotted in
t
–t
the absence of background synaptic activity. (c) Voltage response at the soma when
the input synapse was located proximally (red) or distally (blue). In these example traces (800 ms of a 200-s simulation in each case), the difference
between the two cases is evident. Except for the re-allocation of the input synapse, all other model parameters were identical for the two simulated
cases, including the activation times of the input synapse (marked by vertical bars at bottom) and of the background synapses. (d) Histogram of the
absolute difference between the somatic voltage traces for the two simulated cases (after removal of spikes), revealing that these differed by >0.5 mV
more than 10% of the time. (e) The CC between the input spike train and the output spike train for identical simulations, except for the input synapse
that was potentiated (Ginput = 8 nS; red, proximal input synapse; blue, distal input synapse).

We propose to treat the synapse as a communication device
that receives a train of presynaptic spikes and, through a graded
analog response, affects the spike train at the postsynaptic neuron.
Information theory enables one to quantify the efficacy of the
synapse by measuring the mutual information between the input
and the output spike trains4–5,16–18. This measure is henceforth
termed SIE. Utilizing the context-tree weighting compression algorithm19, we estimated the SIE in the presence of realistic massive
background synaptic activity. Consequently, we provide insights
into the effect of a variety of synaptic and dendritic parameters, as
well as the statistical properties of the background synapses, on
the information transmitted by the synapse. Ultimately we would
like to know what a single dendritic synapse, among the crowd of
many other synapses, tells the postsynaptic axon. This, however,
requires knowledge of the neuronal code. Nonetheless, we may ask
an intermediate question: how much does the synapse tell the axon?

RESULTS
A single synapse matters for spike output
The dendritic location (proximal versus distal) of even a single
excitatory synapse, activated in the presence of massive background
synaptic bombardment (Fig. 1a), can have a noticeable effect on
axonal spike output (Fig. 1c). Specifically, some of the output spikes
that were elicited in one case disappeared, or were shifted by a few
milliseconds, in the other case. Nothing in the very small difference between the two corresponding isolated excitatory postsynaptic potentials (EPSPs) measured at the soma (Fig. 1b) explained
the marked difference between the two cases (Fig. 1d). This nonlinear effect was the result of the threshold for spike firing at the
axon, as well as the complex nonlinear interaction between the
active soma–axon region and the excitable dendrites20–24.
Is there a systematic method to quantify the effect of an individual synapse on spike output? This effect depends both on the
parameters of the input synapse, in particular the properties of
the somatic EPSP12,25–27, and on the properties of the postsynaptic neuron (cable properties of dendrites, excitability of the
nature neuroscience • volume 5 no 4 • april 2002

axon) as well as the background synapses. Hence, the effect of a
given synapse on spike output should be quantified statistically
(as is the CC measure), because it depends on the state of the
neuron when the synapse is activated.
The difficulty in quantifying the effect of a synapse using the
CC is illustrated in Fig. 1e. Although there was a clear deviation
from the baseline for both proximal and distal inputs, it was not
clear which parameter of the CC was relevant for quantifying the
efficacy of the synapses. In addition, the CC for the proximal input
(red) showed two peaks, implying a tendency for spike doublets,
whereas no such double peak appeared for the distal input (blue).
How should one quantify the difference between these two cases?
Effects of synaptic parameters on SIE
We propose that the mutual information (MI) between the spike
train that activates the input synapse and the spike train at the
postsynaptic neuron is the natural measure for the efficacy of this
synapse. This measure, SIE, functionally links the properties of
the synaptic input to the neuron’s output.
The concepts of information and entropy are closely linked.
Consider the spike train as a sequence of the symbols ‘0’ and ‘1’
(Fig. 2a) and the neuron as a generator of these symbols. The
entropy rate (in bits s–1) of the output spike train measures the
average degree of uncertainty regarding whether the next symbol will be ‘1’ or ‘0’. The larger the entropy, the less certainty there
is. Suppose now that the spike train activating the input synapse
is known. If the synapse does affect the output then, on the average, we expect that our uncertainty about the next symbol would
decrease. This reduction in uncertainty is quantified by the MI
between the input and the output spike trains. Data compression provides another perspective on these quantities (Fig. 2a).
(For formal definitions of entropy, conditional entropy and MI,
see Supplementary Methods 1 on the supplementary information page of Nature Neuroscience online.)
We started with the simplest neuron model, consisting of an
isopotential resistance-capacitance (RC) compartment with an
333
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Background synapses

