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Abstract

Electrophysiological measures of neural activity frequently display oscillatory patterns at various frequencies. Furthermore, these
oscillatory patterns can become dynamically synchronized across a wide region of the brain in a task-dependent manner. In this
study, phase-locked oscillations in simultaneously recorded spike trains were analyzed using the wavelet cross-spectrum. Adaptation
of the existent methods of calculating wavelet cross-spectrum to spike train data was straightforward. In contrast, new methods were
needed for evaluating the statistical significance of the cross-spectrum. Although a permutation test based on a large number of re-
sampled cross-spectra can provide a reliable estimate of statistical significance, this was quite time-consuming. As an alternative,
statistical significance was determined with a normal probability density function estimated from a small number of re-sampled
cross-spectra. When applied to neuron pairs recorded in the primate supplementary motor area, the re-sampling procedure
produced a reliable outcome even when it was based on as few as ten re-sampled cross-spectra. These results suggest that the wavelet
analysis in combination with a re-sampling procedure provides a useful tool to examine the dynamic patterns of temporal

correlation in cortical spike trains. © 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

In studying complex systems, such as the brain, the
efficiency of investigation is often limited by the spatial
and temporal scales of the methods used to collect and
analyze the data. In the analysis of extracellularly
recorded single-unit activity (i.e. spike trains), the most
common approach has been to analyze the number of
spikes during subjectively defined temporal epochs that
are linked to various sensory and motor events, such as
the onset of sensory stimulus or motor response.
Typically, these temporal epochs are a few hundred
milliseconds long. Although these methods are arbi-
trary, they are often justified by the assumption that
information processed by individual neurons is repre-
sented in the slowly varying rate of spikes (see Shadlen
and Movshon, 1999).
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There is, however, an accumulating body of evidence
suggesting that different groups of neurons may be
dynamically linked together by spikes synchronized on a
millisecond scale (see Gray, 1999; Singer, 1999).
Furthermore, numerous studies have indicated that
such synchronized neural activity is often accompanied
by oscillatory rhythms of various frequencies. In some
cases, this was indirectly demonstrated by examining the
scalp EEG recordings in human subjects performing
various cognitive tasks (Csibra et al., 2000; Gevins et al.,
1997; Sarnthein et al., 1998; Mima et al., 2001; Miltner
et al., 1999; Rodriguez et al., 1999; Tallon-Baudry et al.,
1997, 1998; Srinivasan et al., 1999; Tononi et al., 1998;
von Stein et al., 1999). In other cases, the recordings of
local field potentials or multi-channel single-unit activity
provided more direct evidence (Baker et al., 2001;
Bressler et al., 1993; Eckhorn et al., 1988; Fries et al.,
1997, 2001; Gail et al., 2000; Gray and Singer, 1989;
Sanes and Donoghue, 1993; Roelfsema et al., 1997; von
Stein et al., 2000).

Regardless of the physical methods used to record
neural activity from the brain, analytical methods are
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required to visualize potential synchronization or con-
sistent phase relationship in multiple oscillatory signals
and to evaluate their statistical significance. Tradition-
ally, methods based on Fourier transforms, such as
Fourier power spectrum, have been applied to char-
acterize oscillatory patterns in neural activity. The utility
of such methods is intrinsically limited, however, to
stationary processes in which the statistical properties of
the signals can be assumed to remain invariant over
time. These problems can be partially overcome by
performing a series of Fourier transforms with a sliding
window (sliding or short-time Fourier transform, Gail et
al., 2000; Portnoff, 1980). Alternatively, methods based
on wavelet transforms can be applied. Wavelet trans-
forms have advantages over the Fourier transforms
because they can be optimized in both time and
frequency domains (Percival and Walden, 2000; Tor-
rence and Compo, 1998). The wavelet transforms have
been previously applied to the analysis of EEG data
(Csibra et al., 2000; Isoglu-Alkag et al., 2000; Le Van
Quyen et al., 2001; Sakowitz et al., 2001; Tallon-Baudry
et al., 1997, 1998). The present report demonstrates that
the cross-spectrum computed from the wavelet trans-
forms of simultaneously recorded spike trains can reveal
phase-locked oscillation between them. New methods to
evaluate the statistical significance of such wavelet cross-
spectrum are also described.

