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This study introduces a novel method for estimating spatial spectra from irregularly
sampled intracranial EEG data, revealing cortical activity across all spatial frequencies,
which supports the global and integrated nature of cortical dynamics. The study
showcases important technical innovations and rigorous analyses, including tests to
rule out potential confounds; however, the lack of comprehensive theoretical
justification and assumptions about phase consistency across time points renders the
strength of evidence incomplete. The dominance of low spatial frequencies in
cortical phase dynamics continues to be of importance, and further elaboration on
the interpretation and justification of the results would strengthen the link between
evidence and conclusions.

https://doi.org/10.7554/eLife.100674.1.sa4

Abstract

The organization of the phase of electrical activity in the cortex is critical to inter-site
communication, but the balance of this communication across macroscopic (>15cm),
mesoscopic (1 to 15cm) and microscopic (<1cm) ranges is an open question. Traveling waves
in the cortex are spatial phase gradients, such that phase values change smoothly through the
cortical sheet over time. Macroscopic cortical traveling waves have been understudied
compared to micro- or mesoscopic waves. The spatial frequencies (i.e., the characteristic
scales) of cortical waves have been characterized in the grey-matter for micro- and
mesoscopic scales of cortex and show decreasing spatial power with increasing spatial
frequency. This research, however, has been limited by the size of the measurement array,
thus excluding macroscopic traveling waves. Obversely, poor spatial resolution of extra-
cranial measurements prevents incontrovertible macroscopic estimates of spatial power via
electroencephalogram and magnetoencephalogram. We apply a novel method to estimate the
spatial frequency spectrum of phase dynamics in order to quantify the uncertain
macroscopic scale. Stereotactic electroencephalogram is utilized to leverage measurements of
local-field potentials within the grey matter, while also taking advantage of the sometimes
large extent of spatial coverage. Irregular sampling of the cortical sheet is offset by use of
linear algebra techniques to empirically estimate the spatial frequency spectrum. We find the
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spatial power of the phase is highest at the lowest spatial frequencies (longest wavelengths),
consistent with the power spectra ranges for micro- and meso-scale dynamics, but here
shown up to the size of the measurement array (15-25cm), i.e., approaching the entire extent
of cortex. Low spatial frequencies dominate the cortical phase dynamics. This has important
functional implications as it means that the phase measured at a single contact in the grey-
matter is more strongly a function of global phase organization than local. This result arises
across a wide range of temporal frequencies, from the delta band (2Hz) through to the high
gamma range (100Hz).

Introduction

Traveling waves (TWs) have been described in human cortex since at least 1949 (1%). They are a

commonly described class of the more general phenomena of cortical phase dynamics, which we
define as the set of all possible phase patterns. TWs may take the form of linear gradients 2 @ -

monotonic phase gradients measured over more than 15cm, up to the global scale of the cortical
sheet.

Theoretical analyses have long predicted the existence of macroscopic wave dynamics (13-

measure the envelope of the heterogeneous activity at some temporal frequency as it moves
through the cortex. The waves observed in neural mass models arise through a dynamic balance
of excitation and inhibition and activated fields radiate outward from previously activated areas
(13@,17 2,18 2). Mathematical analyses indicate activity modes that are associated with damped

(see Figure 1@). These waves are best understood as being coordinated by long-range myelinated
axons (17 @). Being group waves, they do not directly indicate the velocity of information

on the other hand, reflect the speed at which regions of activity can flip between different regimes,
often as the result of small changes in coordinated synaptic inputs (20, c.f. 21).

Alternative hypotheses have been proposed to explain macroscopic TWs measured extra-cranially.
We highlight three prior studies (204,21 (3,24 (%) here due their explicit mathematical
treatments, enabling an effective collision with the present research. Local TWs, driven by short-
range intracortical connectivity, have been proposed as the origin of the extra-cranial

matter, but over a local region, when projected to the scalp they reproduce the fast velocity
characteristics of the reported extra-cranial alpha waves (25 -27(%). Another explanation for
macroscopic TWs is in terms of localized oscillating cortical sources mixing at the sensor level
(e.g., in electroencephalography, EEG). In this approach, two spatially offset and phase-lagged
components are derived experimentally by source modeling, which in turn reproduces the
measured extra-cranial waves (20,24; see Figure 1@). Importantly for the present research, the
dynamics associated with the alternative hypotheses can be re-represented as measurable Fourier
spectra, and these spectra give distinct predictions. While the expected peak in the spatial
frequency spectrum for the veridical TWs hypothesis is at low spatial frequency, the alternative
hypotheses for artefactual macroscopic TWs show peaks at high spatial frequencies. In order to
test these hypotheses, we therefore estimate the relative power of different bands of spatial
frequencies (f), comparing high (f;>6 cycles/m) to low (3<f,<6 cycles/m) spatial frequency
contributions to the measurable phase; these spatial frequencies are approximately equivalent to
wavelengths (A =1/ f,) of A<15 cm vs. 15<A<35 cm.
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Figure 1.

