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INTRODUCTION

T H E rapid and impressive growth of our knowledge of the function of
the nervous system is based to a large extent on the results obtained
from electrophysiological studies of the single unit—the neuron. Its
behaviour has been studied in a wide variety of experiments which have
lead to, among other things, some understanding of its function in
coding, transmitting and relaying information. And yet as the body of
factual knowledge gathered from such single-unit experiments has
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increased, it has become more and more apparent that there are dis
tinct limitations to the single-unit approach to nervous system function.
Basically, the neuron studied by itself is incapable of revealing the
details of the more significant organizational properties of the nervous
system. Nor can statistical reconstructions of what populations of
related units are doing under certain situations help very much. See,
for example, the recent discussion on neural communications by Mackay
(1968). We need to know in temporal detail how groups of neurons inter
act with one another during their information processing.
I t appears that as far as electrophysiology is concerned this know
ledge can best be obtained by the study of several interacting units—in
fact, as many as possible—observed simultaneously. Unfortunately, the
multiple-unit study poses formidable problems with respect to both the
biological techniques and the data-processing methods that must be
employed if meaningful results are to be obtained. At present there is
room for considerable advance in both of these areas. The problems
associated with the data processing of multiple-neuron activity have
particular appeal and relevance to bioengineering and can be listed
here:
1. What are the parameters of neuronal spike discharges which show
the greatest variation from neuron to neuron and are therefore useful in
identifying and separating these discharges from one another?
2. How does the omnipresent background noise affect the reliability
of the separation process?
3. What is the nature of the temporal fluctuations of the waveform
parameters and how significant is the blurring they produce in obscuring
interunit waveform differences?
4. How are the statistical tests of interunit interactions affected by
the goodness of the separation process?
5. Can the separation process be instrumented for on-line perfor
mance so that experimentation can be done more efficiently and rapidly ?
The purpose of this chapter is to discuss some of the progress that has
been made in the processing of multiunit electrophysiological data
with respect to the solution of these problems. In so doing I hope also to
be able to point out some of the difficulties and limitations that have
been encountered in multiple-unit data analysis.
This concentration of attention has made it necessary for me to omit
reference to a large body of literature dealing with the detection and
analysis methods employed in single-unit studies. I have also somewhat
arbitrarily decided not to discuss, or to discuss only in passing, such
simple techniques of multiunit processing as separation by spike
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amplitudes. There have been a number of papers devoted to methods of
this type but they appear to offer only marginal success in performing
spike separation. I shall deal instead with techniques that approach the
problem at a more basic level and point the way, hopefully, to further
significant improvements in methodology.

II.

T H E ELECTRICAL ACTIVITY OF THE INDIVIDUAL N E U R O N

Since it is the electrical activity of individual neurons and groups of
neurons that we are interested in, it is essential to outline their basic
physiological properties. A complete discussion of neuron physiology is,
however, beyond the scope and needs of this chapter and can, moreover,
be found in almost any up-to-date text on neurophysiology, see Eccles
(1959) for example. More appropriate here is a brief discussion of neu
rons as generators of the electrical signals upon which our data-pro
cessing and analysis techniques will operate.

A. The All-or-None Spike Potential
The neuron in its resting state has an intracellular potential of
approximately — 60 mV. When the cell is stimulated to threshold and
beyond, it generates its characteristic all-or-none or spike discharge.
This is a brief, initially positive-going pulse lasting on the order of a
millisecond with a peak amplitude of about 90 mV. A typical spike
waveform is shown in Fig. 1 (a). I t varies somewhat from species to species
in the amplitudes of its positive and negative components and in its
duration. I t also varies from one class of neuron to another within a
given animal, and even within a class. More important to this discussion
it varies, for a given neuron type, with the site of the recording electrode.
The variability of spike waveform is further increased by the wide
range of electrode shapes and materials investigators use in fabricating
their electrodes. I t is not uncommon to see photographs published by
different investigators of neuron spikes of considerably different wave
form that were obtained from similar locations in the nervous system of
a particular species. The use of different types of anaesthetic drugs,
muscle relaxants, etc., may also play a significant role in causing spike
waveform variation. I t is, however, the waveform variations obtained
from a particular electrode at a particular time t h a t we are concerned
with in our attempts to separate and identify the different neurons
involved.
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B. I?itracellular Electrical Activity
The all-or-none spike is seen with greatest fidelity by an electrolytefilled micropipette electrode which penetrates the membrane of the
neuron. Such an electrode, when used with appropriate amplification
equipment, follows the time course of the action potential accurately
and permits the detailed study of waveforms produced by cell bodies
whose diameters are as small as 30 microns or less. In addition, it often
permits the observation of the excitatory and inhibitory post-synaptic
potentials, the EPSPs and IPSPs, that are generated by stimulation of
the cell by presynaptic neurons (see Fig. lb). The ability of the electrode
to observe this type of activity is governed by the site of its tip with
respect to the synapses of P S P origin. Because the propagation of the
PSPs is in a decremental fashion, those originating from more distant
synapses will be attenuated and more difficult to observe through the
electrode noise than those from nearby synapses. In this way PSPs of
different synapses can be distinguished by their observed amplitudes.
In addition, if there are significant differences in the location of the
synapses or in the dendritic paths between synapses and electrode, it is
possible that the waveforms of non-temporally overlapping PSPs
could be distinguished on the basis of their shape properties. I t may
also be possible when they overlap if the subthreshold conduction
properties of the neuron are sufficiently linear over the range of mem
brane potentials involved. Thus, although an intracellular electrode
observes only the all-or-none spike of the cell impaled, it sees via the
PSPs the activity of several presynaptic neurons. From this interaction

(a)
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(c)
F I G . 1(a). A spike recorded from the earthworm median giant fibre with an
intracellular micropipette electrode. (From Goldman, L. (1964). J. Physiol., 175,
125.) (b) Postsynaptic potentials (PSPs) recorded with an intracellular electrode.
A is an IPSP, B and EPSP from a cat motoneuron. (From Coombs, J. S., Eccles,
J. C. and Fatt, P. (1955), J . PhysioL, 130, 326). (c) A typical spike recorded extracellularly from cat somato sensory cerebral cortex with an insulated metal
microelectrode. (From Towe, A. L. and Amassian, V. (1958). J. Neurophysiol., 21,
292.)
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studies of the presynaptic neurons with the post-synaptic neuron can be
envisioned. The success of this type of study will depend upon the distinguishability of the PSPs from one another. Burke (1967) and Rail
et al. (1967) have discussed rather thoroughly the factors which deter
mine the shapes of the unitary, miniature EPSPs evoked in motoneurons by activation of a single afferent fibre. Their results support the
idea that the activity of presynaptic neurons can be identified by the
shape of the evoked unitary PSPs. The properties of the all-or-none
spike itself have been well described as have the electrode techniques
used to obtain them. Frank (1959) discusses them in detail. A discussion
of the properties of the PSPs is given by Grundfest (1959).
C. Extracellular Electrical Activity
Records containing the interleaved spike activity of several neurons
are obtained by using an extracellular electrode, one that does not pene
trate the neuron membrane. The all-or-none spike potential as observed
by such an electrode ranges in peak amplitude from tens of microvolts to
several millivolts. Its initial peak is negative-going usually. See Fig. lc.
The major cause of the wide variation is the distance between the re
cording tip of the electrode and the cell. For a theoretical discussion of
how the amplitudes of extracellular spike potentials in the vicinity of a
neuron can vary with the state of the recording electrode, see Rail
(1963). Fortunately, however, the amplitude of the extracellulary
recorded spike is not the only recorded parameter that varies from cell
to cell. If it were, the process of identifying different cells within a
record would be constrained to be one-dimensional and be limited by
the intrinsic fluctuations in the spike amplitudes as well as by the back
ground noises produced by irrelevant biological sources and the instru
mentation itself.* As mentioned previously, variations in the structure
of the neurons and their locations with respect to the recording electrode
give rise to consistent differences in the shapes of the action potentials.
* I t should be pointed out that there is no comprehensive understanding of the electro
chemical processes involved in the monitoring of cellular potentials with microelectrodes.
This is particularly true when metal microelectrodes are used. The literature on this
subject consists mainly of recipes for manufacture of microelectrodes each of which is
reputed to be better than the others either in recording capabilities, ease of manufacture
or ease of use. The shape of the exposed tip, the type and thickness of the insulation, the
type of metal and the nature of its surface plating, if any, are the variables to be mani
pulated. I t is a field of modern alchemy in which anyone is qualified to practice. No one,
unfortunately, devotes himself to a thorough study of this significant but unglamorous
field. I t is a troubling thought t h a t the expensive and sophisticated instrumentation
which has been developed for single-unit physiological studies, running from the capa
citance-compensated amplifier to the on-line digital computer, seems to be balanced on
the tip of the somewhat fragile and poorly understood microelectrode.
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These differences make the identification process a multidimensional
one with the new dimensions being the parameters of the observed
waveforms. The situation is similar when recording spike activity in
fibre tracts by means of extracellular electrodes. The extracellular
potentials are again small compared to the full-action potential ob
served with an intracellular electrode, and their waveforms vary with
the distance between electrode and axon and with the diameter (and
other properties) of the axon. Fig. 2 illustrates a group of five different

F I G . 2. A x o n spikes from optic n e r v e of limulus as observed w i t h a wick e l e c t r o d e .
( F r o m Glaser a n d M a r k s , 1968.)

fibre spikes observed with a wick electrode in optic nerve of limulus.
Differences in waveform are clearly visible to the eye in this situation.
However, whether the extracellular electrode is recording from the
neighbourhood of cell bodies or from axons in a nerve, the observed
simultaneity of the electrical activity does not necessarily mean t h a t
there are functional relationships among the units, something which
would be true for the units evoking the PSPs observed in intracellular
records. But this is just what we are attempting to learn in studying
the interleaved spike activity of groups of neurons. The major problem
in dealing with multiunit electrode data is how to process it. We must
design data-processing instrumentation which can detect spike wave
form differences automatically with facility equal or superior to that of
the eye and rapidly enough so that the activity of the different neurons
can be separated while an experiment is in progress.
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III.

NEURONAL SIGNAL DETECTION AND ANALYSIS
AS A PROBLEM IN COMMUNICATION THEORY

Simply stated, we view the neurons as electrical signal generators
whose output signals have individually distinguishable characteristics.
These signals are received through a background of noise that originates
partly within the biological medium through which these signals
propagate and partly in the receiving apparatus which consists of the
microelectrode and its subsequent amplifier. This is straightforward
enough as a description of extracellulary recorded activity. In the
intracellular situation, where PSPs as well as the spike generated by the
impaled neuron are observed, we regard the PSPs as individually dis
tinguishable signals that can be traced back to an originating neuron
through an intervening transducer, the synapse. For either intracellular
or extracellular experiments the uniqueness of a waveform is assumed
only for the time span during which the microelectrode is in a fixed
location. To say that the neuron waveforms, spike or PSP, are dis
tinguishable is not very useful unless we further specify in what way
they are distinguishable and with what reliability. Unfortunately this
is not so easy. We begin, however, by saying that in a particular ex
perimental situation a neuron emits a waveform defined by a unique
set of parameters. These parameters may fluctuate somewhat from in
stant to instant, but the fluctuations are often small enough so that
highly reliable statements can be made when deciding which waveform
was emitted from which neuron. In the most simple situation, the am
plitude of a waveform is adequate to identify the neuron generating
it, and if the spike amplitudes of two active neurons are sufficiently
different, a reliable separation of waveforms can be made simply by
amplitude discrimination. In the more general situation, waveform
amplitude alone is not adequate for reliable separation. A more
sensitive parametric description of waveforms must be employed to
maximize waveform differences among the neurons and to minimize
any noise interference with the measurement of waveform parameters.
This description of the waveform generators together with a description
of the background noise processes permit an analysis of the goodness of
the waveform separation process. Such a procedure is quite similar to
those employed in analysing the effectiveness of man-made communica
tion systems, since for us the neurons are the signal transmitters and we
are interested in receiving their individual time-coded messages with as
little error as possible. In this type of study, we can also expect to gain
some insight into the ultimate ability of any data-analysis system to