2. Methods

2.1. Animal preparation and data collection

Multi-channel single-unit activity was recorded from
the supplementary motor area of a rhesus monkey using
an Eckhorn 16-channel microelectrode manipulator
(Thomas Recording, Giessen, Germany) and a Plexon
multi-channel acquisition processor (Plexon Inc., Dal-
las, TX). The arrival times of spikes were originally
stored with a 25 ps resolution and later binned with a 1
ms resolution. The animal, which was seated in a
custom-built primate chair with its head fixed, produced
a series of visually-guided reaching movements with its
right hand on a touch screen. The touch screen was
installed horizontally in front of the animal, and there-
fore did not block the view of the computer screen on
which visual stimuli were presented. The position of the
animal’s hand on the touch screen was indicated to the
animal as a feedback cursor on the computer screen.
Targets were presented in a 4 x 4 grid on a computer
screen, and the animal was required to acquire ten
successive targets in a given trial to receive a drop of
apple juice. The interval between the acquisition of a
given target and the presentation of the next target
(response—stimulus-interval, RSI) was always 250 ms.

These experiments were performed as part of a project
to study the effects of practice on neural activity, and
therefore, target locations were randomized only in a
small number of trials (once in a block of eight trials).
For the remaining trials, the following three patterns,
generated from a set of five targets (A—E) that were
randomly selected for each recording session, were
repeatedly presented: ABCABCABCA (5/8 trials),
DECDECDECD (1/8 trials), and DECDECABC (1/8
trials).

In most neurophysiological studies, a particular event,
such as the onset of sensory stimulus, occurs once in
each trial. The data presented in this report were,
however, obtained from an experiment in which the
animal produced a series of movements in response to
multiple target presentations in a given trial. Therefore,
to avoid confusion, the temporal epoch surrounding the
onset of a single target and the corresponding movement
is referred to as an observation window. In the present
analysis, the observation window included a 1000 ms
interval starting from 400 ms before target onset.

2.2. Time-resolved cross-correlation function (TrCCF)

Synchronized oscillation of neural activity has often
been described by the cross-correlation function (CCF).
Denoting the spike train from a neuron j as:

n 17
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where ¢ indicates time from target onset, n is the index
for multiple observation windows (n =1, 2,..., N) and
At =1 ms, the CCF between the neurons j and k can be
defined as:

if there is a spike between ¢ and ¢+ At
otherwise

1 N T
CCF() = | X X ¥j(0xi(t+7)

where 7 (=1000 ms) denotes the duration of the
observation window.

Periodic modulations in the CCF indicate a consistent
phase relationship in the oscillatory activity of the two
neurons. For example, a peak at the zero lag in the CCF
indicates that the two neurons display a tendency to fire
synchronously. For stationary processes, the CCF
adequately describes the nature of statistical dependen-
cies between them. Spike trains are not stationary,
however, when they are influenced by external events.
In such cases, the joint peri-event time histogram
(JPTH) has been commonly applied (Aertsen et al.,
1989). The JPTH can be defined as:

1 N
JPTH, (1), t,) = N > X7t )x;(t)

where ¢, and ¢, denote time from target onset. For a pair
of neurons with synchronized spike activity, the JPTH
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increases its value along a diagonal line (i.e. ¢, = 1,). For
visualization of synchronization of relatively high fre-
quency oscillation, however, it is more convenient to
adopt two different time scales, one for the timing of
spikes in one neuron and the other for the time lag for
pairs of spikes from the two neurons (Baker et al., 2001).
For example, the TrCCF can be defined as:

1 N
TrCCF,(t, ©) = JPTH, (¢, t+ 1) = N > XJ(Ox(t+7)

where ¢ denotes time from target onset, and 7 is the time
lag. For graphical illustration, the raw TrCCF was
smoothed with a 2-dimensional Gaussian kernel. Dif-
ferent widths of the Gaussian kernel (¢, =40 and
o, =4 ms) were used for the horizontal (time relative
to target onset) and vertical (time lag) directions, since
these two axes represent different features.