Fig. 2. MI as a measure of synaptic efficacy. (a) At left, a model of an
Model
Output
a
isopotential RC compartment with an I&F spike mechanism. The background synaptic input consisted of 400 excitatory synapses and 100
inhibitory synapses activated as described in Methods. We arbitrarily
assigned one excitatory synapse to be the input synapse (red) and set the
threshold for spike firing at 10 mV above the resting potential. This model
produced an average output firing frequency of 10 spikes s–1, with nearly
Input
random statistics (coefficient of variation (c.v.) = 0.75–1.1, depending on
synapses
the strength of the input synapse). At right (blue), a 500-ms stretch of the
voltage fluctuation (output). To compute the MI, we transformed all spike
trains into strings of ‘0s’ and ‘1s’, using a temporal bin of 3 ms (binned
output, blue). An illustrative example for estimating the MI using a comCompressed output
pression algorithm is also shown (see Methods for the actual method
Entropy ~ 50 bits/s
used). The binned output spike train was compressed using the rules
Conditional entropy
denoted in the green box. This compression resulted in a shorter string
Compressed output
of ‘0s’ and ‘1s’ (green). Its length, divided by the total duration of the outMutual information
put, was an estimate of the entropy rate of the output spike train.
(The true entropy rate is the limit for a very long string and an ideal comb
pression algorithm.) If the spike train arriving at the input synapse is
Output entropy
known, the output spike train can be compressed even further using, for
example, the rule described in the lower table with the input
Input entropy
000000010000000000000100000000000000000000. The length of this
short output string (compressed output given input) is the conditional
Conditional entropy
entropy. The MI is the difference between the output entropy and the
SIEinput synapses
conditional entropy; it measures how many bits of information were saved
in the compressed output spike train by knowing the input. (b) The MI
(henceforth SIE) between the presynaptic input spike train and the output
SIEcontrol
spike train, as a function of the peak current of the input synapse (filled
circles). We also plotted the estimated SIE of one excitatory background
synapse (+,SIEcontrol), the entropy of the input spike train (dashed line),
the entropy of the output spike train (asterisks) and the conditional
entropy of the output, given the input spike train (stars). Error bars in the
SIE for the input synapse represent 2 s.d., computed over 25 repetitions of the simulation with different seeds. Because of estimation bias for very
weak inputs, the estimated SIE could obtain negative values. Because this never exceeded –0.5 bits s–1, no correction was made.