SEPARATION OF NEURONAL ACTIVITY BY WAVEFORM ANALYSIS

85

perform the designated task of separating neuronal waveforms. In the
following sections we formulate the problem of neuron waveform
identification as a communication theory problem and proceed with a
method of solving it. We have attempted to keep the model as simple as
possible while maintaining reasonable accord with physiological reality.
A. Signal Properties
If there were no noise in the electrode data obtained, the problems
associated with the analysis and interpretation of single-unit data
would diminish but, owing to the variation among the waveforms,
would certainly not vanish. I t is necessary to ascribe to the neural
signal sources properties that permit the formulation of an appropriate
model of the signal-in-noise situation. The validity of these assumed
properties may be open to some question, but they have been of great
value in establishing the groundwork for meaningful studies. The
assumed signal properties can be listed as follows:
1. Fluctuations in signal waveforms
In the case of unit activity, we assume that the units observed by the
electrode are undamaged and motionless with respect to tip of the
electrode. This is often capable of indirect verification at the time of
the experiment. The spike-generation process within the neuron and
the physical relationship between neuron and electrode are therefore
unchanging. If there are temporal variations in the spike-generation
process, these are assumed to be randomly produced and independent
both of the observational procedures and of any alterations in stimulus
conditions during the experiment. Various aspects of this assumption
have been discussed by Mountcastle et al. (1957).
2. Additivity of signals when they overlap
The intraneuronal mechanisms involved in producing a spike dis
charge are assumed to be independent of activity in other cells. That is,
when a spike occurs, its shape is independent of the activity which may
exist at the time in neighouring neurons. Of course, the initiation of a
spike discharge by a neuron is in part caused by the activity of other
neurons but its shape presumably is not. Where unitary PSPs are
involved, we assume that their shape is not altered by PSPs produced by
other cells. As long as the neuron membrane potential is not excessively
hyperpolarized, this seems to be a reasonable assumption. See Eccles
(1959).
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B. Noise Properties
The description presented here of the interfering noise processes
represents a combination of what is known about these processes
tempered somewhat by our ability to cope with the analytical difficulties
they impose. These properties are considered to be applicable to both
the instrumentation system noise and the biological noise. There is
ample evidence that they are valid for the instrumentation noise
sources. Their applicability to biological noise sources is considerably
more tenuous but satisfactory when filters are used to remove the lower
frequency noise components from the electrode data. This is generally
the case in microelectrode experiments.
1. Gaussian amplitude probability distribution
The probability density function for the amplitude of the voltage n(t)
generated by the combined instrument and biological noise source
at any time is given by

P{n)

= [2. VaU)]»» 6XP (-2v!(J

(1)

where Var(n) = n2 is the variance of the noise. E(n) = n is its
expected value and is assumed to be zero.
2. Stationarity
By stationarity is meant the temporal invariance of the mechanisms
responsible for the noise. Such an informal definition can be made more
precise. A first-order stationary process is one whose amplitude prob
ability distribution, equation (1) in this case, is independent of time.
A second-order, wide-sense or covariance stationary process is one
whose second-order joint amplitude probability distribution p[n(t),
n(t + h)] at t and t + h is independent of t. This can be extended to
definitions of processes said to be strictly stationary of order k. See
Parzen (1962). Covariance stationarity is the assumption commonly
made about the noise involved in signal-detection processes of the type
discussed here. I t is quite satisfactory for instrument noise, but less so
for the biological noise which in many situations of interest is not
covariance stationary at all. In dealing with single-unit events, however,
it is useful and customary to filter out the low-frequency biological
noise components that contribute most to the non-stationarity. (In
studies of slow waves, the signals and noise are located in the same part
of the spectrum and no such simple filtering technique is available.)
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3. Spectrum
The power spectral density N(f) of a covariance stationary noise
process is obtained from its covariance function Rn(t), and vice versa,
by means of the Wiener-Khintchine relations
/»oo

N{f) =

Rn(t) e " t o i df

(when ω = 2π/)

(2)

J - 00

Rn(t) = Γ

N(f) e'»( d/.

(3)

J - oo

Instrumentation noise is generally white, meaning that its spectral
density as a function of frequency is a constant N0. Biological noise has
its power located mostly in the region of the spectrum below several
hundred Hz.* Spike waveforms and unitary PSPs have spectra |£(/)| 2
as defined by the relation
S{f) = Γ

s(t)e~iüJtdt.

(4)

J - oo

The energy peaks of S(f) are in the kHz region. A relatively small
fraction of the energy in S(f) resides in the low-frequency part of the
spectrum occupied by the biological noise. High-pass filters, as men
tioned previously, remove most of the non-spikelike biological noise
without significantly distorting the shape of the unitary events. We
assume that such a filter precedes the waveform analysis system.
The noise at the output of this filter is therefore covariance stationary
though non-white.
C. Signal and Noise

Interactions

While the electrical activity of the nervous system can for the pur
poses of a particular experimental study be partitioned into two com
ponents, signal and noise, this does not in itself dispose of the noise. The
biological noise is primarily electrical activity other than that which is
being investigated, in this case neural spikes or unitary PSPs. I t is
necessary to consider possible relationships between the signal and the
noise, relationships which can be of great significance in the analysis of
signal activity.
* Since the biological noise is non-stationary, the Wiener-Khintchine relations are
inapplicable, although it is still possible to define and measure a spectral density and a
covariance function.
4 + A.B.K.
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1. Additivity of signal and noise
This basic assumption states that signal and noise sum additively in
all situations. The processes responsible for the background noise do not
then affect the processes responsible for the shape properties of the
unitary events. Thus, even though the unitary activity and the noise
activity may be functionally and statistically related, the total electrical
activity observed by an electrode can be legitimately decomposed into a
signal component and a noise component. There does not appear to be
much direct evidence regarding the validity of this assumption although
most experimental work on spike activity indicates that it is a reason
able one to make as long as waveform resolution is not to be attempted
at too fine a level. The nature of the nerve membrane and the spike
generation process is such that the shape of unitary events should be
affected to some extent both by slow wave potentials which presumably
represent summed dendritic potentials and by neighbouring spike
activity which can act through synapses to vary the membrane poten
tials of the cells being studied. We assume that these effects on wave
form are negligible.
2. Statistical independence of signal and noise
This assumption is less tenable than the previous one. There is often
accompaniment of resolvable spike activity by bursts of unresolvable
activity from nearby units. Fox and O'Brien (1965) have also shown
interdependency between spike activity and slow wave activity. The
usefulness of this assumption lies in the fact that it permits assigning to
each signal waveform a region in signal space whose volume is deter
mined by the variance of the noise and is independent of the time of the
waveform's occurrence. The assumption is clearly applicable to inter
actions between signal and instrument noise.
D. A priori Information and Signal

Identification

The task of detecting signals in a noise background and of identifying
the different signal sources is made easier by the availability of prior
information that describes the properties of the signals and noise. With
such information it is possible to design a system superior in perfor
mance to what would otherwise be possible (unless learning or adaptive
behaviour were built into the system). Fortunately, this is the situation
that obtains here. As already mentioned, knowledge of the spectra of the
biological noise and the neural signals permits us to employ high pass
filters to remove a large part of that noise while introducing a minimum

SEPARATION OF NEURONAL ACTIVITY BY WAVEFORM ANALYSIS

89

amount of distortion and energy loss in the signal waveforms. In addi
tion there is a considerable amount of information available on the
shape properties of the unitary waveforms, and this type of information
permits us first to design filters which further improve the detectability of these signals and, second, to employ these same filters to esti
mate the shape parameters of the waveforms. We can then distinguish
one waveform from another on the basis of differences in the estimated
waveform parameters. This is true, of course, only if the measured
differences can be legitimately ascribed to different waveform sources
and not to noise or fluctuations in a given waveform source. A priori
information is thus useful in t h a t it can point out the important para
meters of the waveforms and also, perhaps, provide their probability
distributions. I t cannot do more, for in any experimental situation
particular waveforms occur only according to chance. A priori infor
mation permits us to narrow our attention to the more likely wave
forms and becomes an integral part of the decision-making rules we
build into our data-processing system.
1. Decisions and decision errors
With the properties of the signal and noise sources described, we can
proceed to the task of determining how the information contained in the
signal sources can be effectively, if not optimally extracted from the
signal and noise mixture in the electrode records. A basic finding of
communications theory states that there is a limit to the amount of
information which can be extracted when signal is obscured by noise
and that this limit is determined both by the properties of the noise
and the signals. The accuracy and reliability of such numerical measure
ments of unit activity as post-stimulus time (PST) histograms and correlograms and the confidence measures applicable to the acceptance or
non-acceptance of hypothesis tests of unit activity are all determined by
signal and noise properties. When there is but a single unit present in
the records, each of its spike discharges needs only to be identified
from the background noise. Two basic errors are possible: missing the
occurrence of a spike (false dismissal) and identifying a noise pulse as a
spike (false alarm). The probabilities of both types of events are depen
dent upon the signal-to-noise ratio, and questions relating to the reli
ability of data analyses are relatively simple to answer on the basis of
this signal-to-noise ratio. When there are two or more active units in a
record, there arises the possibility of misidentifying the unit discharges,
assigning spikes to unit B which were actually produced by unit A and
vice versa. These errors depend not only upon the signal-to-noise ratio
but also on the criteria used to separate the spikes from one another and
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on the actual differences in the shapes of the waveforms. We will discuss
the decision errors associated with spike identification but not, however,
the manner in which they affect histograms and the other spike data
analyses.
E. Multidimensional

Signal Space

We will represent the spike waveforms as signal vectors in an Mdimensional data space. In this space only the past T seconds of elec
trode data are used to generate a data vector whose tip moves with time
along some trajectory, partly random and partly predictable. The
history of the received data over the past T seconds from the present
can be written as
M

v(t - s) =

2 am(t,)<f>m(s),

(0 < s < T).

(5)

m= l

The </>m(s) are the coordinate axes of the M dimensional space and the
am(t) are the coordinate magnitudes. An explicit identification of the
axes need not be given at this time. They could, for example, be asso
ciated with the sampled data representation of v(t) in the time interval
considered. The am would then be the amplitude samples obtained at
equally spaced time increments ΔΤ and the <f>m the cardinal functions
sin

4 - -)

4 - =)
As will be seen, other representations are often more useful than
the sampled data representation. The number of dimensions necessary
to represent v(t) without error over the past T seconds is generally
infinite. However, it is possible to use only the first M components if the
data has bandwidth limitations or if one is willing to tolerate the errors
associated with an approximation to the continuous data. The power
spectrum or autocorrelation function of v(t) determines how large M
should be for a given approximation error. These matters are discussed
by Steiglitz (1966). He has some explicit results relating the number of
samples to the approximation error in sampled data representations of
signals that are not band limited. Such representations are employed
when digital computer data processing is employed. Although Steiglitz's
results are approximate in themselves, they can be used to estimate the
sampling rate to be employed for the neural data obtained from the
microelectrode. If this sample rate is R samples per second and T
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seconds of data are to be considered at any one time, the dimensionality
of the data is RT + 1. When analogue filtering techniques are em
ployed, they are themselves based upon sampling ideas, as in the case of
the delay line or transversal filter, or their design specifications are
obtained from the data by spectral analyses that have used band
limiting sampling techniques. Thus, the concept of a limit to the dimen
sionality of even non-bandlimited signals is an acceptable and accurate
one.
The use of a multidimensional space permits a simple visualization
of the problem associated with signal detection and identification. The
vector representing the last T seconds of data will describe a trajectory
in this space as time progresses. Because of their differing structures,
noise and signals of various waveforms will tend to occupy different
regions of the data space and to have different trajectories within it.
Separation of J different signals from noise and from one another is
then possible by partitioning the space into J + 1 regions such t h a t
when a data vector is found to lie in the Jth region of the space at a
particular time, it is said to have been produced by the j t h signal source;
if it is in the Oth region, it is said to be noise. The partitioning of the
space is a difficult task which must utilize a priori knowledge about the
structure of the noise and signals encountered in order to yield optimum
performance results. Since in many situations a priori knowledge about
signal structure is not fully available, one of the functions of the data
analysis procedures is to make signal structures more fully known for
subsequent, more powerful investigations. For this reason, probably the
most useful approach in the future to the problems of separation and
analysis of neuronal signals will be in terms of adaptive pattern recog
nition procedures.
The establishment of data space partitions is done according to
decision rules that are generally of the maximum likelihood type. These
insure some aspect of optimality to the decision process according to the
particular criteria adopted. However, there is generally no partition
which can yield perfect performance—a certain amount of error is
inherent in the decision process and must be tolerated. Furthermore, as
the complexity of the neural records increases with the number of units
in a record, the performance level of even optimum systems deteriorates
resulting in an upper limit to the complexity of the neural data records
which can be profitably analysed. Carefully obtained single-unit records
can be processed with negligible errors. When there are two units pre
sent, their occasional overlapping in time and their fluctuations in
amplitude and shape give rise to unavoidable errors of identification.
When three or more neural units are recorded from, the situation
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deteriorates further. I t is not possible to set a limit to the number of
units that can be handled simultaneously because this depends upon at
least three factors: the resolvability of the particular units recorded
from, the type of analysis which is to be performed on the data and the
degree of confidence which is to be attached to the results. With these
considerations in mind, we can proceed with discussion of the separation
process.
F. Decision Procedures in Detection and

Identification

The simplest separation problem is that of separating a known pulse
shape from background noise. If the shape of the pulse is s(t) and it
occurs in background of stationary, white noise, it is well known, see
Davenport and Root (1958) for example, that the ratio of peak signal
to r.m.s. noise is a maximum at the output of a filter, called a matched
filter, whose impulse response h(t) is given by
h(t) = s(-t).