2.3. Wavelet cross-spectrum

The wavelet transform of a spike train from neuron j
in the n-th observation window can be defined as:

T

Wi =Y o [C )
where /[ ] denotes a wavelet function, and the symbol
(*) the complex conjugate (Torrence and Compo, 1998).
The variables ¢ and s indicate the time and scale of the
wavelet function. Thus, the wavelet transform is calcu-
lated by convolving the spike train with wavelet func-
tions with various scales (Fig. 1). The wavelet function
must have a zero mean and be localized in both time and
frequency space (referred to as admissibility condition).
The Morlet function satisfies such requirements, and is
defined as:

w(n) _ n71/4eiw(,1767172/2

where # is the non-dimensional time parameter, and o,
is taken to be 6 to satisfy the admissibility conditions for
the wavelet function. Morlet wavelet function includes
both real and imaginary parts, and this allows one to
identify the amplitude and phase of different frequency
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Fig. 1. Examples of Morlet wavelet functions illustrated for two

different scales (s = 16 and 40) and two different times (¢ = 100 and

200). Morlet wave functions are complex, and thus have real
(continuous lines) and imaginary (dotted lines) components.

components simultaneously. In addition, the Fourier
frequency for the Morlet wavelet function is approxi-
mately the inverse of the scale parameter (Meyers et al.,
1993).

The wavelet cross-spectrum for the two spike trains
from neurons j and k in the n-th observation window
can be defined as W7i(s, )W i*(z, s). In the present
study, the main question concerns whether the oscilla-
tory activity in a pair of neurons display a consistent
phase relationship across multiple trials. To address this
issue, the average wavelet cross-spectrum for the neu-
rons j and k, AWCS, (¢, s), was calculated as:

jk
1 N
AWCS, (1, s) = N Y Wi, )W, s)

The average wavelet cross-spectrum as well as its
single-trial version consists of complex numbers, and its
amplitude (power) and phase can be defined as its
absolute value and angle, respectively. It should be
noted that the amplitudes of the average wavelet cross-
spectrum would be relatively small if there is no
consistent phase relationship between a pair of neurons.
This is because cross-spectra with opposite phases get
cancelled out through summation in the complex plane.

2.4. FEvaluation of statistical significance

2.4.1. Shift predictor

Temporally correlated neural activity can originate
from at least two different sources. On the one hand,
correlated activity might be produced when a pair of
neurons is activated together by a series of external
events (either sensory stimuli or motor outputs), and
this can be referred to as exogenous correlation. On the
other hand, correlated activity might arise indepen-
dently of such external factors, as a part of the
dynamical processes representing various types of in-
formation in the brain, and this can be referred to as
endogenous correlation. For the CCF, a traditional
approach to dissociate these two different types of
temporal correlation has been to apply the shift
predictor (Perkel et al., 1967). In this method, a
surrogate CCF is computed through a re-sampling
procedure, in which the spike train from one neuron
in a given trial is randomly paired with that from the
second neuron in another trial in the same experimental
condition. Since this procedure would preserve the
exogenous temporal correlation, the difference between
this re-sampled CCF and the original CCF reflects the
amount of endogenous correlation. The shift predictor
method can be adapted to evaluate the statistical
significance of the TrCCF and the wavelet cross-
spectrum (see below).
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2.4.2. Estimating TrCCF from spike density functions

In the case of the TrCCF, one can obtain the
theoretical TrCCF expected for a pair of neurons
without any functional interaction, using a different
method than the shift predictor (Baker et al., 2001).
First, the firing rates of individual neurons are estimated
for each trial, and this can be achieved by using any of a
large number of methods available (Pauluis and Baker,
2000). In the present study, the firing probability of
individual neurons in a given observation window is
calculated by the use of Gaussian kernel (¢ =25 ms;
MacPherson and Aldridge, 1979). Next, assuming that
the two spike trains are statistically independent, the
TrCCF for a given trial can be estimated by the product
of these spike density functions (SDF). Denoting the
spike density function for neuron j in trial n as F7/(¢), the
TrCCF estimated for independent spike trains was
obtained as the following.

‘ 1y
TICCF G, 0= | Y FIOFi(+7)

This is different from a more common approach in
which the SDFs are estimated from the activity averaged
across a large number of observation windows (trials).
However, the use of the trial-averaged SDFs might be
misleading, because cortical neurons often display
correlated changes in their activity across multiple trials
(Baker et al., 2001; Gawne and Richmond, 1993; Lee et
al., 1998; Zohary et al., 1994). Estimating the TrCCF
based on the trial-averaged SDFs, therefore, would lead
to the underestimation of the expected correlation in the
TrCCF.