Traveling waves, measurements and origin.

A-C. Scales of measurement and degree of blurring in EEG, ECoG and stereotactic EEG. A. EEG measures the electrical activity
of the cortex at the surface of the scalp (contacts shown in green). Due to volume conduction in the intervening tissues
(blue), the cortical signal is highly blurred and preferentially samples gyri. The EEG array covers the entirety of the scalp in a
quasi-regular grid, enabling a large extent of cortical coverage (green line, not to scale). B. Electrocorticogram (ECoG)
measures the electrical activity of the cortex at the cortical surface. The volume conduction effects are less here, but the
measurement array preferentially samples activity at the gyri. The distance between contacts is regular, forming a two-
dimensional measurement array, but the size of the array is limited to 10cm or less. C. Stereotactic EEG measures electrical
activity within the grey matter of the cortex, and therefore has a lower degree of blurring. The clinical placement of the linear
arrays of contacts result in a highly irregular measurement array, though often with wide coverage of the cortex, though in
general less than 30cm. D-F. Hypotheses for the origin of macroscopic TWs measured extra-cranially (adapted from 14). D.
Extra-cranial TWs reflect real, coordinated, spatio-temporal activity across the entire cortex. The TWs are measurable at the
scalp because the dominant spatial frequency of the activity has a long wavelength and is therefore detectable at the scalp. A
sinusoidal wave corresponding to this hypothesis is shown in blue, with successive time samples in lighter shades. The fast
Fourier transform of the model wave is shown in magenta. The expected spatial frequency spectrum, when measured in the
grey-matter, has a peak at a low spatial frequency. E. A local wave (shown here in a sulcus) slowly traverses a small region of
grey matter via intracortical connections. The wave appears at the scalp as a fast-moving global wave due to volume
conduction effects. The wave's (blue) expected spatial frequency spectrum (magenta), when measured in the grey-matter,
has a peak at a high spatial frequency. F. Localized oscillatory sources that are out of phase appear as macroscopic TWs at
the scalp due to volume conduction effects. The oscillators’ (blue) expected spatial frequency spectrum (magenta), when
measured in the grey-matter, has a peak at high spatial frequencies corresponding to the size of each oscillatory source, with
a weaker elevation in low spatial frequency power due to the interaction between sources.

David M Alexander et al., 2024 eLife. https://doi.org/10.7554/eLife.100674.1

30f42


https://doi.org/10.7554/eLife.100674.1
https://doi.org/10.7554/eLife.100674.1

v eLife

The alternative explanations that have been proposed for measurements of extra-cranial
macroscopic TWs rely on two assumptions. First, in order for the localized activity to meaningfully
reproduce the sensor level measurements, the activity proposed must dominate during the event;
that is, the local TWs or oscillatory sources must arise within a relatively quiescent cortex.
Otherwise, the local waves or oscillatory sources, as measured extra-cranially, will be washed out
by the cortical activity that actually dominates. The second, and related assumption, is that
measures aggregated over samples and/or trials accurately reflect relevant signals in single
sample data (28 %). This aggregation assumption is related to the quiescence assumption because
it allows local waves or oscillatory sources to be detected in otherwise ‘noisy’ environments.
Typical sample aggregation procedures result in activity with high variation across aggregated
samples being made quiescent, thereby treating this activity as noise (28%).

In the present study, spatial frequency estimates are made at the single sample level rather than
for sample aggregates (e.g., trial means), up to the constraints imposed by estimating phase over a
short temporal window and lossless decomposition of a participant’s phase data using singular
value decomposition (SVD).

Research on TWs has consistently revealed that the spatial power of phase decreases
monotonically with spatial frequency. Intracranial measurements show that the spatial frequency
spectrum of phase declines with power from 5 cycles/m (10cm wavelengths) 22,72 ,8 2,28 (2
302). The estimates, however, use cortical surface arrays with limited spatial coverage (<10cm)
and were therefore insensitive to wavelengths longer than 10cm (see Figure 13). Likewise,
animal studies also point to a spatial frequency spectrum for phase that monotonically decreases
in power with increasing spatial frequency (6 %), but at measurement scales of 7mm or smaller
(63,312 -33 ). Estimates of the relative contribution of macroscopic TW to the spatial

with maximum power at wavelengths near the array size, and decreasing in power with smaller
wavelengths.