(6)

Decisions as to whether the filter output is produced by signal and noise
or noise alone can be made in an optimum fashion using only the am
plitude of the unidimensional vector representing the present output of
the filter. The actual decision rule employed depends upon the a priori
probability of occurrence of the signal, P s , and the choice of costs asso
ciated with the decision errors of false alarm and false dismissal. In the
simplest of situations s(t) occurs with a given strength or not at all. The
decision rules is to decide that signal is present if the filter output ex
ceeds a threshold level determined by Ps and the cost function. If the
threshold is not exceeded, noise only is said to be present. A thorough
treatment of decision theory as applied to signal detection problems is
given by Middleton (1961) and by Helstrom (1960).
The output of the matched filter is determined by the history of the
nput to the filter over the past T seconds, the duration of the filter
impulse response. If the input data can be represented by a finite
number of samples obtained at the rate of R per second, the filter out
put can be considered as a weighted sum of the last RT + 1 samples
rather than as a weighting applied to the continuously observed data
over the same T seconds. That is, the integral representing the filter
output can be replaced by an approximating summation
RT

x(t) = 2 h(m&T)v(t

- mAT)

[R = (ΔΤ)" 1 ].

(7)

m=0

The summation approximation is of great value when the data is to be

SEPARATION OF NEURONAL ACTIVITY BY WAVEFORM ANALYSIS

93

processed by digital computer. The output of the sampled matched
filter is a projection of an RT + 1 dimensional data vector along the
direction in data space determined by the signal vector itself. The
decision as to signal presence or absence is made at the epoch of the
signal, the time when in the absence of noise the filter output would be
maximum. At the signal epoch the noise-free data vector has the same
direction cosines as the time-reversed filter vector. Let us illustrate the
idealized signal in Pig. 3(a) as only a two-dimensional vector. The com
ponents are s ^ ) and s(t2) where t2 — t± = ts. The input data v(t)
is monitored continuously so that v(t) and v(t — ts) are continuously
available. As time proceeds, the vector representing these two quan
tities describes a trajectory as shown in Fig. 3(b). Noise is assumed
absent. The epoch occurs when the trajectory intersects the radial line
whose direction cosines are that of the signal vector. (For simplicity
this is assumed to occur only once per signal waveform.) In a noisy
situation the trajectory will be perturbed and will tend to lie in a region
around the trajectory as shown in Fig. 3(c). The size of this region is
determined by the power and structure of the noise. The epoch of a
noisy signal unless known a priori must be estimated and some error is
inevitable. One reasonable estimation procedure is to call the epoch the
time at which the output of the matched filter is at a maximum. Such
a procedure is easy to instrument with a time derivative taker followed
by a detector of negative going zero crossings. This sequence of opera
tions at the output of the matched filter generates a pulse at the time the
filter output reaches its maximum value. The error involved in this
estimation process will increase as the background noise power in
creases. Since the output of the matched filter is symmetric about the
true epoch, the estimated epoch is unbiased with respect to the true
epoch. I t is also a minimum variance and maximum likelihood estimate
under the assumed conditions of stationary, normal white noise and a
signal of known shape.
Another possible method for epoch estimation involves the estimation
of the direction cosines of the received data vector in the ET + 1
dimensional sample space. The epoch is said to occur when the direction
of the received vector approaches most closely to the direction of the
noise-free signal. Thus epoch estimation would be done according to the
equation
sin dvs(t) = min.

(8)

The instrumentation required for this epoch estimation process appears
to be more complex than that for the previous estimate. The method
is mentioned here only to illustrate that alternative methods for epoch
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(a)

\i(t-t$)

FIG. 3(a). An idealized signal (spike) waveform. A two-dimensional represen
tation is obtained by representing the waveform by its amplitudes at t1 and t2.
(b) The trajectory of the signal vector in signal space when there is no noise
present. The epoch occurs when the vector amplitude is a maximum, (c) The
trajectory of the signal space when background noise is present. The dashed lines
indicate the region in which the perturbed trajectory usually lies.
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estimation exist. Under certain circumstances they may be the methods
of choice.
Once the epoch has been estimated, the problem of single-signal
detection is solved, for the only thing t h a t was to have been learned
about the signal in this situation was its time of occurrence. If there are
several different signals expected, each of known waveform, the prob
lem becomes to decide which, if any, has occurred. The solution to this
problem is a straightforward generalization of the previous one. I t is to
employ a matched filter for each of the waveforms and to decide the
presence of that waveform whose corresponding matched filter output
is largest at each estimated epoch. This is true provided that the im
pulse responses of the different filters are normalized with respect to
their energies, i.e.
hi2(t) dt = constant

(for all i).

Pig. 4 illustrates a matched filter system for the separation of three
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known waveforms in noise. A threshold detector in each filter channel is
employed to discriminate against the identification of noise as a signal.
In this multiple-signal separation problem, the received data vector is
projected by the matched filters onto the vectors of the sought-for sig
nals. The block diagrams indicate only the operations on the data, not
how they are to be performed.
4*
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If the solutions described for the separation of known signals in noise
are optimum according to the decision criterion employed, that of
maximum likelihood, then all other solutions are inferior from this
standpoint. However, the degree of inferiority of a given solution must
be determined in any useful system performance evaluation, for it
often occurs that a non-optimum solution to a problem performs
adequately and is capable of being implemented more easily and econo
mically than the optimum one. Another consideration of equal, if not
greater importance is whether the solution is capable of on-line opera
tion—separating signals as they occur in time with little or negligible
delay between the receipt of a signal and its identification.
When the waveforms to be separated are unknown or partially known
a priori, the matched filter approach is unsatisfactory since one cannot
specify exactly the matched filters to be employed. This is the prevailing
situation in experiments utilizing extracellular electrodes. Waveform
separation can be accomplished but only after the structure of the wave
forms encountered have been determined. The separation process
involves four steps:
(1) detection of the presence of spike activity,
(2) estimation of the shapes of the various spike waveforms,
(3) establishment of decision criteria based upon the differences of
these shapes,
(4) testing of each waveform to determine the group it belongs to.
In simple situations spikes produced by different neurons will be
significantly different in amplitude so that the first two steps can be
taken quickly and easily, usually in the space of a few minutes or less
in on-line operation. The amplitude ranges of the spikes from each of
the several neurons are first determined and amplitude windows then
employed to permit the on-line separation of the spikes. The process is
similar when the data is recorded on tape and played back after the
experiment. Here, however, the data occuring in the initial few minutes
prior to the completion of the waveform analysis can be salvaged during
replay by employing the decision rules used for the later portion of the
run. Spike separation by amplitude discrimination is satisfactory when
a record contains two or perhaps three units whose spike amplitude
distributions are different enough from one another and from the noise
as to overlap only slightly, if at all. Generally this implies that the
individual unit discharges are large in amplitude and stable, a situation
indicating close proximity of the units to a nearly motionless recording
electrode. The spike amplitude perturbations produced by the noise are
not large enough to smear one spike amplitude distribution into another.
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FIG. 5(a). A rudimentary block diagram of a non-adaptive signal analyser.
The configuration of the system is fixed by a priori selection of the data filters and
the criteria built into the waveform classifier, (b). A rudimentary block diagram of
an adaptive signal analyser. The parameters of the data filter, the threshold
detector and the waveform classifier are modified according to automatic analysis
of the output data from the system. The system tries to optimize its performance
in any given signal and noise situations.
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Such a fortuitous combination of circumstances occurs infrequently.
Situations in which there is significant overlap in the amplitude dis
tributions of the spikes from different units are far more prevalent and
data analysis procedures must be able to cope with them if multiunit
studies are to be fruitful. Success in separating neural pulses is closely
related to the kinds of subsequent analyses of interunit interactions.
Their sensitivity to the various errors of classification will differ and the
effects of these errors on the hypothesis testing of unit interaction need
to be determined. The sensitivity to decision errors undoubtedly
increases with the number of units involved.
On-line performance of the processing system makes it necessary that
steps (1) through (4) above be completed in a single pass of the data
with a minimum amount of time being devoted to the first three steps.
The simplest procedure is to perform the tasks in sequence, the outcome
of each step providing the data to be used on the next. A more efficient
and rapid way is to employ information feedback and use the waveform
estimates of the fourth step to improve both the waveform estimation
process of the second step and the setting of the decision boundaries of
the third step. This so-called adaptive or learning procedure, see Nilsson
(1965), possesses the further advantage that it can be employed
throughout the experiment to update waveform estimates as the data
accumulates. Rudimentary block diagrams of a non-adaptive and an
adaptive waveform separation system are shown in Fig. 5.
G. Orthogonal Representations of Neural Signals in the Data Space
Regardless of whether one employs a non-adaptive or adaptive pro
cedure to separate waveforms, there must be some type of data filter
upon whose output the decision-making process can be performed.
When there are several known waveforms, the data filter can be a set
of parallel matched filters, one for each waveform. A possible extension
of this to the situation where the waveforms are initially unknown is to
use the spike data to synthesize adaptive filters matched to the indivi
dual waveforms. This idea has been pursued by at least one investi
gator, Smith (1963, 1964). However, when more than two or three
waveforms are present, such a system can become quite cumbersome.
1. Orthogonal basis filters
There is a filter technique which follows the matched
but avoids the need for a filter for each waveform.
involves approximate synthesis of the matched filters
limited set of orthogonal filters whose impulse responses

filter approach
The technique
by means of a
can be specified

SEPARATION OF NEURONAL ACTIVITY BY WAVEFORM ANALYSIS

99

beforehand and built into the system. If this set of filters—the basis
filters—is chosen with care, it is possible to synthesize with an accept
ably small error the desired matched filter responses from linear com
binations of the selected filter functions. Acceptably small error here is
taken to be one guaranteeing that the additional decision errors intro
duced by the use of the approximated matched filters are small.
Let the neural pulse waveforms to be separated be s^t), s2(t), s3(t),
etc. They are members of an ensemble of neural spike waveforms. The
matched filter impulse responses for each of these waveforms is given
by
A,(i) = «,(-*)·

(9)

Let the basis filters employed be the first M members of the complete
set of orthonormal filters <j>k(t), where

JJ MW*(0 di = hik

(i, k = 0, 1, 2, . . .). (10)

The interval of time T for which the filters are defined is made at
least as great as the duration of the longest spike waveform which can
be encountered. If the complete set of filter functions is employed, it is
possible to represent any h^t) without error by
00

h,(t) = Σ ««A(0

(o < t < T).

(ii)

fc=0

For simplicity, the background noise is assumed to be white. When this
is not so, the situation is somewhat more complex, but little is gained
considering it here. For details see Middleton (1961). When only the
first K filters of the basis set are employed, there is an error in approxi
mating hi(t) given by
ΛΓ Γ

Jo

L

K

k=o

(t)

at.

(12)

The integrated square error has been used for simplicity. An average
error E(eK) over the set of all impulse responses associated with the
spike waveforms can be defined as

E(eK) = jHP(h)eK(h)dh.