2.4.3. Statistical significance of the wavelet cross-
spectrum

In principle, it might be possible to determine the
statistical significance of wavelet cross-spectrum by
deriving its probability density function analytically. In
practice, this would be difficult, because one would first
have to obtain accurate parametric models of spike
trains for individual neurons, and then follow the
evolution of various probability density functions
through the multiple steps involved in calculating the
wavelet cross-spectrum. Another approach would be to
estimate empirically the associated probability density
functions based on a re-sampling procedure. For
example, one can generate a large number of re-sampled
wavelet cross-spectra, and the P-value can be computed
for each time and frequency combination by counting
the number of re-sampled cross-spectra in which the
amplitude of the re-sampled cross-spectra exceeds that
of the original cross-spectrum, and dividing it by the
number of re-sampled cross-spectra. However, there
were several problems in applying this method to the
current situation. First, the wavelet cross-spectrum in

the present analysis was calculated from the average of
several thousand movements, and therefore calculating
each re-sampled cross-spectrum was a computer-inten-
sive and time-consuming process, taking ~ 5 min/re-
sample on an 800 MHz pentium III personal computer.
Second, the reliability of estimated P values increases
with the number of re-sampled cross-spectra. To obtain
P values with 0.001 accuracy, for example, one would
require at least 10 000 re-samples, and therefore it would
take ~ 1 month [10000 x 5 (min)/{60 (min/h) x 24 (h
per days)} = 34.7 days] to analyze a pair of neurons.

Alternatively, one can approximate the probability
density function for the amplitude of average wavelet
cross-spectrum with a theoretical (e.g. normal) prob-
ability density function. Although the frequency histo-
gram for the amplitude of average cross-spectrum often
displayed a substantial skew, application of square-root
transformation normalized the distribution of the am-
plitude in most cases (see Section 3). Therefore, the
probability density function of a wavelet cross-spectrum
was approximated by a normal distribution based on the
mean and the standard deviation (S.D.) calculated from
a small number (n=10) of cross-spectra after square
root transformation. The normal probability distribu-
tion function f(x) with a mean ¢ and a S.D. ¢ is defined
as:

1 —(x — )
1= e~ )

Once the probability density function is estimated, the
P-value for the observed amplitude of the cross-
spectrum can be obtained by calculating the area under
the probability density function beyond the value
corresponding to the observed amplitude. Whether the
distribution of re-sampled cross-spectra followed nor-
mal distributions after square root transformation was
checked by a series of Kolmogorov—Smirnov goodness-
of-fit tests performed separately for each time and
frequency combination. These tests were performed
using a group of 200 re-sampled wavelet cross-spectra.

3. Results

The TrCCF for a pair of neurons recorded simulta-
neously from the supplementary motor area is shown in
Fig. 2. Several alternating horizontal bands of light and
dark regions lasting for about 150 ms before target onset
are visible in both the raw and the smoothed TrCCF
(Fig. 2A and D), suggesting that these two neurons
displayed a certain degree of phase-locked oscillation.
To identify the level of such phase-locked oscillation
independently from the pattern expected for correlated
modulation arising from exogenous factors, the TrCCF
estimated from the two neurons’ SDF was also calcu-
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Fig. 2. TrCCF for a pair of neurons recorded simultaneously from the supplementary motor area of a monkey performing a reaching task. A. Raw
TrCCF. B. Expected TrCCF based on trial-by-trial estimates of individual neuron’s SDF. C. TrCCF calculated using the shift predictor method. D.
Smoothed TrCCF. This was computed by convolving the raw TrCCF with a 2-dimensional (2-D) Gaussian filter (¢ =40 ms, o, = 4 ms). E.
Smoothed TrCCF after subtracting the expected TrCCF (B). F. Smoothed TrCCF after subtracting the shift predictor TrCCF (C). The values on the

right side of the scale bar apply to A—D, and those on the left to E and F.

lated (Fig. 2B). In addition, the shift predictor method
was used to generate another estimate of the TrCCF
expected for the two independent spike trains (Fig. 2C).
The results from these two different methods were
similar. Consequently, the subtraction of these expected
TrCCF from the original ones also produced similar
results, and in both cases, a series of horizontal bands
suggest robust, endogenous phase-locked oscillation
between these two neurons (Fig. 2E and F).