These studies, collectively, have not been able to unambiguously determine the relative
importance of low spatial frequency components. Fourier analysis is sensitive to the sampling of
the underlying data, both at the smallest range (the sampling frequency) and the maximum range
(the size of the array) (34 ). Phase dynamics at the largest cortical scales cannot be assessed
using small intra-cortical arrays. Obversely, extra-cranial measurements are contaminated by
volume conduction artefacts (EEG) or blurring by distance to the sensor array (MEG), both of
which act as a low pass filter (18 (%,28(%,35) (see Figure 1(2). A low pass filter will suppress
higher spatial frequencies, thereby inflating the relative effect of the low spatial frequencies
quantified from the phase dynamics and introducing an ambiguity. In the present research we use
cortical depth electrodes in order to assess that part of the spatial frequency spectrum of phase
between 3 and 20 cycles/m. Stereotactic EEG contacts have excellent spatial resolution and
coverage (although often-times sparse and irregular) which can extend to 25cm of the cortical
sheet. By extending grey-matter measurements of the spatial frequency spectrum to long
wavelengths, we are able to accurately assess the relative contribution macroscopic phase

dynamics to cortical activity.

Results

Despite the published research on spatial frequency spectra of cortical phase dynamics
62,732,292, 36 %), decades of neuroscience research has favored explanations of extra-cranial

on a simple criterion. We remove ambiguities in the measurement of purported macroscopic TWs
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by quantifying them at the single trial level within the grey matter. As a consequence, the
proposed mechanisms of localized TWs, oscillating sources or large-scale phase gradients must
result in a spatial frequency spectrum of phase measurements that is consistent with the proposed
mechanism, as shown in Figure 1. Specifically, the characteristically small spatial scale of the
proposed mesoscopic waves or oscillating sources will be revealed as maxima (or local maxima or
local inflection) in the spatial frequency spectrum. These high spatial frequency components have
been hypothesized to combine, via blurring of signal, to form apparent low spatial frequency

if other cortical activity is relatively quiescent; the high spatial frequency components must really
be a prominent part of the signal. Alternatively, single trial level measurements within the grey
matter that reveal a dominance of low spatial frequency components in the spectrum of phase, at
scales up to macroscopic TWs, cannot support the blurring or source mixing explanation for
macroscopic TWs. This is because the sensor level measurements will be dominated by the real
low spatial frequency component of the cortical phase dynamics. Measurement of macroscopic
TWs in EEG or MEG can only create a purely artefactual low spatial frequency gradient of phase,
through mixing and blurring, if no such gradient dominates the underlying signal in the first place
(compare Figure 1A & 1D @).

In the present research we analyze a publicly available data-set (RAM Public Data https://memory
.psych.upenn.edu/RAM_Public_Data (7). We report the results from 11 participants. Note that most
subsequent procedures (construction of spatial frequency spectra, statistical testing of link to
measurement array size and temporal frequency) were carried out at the single participant level,
so each participant comprises a test of the hypothesis under scrutiny. The stereotactic EEG contacts
in the grey matter were re-referenced using the average of low-amplitude white matter contacts
series, complex-valued phase was analyzed at 36 frequencies, using short time-series methods (2
cycle Morlet wavelets). Centre frequencies ranged from 1.0 to 128.0Hz, on a logarithmic scale.

The highly irregular sampling grid provided by the stereotactic EEG limits the statements that can
be made about the cortical phase dynamics. Selecting model components peaked in either the
macroscopic or mesoscopic range still results in broad spectral curves with tails well outside the
selected range. This reflects the inherent noise of the spatial array. For this reason, it was not
possible to assess the smoothness of the cortical phase dynamics in the present research. We
therefore consistently refer to the spatial frequency of the cortical phase dynamics, and separately
discuss implications for TWs. Assessment of the ubiquity of smooth gradients of phase, TWs, has
been made elsewhere (11,28 (2).

The numerical methods described in the present research are novel. They rely on the use of
complex-valued phase (8 2) to avoid the (error) noise introduced by unwrapping phase when
using real-valued techniques (c.f. 2,4,26,36,37). The irregular sampling of cortical spatial
coordinates via stereotactic EEG was partly overcome by the resampling of the phase data into
triplets corresponding to the vertices of approximately equilateral triangles within the cortical
sheet. Between-contact distances were calculated as geodesic distances (40 %) in the cortical sheet
to accurately reflect the underlying cortical topology. We used higher-order SVD, which is a
generalization of SVD to greater than two dimensions, i.e., for use with tensors. This enabled the
tensor of samples x triangles x vertices to be distilled into the dominant phase patterns and then
characterize flows of phase across a limited set of uncorrelated model triangles. These techniques
enabled the spatial frequency spectra of the cortical phase dynamics to be quantified for each
temporal frequency.