(13)

The H space of possible filter functions h corresponds in one-toone fashion with the S space of receivable neural spikes. p(h) is the
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probability density of h in this space. With the idea of an average
approximation error in mind, several questions can be posed:
(a) can we find a set of orthogonal filter functions whose first K
members minimize E(eK)1
(b) can K be kept reasonably small and still yield an error which is
consistent with acceptable spike separation performance?
(c) is the process which determines the optimum filters one which can
be mechanized for on-line analysis of experimental data?
An interesting approach to the solution of these problems is that first
employed by Huggins (1957). This involves the arbitrary a priori
selection of the set of orthogonal filters to be employed. Typical choices
for orthonormal filter responses are the Laguerre functions, the Hermite
functions and sets of filters whose responses are determined by the
Gram-Schmidt orthogonaHzation process. Aside from the problems of
synthesizing these filters, difficulty is encountered in obtaining a
reasonably close approximation to the waveforms of interest with a
small number of the filter components. Selection of the set of basis
functions to employ in a particular situation depends mostly on intui
tion with no explicit use of a criterion for goodness of fit. Nonetheless,
such procedures have met with a certain amount of success.
2. Principal component determination of the basic functions
A somewhat different approach can be taken by employing the
methods of principal component analysis which have had their origin in
multivariate statistics. See Anderson (1958), Seal (1964) and Huggins
(1960). John et al. (1964) and Donchin (1966) have employed these
methods in the study of average evoked slow wave responses. The
applicability of such methods to single-unit separation procedures
seems to be great.
Consider a neural spike S(t) to be represented by its waveform
samples at M instants of time equally spaced ΔΤ seconds apart. The
spike is an M dimensional vector s whose coordinates are the sampled
amplitudes {£(£m)}. Let this spike be one realization, originating from a
particular neuron, of a neural waveform arising from a population of
neurons, each generating its own "signature" waveform. The set of
waveforms can be characterized by an a priori probability distribution
in signal space. I t is convenient, though not essential, to assume a
normal distribution for the signal vectors. I t is also appropriate to
ignore the background noise in which the waveforms are observed, at
least in so far as describing principal components is concerned. The back
ground noise becomes significant in considering procedures for estimat-
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ing the principal components of a particular set of waveforms observed
in noise.
The covariance matrix, Σ, of the neural waveforms is given for the
sample amplitudes describing these waveforms by
Σ = E(S - μ)(5 - μ)'

(14)

where μ = E(S) is the mean signal for the population. The prime
symbol indicates the transpose operation.
The sample amplitudes can be considered to be the amplitudes of an
orthogonal decomposition of the waveforms in terms of the cardinal
functions. An orthogonal transformation can be applied to this sym
metric covariance matrix Σ yielding
λ = ψΣψ

(15)

where ψ is an M x M orthogonal matrix. The total covariance of the
new matrix is the same as that of the old while all the off diagonal
terms have been made to vanish. The new covariance matrix belongs to
a set of orthogonal coordinates obtained by a rotation of the original
coordinate axes. The coordinate vectors xVi are the eigenvectors of the
transformation and are the columns of the matrix. The signal in the new
coordinate representation is A, the vector of principle components of S.
Ä = VS.

(16)

The autocovariance of the jth component Ai9 is thus Ck. If we order the
eigenvectors according to the magnitudes of their eigenvalues, the auto
co variances, we obtain by definition the principal components of the
original set of M dimensional random vectors. The first principal com
ponent contributes the greatest amount of covariance to the covariance
matrix, the second has the next greatest contribution, and so on for the
remaining principal components. The total number of principal com
ponents is, of course, equal to the number of dimensions of the random
variables considered. The usefulness of the principal components lies
in the ability of the first several of them to approximate the received
waveforms with little error. The reason for this lies in the ordering of
the components according to their co variances. We wish to use only the
first K components whose combined covariance represents some given
large fraction of the total covariance of all M components. Then the
neural waveforms received can be represented by weighted sums of
these K components with an approximation error which is only slightly
larger than the approximation error incurred when all M of the original
components are employed. Hopefully, K will be of the order of 5 or less.
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The approximation error is most conveniently represented as of the
integrated square type. The mean integrated square error over the
class of waveforms received is just the sum of the covariances of the
ignored principal components and is, by assumption, small compared
with the energy in the retained components. Note that if the waveform
being approximated is an estimated waveform, the principal compo
nents can provide no better an estimate of the true waveform than the
original estimate. I t is also important to note that the computation of
the principal components is weighted according to the magnitudes of
the waveforms received and the relative frequency with which they
occur. Thus, a strong, frequently occurring spike will tend to lead to a
set of principal components that is best suited to its features and not to
the shapes of the smaller, less frequently occurring spikes. A more
satisfactory set of principal components might be obtained by first
normalizing the waveforms, or equivalently working with the correla
tion matrix (see Seal, 1964). This approach will not be dealt with here.
The magnitudes or weights of the individual principal components
comprising the approximating sum are determined from the original
(now noisy) data by the relationships
M

a, = 2 <Ay(<mMU

0' = 1,2,..., A'). (17)

m= l

The weights can be thought of in terms of equations (7) and (9) as the
outputs of linear filters whose impulse responses are the time-reversed
principal components φ}-( — t) and whose inputs are the data v(t):
M

aj(t)

= 2 φ Δ Τ ) ^ ( - < + mAT)
m= l

(mAT7 = tm).

(18)

At time t = 0, the filter output is
M

ay(0) =

£ φΔΓ)^ΑΓ).

(19)

m= l

From this it can be seen that the estimates of the weights of the prin
cipal components of the data can be obtained from suitably designed
linear filters, provided one knows the principal components and the
signal epoch.
The discussion above has ignored the mean vector of the neural wave
form distribution. The reason for this is that it is convenient to assume
that the mean is zero, that is, that initially positive waveforms are as
likely to occur as initially negative. If there is reason to believe that the
expected waveform is non-zero, then it would be of importance to
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utilize this waveform information in estimating the epoch of the re
ceived waveforms. The mean waveform is the waveform of interest
for a matched filter detector and is necessary in estimating the covariance matrix of the received waveforms. I t can be seen from this that
assuming the expected neural waveform is zero leads to some simpli
fications in a principal component decomposition of the waveforms but
contradicts the approach used in detecting waveform epochs. The
difficulty is not as serious as it appears for satisfactory epoch detectors
can be synthesized from the principal component filters resulting from
the assumption of a zero expected signal.
The representation of the waveforms as vectors in a principal co
ordinate signal space leads to a relatively simple likelihood function for
use in maximizing the detectability of the waveform. The equation for
the log of the likelihood ratio L(t) under the situation where the signal
coordinates are independent and normally distributed N(b, c) and exist
in a background of white, normal noise is (Glaser, I960*),
L(t) = L0 + - ^

σ2(σ.2 +

Cj)

(20)

Gj2 is the noise variance at the output of a filter whose impulse response
is h(t) = ifjj(-t). The constant L0 is a function of σ2, cj and the
a priori probability of a signal. According to this equation, the epoch
for a waveform occurs when L(t) reaches a maximum. The optimum
estimates for the principal component weights associated with the
received waveform S(t) are obtained at this time and are given (Glaser,
1960),
(21)

+

The previous paragraph describes the method for epoch estimation
when the principal components are known. Initially, this is not the
case and the epoch must be determined without such a priori signal
information. If we assume that no waveform information whatever is
available (except that the waveforms are less than T seconds in dura
tion), epoch detection is performed optimally according to the equation
for the log of the likelihood ratio given by
L(t) = L

0 +
^

\ l
3 = 1

V

A

σ

(22)

This is the epoch estimation rule to be employed in the initial acquisition
A more accessible reference is Van Trees (1968), Chapter 2-
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of waveform data used for determining the principal components of the
waveform. L0 = log (p/q) where p is the a priori probability of a wave
form occurring in time T and q = 1 — p.
The process of detecting the presence of initially unknown (more or
less) waveforms and classifying them according to their waveform can
now be specified:
1. The waveforms are unknown a priori except for being distributed
normally N(b, c) in signal space with both b and c known. The wave
forms are imbedded in white background noise which is normal iV(0, σ 2 ).
The epoch of a waveform is estimated according to equation (22) and M
samples of its amplitude at equally spaced time points about the epoch
are obtained. These amplitudes are stored in computer memory. N
waveforms are detected and processed in this way. Of these, n1 will be
of waveform Sl9 n2 of waveforms S2, and so on for all waveforms present.
There will also be n0 noise waveforms.
2. After receipt of the Nth waveform the estimated mean wave
form μ will be computed by the relation

μω=4ί».ω
^V

(m=l,2,...,M)

(23)

i = 1

and the estimated covariance matrix for the waveforms by
± = ±li(Vi-{i)(Vi-iLy.

(24)

The transformation to maximum likelihood estimates of the principal
coordinates is carried out according to the process described in Sec.
11.3 et seq. of Anderson (1958). These estimates of the principal com
ponents are denoted by $ m(i) .
3. The filter impulse responses for the first K principal components
are synthesized according to
Kit) = & ( - * )

(k= 1,2,...,K).

(25)

If a sampled data representation is employed,
h(t) = 4 ( - U

( m = 1,2,..., if).

(26)

4. With the set of principal components determined, epoch estima
tion of the neuronal spikes is performed by computing L(t) according to
equation (20) and determining when it reaches a maximum. The prin
cipal components are then read out and processed to yield the set of
estimates as given by equation (21). These estimates are stored along
with the estimated epoch. The next waveform detected is compared
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with the first by measuring the distance between the waveform esti
mates in the K dimensional space,

£? 2 = I (% - sj2f.

(27)

k = l

If the distance is less than some Dmin = cons x Κσ2, the waveforms
are said to be identical and to have been produced by the same neuron.
σ2 is the sum of the noise powers in each of the K dimensions of the
space.* I t is obtained by measuring the noise-only output of the
electrode when no units are present. If the distance between the wave
forms estimates is greater than Dmin, waveform 2 is considered to have
been detected. The next waveform occurring is then estimated and com
pared with each of the two preceding waveforms to determine whether
it is generated by neuron 1 or 2 or perhaps by a third neuron. If found to
be generated by neuron 1, say, its waveform estimate is averaged with
those of the earlier waveforms arising from neuron 1. As more spikes
arising from neuron 1 are detected they are averaged with the preceding
spikes to refine the waveform estimate for neuron 1. This is done for all
waveforms in the record and permits account to be taken of slight
changes occurring in the waveforms of the spikes as time progresses.
The decision boundaries that are established on the basis of the noise
level in the record are thus made to follow the changes in the waveform
shapes.
An alternative method of setting up decision boundaries when only
two principal components are used can be briefly described. This me
thod, though as yet untested, seems to offer some promise. I t presents
the waveform data from the individual spikes as points on an oscillo
scope display generated by the computer. As the waveform data is
received, the display will show build-up clusters of points corresponding
to the different waveforms in the record (assuming the two components
are capable of providing adequate resolution of the waveforms). Dis
plays such as this have been generated and photographed on conven
tional oscilloscopes by Glaser and Marks (1968). Fig. 6 illustrates one
such display obtained from the optic nerve of limulus during several
minutes of observation. Six different clusters are visible in the display.
Waveforms whose coordinates do not yield points falling within these
* This is true when Cj » σ>2, i.e., when the variance of the a priori distribution of
waveforms is much greater than the noise output of the corresponding principal com
ponent filter. More generally, the variance of the estimated component magnitude is
Cj afKcj + a2). Note also that the principal components are obtained from the original
components by rotation so t h a t the noise power outputs of the principal components
filters are equal to those of the original orthonormal filters. With white noise a2 = σ2κ.

106

EDMUND M. GLASER

clusters would, according to the procedure described here, be considered as
originating from infrequently firing neurons. I t is a simple matter to
remove these putative spikes from further consideration by analysing
those spikes whose clusters rank among the first six, say, in population
size. Since the identity of the spikes and their time of occurrence are
stored, population ranking can be delayed until several hundred spikes

FIG. 6. Clusters of waveform points obtained from a two-dimensional principal
component decomposition of limulus optic nerve spikes. This is a time exposure of
an oscilloscope display during the presentation of approximately 3 minutes of
recorded data. (From Glaser, E. M. and Marks, W. B. (1968).)

have been separated. Decision boundaries can be established on a
computer CRT display by the use of a light pencil.
5. The last step in the separation procedure is an optional one in that
the improvement it yields in system performance is probably not
markedly superior to that of the system already described. In this step
the relative magnitudes of the principal coordinates of the waveforms
are used to set up matched filters for each of the waveforms as shown in
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Fig. 7. The output of each of these filters is the maximum likelihood
estimator for the epoch of the waveform it is matched to. Spikes are
identified according to the matched filter that has the greatest output at
the estimated epoch. There is some variation in epoch estimation from
one filter to the next which makes necessary short-term (several
msec or less) holding of the filter output maxima in order to perform
the comparison. Notice that while there is added system complexity in
the form of the additional summing amplifiers required to set up the
a

ll

a i2 ,

|

M(t)*k{U)

1
</>,(/)

1

<

1

a2i
azz

vtf)

<t>zU)

<'
a

y(tYkkt(t)

k2

<M)
FIG. 7. Block diagram for system synthesizing matched filters for each wave
form from the principal component filters for the set of received waveforms.