Although TrCCFs are useful in visualization of
phase-locked oscillation in spike trains, they are not
optimal for precise measurement of phase-locked oscil-
lation as a function of time, and this is the main
motivation for introducing methods based on the
wavelet transform. For the same pair of neurons shown
in Fig. 2, the amplitude and phase of the wavelet cross-
spectrum is displayed in Fig. 3. Compared with the
amplitude of the cross-spectrum calculated for the shift
predictor (Fig. 3B), the amplitude plot for the original
cross-spectrum (Fig. 3A) displayed a strong peak at 35
Hz, which is in the frequency range referred to as the y-
band in the EEG literature. At this frequency, the
amplitude reached its peak approximately 85 ms prior to
the target onset. In addition to this peak, the amplitude
of the original cross-spectrum was often higher in many
other frequency and time combinations, compared with
that of the shift predictor, suggesting that even relatively

weak oscillatory activity of these two neurons tended to
maintain a consistent phase relationship over a broad
range of frequency throughout the observation window
used in this analysis. Another advantage of the wavelet
transform is that it provides an accurate estimate of
phase relationship (Fig. 3C). For the frequency of 35
Hz, which included the maximum amplitude, the phase
is plotted separately for closer examination (Fig. 4). At
85 ms prior to target onset, when the cross-spectrum
reached its peak value at 35 Hz, its phase was —62°,
corresponding to a time lag of approximately 5 ms for
this frequency. Although phase values varied substan-
tially throughout the window of analysis, the value of
approximately —62° remained stable for about 150 ms,
which is approximately the duration of the peak in the
cross-spectrum. Therefore, for this pair of neurons,
oscillatory activity was phase-locked, but it was not
completely synchronized.

To evaluate the statistical significance of various
peaks in the wavelet cross-spectrum, two different
methods were compared. Each of these methods as-
signed P-values to all possible time and frequency
combinations for the amplitude in the wavelet cross-
spectrum. First, a permutation test was used to derive
P-values from a series of empirical probability density
functions based on 200 re-sampled wavelet cross-spec-
tra. Although this permutation test does not rely on any
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Fig. 3. Wavelet cross-spectrum of spike trains. (A) Amplitude of the wavelet cross-spectrum for the original spike trains (same as in Fig. 2). (B)
Amplitude of the wavelet cross-spectrum for the shift predictor. (C) The phase of the wavelet cross-spectrum for the original spike trains. (D) The
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Fig. 4. The amplitude and the phase of the wavelet cross-spectrum
shown in Fig. 3A for the frequency of 35 Hz.

distributional assumptions and therefore might provide
more accurate evaluation of statistical significance, this
procedure was too time-consuming to apply to a large
number of neuron pairs. In the present analysis, the P-
values calculated from 200-resampled wavelet cross-
spectra provided a baseline to which the results of
alternative methods were compared.

Second, a small number of re-sampled cross-spectra
(n=10) were used to estimate probability density
functions for the original average cross-spectrum. In
this method, it is important to apply an appropriate
mathematical function to estimate the probability den-
sity function. The amplitude of the wavelet cross-
spectrum often violated the normal distribution. Ac-
cording to the Kolmogorov—Smirnov test, the hypoth-
esis that the wavelet cross-spectrum amplitude was
normally distributed was rejected in 31.2% of all the
time and frequency combinations examined in the
present example. In contrast, square-root transforms
successfully normalized the distribution of the ampli-
tude. After square-root transformation, the null hypoth-
esis was rejected in less than 3% of the time and
frequency combinations, and this was less than the
significance level used in the Kolmogorov—Smirnov test
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(P=0.05). Based on these results, the square-root
transformed amplitude of the wavelet cross-spectrum
was assumed to be normally distributed, and the P-
values were estimated from the normal probability
density function with the mean and the S.D. obtained
from ten re-sampled wavelet cross-spectra after square-
root transformation. The resulting P-values, shown in
Fig. 3D, were in good agreement with those of the
permutation test (r=0.962; Fig. 5). The RMS error
between the P-values obtained from the normal prob-
ability density function and those of the permutation
test was 0.08.

