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the same decomposition holds:

I (c; S) = I (c(z > 0); S)p(z > 0) + I (z; S). (6)

Although less natural in the case of counts, this de-
composition can be interpreted as separating the MI
between stimuli and spike counts into a contribution
of the residual distribution of counts across trials when
there were spikes, and the contribution of the differen-
tial distribution of null trials vs. trials that had at least
one spike. The advantage of this decomposition is the
explicit factoring of one (in fact the main) source of re-
dundancy between spike count information and mean
response time information about the stimuli, namely
I (z; S).

Results

Overview

The current paper consists of two major parts: (1) Com-
paring and calibrating MI estimation methods using
simulated data that approximate the actual recorded
spike trains, and (2) estimating MI in recorded spike
trains using optimal and simplified statistics, in order to
find a reduced measure that can be used as the ‘neural
code’.

We started by a detailed comparative evaluation of
the four estimation procedures, using a benchmark
model for which the true MI could be calculated ex-
actly. For the purpose of this benchmark, we show (in
Appendix I) that an inhomogeneous Poisson process
(IHPP) can be used to produce adequate simulated data.
Evaluating the estimation methods in simulations re-
vealed that bias due to sampling errors in the estimation
of the underlying joint probability distributions is the
dominant error term in all estimation methods. How-
ever, the four methods differed considerably in how
much they were affected by such bias, and in how suc-
cessfully the bias could be compensated for. We found
that the adaptive-direct method (AD) performed con-
siderably better than the others in this respect, and, after
appropriate bias correction, it produced highly reliable
estimates of the true MI of the simulated data.

We then studied the recorded spike trains, and com-
pared information content extracted using different
statistics. At this stage, the calculations were performed
without assuming any specific distribution (such as
IHPP) of the spikes. We show that the general fea-
tures of the MI derived from the recorded spike trains

using the different estimation methods were similar
to those found in the IHPP simulations. We therefore
used the estimates produced by the AD method as the
best estimates of the MI in the recorded spike trains,
and compared these to the MI carried in spike count
or mean response time only. The MI carried by spike
count alone varied from neuron to neuron, representing
at times as little as 20% of the full spike pattern MI.
In agreement with previous studies (e.g. Furukawa and
Middlebrooks, 2002), we found that a timing measure,
in our case the mean response time (Methods, Eq. (4)),
is often more informative than spike count. Interest-
ingly, we also found that, together, the reduced mea-
sures of spike count and mean response time captured
essentially all the information about stimulus identity
inherent in the spike train. In the remainder of this sec-
tion we describe these key findings in detail.

Nature of the Data

The two datasets analyzed here were collected in pri-
mary auditory cortex (A1), but in different species, with
different stimuli, and under different anesthetic condi-
tions. We first describe general characteristics of each
dataset.

In the ferret dataset (ferret A1 under barbiturate anes-
thesia), the majority of neurons (∼61%) responded to
virtual acoustic space (VAS) stimuli with a short onset
burst only. Figure 1A shows a representative example
in raster plot format. In the example shown, both the
mean response time and the mean spike count varied
as a function of sound source position. An onset burst
followed by between 1 and 3 later response peaks, with
typical latencies between 120 to 400 ms, was also rea-
sonably common (∼36% of all sampled units). Neural
responses lacking a strong onset response were very
rare (∼3%) and were not included in the information
theoretical analysis. Similar phasic responses to VAS
stimuli have been described in A1 of the cat (Brugge
et al., 1996).

A representative example of a spatial response pro-
file constructed from spike counts is shown in Fig. 1B.
Since the five samples taken at each source direction
were insufficient to provide the joint distribution esti-
mates required for an information theoretical analysis,
we pooled responses from sets of 8 adjacent virtual
sound source directions. This yielded samples for 24
“sectors”, each covering about 45◦ × 45◦ of acoustic
space (sector boundaries are outlined in Fig. 1B), with
40 responses sampled within each sector. The analysis