matched filters—one amplifier per waveform as well as the sample and
hold circuitry for each filter—there is no further need to compute dis
tances between waveform estimates. On the other hand, the system is
now fixed in a rather rigid configuration to optimize its performance on
the, by now, known waveforms. Slow changes in these waveforms can
not be detected unless resort is made to the earlier stages of the process.
These changes can be quite significant in the course of a multiunit
recording, and for this reason would seem to indicate that the use of a
system fully matched to the individual waveforms can be hazardous.
The fourth step of the recognition process probably represents the
logical stopping point in the optimization procedure.
The foregoing paragraphs describe a procedure for employing prin
cipal components in what is essentially an adaptive or learning fashion.
Complete instrumentation of this procedure for on-line operation can
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lead to difficulties, one of which is certainly cost. There are, however,
a variety of simplifications which can be adopted while still retaining
the principal component approach. While these simplifications involve
some loss in system performance with respect to efficiency of wave
form separation, they are less costly and more easily instrumented.
The most straightforward method of utilizing principal components
is to assume no a priori knowledge of spike waveform structure. After a
given number of spike waveforms are received during an experiment, an
estimate of the covariance matrix is obtained and the principal com
ponents are determined. Here as with other waveform estimation pro
cedures about 100 spike waveforms are necessary to arrive at reasonable
estimates of the principal components and their associated decision
boundaries.
At the opposite extreme, one can start with estimates of the shapes of
the principal components. This may be feasible if sufficient data has
been obtained from prior experiments. These principal components can
be used to separate waveforms from current experiments. They can also
be modified somewhat if the new data indicates this to be desirable.
A third method of procedure is to start with assumed principal com
ponents and work with the covariance matrix derived from their filter
outputs at the epochs of the waveforms. The size of the covariance
matrix will depend upon the number of principal components employed
and will be considerably smaller than the covariance matrix obtained
from the original sampled waveform amplitudes. When sufficient data
from an experiment has been acquired, the covariance matrix can be
diagonalized to obtain a better estimate of the principal components
applicable to the current data. Decision boundaries can be established
on the basis of these coordinates and the new principal coordinate filters
synthesized so as to be able to operate on subsequently received data.
This approach has been adopted by Marks (in preparation) who employs
a DEC PDP-8 in a hybrid system to execute such a program in several
minutes. The results are impressive. Earlier descriptions of systems
using orthogonal filters and principal components are given by Marks
(1965) and Glaser and Marks (1968). In the following section I will
discuss the features of the earlier systems and where appropriate
indicate the later improvements made by Marks.
IV.

T H E O N - L I N E SPIKE SEPARATION SYSTEM OF GLASER AND
MARKS

This system has demonstrated the usefulness of orthogonal, principal
component waveform decompositions for on-line separation of inter-
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leaved, non-operlapping neural spikes. Waveform decomposition and
separations are done in a three-dimensional principal component space.
Two of these components are displayed on an oscilloscope to view the
different spike clusters that resulted from the separation process. The
system stopped short of setting up decision boundaries due to the lack
of an on-line computer. Marks' more recent work incorporates such a
computer to complete the system.
A. Analogue Filtering Using Tapped Delay Lines
The principal components of the set of spike waveforms to be sepa
rated can be considered, as mentioned previously, to be the impulse
responses of a set of linear filters. The outputs of these filters at the spike
epoch represent the waveform component weights for the particular
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FIG. 8. The method of using a tapped delay line to synthesize filters with a
desired impulse response.

decomposition employed. Here, for convenience, we speak in terms of
continuous signals and filters rather than their sampled versions. I t is
possible by employing a tapped delay line filter to synthesize filters
whose impulse responses are very close approximations to those of the
principal components. This device, illustrated schematically in Fig. 8,
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consists of a cascade of K delay elements, each of whose output is
delayed, without attenuation*, from its input by ΔΤ seconds. If the
outputs of these delay elements are weighted individually by resistors
and summed in a resistive summing network, the impulse response of the
delay line filter will be
M

W) = Σ KW - mAT).

(28)

m= l

By proper selection of the weighting network resistors and the employ
ment of sign-changing amplifiers where required, equation (28) can be
made an exact sampled version of the principal component to be
synthesized. The delay line filter elements have finite bandwidths and,
often, sharp-cut-off properties. These result in an impulse response that
contains a ripple frequency determined by the tap spacing. The ripple is
unimportant since only sampled representations of the input are to be
ultimately processed. Impulse response synthesis is restricted to those
responses whose duration is less than the length of the delay line. There
is no violation of the physical realizability conditions applying to linear
networks since there is an inherent delay in the filter output with res
pect to its input. This constant delay is of the order of milliseconds for
neural spike filters and is of little consequence in on-line data analysis
and of none whatever in off-line processing.
The choice of tap spacing AT is determined by the power spectra of
the pulses to be processed. Since these spectra are non-band limited,
there will be some error incurred in representing the waveforms by
samples obtained AT seconds apart. See Steiglitz (1966). A satisfactory
rule of thumb is to use a sampling rate which is twice the upper 3 dB
cutoff frequency of the power spectrum. This results from the sampling
theorem for bandlimited signals and was employed in the selection of
tap spacing for the filters.
B. The Choice of Principal

Components

The neural waveforms on which the system was tested were spikes
arising from axons in the optic nerve of limulus. These spikes are about
3 msec in duration. A delay line filter with 30 taps and 0-2 msec spacing
between taps was employed. Several different types of orthogonal filter
decompositions were employed on tape recorded runs of data in order to
determine which was the most effective for waveform separation. Of the
decompositions employed, the one based upon a principal component
* Losses which occur in practical delay line elements can be compensated for in the
weighting network.
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analysis of the spike data was clearly the best in that it was able to
separate more spikes from the record (larger intercluster distances) than
the other decompositions. The principal component analysis employed
was a rather approximate one based upon the waveforms recorded via
oscilloscope photography in which the oscilloscope was triggered when a
waveform crossed a trigger level. In Fig. 9 are shown photographs of

FIG. 9. Clusters of waveform points obtained from a non-principal component
decomposition of the same data as used in Fig. 6. The spikes analysed are similar
to those in Fig. 2. (From Glaser, et cd., 1968.)

clusters of waveforms resolved from a non-principal component decom
position. The data analysed was the same as for Fig. 6. The principal
component decomposition was made under the assumption that the
average waveform was 0. Since the waveforms analysed all were initially
positive, this clearly is not the case. It is an illustration of the fact that
some departures from system optimality do not necessarily seriously
compromise the performance of the system. The difficulty with using a
filter matched to an average neural waveform is that in many experi
mental situations employing extracellular electrodes, initially positive
and initially negative spikes are encountered in the same record. An
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average over such waveforms is apt to resemble neither set of wave
forms very well. In the extreme case where two neurons are observed,
one with waveform As(t) and the other with waveform — As(t), the
average waveform is identically 0 while the waveform of interest is s(t).
More study is needed to determine just how far optimality can be
departed from, in the interests of economy and simplicity, without
incurring a serious performance detriment.
The principal components obtained from analysis of one segment of
data were tried on other segments of data with good results. This tends
to indicate that there may be many experimental situations in which a
principal component analysis need be performed only occasionally.
Significant simplications to system design can then result by making on
line computation of principal components unnecessary.
C. Epoch

Estimation

If the estimated epoch has a narrow distribution about the true
epoch, the waveform separation process will tend to be effective and
accurate; if not, considerable errors can be expected. The goodness of
the epoch estimate (in terms of the narrowness of its probability dis
tribution) increases with increasing signal-to-noise ratio regardless of
the specific method used to estimate the epoch. The optimum estimation
method, however, is one that maximizes the likelihood ratio, the ratio
of the a posteriori probability that the observed data was produced by
signal to the probability that it was produced by noise. The epoch of a
pulse occurs when the likelihood ratio reaches a maximum. When no
waveform information is available, the worst situation, the log of the
likelihood ratio is given by equation (22). The best way to detect the
presence of the signal in these circumstances is to measure the energy
of the received data in the interval of time during which the signal can
occur. Detection of the signal epoch then occurs when L(t) reaches a
maximum above a preset threshold value, Θ. This can be determined
from the time when dLjdt = 0.* The choice of the threshold is deter
mined by judgment relative to the importance of false alarms caused by
noise and missed signal detections. For a concise discussion of this, see
Davenport and Root (1958).
The procedure for estimating signal energy and epoch is simple to
instrument. See Fig. 10. Here the input to the delay line and its output
at the last tap are individually squared in multipliers (Hall-type multi
pliers have been used), subtracted and integrated. The output of the
* In some cases it is possible that there be more than one maximum value for a parti
cular waveform. It is then necessary to choose the largest of these maxima.
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integrator is L(t). During the time it exceeds the detection threshold a
gate pulse is generated by the threshold detector. The outputs of the
delay line filters are monitored during this interval. Monitoring (or
following) terminates when L begins to decrease at a rate which is
faster than that likely to be caused by noise fluctuations alone. This
decrease is detected by a differential threshold comparator whose
inputs are v2(t) and v2(t — T). An output trigger pulse is then generated.
This pulse, gated through the threshold detection gate, terminates the
monitoring process and the most recent tap output amplitudes are
stored along with the measurement of the time at which they were
taken.
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FIG. 10. Method of estimating the energy and epoch of a signal by means of a
delay line filter and squaring elements.

When a priori waveform information is available, the likelihood func
tion is altered but the epoch estimation procedure remains basically the
same. If, for example, only one waveform can occur, the likelihood
function is the output of a filter matched to t h a t waveform. In the sys
tem of Fig. 4, where three waveforms are possible, the likelihood func
tion is obtained from a set of filters matched to each of the possible
waveforms. The epoch is estimated to be t h a t time at which the largest
output from one of the filters occurs. The matched filters are synthe
sized from weighted sums of filters whose impulse responses are the first
several principal components, reversed in time, of the set of waveforms
being detached. This is a solution of the data-processing problem when

114

EDMUND M. GLASER

the number and shape of the various neural pulses have been deter
mined and the pattern recognition problem solved. All waveform
estimation procedures have been completed, assuming no further
change of wave shape or new waveforms to be encountered in the data.
Only epoch needs to be estimated.
The important intermediate situation is the one in which the prin
cipal components are known but not the shapes of the individual wave
forms. In this case the epoch is estimated from a filter matched to
the average of the waveforms being observed. This was essentially the
method employed in the Glaser and Marks system. Here the first of the
three principal components resembles the average received waveform.
The epoch was then estimated to be the time at which the output of this
first component filter reached a maximum. The satisfactory perfor
mance of this technique indicates the broad effectiveness of the prin
cipal component approach and that only little may be gained from the
use of individual matched filters. Of course, when there is very little
a priori waveform information available, epoch determination by energy
measurement is much to be preferred.
D. Decision

Boundaries

The optimum decision boundaries for waveforms which have a
Gaussian distribution in signal space are hyperplanes bisecting the lines
joining the signal vectors, see Nilsson (1965), Chapters 2 and 3. When
there are more than two waveforms to be separated, the situation
becomes somewhat more involved as is discussed by Sebestyn (1962).
His Chapter 2 contains a discussion of reasonable decision rules other
than those imposed by decision theoretic consideration. One such rule
was employed implicitly in our system. This was that a received wave
form was assigned to a particular group only if it was near to the mean
of the group. If it was far from any recognizable cluster centre, it was
considered to be a noise waveform. This kind of decision rule differs
from the ordinary decision theoretic rule requiring that a waveform
large enough to be considered greater than background noise must be
assigned to the nearest waveform even though there may be little
similarity between the two. I t is difficult to say at this time whether
there is any significant advantage of one type of decision rule over the
other. What is necessary is an analysis of the effects of the decision
errors on the ultimate outputs of the waveform separation process—
single-unit activity analysis as well as interunit activity analyses. A
great deal of work is necessary in this area before conclusive results can
be obtained.
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The "reasonable proximity" rule is a straightforward one to instru
ment by computer, although it was not done by us at the time. Marks
(in preparation) has subsequently approximated it quite satisfactorily
by using a hypersphere surrounding the centre of the cluster. If the
received waveform has component amplitudes which satisfy the asso
ciated inequalities, it is classified as belonging to the waveform cluster.
The computing time requirements of the principal component ex
traction process described above are great and are not well suited for on
line applications using smaller computers. Considerable savings in
computer time are possible, however, if one starts with partial know
ledge of the waveform structures. This is not an unrealistic assumption
when a series of experiments is to be performed yielding spike wave
forms whose shapes are generally the same from experiment to experi
ment. I t is then appropriate to assume t h a t the principal components
are invariant from one experiment to the next. The principal component
filters need only be determined during the initial experiment. They can
be used in subsequent experiments with perhaps slight modifications
that more comprehensive analyses of the spike waveforms reveal to be
warranted. An alternative method is to start an experiment with an
assumed set of principal component filters and to derive from the new
spike data given by these filters a covariance matrix which can be
diagonalized to yield a new set of principal components. This approach
is being pursued by Marks (1968). The log of the likelihood function can
be determined from the sums of the squares of the output of the prin
cipal component filters. I t can also be obtained from a filter matched to
an anticipated waveform. The former procedure would be appropriate
if one is uncertain about the shape the neural spikes will take on.
E. Improvement

Possibilities

The developments indicated here are by no means the ultimate ones.
There are several aspects of the system which are susceptible to major
performance improvements. One of the most useful would be a selfadjusting filter system. The delay line filters presently employed must
have their tap weights manually adjusted to achieve the desired impulse
responses. This is a somewhat tedious and time-consuming (several
minutes) procedure. I t is likely that continued progress in the field of
hybrid computers will soon provide solutions to this problem. More
rapid communication with the computer by use of graphic displays is
also desirable. The most significant improvement to the entire wave
form separation problem, however, will be the development of decision
rules for partitioning the signal space in accordance with criteria that
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maximize the overall performance of the system in terms of the reli
ability of the output data analyses. This is a problem shared by all the
waveform separation systems whether on-line or not. I t is essential that
this problem be solved if we are to put any faith in the analyses of inter
actions of simultaneously observed cells. While other separation sys
tems may employ separation techniques different from the decom
position approach employed here, they must all contend with the prob
lem of deciding to which neuron (if any) a questionable waveform
belongs. I t is to be hoped that the solution of such problem will indicate
that it is possible to perform reliable interaction studies on three or
more interleaved neural waveforms and also be more explicit as to what
that upper limit is.
V.

