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Abstract

Autocorrelation functions are a major tool for the understanding of single-cell firing patterns. Short-term peaks in autocorre-
lation functions have previously been interpreted as a tendency towards bursting activity or elevated probability to emit spikes in
a short time-scale. These peaks can actually be a result of the firing of a neuron with a refractory period followed by a period
of constant firing probability. Analytic studies and simulations of such neurons replicate the autocorrelation functions of
real-world neurons. The relative size of the peak increases with the refractory period and with the firing rate of the cell. This
phenomenon is therefore more notable in areas such as the globus pallidus and cerebellum and less clear in the cerebral cortex.
We describe here a compensation factor that can be calculated from the neuron’s hazard function. This factor can be removed
from the original autocorrelation function to reveal the underlying firing pattern of the cell. © 2001 Elsevier Science B.V. All

rights reserved.
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1. Introduction

Spike train analysis — the heart of the analysis in
most studies of extracellular recordings — is based on
the timing of action potentials, while neglecting sub-
threshold phenomena and changes in spike shape and
amplitude. Computing the autocorrelation function
(Perkel et al., 1967a) is a common first step toward
revealing a spike train’s internal structure. This func-
tion describes the probability that a neuron will emit a
spike as a function of the time elapsed from another
firing of a spike by that neuron.

A prominent feature of all neuronal autocorrelation
functions is the refractory period caused by the inability
of neurons to emit two spikes in close proximity. Neu-
ronal autocorrelation functions (also known as auto-
correlograms) are often categorized as flat, oscillatory
or bursty according to the shape of the function follow-
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ing the refractory period (Wilson and Groves, 1981;
Munemori et al., 1984; Wichmann et al., 1994). Early
simulation studies (Segundo et al., 1968) have demon-
strated a continuous spectrum of firing patterns ranging
from random (flat autocorrelogram), to early mode
types (autocorrelograms with a single short peak), and
finally to periodic correlograms. This continuous grada-
tion was achieved simply by changing the number or
the pattern of the inputs to the simulated neuron.
However, later studies have usually assumed a more
discrete classification of the firing patterns of neurons.
In the canonical interpretation, flat autocorrelation
functions reflect neurons with a constant probability for
firing a spike (Abeles, 1982a); oscillatory autocorrela-
tion functions reflect periodic oscillations in the neu-
rons’ firing probability (Filion, 1979; Engel et al., 1991;
Bergman et al. 1994a); and a peak in the autocorrela-
tion functions reflects the cells’ tendency to fire several
action potentials in rapid succession, called bursting
(Wichmann et al., 1994).

Bursting activity can be caused by intrinsic properties
of the neurons, such as elevated calcium or calcium
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conductance levels, or by extrinsic input, such as pro-
longed synchronous synaptic activity. Bursts may have
a special role in synaptic plasticity and information
processing in the brain (Lisman, 1997). The definition
of bursting activity varies according to the research
field. Intracellular/computational researchers use the
definition of firing dynamics on multiple time-scales
(Rinzel, 1987). Researchers using extracellular record-
ing methods in behaving animals use the functional
definition of enhanced firing probability on a short
time-scale following the emission of spikes (Abeles,
1982b). The area of the peak in the autocorrelation
function is used for estimating the average burst size,
that is, the number of spikes within a burst is approxi-
mately twice the size of the area (Abeles, 1982b;
Bergman et al., 1994a; Colder et al., 1996).

In this manuscript we show that short peaks in the
autocorrelation function may be the result of the refrac-
tory period of cells with high firing rate and not of the
elevated firing probability (bursting activity). We fur-
ther demonstrate how this effect can be compensated
by calculation of an equivalent renewal process using
parameters extracted from the hazard function of the
cell.

2. Methods
2.1. Electrophysiological data

Electrophysiological examples were obtained from
various physiological recordings made previously in our
laboratory (Wichmann et al., 1994, 1999; Nini et al.,
1995). We used standard physiological techniques for
extracellular recording of spiking activity of neurons in
behaving primates (Nini et al., 1995). Stability and
recording quality were evaluated off-line, and only well-
isolated and stable spike trains — those with stable
spike waveforms, stable firing rate and consistent re-
sponses to behavioral events — were included in this
study. The length of the recordings varied in the range
of 200-3000 s. The autocorrelation functions were cal-
culated using 1-ms bins and normalized to reflect the
firing rate for each bin using standard methods (Abeles,
1982b). The autocorrelation values at time zero (reflect-
ing the number of spikes) were removed.