integrate-and-fire (I&F) spike generation mechanism (Fig. 2a). In
this model, both the input synapse and the background synapses
(the noise) were linear current sources. Figure 2b summarizes the
results for the case in which the peak current of the input synapse
was potentiated. SIE between the input synapse and the output
spike train, SIEinput synapse, was a sigmoidal function of the peak
synaptic current. For small inputs, the SIE was close to zero and, as
expected, it was not markedly different from other background
(nonpotentiated) synapses, SIEcontrol. With further potentiation,
the SIE increased monotonically until it reached saturation. In this
regime, the input synapse was so powerful that, when activated, it
always triggered an output spike; additional potentiation did not
affect further the output and, thus, no information was accrued.
Although very strong inputs are physiologically rare (but see
ref. 28), the case of a strong temporal correlation among several
excitatory synaptic inputs is similar to that of a strong synapse.
The saturation of the SIE sets a limit on the number of correlated
inputs for maximizing information transmission by this synaptic
input12,29–30 (but see the extension in Fig. 5 for a more realistic,
conductance-based spike generation mechanism). For the Poisson
input spike train used here, with an average firing rate of r = 10
spikes s–1 for the excitatory synapses and a sampling bin size of ∆t
= 3 ms, the entropy was H = r × log2(e)/(r × ∆t) = 10 × log2(e)/
(10 × 0.003) = 65 bits s–1 (Fig. 2b; dashed line, input entropy). For
any mean firing rate, the input entropy is maximal for spike trains
with Poisson statistics, and is zero at the opposite extreme of a regular-input spike train17.
Figure 2b also depicts the entropy of the output spike train,
H(Sout), as well as the entropy of the output given the input (the
conditional entropy, H(Sout|Sin)). SIE is the difference between
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these two quantities. At low firing rates, assuming nearly Poisson statistics, the probability of a spike at any given time is low,
implying only low uncertainty regarding the output (that is, we
were fairly certain that there would be no output spike in the next
bin). In this regime, the uncertainty increased with increases in
the firing probability. Thus, the entropy of the output spike train
increased after synaptic potentiation (which caused an increase in
the average output firing rate; top curve in Fig. 2b). The conditional entropy was smaller than the output entropy because, given
the knowledge of the input spike train, the predictability of the
output spike train was improved.
Plastic properties of the synaptic machinery as well as the passive and active cable properties of dendrites26,31 may affect both
the amplitude and the shape of the somatic EPSP32–33. Consequently, EPSPs come in many shapes and amplitudes, and it is
important to explore the effect of the EPSP shape indices on the
SIE. In Fig. 3 (left column), the peak EPSP of the input synapse
was held constant whereas its time course changed (left, inset at
top). In Fig. 3a, we measured the SIE as a function of the EPSP
time-to-peak for four EPSP peak amplitudes (right), leaving all
background synapses unchanged. All four curves were rather flat,
implying that for the I&F model and the specific input EPSPs
simulated here, the SIE is mainly affected by the value of the EPSP
peak, rather than by other shape indices of the EPSP (but see
below).
In many studies, the efficacy of a synapse is measured with
respect to the input charge the synapse generates25,33–34. Figure 3b
shows the correspondence between synaptic charge and the SIE
when the synaptic charge was held constant for all input EPSPs
and the SIE was plotted as a function of the EPSP time-to-peak.
nature neuroscience • volume 5 no 4 • april 2002
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Fig. 3. Effect of EPSP shape indices on the SIE. (a) The SIE as
a function of the EPSP time-to-peak, with fixed EPSP peak.
Four peak values for the input EPSP were considered (peak
values at right). Inset at top shows 2 representative EPSPs,
both with 2.4 mV peaks and a time-to-peak of 1 ms and
10 ms, respectively (scale bar, 10 ms, 2 mV). EPSPs were simulated by an α-function (see Methods). Arrows at bottom
mark the SIE for these representative EPSPs. (b) As in (a) but
the input synapse injected a fixed charge (see Methods).
Inset depicts 2 EPSPs, both with input charge of 0.1 nC and a
time-to-peak of 1 ms and 10 ms, respectively. (c, d) Input
EPSP (top frames, same EPSPs as in insets of a and b) and the
corresponding raster plot (middle) and CC (bottom). In the
raster plots, for every input spike (aligned at time 0), we
plotted the output spikes in the subsequent 30-ms time window. We sorted the plots such that cases with at least 1 output spike in the time window appeared in the lower part. We
omitted spikes preceding the input spikes for clarity. The
horizontal dashed line shows the number of time windows
containing spikes that were expected by chance (computed
by randomly sampling the 200-s long-output spike train in
30-ms bins, and multiplying the proportion of windows containing at least 1 spike by the total number of input spikes).
The CC (lower frames) was computed between the input
spike train and the output spike train (open area), as well as
between one background spike train and the output spike
train (filled area). A bin size of 1 ms was used. The same I&F
model as in Fig. 2 was used.
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Although the synaptic charge was fixed, the SIE decreased
markedly with increases in the EPSP time-to-peak.
To better understand the results in Fig. 3a and b, Fig. 3c examines the effect of the input synapse with a fixed peak EPSP amplitude
once for a brief input EPSP (top left), and once for a broad EPSP
(top right), keeping the background activity identical. The raster
plot (middle) shows the output spikes in a 30-ms time window after
each of the spikes activating the input synapse. In the left raster plot,
655 input spikes (of a total of 1,942) were followed by an output
spike within the 30-ms time window. As expected from a sharp
EPSP, in most cases the output spike was tightly locked to the input
spike (dense vertical region near time 0). For the broader EPSP
(right), almost twice (1,095) the number of input spikes were followed by an output spike within the time window. However, the
time locking of the output spikes was less precise. These two consequences of EPSP broadening (the increase in probability for an
output spike and the decrease in the time locking) affected the SIE
in opposite directions, leading to flat curves in Fig. 3a.

Fig. 4. SIE is context dependent. (a) Effect of activation frequency of
the input synapse on the SIE. Three EPSP peak amplitudes were considered. Background frequency remained fixed at 10 spikes s–1. (b) Effect of
the frequency of the background excitatory synapses on the SIE. The
results for 6 values of peak input EPSPs are shown. To preserve the balance between excitation and inhibition, when the frequency of the background excitatory synapses was increased, Gmax for the inhibitory
synapses was increased proportionally. Neuron model and the background synapses were as in Fig. 2.
nature neuroscience • volume 5 no 4 • april 2002

The two lower panels in Fig. 3c show the CC
between the input spike train and the output spike
train. The sharp CC corresponded to the brief EPSP,
whereas the broad EPSP resulted in a shallower CC
20
30
covering a larger area. This increase in area corresponds
to the increase in the probability for an output spike
with an increase in the EPSP area. Both CCs were narrower than the corresponding EPSPs12.
When the synaptic charge was held constant (Fig. 3d), the
probability of an output spike, given the input spike, was virtually
unaffected by the shape of the EPSP. In fact, the number of output spikes in the 30-ms time window after an input spike was
almost identical for both the sharp and the broad EPSPs (978
versus 961, respectively; Fig. 3d, middle), and the area of the corresponding CCs was also similar (Fig. 3d, bottom). However, the
accuracy (time locking) of the output spikes became less precise
when the EPSP was broader. The consequence was a decrease of
the SIE with broadening of the EPSP, as depicted in Fig. 3b. This
decrease in temporal accuracy may have resulted in a marked
decrease in the information rate transmitted by the synapse. For
example, observing the top curve in Fig. 3b, the SIE for an EPSP
with a 1-ms rise time was 18.2 bits s –1, whereas it was only
5.4 bits s–1 for an EPSP with a 14.5-ms rise time.
In summary, the EPSP shape affected both the probability of
an output and the time locking (temporal accuracy) between the