OTHER WAVEFORM SEPARATION SYSTEMS

A. The Waveform Separation Technique of Gerstein and Clark
Gerstein and Clark (1964) have described a separation technique said
to be capable of resolving multiple unit records with classification errors
less than 5%. Their method is based on efficient statistical techniques
and provides a reasonable approach to an optimum solution of the
problem. The technique requires the use of a computer larger than the
LINC (they employed the TX-2 computer at MIT) and the program
only functions off-line in an iterative manner. I t is said to be applicable
to a LINC-type computer but at the expense of increased running time.
Processing the spike data is done digitally by using 32 sequential
data samples straddling the spike as determined by the computer. The
exact method for determining the first member of the sampling sequence
for each spike is not specified. I t is assumed that some threshold crossing
detection is employed. Waveform differences are then evaluated by com
puting from the 32 samples a weighted mean square difference between
the particular waveform and some assumed standard waveform.
Different waveforms are classified according to the magnitude of this
difference, the "dissimilarity number". If all sample weights were
equal, the dissimilarity number would be the square of the distance
between the waveform vectors in the 32-space of amplitude samples.
When the weights are not equal, the dissimilarity number becomes a
weighted distance, the greater weights being given to those coordinates
which are deemed to show the most significant variations from one
waveform to another. Considering for simplicity the equal weight
situation, it is easy to see that the success of the technique depends
greatly upon the initial choice of standard waveform. I t should be
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chosen so that its location in 3 2-space is sufficiently close to only one
waveform. When distances are then computed, this waveform will yield
a dissimilarity number which is significantly different from the dis
similarity number obtained from all other waveforms in the record. I t
is thereby possible to separate this waveform from the rest of the popu
lation consisting of waveforms whose vectors are relatively far from
the standard and may lie in different directions. Fig. 11 illustrates the
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FIG. 11. Some spike waveforms and the results of their separation using the
dissimilarity number technique. Action potentials from several adjacent neurons:
A, Approximately 1-5 seconds of action potential data from several units. B,
Multiple triggered sweeps of an oscilloscope at high speed to show the three wave
forms of action potentials in the data. (7, Population as a function of dissimilarity
number during three stages of the separation. (From Gerstein, G. L. and Clark,
W. A. (1964). Science, 143, 1325. Copyright © 1964 American Association for the
Advancement of Science.)

method and some experimental waveforms. To separate them further,
it is necessary to choose a new standard waveform and compute the
dissimilarity number of the remaining waveforms with respect to it.
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This procedure is carried out iteratively. When the histogram of dis
similarity numbers is bimodal as in Fig. 11, it successfully removes a
waveform from the population on the basis of low dissimilarity number.
The success of the technique is dependent upon the bimodality of the
histogram of dissimilarity numbers at each stage of the process and on
the ability to choose a standard waveform close to one waveform only.
When these conditions are satisfied the technique is one of great power.
I t is not, however, capable of operating on-line except with a large,
high-speed computer.
Gerstein and Clark describe several methods for choosing the standard
waveform. In the first, one of the waveforms in the data is treated as
the standard for the dissimilarity computations. Here there seems to be
a significant probability that one might start off with the wrong wave
form in the sense that a clear separation of waveforms into groups with
clustered dissimilarity numbers may not be obtained. This situation
requires that another choice of standard waveforms be made and the
process repeated. In the second method, a number of waveforms that
are most similar to a standard are averaged together to generate a new
standard waveform. If these waveforms originate from different
neurons, the averaging procedure will yield a standard waveform
located inside a surface in the 32-space that contains the averaged wave
form vectors. If, for example, the vectors lie on a hypersphere, the
vector of the average waveform will be somewhere close to the centre
of the sphere and be very nearly equidistant from all the waveforms
used in making up the average. The effectiveness of this technique
relies upon the use of a standard waveform that is capable of yielding a
bimodal distribution of dissimilarity numbers. The use of a standard
obtained by averaging does not appear to materially improve the
chances of obtaining such a distribution. I t may very well be, more
over, that one of the peaks obtained in the bimodal distribution repre
sents waveforms from more than one neuron and that these clusters are
not further resolvable solely by distance measurements. Finally the use
of distance or dissimilarity number in a multidimensional sample space
representing the waveforms will work most effectively when the interwaveform distances are large compared to distance produced by back
ground noise and when the interwaveform distances have a wide degree
of variation.
Gerstein and Clark's use of weighting factors for the individual
samples comprising a waveform vector is an important concept which
stems from both filter theory and statistics. Essentially, the idea is to
rely more heavily on those waveform samples which exhibit con
siderable changes from one waveform to another, changes which are

SEPARATION OF NEURONAL ACTIVITY BY WAVEFORM ANALYSIS

119

presumably inherent in the waveforms and not produced by back
ground noise. Those samples which do not show significant variations
from the different waveforms or whose variations are produced pre
dominantly by noise are given small weights. The dissimilarity number
obtained from a scheme employing weighted samples is now the square
of a distance in a space whose coordinates are expanded or shrunken by
the weights employed. The discussion made on the basis of equal
weights is still valid but the weighting procedure, by increasing the
variations in interwaveform separation, has altered the separation
between vectors to favour the appearance of multimodal dissimilarity
numbers.
B. The On-Line Technique of Simon
Another digital computer technique for the separation of spike
potentials in real time is the one described by Simon (1965). Here, two
parameters of the waveform are used to perform the separation. These
are the amplitudes of the waveform at two instants subsequent to an
initial crossing of an amplitude threshold by the spike. These measure
ments are indicated by the idealized extracellular spike waveform in
Fig. 3a. The two measurements are represented on an oscilloscope dis
play generally by the computer (a 2,000-word memory LINC). One
measurement is used as the horizontal coordinate of the display and
the other the vertical. A point is generated on this display corresponding
to the measurements made on the waveforms from the different
neurons as they occur. After a reasonable number of representative
spikes have been analysed, some clustering of points may be observed
on the display. Each cluster corresponds to the set of spikes emitted by
a particular neuron. See Fig. 12. The observer then inspects the display
and determines visually the boundaries of each cluster. He transmits
this information to the computer via a light pen. Thereafter each spike
received is classified automatically and used for further data analysis of
the activity of the particular cells involved. The separation program
itself occupies the small computer exclusively so that additional on-line
data processing requires the employment of another computer. Simon
mentions the use of such a second computer, again a LINC, to display
the separated action potentials. I t could also be employed to compute,
for example, various types of histograms of the individual cell activity
or to analyse the mutual activity relationships of two or more cells.
Newer computers can do both jobs simultaneously.
There are certain weaknesses inherent in Simon's separation tech
nique tending to limit its effectiveness. These are:
5 + A.B.E.
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(a) the susceptibility of the technique to contamination by noise,
(b) the use of only two signal amplitude parameters to classify and
separate waveforms,
(c) inability of the technique to handle overlapping waveforms,
(d) the necessity to have the sampling times tx and t2 variable at the
control of the operator. (For non-automatic operation this may
be beneficial.)
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F I G . 12. Clusters of spikes o b t a i n e d b y t h e t w o - p o i n t s e p a r a t i o n t e c h n i q u e of
Simon. T h e h e i g h t s of t h e columns indicate t h e n u m b e r of spikes w i t h t h e coordi
n a t e s . T h e two-dimensional space is p a r t i t i o n e d into a discrete n u m b e r of s q u a r e s .
( F r o m Simon, W . A. (1965). Electroenceph. clin. Neurophysiol.
J., 18, 192.)

