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ABSTRACT

The firing of neurons is studied via recorded spike trains. A technique for estimating the
summation function, the decay function and the firing probabilily function of a neuron
model, on the basis of recorded output and corresponding input spike trains, is described
and illustrated for the neuron L3 of Aplysia californica firing under the influence of the
neuron L10. The procedure of employing partial coherences to “remove” the effects of a
common stimulation on pairs of neurons is validated by applying the technique to neurons
of the cat’s auditory thalamus. In this case, the data were collected for the ncurons firing first
in a spontaneous fashion and then in response to stimulation. Finally, coherences within
groups of eight neurons are averaged together on the basis of known anatomy to enhance
discemment of patterns. In some cases, significant peaks were found in partial coherences
where no signs of association were observed during spontaneous firing. It is concluded
that the techniques presented here provide a valuable improvement in detecting associations
between neurons which are modulated by a stimulus, but are not necessarily time~locked
to its time course.

INTRODUCTION

This paper focuses on three basic problems: the analytic description of the firing of a
single stimulated neuron, the understanding of how the relationships within pairs of neurons
are affected by stimulation and isolating the common behavior expressed by neurons resident
in particular regions of the brain.

The fundamental unit of neural information processing is the neuron. This type of cell
is generally composed of the cell body, the soma, and by the appendices called the dendrites
and the axon. A very important characteristic of neurons is the fact that they are electrically
polarized cells. The cell surface, the membrane, is negatively charged inside the cell and
positively charged outside because of different ionic concentrations inside and outside the
cell. In order to keep these ionic differences at a constant level, the cell spends most of
its energy in activating special proteins at the cell membrane, which are called electrogenic
pumps. In a steady state, without external influence, the membrane potential is called the
resting potential and fluctuates around a constant level, usually close to ~70mV. The cell
body contains the nucleus with the genetic description of proteins and the organelles required
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for the synthesis of proteins and their turnover. The dendrites form the largest part of the
cell appendages. They may have very different shapes, lustered together in bundles or in
discs, and represent the major sites of obtaining input signal from other cells. The ensemble
of dendrites is often referred to as the dendritic tree and is characterized by passive electrical
membrane properties. This means the input signals, in the range of few millivolts, are
generated at special places of the dendritic membrane, called postsynaptic elements, and
passively transmitted through the dendritic tree to the cell body. The passive transmission
means that integration of several inputs might be viewed as being essentially a summation of
the input potentials with the resting potential. In a special place of the membrane of the cell
body, referred to as the 1rigger zone, there are voltage sensitive ion channels. Whenever the
cell is in the resting state and the membrane potential becomes larger than a certain threshold,
the channels open and a fast depolarization occurs. Such an event is referred to as a spike and
its magnitude is generally larger than 100m V. The membrane of the axon is characterized by
active electrical properties because of its voltage sensitive channels. Therefore, the spike can
propagate along the axonal membrane without modifications to reach the axon terminals and
it represents the way the neuron sends output signals. The axon may have several branches,
but all of them propagate the same signal, that is the spike. The junction of an axonal terminal
with a portion of the dendritic membrane is called a synapse.

The sequence of spikes of a neuron is referred to as its “spike train”. Neurophysiologists
often have been satisfied with observing whether there are several or only a few spikes over
a relatively prolonged time interval. Important concepts and findings have been clarified by
using the overall mean rate as a measure of neuronal activity. The slow integration time of
neuronal cells, operating in the milliseconds range (about a hundred thousand times slower
than presently available supercomputers), and the large number of connections established by
a single neuron suggest that neural information is transmitted by simultaneous discharge of
sets of neurons. Then one can raise the question whether the overall mean rates of firing are
sufficient to infer or to predict the experimental observations.

The next section of this chapter presents a stochastic model for neuron firing and the
results of fitting that model to experimental data from the sea hare, Aplysia. The section
“Partial Coherence Analysis” describes the technique of partial coherence analysis, as well
as experiments concerning neurons in the auditory thalamus of the cat, and then presents the
results of three such analyses for these experiments. The section “Averaging Within Groups
of Neurons™ is concerned with neurons resident in particular regions of the brain and presents
average coherences and partial coherences for pairs of neurons from those regions. The
chapter concludes with discussion of the main findings and their implications for the analysis
of neurophysiological data.