a

b
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Fig. 5. Effect of dendritic input location on the SIE. (a) Model
used consisted of a 1-λ-long passive cylindrical dendrite, which
was coupled to an isopotential passive soma. An axon with
Hodgkin-and-Huxley-like kinetics21 was connected to the soma.
We uniformly distributed 400 excitatory and 100 inhibitory conductance-based synapses over the dendritic cylinder (see
Methods). We placed the excitatory input synapse at one of 3
locations (proximal, red; middle, green; distal, blue). (b) The SIE
as a function of peak synaptic conductance for the 3 input locations depicted in (a). Inset shows the resultant soma EPSPs
when the input synapse was activated alone. (c) Same as in (b),
but the SIE was plotted as a function of the peak soma EPSP generated by the input synapse. This peak was measured after
incorporating the shunt imposed by the background synaptic
activity into the dendritic membrane conductance8,11. To allow
for measurement of suprathreshold EPSPs, active conductances
at the axon were set to their value at the resting potential.
(d) Top, two-soma EPSPs measured in the absence of background activity. The EPSP at left was just at threshold when activated alone (taking into account the average depolarization and
conductance change due to background synaptic activity). The
EPSP at right was twice the just-threshold EPSP. Middle, 25 randomly chosen superimposed somatic voltage traces that followed the activation of the input EPSPs shown at top. (All EPSPs
were aligned at time 0.) Bottom, the corresponding raster plots.
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input spike and the output spike. Each of these effects corresponded most closely to one of the factors determining the SIE.
The change in the probability of an output spike mainly affected the output entropy, H(Sout), whereas the accuracy of the output spike, given an input spike, mainly affected the conditional
entropy, H(Sout|Sin). Thus, when we kept the synaptic charge fixed
while increasing the EPSP rise time, the average rate of output
spikes remained almost constant, and thus the output entropy
was also fairly constant. The conditional entropy, in contrast,
increased with the increase in the EPSP rise time (the uncertain-