The basic difficulty is the noise. In the absence of noise any scheme of
this type would be successful if the spike waveforms were at all different,
invariant and non-overlapping. The main requirement on the separation
system in the noiseless situation is that it be capable of making accurate
and reliable measurements. In the more realistic noisy situation, per
formance is limited by the effects of the noise on the measurements and
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consequently on the decision process. The use of two signal amplitude
measurements separated in time by t2 — t± seconds yields a point in the
amplitude sample space whose distribution about its noise-free location
depends upon the signal-to-noise ratio and the shape of the spike in the
vicinity of the read-out times. The fiduciary point or epoch for the
measurement of tx and t2 is determined by the first upward threshold
crossing made by the rising front of the spike waveform. Errors caused
here by noise contributions to the spike waveform can shift this epoch
either forward or backward in time. Even in the absence of noise at the
amplitude read-out points, this introduces some amplitude error
estimation. The presence of noise at the sampling points further in
creases the measurement error. If the waveforms were flat in the regions
around the read-out points or if there were not errors in the deter
mination of the epoch, the tip of the waveform vector would be dis
tributed according to a circular two-dimensional Gaussian probability
distribution. This assumes Gaussian noise uncorrelated at the read-out
points. Noiseless waveforms t h a t are close in the V{V2 amplitude
sample space will in the noisy situation generate point clusters that
overlap according to the magnitude of the noise and the distance
between the cluster centres. The size of the clusters increases further
when there is error in the determination of the fiduciary point. The
ability of the Simon technique to separate spikes from different neurons
is thus limited by the signal-to-noise ratio. This is in general true of all
separation techniques and a basic criterion for evaluation of the merit
of the technique is its ability to function properly in the noisy situation
The limitations of spike separation by amplitude sampling are not
reduced when slope or first derivative samples are used instead of
amplitude samples, as is suggested by Simon. The process of extracting
the time derivative from the received data inherently increases the
noise. That is, the background noise in the time derivative signal is
greater than in the original signal. Therefore, unless the slope of the
waveform at the two sampling points is of considerable amplitude and
varies greatly from one waveform to another, it is more than likely that
waveform separation performed in V\V<z space will be less successful
than that performed in Vx V2 space.
C. The Off-Line Technique of Hiltz
Hiltz (1965) has described a technique capable of automatically
detecting and identifying the occurrence of EPSPs, IPSPs and spike
action potentials recorded by an intracellular microelectrode. His
method relies upon a digital computer to carry out a rather simple but
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effective pattern recognition program on tape-recorded data obtained
from an experiment. The program has been written in Fortran for the
IBM 7094 by Lakey (1965).
Figs, la and l b indicate the intracellular waveforms which are to be
detected and identified. The waveforms are obviously quite different
from one another in structure and there is in principle little difficulty in
properly identifying them. The presence of background noise will tend
to make the task more difficult but still performable unless the signalto-noise ratio becomes too low. What is difficult, of course, is to per
form waveform recognition at a pace fast enough to keep up with the
arrival of data. This is what Hiltz's technique is capable of doing. A
more troublesome aspect of the recognition problem not handled by
Hiltz is the need to distinguish amongst waveforms within a certain
class. This problem arises in the context of intracellular data when one
wishes to determine whether the EPSPs and IPSPs themselves can be
subgrouped so as to identify the activity originating from particular
synapses. Rail et al. (1967) have discussed factors related to this issue
and seem to indicate that such separation is possible with existing
electrode techniques.
The performance of the Hiltz recognition program requires the em
ployment of analogue preprocessing equipment in the form of high- and
low-gain amplifier channels each of which is also employed as a lowpass filter. The two amplifier channels are required to handle the large
dynamic range of the signals, the spike amplitudes being about 200
times greater than PSPs in electrode recordings. Additionally, the highgain amplifier channel performs an amplitude-limiting function, ampli
fying linearly the subthreshold P S P events but not amplifying the
suprathreshold components of an action potential. In other words, the
high-gain amplifier limiting level is slightly above the threshold level
for spike generation. The high-gain channel is thus designed primarily
to handle the subthreshold events. Its upper cut-off frequency is set to
pass the P S P waveforms with little distortion while filtering out highfrequency noise. The low-gain channel amplifies the spikes originating
in the cell itself. Since the spectrum of these spikes extends to fre
quencies higher than those in the PSP, the upper cut-off frequency of
the spike filter is about 4 times t h a t of the low pass P S P filter.
The two data channels are sampled by an analogue to digital con
verter operating at a fixed sampling rate. A sampling cycle consists of
three samples of the high-gain channel followed by one sample from the
low-gain channel. Each sample forms a nine-bit data word. For records
of cat spinal cord motoneurons the sampling rate is 12,000 samples per
second. The low-gain channel is sampled at a rate of 3,000 samples per
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second and results in every fourth sample from the high-gain channel
being skipped. The missing point is filled in by computer interpolation
and is said not to result in degradation of the recognition process. The
output of the digitizer is entered into the computer along with a time
code generated during the digitization process. Magnetic tape is used to
store the digitized data.
The Hiltz-Lakey recognition program is based upon the behaviour of
the first and second derivatives of the PSPs and spike during their
time courses. Identification of the event is made from a sequence of
measurements or, more appropriately, from estimates of the values of
these derivatives as they vary over a brief span of time. D\ and D2 are
the sample data estimates of the first and second derivatives res
pectively. Noise effects are said to make D\ insensitive (or unreliable)
for recognition of subthreshold events and so D2 is used primarily to
detect the onset of an event. Decision threshold zones or windows are
set for D2 corresponding to the different possible events and when D2
falls within one of these windows, a check is made of the magnitude of
D\ to see whether the data point is consistent with the hypothesis
that an event trajectory is being followed. If such is the case, a tentative
identification of the event is made and further computations from the
D\ and D2 of the next several data points are carried out to arrive at a
conclusive identification of the event or non-event. This identification
is made for subthreshold events when the peak of the waveform is
reached or just passed. When a tentative spike identification has been
made, it is necessary for the computer to return to the data of the
immediately preceding intervals in order to compute the D\ and D2
obtained from the low-gain spike channels, since this is not done until
this occasion arises. The low-gain channel data is then analysed to
determine the location of the peak and the width of the spike between
its crossings of the threshold level.
Identification of an event is followed by printing out the type of
event and its initiation time. For the PSPs there is also printed out rise
time amplitude and the time constant of the falling phase of the wave
form; for spikes, the width and amplitude of the peak and spike
undershoot (if any).
Along with the basic programming associated with proper identifica
tion of an event, the Hiltz-Lakey program is concerned with the detec
tion and identification of overlapping events. Overlapping events, those
whose waveforms superimpose on one another, are troublesome to deal
with correctly since the composite waveforms resulting can result in
the types of errors discussed previously in section I I I . D . l . Young
(1965) has discussed some general aspects of the overlap problem. The
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overlap problem is troublesome but not critical when the events are
relatively infrequent and independent of each other, so that the prob
ability of a second event occurring close enough in time to a preceding
one is of the order of one percent or less. The statistical analysis of such
event data will apparently not be seriously compromised, although no
formal analysis of this situation has been made. On the other hand, high
levels of activity involving the frequent occurrence of events, and per
haps dependency between them, can make the ability to resolve over
lapping events essential to a successful analysis of the neural events.
The Hiltz-Lakey program is designed to test for the existence of over
lapping PSPs on either the rising or falling phase of the initial PSP.
These tests utilize the estimates of the first- and second-time derivative
of the recorded data. When overlap is found, the program shifts atten
tion to the latter event if it occurs during the rising phase of the PSP
and obscures the peak of the first event. The time of occurrence of the
P S P peak is measured and used for subsequent analysis of the data.
PSPs which exhibit no peak are not employed. The latter, however, are
recorded if their amplitudes are sufficiently high to exceed a noise sup
pression threshold.
In so far as spikes are concerned, three different types of spikes are
identified:
(1) normal spike with undershoot,
(2) abortive spike (the axon hillock fires, but not the soma),
(3) spike without undershoot.
These spikes are all lumped together for the compilation of histogram
statistics. They are also labelled in the data printout according to their
category. Spike-like events which do not fall into the above groupings are
labelled as irregular spikes and are not used in the histogram compilations.
I t can be seen that the program represents a rather comprehensive
effort to obtain an effective method for analysing intracellular data.
While an overall evaluation of its performance has not been made, it
has been used to analyse with reasonable accuracy intracellular record
ings obtained from motoneurons in cat spinal cord. An accuracy of 9 5 %
has been claimed for it in its handling of suprathreshold events. This
somewhat vague rating was arrived at from a study of its performance
on a record that contained suprathreshold events which it should have
identified correctly but on which it erred by false dismissal or false
identification. Such an evaluation is greatly dependent upon the
threshold level and ignores events which the program considers as subthreshold though they may, in fact, be quite usable by other data
analysis methods.
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The speed limitation in the Hiltz system is caused mostly by having
the computer perform the routine operations of estimating the first
and second derivatives of the sampled data for the purpose of computing
epochs and waveform similarities and differences. This is quite an in
efficient process. Analog devices capable of operating with the digital
computer can perform these operations as well as, if not better than
the computer itself. I t is unfortunate that in the press to use digital
computers for data processing the advantages inherent in some ana
logue techniques have been overlooked. At the present time, the use
of hybrid computers which combine analogue and digital techniques
seems to promise the development of much more efficient neural dataprocessing techniques.
D. The Off-Line Technique of Keehn
Keehn (1966) and Bishop and Keehn (1965) have described an itera
tive technique for spike waveform separation that they have employed
with some success in separating spikes observed in the ventral cord of
the locust. The procedures employed by Keehn are to some extent
similar to those of Gerstein and Clark (1965) both with respect to the
basic determination of the degree of similarity between waveforms and
the manner in which the investigator operates and communicates with
the digital computer. Keehn's overall procedure is, however, more com
plex and time consuming. I t is doubtful t h a t this increase in complexity
is justifiable in terms of waveform separation performance.
The initial steps of Keehn's technique are concerned with the ex
traction from the electrode recordings of those segments of the data
which contains spike activity. The spikes occurring in these highenergy segments of the data are stored in computer memory and dis
played continually on an oscilloscope. The investigator inspects this
display and " assigns a label to some of the action potentials, giving
those spikes which appear to be the same fiber the same label". The
criterion for preliminary separation is thus a subjective one and in
itself can be quite time consuming. After the initial classification of
spikes has been made, the estimates of the spike waveforms are refined
by analysing the remaining segments of the data one spike at a time.
Each new spike is assigned to the waveform it is closest to by using a
distance criterion similar to that of Gerstein and Clark. A spike St from
neuron i is said to differ from S5 of neuron j if
Λ772

minT

m)
J-T/2

- Sj(t + r)] 2 dt > (En).

(29)
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Here (EN) is the average background noise energy produced in T
seconds by both system noise and unresolvable spike activity. The
minimization operation is also performed to estimate the epoch of the
second waveform in the equation. When the two waveforms are judged
to have produced by the same neuron, their shapes are averaged to
arrive at an updated estimate of the waveform. Note that starting with
the third waveform in a class each new waveform is arbitrarily weighted
twice as heavily as the immediately preceding waveform in arriving at
an updated waveform estimate. If the tested waveform is not similar
enough to the first to satisfy the inequality, it is compared with the
other waveforms until a satisfactory match has been obtained. (It is not
clear what happens if matching does not occur.) At the end of the esti
mation procedure the basic or reference waveform estimate for each
observer-defined class of spikes is fixed. The next step, that referred to
by Keehn as machine classification, consists of matching a given data
segment containing a variety of spikes with an interleaved sequence of
spikes from the different classes. The identity of the spikes and their
epochs are manipulated by the computer to obtain a best fit to the
data in the least square sense. Even though Keehn imposes some
limitation to the variability permitted in the spike epochs, this can be
an extremely time-consuming computation. I t is prohibitive, as Keehn
notes, when one attempts to match the data with more than three
interleaved waveform sequences. Just why this procedure is necessary
or even desirable is not explained. I t seems redundant. If one has
estimated spike waveforms in an optimum or nearly optimum fashion
waveform by waveform, then dealing with the entire sequence permits
no better estimation unless one knows the nature of the temporal
relationships among and within the neurons producing the waveforms.
But this is what we do not know and why we attempt spike separation
in the first place. Keehn's measures of how good his sequences fit a given
segment of data should therefore be considered as tests of the goodness
of waveform classification but not as a basic part of the waveform
separation process. The inability of such procedures to cope with more
than three spikes is crucial for this is just where the multiunit separa
tion problem really begins.
Keehn gives an overall evaluation of the performance of the system
that is somewhat difficult to interpret from the results presented.
Perhaps most revealing, however, is his statement that fitting a sample
of data containing 400 spikes with two interleaved pulse trains required
1 minute on an IBM 7094 computer. I t is not accompanied by any
statement as to how good the fit was.
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Comparisons

Some performance comparisons can be made among the waveforms
separation schemes of Hiltz, Simon and Gerstein and Clark. They are
of value in understanding those techniques more fully, their strong as
well as their weak points.
In order to make these comparisons it is necessary to assume t h a t all
operate on similar electrode data. Let these data have the following
properties:
(a) Bandwidth of the neural waveforms is 4 kHz. This is Hiltz's
value for cat spikes.
(b) The shape of the filter pass band used to eliminate frequencies
higher than 4 kHz is rectangular with its cut-off frequency at
4 kHz. The filter employed by Hiltz had the same cut-off fre
quency but its roll off was — 36 dB/octave.
(c) The sampling rate for analogue to digital conversion is 12,000
s/sec (samples per second). This is the rate used by Hiltz, a rate
chosen by him to permit multiplexing and to prevent introduction
of certain data ambiguities by not having infinite attenuation
above the filter cut-off frequency. Theoretically, according to
Shannon's sampling theorem, it is necessary to sample at a rate
equal to twice the bandwidth in Hz without losing any of the
information in the signal structure. Visual inspection of Gerstein
and Clark's data indicate that they were sampling at a rate of at
least 12,000 s/sec. Their data was obtained from the dorsal
cochlear nucleus of the cat while Hiltz's was from motoneurons in
the spinal cord of the cat. The bandwidths of spikes from these
two locations are roughly comparable. The 32 samples by Ger
stein and Clark thus span an interval of about 2-5 msec.
(d) The background noise is normal and has constant spectral density
from dc to the amplifier cut-off frequency. Its mean square level
is n2 volt 2 . I t is also stationary, additive and independent of the
neuronal signals.
(e) The neuronal pulses are time invariant in amplitude and shape.
Each waveform sample can be represented as
v(tt) = 8{tt) + n(tt)

(30)

where the first term on the right-hand side is the amplitude of the
neural signal at tt and the second term is the noise contribution at the
5*
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same time, νψ^ is normally distributed about its mean s(£f) with
variance n2
E[v(tt)] = ah)
(31a)
Var[v{tt)] = n 5 .

(31b)

Two samples of the waveform obtained at times far enough apart to
assure statistical independence have the two-dimensional normal
probability distribution

Pif)u Vj) =

nL· ΘΧΡ I iP [{Vi ~ Si)2 + {Vj " 8))Ί

where v{ is used in place of v(tt), etc. This is the distribution of waveform
estimates about their true values in Simon's two-space (assuming no
error in epoch estimation). The distance between 2 two-dimensional
waveform vectors SA and SB is
(SA1

- 8B1)2

+ (SA2

-

SBt.

\2

If this distance is less than about 2(2n2), there will be a significant
amount of overlap in the clusters representing the estimates of the wave
forms and, as a result, the reliability of the waveform separation will be
low.
The difference between two sequential estimates is used by Hiltz as
the estimate of the slope of the waveforms:
Est[s(^)] = v{ - ν{_λ.

(33)

Est is the estimator function. Since this is the difference between
two normally distributed random variables, the mean is
tf{Est[«(<)]} = S-^P

(34a)

and the variance,
Var{Est[i(0]} =

2 [ ^ - Rn(&T)]
/(ΔΤ)
A^2

(34b)

where Rn(t) is the autocovariance function of the noise. Rn(AT) is zero
if the samples are statistically independent, which is not the case in the
estimation schemes being discussed.
Hiltz estimates the second derivative of the waveform by the
function

Est^)] -

Vi

~

2V

^ }t

Vi 2

-·

(35)

(32)
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The mean and variance at tt are
E{EStm)]}

= -!