2.2. Simulation technique

The neurons were modeled as a realization of a
renewal process featuring reduced initial probability
followed by a constant probability. A renewal process
is defined as effected only from the last spike and not
from any event prior to it, i.e. all sub-threshold phe-
nomena are being reset by the last action potential.
This specific renewal process has been previously ad-

dressed as a Poisson process with a refractory period
(MacGregor, 1987; Reich et al., 1998). In the model,
cells have a constant firing probability (p) for each time
bin (Af). However, after a spike occurs the neuron
enters a refractory period (of length 7, bins) in which its
probability of firing is smaller than the steady-state
probability. We used two different kinds of refractory
periods: a simple refractory period was defined as zero
firing probability for the entire period; a complex re-
fractory period was defined by a sequence of probabili-
ties p.(1)...p(zr,) with values between 0 and p. The
values of p and 7, depend on the brain area being
modeled, e.g., typical values for the globus pallidus are
0.05<p<0.25 4 ms <17, <8 ms(DeLong, 1971). The
time bin (A¢) is assumed to be smaller than the refrac-
tory period, and the probability of multiple spikes in
the same bin is assumed to be very small. Throughout
both the electrophysiological recordings and the simula-
tions the default bin size was 1 ms. The length of the
simulation was in the range of the duration of the
electrophysiological recordings (10° bins = 1000 s).

3. Results
3.1. Short-term peaks in electrophysiological studies

Neurons in many areas of the nervous system display
short-term ‘bursty’ autocorrelation functions. Some of
the autocorrelation functions of such cells are shown in
Fig. 1: a neuron from the globus pallidus external
segment (la) and from the internal segment (1b), a
neuron from the substantia nigra pars reticulata (1c)
and a subthalamic nucleus neuron (1d). Other examples
from the literature include spinothalamic tract neurons
in the spinal cord (Surmeier et al., 1989, Figs. 6¢c and
7¢), neurons of the somatosensory cortex (Ahissar and
Vaadia, 1990, Figs. 2 and 3), striatum (Wilson 1993,
Fig. 13b,c), substantia nigra (Wilson et al., 1977, Figs.
1 and 8), and cerebellum (Ebner and Bloedel, 1981, Fig.
2¢). The shape of the autocorrelation is characterized
by a generally flat function except for a short-term
structure at time-scales of several milliseconds up to a
few tens of milliseconds. These autocorrelation graphs
can be clearly divided into several consecutive phases
(1a). The refractory phase consists of the refractory
period of the neuron and features low correlation val-
ues. This phase is followed by an elevated correlation
phase featuring a peak in the correlation values. After
this phase the autocorrelation function returns to a
steady-state value, sometimes with a short, damped
oscillation phase (for example, Ic and see Bergman et
al., 1994b, Fig. 2d; Ebner and Bloedel, 1981, Fig. 2d).
Traditionally (Rodieck et al., 1962; Perkel et al., 1967a;
Abeles, 1982b), cells with such autocorrelation graphs
were viewed as neurons with a tendency for burst
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creation due to the peak in the autocorrelation. How-
ever, our new analysis and simulations will show that
such a graph can arise from the activity of a cell that
does not change its firing probability following previous
activity.

3.2. Simple refractory period model — simulation and
analysis

The simple refractory period (SRP) model describes a
cell with an absolute refractory period but no relative
refractory period. This simplified model can be
solved analytically in a simple manner, and the
logic of its results is easily explained. We simulated the
SRP model by setting firing probability (p) as a func-
tion of time elapsed since the last spike (¢). This proba-
bility is actually the hazard function of the simulated
neuron, the probability of a spike at time ¢ assuming
that no spikes were emitted during the interval
0-r—1:
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The result of simulating such a neuron for the SRP
model is shown (2a), and the resemblance to the
‘bursty’ autocorrelation functions is readily apparent.
The shape of the autocorrelation function clearly re-
sembles the experimental results, with typical short-
term periods of refractory phase, elevated phase and
damping oscillations leading to steady state.

The exact values of the autocorrelation function can
be calculated analytically for the SRP model. The value
of the function at offset (time) # can be described by the
correlation variables a, (reflecting the firing rate A,
multiplied by the bin size A¢). The value of the correla-
tion variable during the refractory period is zero since
the probability of firing is zero. The correlation value
after that period depends on the probability that a
spike occurred during the previous 7, bins, but is other-
wise independent of all prior events.