ty regarding the time of occurrence of an output spike was larger) and approached the output entropy. Because the SIE is the
difference between the output entropy (which remained fairly
constant) and the conditional entropy (which increased), the SIE
decreased when the EPSP rise time increased (assuming constant
synaptic charge).
In contrast, when we kept the EPSP peak constant while
increasing its rise time, the synaptic charge increased. This resulted in an increase in the output rate (an increase in H(Sout)),
whereas the accuracy of the output spikes, given an input spike,
decreased (an increase in
channels
H(S out |S in )). Because both the
b
a
c
output entropy and the conditional entropy increased at the
Soma
Dendrite
same rate when the rise time
Dendrite
Soma
increased, the SIE remained
almost constant for the specific
G = 20 nS
EPSP time course simulated in
10 nS
Fig. 3a. Indeed, for a fixed voltage peak, it is the balance
between the EPSP rise time and
G
G
the EPSP charge that determines
Fig. 6. SIE in nonlinear dendrites. (a) Subthreshold nonlinearities. The same model as in Fig. 5 with a low den- SIE. For example, for a fixed
sity (1 pS µm–2) of voltage-dependent Na+ ion channels over the dendritic surface. To enhance membrane EPSP peak value and rise time,
voltage fluctuations, soma input resistance was slightly increased and the time-to-peak of Gsyn was decreased an increase in SIE was expected
to 0.3 nS. The SIE as a function of peak Gsyn is shown for the proximal, middle and distal input synapses (conwith an increased synaptic
tinuous line for the active case and dashed line for the corresponding passive case). (b) Suprathreshold nonlincharge. This was the case when
earities. A simplified model of a pyramidal cell composed of a soma, apical dendrite and 4 tuft and 4 basal
dendrites (only 2 of each are shown). Kinetics and spatial distribution of active currents were identical to comparing the left columns in
those in Fig. 1. Density of both voltage-dependent Ca++ channels and of Ca++-activated K+ channels was Fig. 3c and d. For these two
increased in the tufts to 10 pS µm–2 and the density of dendritic Na+ channels was reduced to 16 pS µm–2. EPSPs, both amplitude and rise
Sufficiently strong current input at the proximal location induced a single Na+ action potential in the axon, time were almost identical, and
which propagated semi-actively backward into the apical dendrite (top left). Current input to the distal apical only the synaptic charge was largdendrite induced a dendritic Ca++ spike, which resulted in a burst of Na+ spikes in the axon (top right). At bot- er for the EPSP in the left column
tom, examples of the somatic action potentials with background synaptic activity when Gsyn progressively of Fig. 3d. Consequently, SIE
increased. Vertical dashed lines show the activation times of the input synapse. With potentiation of the distal associated with the broader EPSP
synapse (blue trace at top), bursts of spikes appeared in some cases, and some background spikes disappeared
was 2 bits s–1 and that associated
(dashed circle). (c) The SIE as a function of Gsyn for the 3 input synapses depicted in (b). With small potentiabrief EPSP was only 0.53
tion, the distal synapse (blue) became more effective than the basal synapse. For larger potentiation, the SIE of with the
bits s–1 (Fig. 3a and b).
the distal input was even larger than that of the proximal synapse.
syn
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SIE is context dependent
a
b
c
The SIE depended not only on the properties of the input synapse but also on the statistics of the input and the output spike
trains. Changes in either the properties of
the background activity (the context) or
20 ms
the characteristics of the input spike train
were expected to affect the SIE. In Fig. 4a,
the frequency of the spikes activating the
d
e
input synapse increased whereas the frequency of the background synapses
remained fixed. We computed the SIE for
the input synapse as a function of the input
frequency for three peak EPSP values
(denoted at right). All curves increased
monotonically with input frequency
because more output spikes per unit time
–20
were contributed by the input synapse.
Average
Increasing the input frequency also
increased the input entropy. Normalizing Fig. 7. Experimental measurements of the SIE. (a) Layer 5 pyramidal neuron from the somatosenthe SIE by the input entropy resulted in an sory cortex filled with biocytin and reconstructed in 3D. We used a patch electrode at the soma
almost constant value of 0.05, 0.3 and 0.6 to inject a fluctuating background current, which mimicked random background synaptic activity
(unitless) for the cases plotted, respective- (see Methods). We used a second extracellular electrode to stimulate synaptic input. (b) Average
ly. This implies that, for a given EPSP peak somatic EPSP recorded in this neuron in response to 4 extracellular stimulus intensities.
and background statistics, the fraction of (c) Sample voltage recording (1 s) showing the response to the background current (black trace)
the information contained in the input that and to the strongest extracellular stimulus (red input in b) activated together with the background input (red trace). The vertical red ticks show the times of extracellular stimulus activation;
was conveyed by the synapse was almost
the longer ticks depict the cases in which the input EPSP was followed by a time-locked output
independent of the input frequency.
spike. (d) The corresponding cross-correlograms (black, background alone; colors, correspondIn Fig. 4b, we fixed the frequency of the ing inputs in b were activated together with the background input). (e) The SIE was plotted as a
input synapse and increased the frequency function of the average somatic EPSP amplitude for 6 different cells (each represented by a differof the background synapses. For low back- ent symbol and color). A sigmoid function (black line) was used for the fit. The arrow marks the
ground frequencies and a relatively weak result for the case depicted in red in (b–d).
input synapse, the probability that the input
synapse would trigger an output spike was
low and the corresponding SIE was small (lower curves). Memcharge does reach the soma37. Background synaptic activity drabrane voltage fluctuations increased with an increase in backmatically increases the membrane conductance of the dendrites,
ground frequency, and this increased the probability that the input
leading to an increase in their electrotonic length and to a decrease
synapse would cross threshold for spike firing. Therefore, the SIE
in the effective membrane time constant8–11,38. Realistic spike
increased in this regime (early rising phase). A further increase in
mechanisms may introduce complicated subthreshold nonlinearthe background activity increased the noise (more output spikes
ity and history-dependent membrane voltage dynamics. Figure 5
resulted from the background activity), and, consequently, the
shows the neuron model used, consisting of a passive cylindrical
efficacy of the input synapse was reduced. Indeed, for small and
cable (dendrite) coupled to an isopotential soma, which is attached
intermediate values of the input synapse, the SIE showed a maxto an excitable axon with a Hodgkin-and-Huxley-like spike mechimum at relatively low background frequencies. These results
anism21. Excitatory and inhibitory synapses were distributed over
agreed with results from stochastic resonance theory35. In the case
the dendritic surface, and each was simulated as a transient conductance change (see Fig. 5a and Methods).
of very large input EPSPs (top curve), for which every input spike
In Fig. 5b, we plotted the SIE as a function of the peak synaptriggered an output spike in the absence of background activity,
tic conductance for three dendritic input sites (proximal, middle
the SIE was reduced monotonically with increases in background
and distal). The curve for the proximal synapse (red) was qualifrequency. SIE may have been affected by temporal correlations
tatively similar to that found for the I&F model in Fig. 2b, implywithin the background activity, depending on whether the input