AN ANALYTIC NEURON MODEL

The threshold of a neuron may be viewed as a time~varying quantity that is reset to
a high level on the neuron’s firing and is then subject to slow decay. One effect of the
reset is to prevent firing recurring immediately and hence to incorporate the phenomenon of
refractoriness. Consider the following analytic model: let M={0;} refer to the times at which
an input spike is received by the neuron N. Given the summation function a(-), consider the
following time-varying state variable:

U@)=Y at—a;). M

0;<t

The quantity U (¢) is meant to represent the membrane potential at time £ at the trigger zone
of the neuron whose firing is of interest. The function a(-) is meant to represent the various
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processes involved in the stimulus® influencing N’s firing. The character of the function
affects whether the firing of the stimulus M increases (excites) or decreases (inhibits) the
chance of the neuron N firing. The decaying threshold will be represented by a function b(-).

Figure 1 is a layout of the situation. The bottom two panels give hypothetical a(-)
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Figure 1 The lower curve of the top panel gives U (¢) of Eq. (1) with a(-) given by the lower left function.
The hook—shaped functions of the top panel are translates of the function of the lower right panel initiated each
time the curve U (2) is crossed.

and b(-) for the case of an inhibitory synapse. (Shortly empirical estimates of a(-) and
b(.) will be provided). The vertical piles of asterisks in the top plot are meant to represent
the firing times of the input stimulus, M. The hook—shaped curves are the translates of the
decay function b(-), with a new translate introduced for each firing of the neuron, N. If «;
denotes the time elapsed since N’s last firing, then the threshold curve may be represented by
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0(t) =b(~,). The lower continuous curve of the figure is U(¢). One is concerned with the
membrane potential, U (), crossing 0(2).

Consider next the development of a stochastic version of this mode! and of a correspond-
ing likelihood function to employ in analyzing the available data. Suppose that the point
processes are simplified to discrete time series (¢=0,+1,+2,...) of binary values. That is,
a sampling interval of small length is selected such that only one point may occur within
each interval; and one defines M;=1 if there is a point in the sampling interval {, and M,=0
otherwise. Corresponding discrete versions of N and a(-) are similarly defined. Now

U =Y at—0)) =Y aruM, ()]

o;<t

and it is convenient to represent the effect of the threshold by
e ‘
9:’2 by Ni—y 3
v=1

with +; again is the time elapsed since the last N-firing.

Suppose that there is noise, with c.d.f. P(-), superposed on the threshold. This makes
the model stochastic. The conditional probability of the neuron firing given the past is takeh
to be

P,=Prob{ N,;=1{the past}=P(¢,) . 4
where
¢t=z ath-u - 0t~ (5)

Suppose that the noise comes from an unknown probability distribution and that it is
desired to estimae this distribution. It is convenient to write that distribution as

P@) =0(g(3)) (6)

where @ is the standard normal cumulative, with the consequence that g(-) will be linear if
the noise is in fact normal.

The estimation procedure employed is locally weighted maximum likelihood. The
computations are carried out recursively. To begin, set §(3) =¢ and set the derivative
g1 () =1.

Step 1. Given N, §(-) , §/(-) obtain estimates of the remaining parameters of the model,
and in particular $,, by ordinary maximum likelihood.

Step 2. Given N, ), obtain §(-) , §(-) to maximize the locally weighted loglikelihood

3" w(y — ) [NdogP: +(1— N,) log(1— P:) ] %)

with w(-) a weighting function, concentrated near 0, and with g(y) =a + Sy assumed
(locally) linear. The weighting function focuses the local estimation towards the center of the
function’s support. The estimate of g(1) is now taken to be &, + Syt and of the derivative
taken to be .

Step 3. Return to Step 1 until convergence is achieved. More details of this procedure
are provided in Brillinger (1992).
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This procedure will be illustrated for data collected on Aplysia californica, the sea hare.
The basic experiments and data collection procedures are described in Bryant et al., (1973)
and Brillinger et al., (1976). For the particular data set analyzed, neuron L3 was firing and
the input was the sequence of firing times of neuron L10. Figures 2 and 3 present the results
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Figure 2 Estimates of the functions g (-) and P (-) of Eq. (6) and of ¢ (-) the derivative of g(-).

of the computations. The dashed lines give estimated 12 standard—error limits. In the case of
§/(-), they are placed about the level 1.0. The derivative estimate §/(-) is seen to not deviate
much from 1.0 in the region of apparent probability mass. Thus, the computations are seen
to support an assumption of linearity of g(-) and hence of normality of the noise.
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Figure 3 Estimates of a, and by for the case of unknown P ().

For this particular data set, the fitting of the model described appears quite successful.
It has led to results in accord with the preconceptions of the neurophysiologists and allowed

estimation of quantities of substantive interest.

The model and fitting technique may be extended directly to the case of several inputs.
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