0 t<r,
4= . @)
<1—Za,[> t>1,
i=1
This function reaches maximum at the bin immedi-

ately following the refractory period (offset 7, + 1), and
its value is
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Fig. 1. Examples of autocorrelation functions: (a) globus pallidus external segment (GPe); (b) globus pallidus internal segment (GPi); (c) substantia
nigra pars reticulata (SNr); (d) subthalamic nucleus (STN). Phases in the autocorrelation function: (1) refractory phase; (2) elevated phase; (3)
oscillatory phase; (4) steady state.
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Fig. 2. Simulated and analytically calculated autocorrelation functions displaying short-term peaks. (a) Simple refractory period (z, =6 ms,
P =0.1), solid bars represent the analytically calculated value and the dots represent the simulated neuron. The peak in the graph is at time
.+ 1-7 ms, 2, ,,=p/Ar—100 spikes/s. The steady state of the graph is 1., =p/[Ar - (1 +p - 7,)] > 62.5 spikes/s. (b) Simulated neuron using
complex refractory period (z, =8 ms, p =0.12). (c) Simulated neuron using complex refractory (z, =10 ms, p = 0.25). Both complex cases use

exponential refractory periods (p,=k™*'"?-p 1<t k=0.5).
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An example of an analytically calculated autocorrela-
tion function is shown (2a), and a qualitative explana-
tion for the results appears in Section 4.

3.3. Complex refractory period model — simulation
and analysis

The complex refractory period (CRP) model de-
scribes a cell with a refractory period containing firing
probabilities smaller than the steady-state probability.
In most cases, there would be an absolute refractory
period followed by a period of monotonically increas-
ing probability, but the analysis is not limited to such
cases. The cells were simulated using the general de-
scription of the firing probability (hazard function):

p<p 1<t
p=p >t

(6)

Calculating the size of the autocorrelation function at
time ¢ requires definition of the parameter ¢, that
reflects the probability for a first spike at offset ¢,
reflecting the inter-spike interval (ISI) distribution.
This parameter can either be extracted directly from
the ISI distribution or calculated from the hazard func-
tion:

r—1 r—1
qt=p,l—[(1—p,-)=p,'<1— Z%) (7
i=1 i=1

The autocorrelation value at offset ¢ can be calcu-

lated recursively:

t—1

a,=4q,+ ZqI‘az—i (8)
i=1

The steady-state value can be calculated from the
mean time until the first spike:

a,=——— ©)
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The shape and size of the peak in the autocorrelation
function are determined by the shape and length of the
refractory period as well as by the firing probability
(2b, ©).

3.4. Quantitative description of the peak phenomenon

The difference between the peak value and the auto-
correlation steady-state value (delta peak) varies
greatly, depending on various parameters characteriz-
ing the neuron. These parameters include the probabil-
ity of firing, length of the refractory period, and the
shape of the refractory function. For simplicity, only
the SRP model is analyzed, and some computational
results are given for other cases. The delta peak can be
estimated by the difference between the peak immedi-
ately following the refractory period (a.,,) and the
steady state (a..). This delta peak is a function of the
duration of the refractory period (z,) and firing proba-
bility (p), or alternatively the more easily measured
average firing rate (4, = a.,/At)
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The difference increases monotonically with the firing
rate 1., and p and is shown in 3a. Complex refractory
periods retain the same basic dependency of the phe-
nomenon size on both 7z, and p (or 4_). However, the
actual size of the difference is generally smaller and
depends on the values of the refractory function:
p(D)...p(r.) (3b). The values of calculated differences
for parameters typical to different brain areas are
shown in Table 1.

The duration of the elevated phase is 7, but at the
end of this phase it may decrease to sub-steady-state
values. In cases of very high firing rate or very long
refractory periods the autocorrelation function may
assume a damped oscillation shape with oscillations of
length 7, (2¢). This oscillatory autocorrelation function
is the extreme case of this phenomenon, and reflects the
fact that neurons with both high firing rates and long
refractory periods tend to display periodic discharge
patterns. The repetitive discharge of spinal motor neu-
rons is a classical example of this effect. Simulation of
the spinal motor neuron firing clearly demonstrates the
regularizing effect of the refractory period on the firing
pattern of the cell (Kernell, 1968).

3.5. Peak phenomenon estimation and removal from
real data

Estimation and removal of the phenomenon from the

data can be performed assuming that the neuronal
firing may be described as a renewal process. The
original autocorrelation function is calculated for the
recorded data (4a, b). The first stage consists of assess-
ing the refractory period (length and relative values)
and the mean firing probability during the steady state
(following the refractory period). These variables can
be extracted from the hazard function (%,) calculated
for the neuron (4c, d). Once the mean steady-state value
of the hazard function (/) is calculated, the length of
the refractory period is calculated as the number of bins
following the reference spike with lower firing probabil-
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Fig. 3. Quantitative estimation of the amplitude of the short-term
peak effect. (a) Estimation of the difference between the maximal
peak and the steady state value (delta peak) as a function of the
refractory period length (z,) and the firing rate (1) for the SRP model.
(b) Estimation of the delta peak for the CRP model using a moderate
slope exponential period (p, =k ' "% 1<z, k=0.5).
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Table 1
Typical delta peak values in various brain areas®