ing that the qualitative behavior of SIE was model independent.
synapse was correlated with the background (not shown).
The SIE for the middle and distal synapse did not reach saturation even for very large synaptic conductance. This was the direct
SIE in dendritic neuron models
consequence of the local saturation of the synaptic current at the
The I&F model used thus far ignored the effect of cable properties
input site, as well as the severe attenuation of the peak EPSP in
of dendrites on the integration of synaptic inputs, as well as the
the dendrite. As a result, in passive dendrites, distal dendritic
effect of the dynamics of the spike generation mechanism in the
synapses were substantially less efficient than proximal synapses.
axon. Because of the passive cable properties of dendrites, the peak
In the I&F model, the EPSP peak corresponded closely to the
of the EPSP severely attenuates and is delayed, and the time course
SIE, whereas the exact shape of the EPSP had a relatively minor
(shape) of the EPSP changes as it spreads from the dendrites to the
effect (Fig. 3b). In Fig. 5c, the same data as in Fig. 5b were plotsoma. The farther the input is from the soma, the slower the rise
ted against the peak amplitude of the soma EPSP. We measured
time and the broader the resultant somatic postsynaptic potenthis peak after rescaling the passive membrane conductance of
tial31,34,36–37. In contrast to the considerable attenuation of the
the cylindrical dendrite to account for the effective change in
postsynaptic potential’s peak, a substantial fraction of the synaptic
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dendritic membrane conductance due to the background synaptic activity8,11. The three curves overlapped, implying that, as in
the I&F model, the relationship between the EPSP peak and the
SIE was very similar for all synaptic locations. However, this
occurred only when the EPSP peak was rescaled to incorporate
the shunting effect of the background synaptic activity. This is
yet another aspect of the dependence of the SIE on the context
within which the input synapse operates (see Discussion).
The spike generation mechanism affected the SIE in a manner that was not seen in the I&F model (Fig. 5d). The top frames
show two suprathreshold EPSPs (just-threshold EPSP at left and
twice-threshold EPSP at right). Both EPSPs were initiated at a
proximal site and almost always generated a spike when activated in the presence of all other background synapses (Fig. 5d, middle and bottom). However, the larger EPSP at right generated
more accurate (time locked) output spikes. This increase in temporal accuracy of the output spike was mostly due to the shortening of the delay in spike initiation with an increase in the
temporal derivative of the input EPSP12,39. (Compare dashed
curves, a representative spike, in the top frames of Fig. 5d.) The
two arrows in Fig. 5c indicate the corresponding SIE for these
two EPSPs. Although both EPSPs were suprathreshold and yielded approximately the same total number of output spikes, the
SIE increased by 15 bits s–1 because of the increase in time locking for the larger EPSP.
Effects of dendritic nonlinearities on the SIE
Dendrites are equipped with a variety of voltage-gated ion channels. When activated, these channels may affect the shape and
amplitude of the input EPSP, and they may also have a substantial effect on the membrane voltage fluctuations (noise) due to
background synaptic activity10,40. Figure 6 highlights some effects
of excitable dendrites on synaptic information efficacy.
Figure 6a focuses on the effect of dendritic nonlinearities in
the subthreshold regime. Voltage-gated Na+ channels at very low
density were uniformly distributed over a passive cylindrical dendrite. With a relatively large local excitatory conductance change
at distal locations, these ion channels boosted the single EPSP, as
measured at the soma, approximately twofold (not shown). For
proximal inputs, the amplification due to the excitable dendritic
channels was relatively much smaller. (Distal inputs experienced
larger local depolarization, and they also had the advantage of
being amplified while propagating towards the soma.) The membrane voltage fluctuations due to background synaptic activity
as measured at the soma were also boosted by the voltage-gated
dendritic ion channels but to a relatively lesser degree as compared with the boosting of individual distal excitatory inputs.
The result was an increase in the SIE for distal synapses in the
active case as compared with the corresponding passive case (blue
curves in Fig. 6a). The opposite was true for proximal inputs. In
the case of an excitable dendrite, the enhanced noise due to background synaptic activity overwhelmed the (relatively small)
amplification of individual proximal inputs. As a consequence,
the SIE of the proximal synapses was reduced in the excitable case
(red curves) as compared with the passive case. The interactions
among dendritic geometry, background synaptic activity, input
location and membrane excitability determined whether the efficacy of a given input will increase, decrease or remain unaffected
by dendritic excitability.
Figure 6b shows the case of a high density of voltage-gated Ca++
channels at distal dendritic tufts. Sufficiently strong individual
inputs at proximal sites gave rise to a single Na+ action potential
in the axon (top left). This action potential propagated actively
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backwards (with attenuation) into the dendrites. When this synaptic input was activated at the distal tuft, a large Ca++ spike was initiated locally, and this resulted in a burst of Na+ action potentials in
the axon (top right)23. When background synaptic activity was
present (bottom traces), strong distal inputs gave rise to occasional bursts of spikes at the soma (encircled blue trace), which were
typically followed by a quiescent period without action potentials.
These added spikes in the axon that were followed by a decrease
in the background spikes may have resulted in a larger SIE for distal inputs, as compared with corresponding proximal inputs (the
blue curve crosses the red curve for large Gsyn values in Fig. 6c).
Thus, suprathreshold dendritic nonlinearities may counterbalance
the effect of voltage attenuation in dendrites as well as the effect
of background noise.
Experimental measurements of SIE
The SIE can also be measured under experimental conditions,
where trial-to-trial variability and other noise sources exist
(Fig. 7). Somatic patch recordings were made from six cortical
pyramidal neurons in a slice preparation, and a fluctuating current was injected through this electrode to simulate random background synaptic activity. A test excitatory synaptic input was
delivered through extracellular stimulation, and the voltage
response of the postsynaptic neuron to the combination of background noise and the synaptic input was measured. Increasing
the strength of the extracellular stimulation resulted in EPSP sizes
ranging from 2 to 12 mV (Fig. 7b). The effect of this input on
the output spike train can be seen in the raw traces (Fig. 7c) and
in the corresponding CC plots (Fig. 7d). Because the background
voltage fluctuations were large (as required for generating an
average spike rate of 10 spikes s–1), a relatively strong synaptic
input was required to elicit time-locked spikes.
The summary of the results for the SIE in all six cell recordings
is shown in Fig. 7e. The arrow points to the specific case shown in
Fig. 7b and c (red trace). Despite the large noise expected when
pooling responses from different cells (with different input resistance, different voltage threshold for spike firing and substantial
fluctuations in the response to the synaptic stimulus, for example,
due to short-term synaptic dynamics), it was possible to measure
the SIE reliably. Furthermore, the SIE increased with EPSP size as
theoretically expected (Figs 3–5). In this set of experiments, the
SIE was far from saturation. Indeed, even the largest input EPSP
that was used did not always generate an output spike (Fig. 7c).