VarlEst^)]} - ^

2si_1 + st_22
^ ;
-

~ ^ Τ ) ^

2Εη{^ΤΥ

(36a)
{ m )

If we assume statistically independent samples so that Βη(ΔΤ) and
Bn(2 ΔT) are both zero, it can be seen t h a t the derivative estimation
process is combating noise whose standard deviation is (2) 1/2 times that
of the noise in the original data while the second derivate estimate
background noise is (6) 1/2 times the r.m.s. level of the noise in the origi
nal data. If the peak signal-to-r.m.s.-noise ratio of the original data is
A/(n2)112,
the " b e s t " waveforms for first and second derivatives
estimation will be the partial sine waves of amplitude A whose peaks
occur at consecutive sampling times and alternate in amplitude. The
maximum average value for the first derivative estimate is 2A; that
for the second derivative is 4A. These maxima will be obtained when
one is fortunate enough to sample at the peaks of the waveforms and in
these signal situations there will be enhancement of the peak signal-tor.m.s.-noise ratios for the first and second derivative by factors of
(2) 1/2 and (6) 1/2 , respectively. Since the periodic sampling occurs at
random with respect to peaks of the neural pulses, it is fairer to obtain
average values for the estimated first and second derivatives. When
this factor is taken into account, the result is that the enhancement
factors must thus be reduced by 2/π. We ignore here the effects pro
duced by the use of a detection threshold level below which samples are
rejected for estimation purposes. Also the neural waveforms will have
shapes varying much more slowly than that of the assumed optimum
waveform so that consecutive amplitude samples will not vary greatly
from one another. A very high signal-to-noise ratio is needed in order
that the estimation procedures be performed with the accuracy re
quired for satisfactory resolution.
Proceeding to the Gerstein and Clark technique, the dissimilarity
number DA for a waveform SA in the absence of noise is obtained from
32

DA = I
1= 1

Ki(SA,t ~ Q

2

(37)

where the K{ are the weights assigned to the squared differences and the
Ct are the successive sample amplitudes of the reference waveform
beginning from onset. Determination of the start of the waveform is
essential to the process. Inaccurate estimation of the waveform epoch
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results in a shift of the received waveform samples with respect to those
of the reference waveform. Epoch estimation error is ignored here. The
mean and variance of DA can be calculated using the normal noise
statistics. They are
32

E{DA) = 2 Kt(SA.t
i= l

Γ

- G{f +

32

V a r ( ^ ) = 2n2 2 V K^AJ

rtK'

~ Ci)2 +

_

"I

n2K"\

(38a)
(38b)

where K' and K" are given by
32

32

* ' = Σ fci2·

K' = 2 &>;
i=l

i=l

We define a signal-to-noise ratio for the dissimilarity number as the
ratio of its mean to its standard deviation:
_
1

K A

'

_ 2tU Kt(SAA - Ctf + tfK'
E(DA)
Var^DJ
{ 2 ^ [ 2 2 f £ ! K,(SAtt - Cf + n2K"]}^

(

'

If the weights are equal to unit, the signal-to-noise ratio simplifies
to
SIN{DA)

=

{ W ^ x ^ - C , ) »

+

32^r

(40)

The terms in the numerator are, respectively, the "difference" energy
in the sequence of samples as compared with the reference signal and the
mean square noise energy of the same sequence. We can write (40) as
4t(r + 1)

m(DA)

=

(2;

+1)/,,

(4i)

with
r

_2?gi(^-fi)

3

32^2

As r increases, the signal-to-noise ratio increases to its maximum
limiting value
SIN(DA)max=(2)U*.
(42)
If the sample weights are not equal, we can consider the first term in the
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numerator as a weighted difference energy. In this situation r* is a
weighted signal-to-noise ratio and equation (40) becomes
IK'V12

r* + 1

< W ^ ) = ( T ) [2, + {K>W)r>w
I t is easy to see that for a particular waveform r* can never be any
greater than A imax /w 2 , where A i m a x is the maximum difference between
an amplitude sample in that waveform and the corresponding sample
on the reference waveform. The signal-to-noise ratio for the dissimila
rity number is therefore limited in a similar fashion
SIN(DA)=

V

lEi^^tl)
2 V

n

A imax , * V

*

'

a

(44)

Although Gerstein and Clark do not mention it, it appears that the
dissimilarity number depends upon the use of a normalization tech
nique t h a t makes the energy of all the received waveforms equal to that
of the reference waveform. Without normalization, waveforms con
siderably different from the reference in energy but similar in shape
could have dissimilarity numbers like those of waveforms differing
from the reference in shape only.
In the Simon method the best pair of points to choose for separating
two waveforms of equal energy is that which yields a maximum in the
quantity
(SA,i

~ SB.I)2

+ (^,2

-

SB.2)2-

(45)

This is the same as the dissimilarity number of Gerstein and Clark but
with only two samples being employed. If, for simplicity, one of the
waveforms were the reference waveform, the signal-to-noise ratio for
the two simple dissimilarity number would be

S N

' ^ = (ίπρ

(46)

where r2 is the two-sample signal-to-noise ratio. We see that Simon's
method yields a signal-to-noise ratio for the dissimilarity number which
is smaller by a factor of 4 than the S/N(DA) of the 32 sample G-C
method. The result is due simply to the use of two-dimensional wave
form data. The performance loss is ameliorated somewhat by the use of
the visual data presentation. A decision boundary is set up to partition
the plane into two regions, one for each neuron generating the observed
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spikes. For Simon's data display the optimum linear partition* is the
perpendicular bisector of the line joining the points representing the
two action potentials. When there are more than two action potentials,
the boundaries are segments of straight lines whose orientation and
length is determined by the locations of the vectors representing the
several waveforms. Contrasting with the linear partitioning of data
space illustrated above is the hyperspherical partitioning of signal space

^r

Y-

F I G . 13. T w o m e t h o d s for p a r t i t i o n i n g d a t a space t o s e p a r a t e waveforms. T h e
p a r t i t i o n s e p a r a t i n g t h e space i n t o regions A a n d B is t h e o p t i m u m linear par
t i t i o n for t w o waveforms. T h e circular p a r t i t i o n is t h e one employed b y Gerstein
a n d Clark w o r k i n g w i t h t h e dissimilarity t e c h n i q u e .

employed by G-C. Concentric hyperspheres are centred on the point
that represents the reference waveform in the 32-dimensional space. A
two-dimensional representation of this partitioning is shown in Fig. 13.
I t is contrasted with a linear partition of the same spaces for the simple
situation of two separable waveforms. The circular partition results in
an assignment to the non-reference waveform B large areas of the space
which from probabilistic considerations should have been assigned to
* A waveform is classified as belonging to set A (arising from neuron A) if it is closer
to point A than point B in the data space. The partition of the space is a linear one,
since the partitions are lines, planes or hyperplanes according to the dimensions of the
space.
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the reference waveform A. Areas of the space which should belong to the
non-reference waveform may be assigned to the reference waveform.
Areas A and B are arrived at by the likelihood techniques which lead to
a linear partitioning of the plane. Noisy waveforms which fall into area
A are more likely to have been associated with the spike from (reference)
neuron A than (non-reference) neuron B, and vice versa for area B. The
dissimilarity partition yields areas I and I I for assignment of waveforms
to neuron A and B. The regions in which the two techniques disagree
are shown shaded. If one accepts the reasoning associated with the like
lihood method, these shaded areas are misassigned by the dissimilarity
technique. Gerstein and Clark recognize this for they use the scheme
iteratively to separate only the nearest (remaining) waveform from the
reference waveform. However, it can be seen t h a t the initial dissimila
rity partition can lump several widely different waveforms together
and that these could only be separated if a different initial choice of
reference waveform were made. While such a procedure is possible, it
requires continuous supervision of the separation program. A more
automatic, independently functioning technique is necessary if large
amounts of data are to be analysed.
Another aspect of the separation process left unconsidered in these
techniques is the effect of the differing average repetition rates of the
neurons on the decision rules for assignment of waveforms. In
the situation where two waveforms are very close in shape but originate
from neurons whose average firing rate are greatly different, simple
statistical considerations indicate that a spike from the more rapidly
firing neuron is the more likely event. Then, in the absence of con
clusive waveform differences, this is the decision to make.
I t is difficult to make a more detailed comparison of the methods of
G-C vis-a-vis those of Simon. The single clear-cut advantage of the for
mer is its use of many more samples to obtain a better signal-to-noise
ratio. The G-C decision procedure based upon the dissimilarity number
is, however, somewhat weak even in its iterated version and appears to
be inferior to the decision scheme implicitly employed by Simon. Both
methods have their performance compromised by the lack of reliable
epoch detection on the individual waveforms.
What the G-C method and the Simon method have in common is
their dealing with the recognition problem in terms of the structure of
the entire waveform. Simon has oversimplified his method by trying
to represent the waveform with only two amplitude samples. The Hiltz
method, on the other hand, is based upon the utilization of local
properties of the waveforms, namely the waveform time derivatives.
As a method for general application to the separation of neural spikes
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this approach appears to be undesirable because the shapes of wave
forms cannot be adequately characterized by the measurement of local
properties such as time derivatives except when the waveforms are
grossly different. Furthermore, each successively higher derivative
measurement becomes increasingly corrupted by noise, as was shown by
the calculations for the variance of the first two derivative estimates in
equations (34) and (36). In distinguishing among the three grossly
different intracellularly recorded waveforms comprising the EPSP,
I P S P and action potential, Hiltz's technique works quite satisfactorily.
Either the G-C method or the Simon method would probably work with
comparable accuracy on such isolated waveforms if it were bolstered by
a simple threshold detector to sense the start of a waveform. I t does not
seem that Hiltz's method would work well on extracellularly recorded
spikes where waveform differences, with some exceptions, are not great.
In the realm of the intracellular recording Hiltz's technique possesses a
marked advantage in its ability to deal with overlapping E P S P and
I P S P events. Here the ability to sense rapid changes in the received data
makes it possible for Hiltz to detect the occurrence of closely spaced
and overlapping events. The other techniques would, unless modified,
tend to yield displays of overlapping clusters of points which are dif
ficult if not impossible to resolve. The weakness that the G-C, Simon
(1965) and Glaser and Marks (1968) techniques with respect to over
lapping waveforms is serious, especially when one is interested in the
analysis of records in which a number of different units are active. Such
records are likely to contain a non-negligible fraction of overlapping
waveforms. I t is an important problem to solve.
VI.

CONCLUSION

From the foregoing discussion we have seen that the problems asso
ciated with the detection and analysis of interleaved spike waveform
trains are best considered in the framework of communication theory
and pattern recognition theory. The techniques described have already
demonstrated some success in treating the problem in this fashion.
Further utilization of the methodology of these disciplines is called for
as is further development of hardware. But it is also apparent that
there are many difficulties that remain to be explored. For one thing,
it must be recognized that the spike separation problem does not ter
minate with an optimum decision as to which neuron has generated a
particular spike. This identification is only an intermediate step to a
plethora of statistical analyses that are to be performed upon the data.
The goodness of a separation technique is therefore to be judged by
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the quality of the final results of the experiments—the confidence
measures attached to estimates of correlation functions, post-stimulus
time histograms and the like. Here our reliance in the results of com
munication theory and pattern recognition theory is on shaky ground
for the simple reason that this comprehensive data acquisition and
analysis problem is not the kind of problem that has as yet received
much attention. Hopefully we can arouse interest in changing this situa
tion. There is another difficulty which we must also come to grips with
sooner or later. J u s t how much can we hope to accomplish in unravel
ling nervous system complexity by computer analyses even should our
separation techniques be successful beyond our fondest hopes? I t
would seem that even with as few as three or four interleaved pulse
sequences we are already taxing our ingenuity to devise meaningful
experiments, our ability to provide appropriate mathematical analyses
and our computer capacity to arrive at results in reasonable lengths of
time. We can be optimistic and confident with respect to the first two
of these items but decidedly not with respect to the last. Basically
we may be asking too much of our computers, and if so, we may have to
restrict ourselves to "simpler", more specific experiments until we can
formulate more precisely the questions we wish to ask of the nervous
system. Then we may perform experiments that do not require the
massive computer power we think we need now. We are not at t h a t
point of reassessing our experimental goals yet. With continuing
improvements in spike separation techniques we will be, soon.
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