., (Hz) 1, (ms) SRP CRP

Al (Hz) AL (% of 1.) A (Hz) A4 (% of 1)
Globus pallidus 60 6 33.75 56.25 18.86 31.43
STN 25 4 278 11.11 1.51 6.04
Cortex 5 2 0.05 1.01 0.02 0.40

4 Typical values of firing rate and refractory period for different brain areas and the expected size of the peak over the steady state assuming

SRP and CRP with an exponential shape (k= 0.5).

ity and the values of the relative refractoriness can be
extracted for that period. The probability of firing
following the refractory period is set to the mean value
to retain the original firing pattern after the
compensation.

h, 1<t
=L = 11
D {h t> 1, (11)

The extracted variables enable the construction of a
simulated neuron and calculation of its autocorrelation
function using and (4e, f). The deviation of the autocor-
relation function of the surrogate neuron from its
steady state after the refractory period can be removed
from the autocorrelation function of the recorded neu-
ron to receive the compensated autocorrelation func-
tion (4g, h). The compensation process shows that one
of the cells has no underlying bursting activity (4g),
whereas the other cell has a significant tendency for
bursting (4h).

4. Discussion

The major points emphasized in this article are:

e Short-term peaks in the autocorrelation function do
not necessarily reflect bursting activity of the neuron.

e® The peaks are significant in neurons featuring high
firing rates and/or long refractory periods.

o The underlying firing pattern can be revealed by the
compensation method described above.

4.1. Insight into the peak phenomenon

The logic in the seemingly surprising shape of the
autocorrelation function derives from understanding
the role of the refractory period in shaping the cell’s
temporal firing pattern. The logic is simple when con-
sidering the SRP model: At the end of the refractory
period the cell has a probability p for firing. However,
at long offsets the probability of firing is influenced by
additional refractory periods. This causes the firing
probability to decrease to the steady state value p/(1 +

p - 7,). The logic for the general CRP model is the same;
however, the exact values of the peak and steady-state
correlations are much less intuitive although they can
be formulated nevertheless.

4.2. Real-life applications of the peak phenomenon

Despite the widespread use of autocorrelation, previ-
ous studies have not taken the peak phenomenon into
account. The main reason for this is that most of the
spike train analyses are performed on data collected in
areas with low firing rates, such as the cerebral cortex.
In these areas the size of the phenomenon is generally
very small (Table 1 and Fig. 3). However, in areas with
high firing rate, such as the basal ganglia and the
cerebellum, the effect is significant and might obscure
underlying firing patterns. Moreover, manipulations
causing a change in rate (for example lesion or pharma-
cological treatment) cause a change in the size of the
phenomenon that might be interpreted as an effect on
the structure of the spike train (Bergman et al., 1994a),
instead of being properly interpreted as an epiphe-
nomenon of rate changes. Multi-unit recordings are
also characterized by relatively high firing rates. How-
ever, the phenomenon will be significantly smaller since
the refractory period is only weakly expressed in these
recordings. Event related changes in the firing rate of
neurons may result in ‘burst-like’ activity of these neu-
rons. In those cases, methods like PST and shift predic-
tors (Perkel et al., 1967b; Aertsen et al., 1989), or joint
interval histograms (Ebner and Bloedel, 1981; Egger-
mont, 1990) should be applied to compensate first for
the event related changes in the firing pattern of the
cells.

Many cells in the central nervous system do not fire
in a manner which resembles a Poisson process with a
refractory period. Instead, they have long-term complex
changes in firing probability. However, even these cells
are prone to being biased by the effect shown. There-
fore, whenever the autocorrelation function displays
excessive peaks on short time-scales (up to 27,), they
must either be compensated or checked by other means
for assessing temporal patterns.
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4.3. Other methods for analysis of firing pattern of
single spike train

For correct estimation of bursting activity of neu-
rons, other methods can be used in conjunction with
the compensated autocorrelation function. Several mea-
sures use standard mathematical methods such as haz-
ard function calculation (Cox and Lewis, 1966) or
inter-spike interval (ISI) estimation (Perkel et al.,
1967a) to identify multiple peaks in firing. In addition,
comparison of successive self-convolutions of the ISI
(an order-independent version of the autocorrelation
function) can be made with the autocorrelation func-
tion. A mismatch between the order-independent and
the actual autocorrelation functions indicates a higher
order dependence that might be caused by bursting
activity (MacGregor and Lewis, 1977). However, these
methods fail to reflect long-term effects in the firing
pattern due to small spike counts in bins with long
offsets. In addition to these standard measures, specific
algorithms have been suggested for burst detection
(Legendy and Salcman, 1985; Cocatre-Zilgien and Del-
comyn, 1992; Mehta and Bergman, 1995). Only a com-
bination of these methods, with a clear understanding
of their limitations, can enable complete understanding
of the characteristics of neuronal firing.
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