DISCUSSION
Synapses are primarily responsible for transmitting information
among nerve cells. It is thus useful to explore the theoretic implications of the electrical and plastic characteristics of synapses for
this information transfer. The SIE, the new measure suggested
in this study, makes it possible to assess the key factors at the
synaptic, dendritic and network levels that govern information
transmission by an excitatory synapse. The general theoretical
approach used here can easily be extended to explore questions
such as: what factors determine the SIE of inhibitory synapses?
What is the effect of synaptic dynamics (short-term depression/facilitation), as well as the probabilistic nature of the synapses, on the SIE? What is the effect of the input structure (for
example, of bursts of spikes activating the input synapse41), as
well as the spike generation mechanism in the axon, on the SIE?
The SIE is not a set number for a given synapse, but depends
on the properties of the network in which the synapse is embedded
(the number, strength and statistics of background synapses—that
is, the context). For a given context, one may explore the effect of
nature neuroscience • volume 5 no 4 • april 2002
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specific synaptic or dendritic parameters on the amount of information that the synapse transmits. It is the relative (rather than
absolute) values of SIE in the different cases explored that provide
the key insights obtained in this study.
The information transmitted by an excitatory synapse increases with the average number of output spikes initiated by the
synapse, as well as with the accuracy of time locking between the
input synapse and the output spike. Increases in output rate are
most sensitive to the total synaptic charge at the soma/axon
region, whereas the degree of time locking between input and
output is most sensitive to the rate of rise of the somatic
EPSP12,39. In passive dendrites, for a given peak somatic EPSP,
the increase in rise time associated with distal synapses (implying
temporally less accurate output spikes) is accompanied by broadening of the EPSP. In terms of the SIE, these two opposite effects
tend to cancel each other, making distal and proximal synapses
with similar somatic EPSP peaks (measured after incorporating
the shunting effect of network activity; Fig. 5c) roughly equally
effective. This correspondence between the isolated somatic EPSP
amplitude and the SIE is no longer valid when voltage-gated dendritic processes are important in determining the voltage dynamics. It would also be erroneous to assume that the isolated peak
soma EPSP is a good predictor of the SIE when the background
synapses are correlated with the input.
The severe attenuation of the EPSP peak from distal inputs
implies a considerable reduction in the SIE in passive trees compared with proximal synapses. It is possible to boost the SIE of
distal synapses by increasing the synaptic conductance of distal
dendritic synapses42. When many such synapses operate simultaneously, however, as is the case in vivo, they substantially shunt
the dendritic membrane and this reduces the peak soma EPSP
from distal synapses considerably more than those for proximal
synapses11. Alternatively, voltage-gated mechanisms (either at
the synapse or at the dendritic membrane) could compensate for
the dendritic voltage attenuation26,33,43–44. As a consequence, the
SIE could become similar (or even larger) for distal compared
with proximal synapses. An important message of this study is
that any boosting mechanism that enhances individual synaptic
input also affects the noise associated with all other background
synapses11,40. Whether the boosting mechanism increases or
decreases the SIE of a given input depends on the ratio between
the signal (generated by the input synapse) and the noise (generated by all other synapses).
Finally, the results presented in Fig. 7 indicate that many of
the theoretical predictions of this study are experimentally
testable. Multiple electrodes allow simultaneous recording from
the dendrites and soma of synaptically connected neurons and
quantitative computing of the SIE for various input sources, input
statistics and input locations2,6,23–24. If tightly linked to the theoretical framework presented here, these experiments should
shed light on the functional meaning of the synapse. These experiments will provide an opportunity to understand the transformation of the digital character of nervous impulses to an analog
postsynaptic potential in the dendrites, which then changes back
to a digital signal in the axon of the postsynaptic neuron. The
SIE thus captures the information rate that is transmitted by this
digital-to-analog-to-digital transformation.