4. Discussion

Wavelet transforms have been applied to a variety of
data in many different disciplines. In neurophysiology,
wavelet transforms have been mostly adopted in the
analysis of EEG data. In the present paper, these
methods were applied to the multi-channel single-unit
data, i.e. multiple spike trains recorded simultaneously.
Whereas the EEG and local field potential recording
data are analog signals sampled at regular intervals,
spike trains are point processes defined solely by the
arrival times of spikes. Despite such a fundamental
difference in the nature of the signals, the present results
indicate that the wavelet transforms can be successfully
applied to a broad range of neurophysiological data,
including spike trains.

There is a wide variety of methods based on the
wavelet transforms that can be utilized in analyzing time
series, such as spike trains (Percival and Walden, 2000).

P values from normal PDF

0.0 0.2 0.4 0.6 0.8 1.0
P values from permutation test

Fig. 5. Comparison of P-values from two different methods of
evaluating the statistical significance of the wavelet cross-spectrum.
The abscissa represents the P-values computed from a permutation
test in which P-values were calculated using the empirical probability
density functions estimated from 200 re-sampled wavelet cross-spectra.
The ordinate represents P-values calculated using the normal prob-
ability density functions estimated from ten re-sampled wavelet cross-
spectra (also shown in Fig. 3D).

In addition, these methods have advantages over more
conventional methods based on Fourier transforms. For
example, the Fourier power spectrum cannot handle
non-stationary processes. The problem of non-statio-
narity can be addressed using short time Fourier trans-
forms, but they suffer from the trade-off between
temporal and spectral resolution due to the uncertainty
principle (Papoulis, 1977). Wavelet transforms attempt
to achieve an optimal solution to this problem by
varying window size as a function of frequency. As
pointed out in the previous application of wavelet
transforms to the analysis of EEG data (Le Van Quyen
et al., 2001; Quiroga and Schiirmann, 1999; Sakowitz et
al.,, 2001), such advantages of wavelet transforms are
directly relevant to the analysis of spike train data,
because spike trains are seldom stationary. In other
words, it cannot be generally assumed that statistical
properties of real spike trains remain invariant over
time. To the contrary, these dynamic changes in the
statistical properties of spike trains are usually the focus
of investigations. For example, there is growing interest
in the question of whether synchronization or phase-
locked oscillation in neural activity has any functional
significance. To obtain answers to this important
question, methods based on wavelet transforms are
likely to play an important role.

A method to evaluate statistical significance of the
wavelet cross-spectrum has been previously proposed
(Torrence and Compo, 1998). This method was based
on the assumption that individual wavelet spectra follow
y2-distribution. In the present analysis, no systematic
attempts were made to derive a theoretical probability
density function, because it is likely that such distribu-
tions are affected by the statistical properties of the
spike trains in question. In addition, the permutation
test used in the present study required a large number of
re-sampled cross-spectra, making it computationally
demanding. A practical solution to this problem might
be to estimate the probability density function for the
amplitude of the wavelet cross-spectrum based on a
smaller number of re-samples. In an initial trial of this
approach, the use of ten re-samples produced results
that were comparable to those obtained with the larger
number of re-samples.

Although the wavelet cross-spectrum provides certain
advantages over other methods, such as the TrCCEF, its
utility resides mostly in detecting temporally overlap-
ping phase-locked oscillation in two parallel spike
trains. In some cases, there may be a substantial delay
between transient oscillatory discharges of different
neurons. This form of temporally delayed phase-locked
oscillation will not be detected by the wavelet cross-
spectrum. In addition, different neurons might display
oscillatory discharges in different frequency bands in a
time-locked manner. Since the wavelet cross-spectrum
examines the coherence in the oscillation that takes
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places in each frequency separately, it will also fail to
detect this type of temporal correlation. Methods based
on bispectrum or bicoherence can be used to analyze
temporal coupling between oscillatory discharges in
different frequencies (Schanze and Eckhorn, 1997; von
Stein et al., 2000). These methods are, however, based
on the Fourier transform, and their utility in analyzing
non-stationary spike trains is thereby limited. Therefore,
without the methods that can fully characterize diverse
patterns of temporal correlation, studies of multi-
channel spike trains still remain a challenging task.
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