METHODS
Input and output spike trains. We generated random presynaptic spike
trains with a specified average rate by sampling an exponential distribution, using the random number generator of Matlab (version 5.3;
www.mathworks.com). We omitted intervals <3 ms to account for refractory periods.
nature neuroscience • volume 5 no 4 • april 2002

Numerical simulations. We carried out numerical simulations using
NEURON45. Each epoch simulated 200 s. We implemented an I&F spike
mechanism using a special module in NEURON that resets the voltage
(to Vrest = 65 mV) after crossing of the firing threshold (–55 mV) for a
refractory period of 3 ms. We implemented synaptic inputs using a continuously integrated kinetic scheme. For a linear synapse, the synaptic
current was Isyn(t) = Gsyn(t)(Vsyn – Vrest), using Gsyn(t) with a shape of
an α-function. If not otherwise stated, the background activity was composed of 400 excitatory synapses (V syn = 0 mV, t peak = 0.5 ms,
G max = 2 nS and a mean input frequency of 10 spikes s –1) and 100
inhibitory synapses (75 mV, 0.75 ms, 5 nS, 65 spikes s–1). We preserved a
fixed synaptic charge while changing the input time course (Fig. 3b) by
increasing tpeak and decreasing Gmax proportionally.
We generated EPSPs with a shape of an α-function (Fig. 3a) by
injecting a current that was computed using the Laplace transform of
an α-function, divided by the transform of an RC filter, and taking the
inverse Laplace transform. This method is applicable only for single
passive RC compartments.
Experiments. We made somatic patch clamp recordings from layer 5
pyramidal cells in slices of somatosensory cortex prepared using standard techniques24 from P28 Wistar rats and maintained at 32–35°C (for
details of extracellular and intracellular solutions, see Supplementary
Methods 2). To generate background synaptic input, we convolved white
noise with an exponential decay with a time constant of 1 ms and adjusted the variance and amplitude to give a spike rate of ∼10 spikes s–1 with
a c.v. of ∼1. We alternated sweeps with background current alone (60 s)
with sweeps where the identical background current was applied together with synaptic input evoked by extracellular stimulation (using a Poisson train at 10 spikes s–1 mean rate). We periodically monitored the
amplitude of the synaptic input using a 10 Hz train applied in the absence
of background input.
Estimation of the SIE. We estimated the SIE as follows:

SIE(Sin; Sout) = Hˆ n(Sout) – ˆHn(Sout|Sin)

(1)

where Sin and Sout are the binned input and output spike trains, respectively, of length n bins. Hn (Sout) is the estimated entropy of the output
spike train (see below) and Hn (Sout  Sin) is the estimated output spike
train entropy given the input spike train (the conditional entropy; see
Supplementary Methods 1).
For illustration, let Sout = (x1, x2, ..., xn) , where xi ∈{0,1} represents
the ith bin, and assume that this string is the realization of a stationary
and ergodic stochastic process x = {xi} in= 1. We can now use the Shannon MacMillan Brieman theorem46:
^

^

1
–—
n log2 p(x1, x2, ..., xn)

n→∞

H

(2)

where H is the entropy rate of X and p(x1, x2, ..., xn) is the probability of
obtaining the string (x1, x2, ..., xn) as a realization of X.
Let p (x1,x2, ..., xn) be an estimator of p(x1, x2, ..., xn). We then use the
following estimate for the entropy:
^

ˆ , x , ..., x )
Hˆ n = – –n1 log2 p(x
1 2
n

(3)

The context-tree weighting algorithm proposed by Willems et al.19
provides such an estimator, denoted pwλ (x1,x2, ..., xn), which is a good
estimator under all possible Markov processes with memory bounded
by an integer D. This idea can be easily applied for estimating conditional
entropies. The depth parameter D assumed by the context-tree weighting
algorithm
was
10 bins (30 ms) for the simulation of the I&F model and for the experimental data, and 15 bins (45 ms) for the models with realistic spike generation mechanisms. Larger values produced minor differences.
Entropy estimation is vulnerable to undersampling problems47–49;
a detailed investigation of this issue will be published elsewhere
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(Schreibman et al., manuscript in preparation). We note that, in our
data, the estimation did not substantially change for spike trains
>100 s, whereas for simulations we used spike trains that were 200 s.
In the experimental data (in which we used epochs of 60 s), we combined several epochs together in the counts of the weighted context tree
(see Supplementary Methods 1).
Note: Supplementary Methods are available on the Nature Neuroscience
website.
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