The strategy of this research was to use linear algebra techniques to empirically construct a
Fourier-like basis with which to decompose the phase signal, following and extending previous
techniques (4,8 ,11 (2).
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Figure 2.

Overview of the procedure to estimate the spatial frequency spectrum of phase. A-C. Example
of using singular value decomposition to empirically estimate Fourier components of a signal.

A.Image of waves. The waves have a peak spatial frequency at 15 cycles per 1000 pixels vertically, and this dimension is
treated as if it were time by scanning down the image (nominally) at 1 ms per pixel. The waves are aligned diagonally, moving
towards the bottom right of the image. The waves complete approximately one cycle every 512 pixels in the horizontal
direction. This is the width for the size of the scanning array, scanning the image vertically three times (white boundaries).
The complex-valued phase at 15 Hz along the ‘temporal’ axis is estimated, and the decomposition of the phase dynamics
along this dimension is computed. B. First four components of the singular value decomposition of the vector of phases from
image in A. Real part of the component is shown in blue, imaginary part in orange. The phase angle corresponding to these
real and imaginary values is shown by the colored horizontal line. The first plot shows the dominant spatio-"temporal”
frequency, captured as a single cycle wave. Each successive component has an increment in number of cycles from the
previous. These components are inherently spatio-temporal, since a spatial vector of smoothly changing phase implies a
traveling wave. C. Spatial frequency spectrum of the image in A. Because components from the singular value decomposition
are approximate sinusoids, the Fourier spectrum can simply be estimated by reading off the singular values (shown here as
% variance explained). The dominant spatial frequency is around wavenumber equals one cycle per 512 pixels. D-F. Cortical
measurements and organization of numerical analysis. D. Cortical reconstruction of one participant, showing placement of
stereotactic EEG contacts. Grey matter contacts are shown as black dots. White matter contacts are shown with colored
circles (blue, or purple for contacts with lowest amplitude signal). E. Placement of grey matter contacts within inflated left
hemisphere of cortex. Phase values at some temporal frequency and time-sample are indicated on the rainbow scale. F. Grey
matter contacts are grouped into triplets forming approximately equilateral triangles. Edge distances are calculated
according to the geodesic distance in the uninflated cortex. G-I. Model construction using higher-order SVD. G. The phase is
estimated at some temporal frequency, at each vertex’s contact. When collated over all time samples, each triangle from F
has a uniform distribution of phase, shown in the three circular histograms. H. The phase data represented in G comprises a
2-D slice (vertices by samples) in the 3-D tensor of phase. Higher-order SVD is used to reduce the samples and triangles
dimensions by removing those components that explain relatively little variance. I. A single set of vertices in the model
represents a triplet of phase relations in an abstracted triangle. The phase relations explain a known amount of variance in
the original 3-D tensor of phase. J-L. Estimation of spatial frequency for each model component. J. The phase relations for
each model triangle define a rate of change of phase, as well as the direction of phase change. K. The reduced model is
projected back onto the full space of triangles, enabling a re-association with the distance information for each triangle. L.
For each triangle and each model component, the spatial frequency of phase is calculated as cycles/m, along with the
weighting of the model component on the triangle. These two estimates, over all triangles and model components, enable
construction of the spatial frequency spectrum of phase (as in C).
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spectra of the cortical phase dynamics. The general strategy for empirical construction of a
Fourier-like basis is illustrated in Figure 2. In this simplified case, a one-dimensional
measurement array of real-valued waves (Figure 2A @) is first converted to a time x space matrix
of unit-length, complex-valued phase using Morlet wavelets tuned to the dominant temporal
frequency. The matrix of phase is decomposed into singular vectors, each consisting of an
approximately sinusoidal function in the spatial dimension (Figure 2B(#). The singular vectors
enumerate a complex basis analogous to Fourier analysis. Summing these basis vectors with
appropriate weights reproduces the original wave data. Along the way, the SVD quantifies the
amount of variance attributable to each singular vector. These singular values can be used as
proxy for spectral power (Figure 2C2).

We have previously shown that SVD can be used to decompose phase data obtained via EEG, MEG
or ECoG (4 %,28(2). The measurement coordinates of the scalp EEG or MEG sensor array define
the (partial) surface of a three-dimensional spheroid. The SVD decomposes the phase data into
families of phase gradients projected onto the surface of the spheroid. The first three singular
vectors extracted using SVD were approximately equal in wavelength to the size of the
measurement array. Since the singular vectors were smooth gradients of phase, this meant these
first three components were macroscopic TWs. The first three components were (for EEG)
anterior-posterior gradient, inferior-superior gradient and left-right gradient (4 2). In addition,
macroscopic TWs with arbitrary directions could be described using weighted sums of the
components, e.g., a mixture of the anterior-posterior and left-right gradients gives a diagonally
propagating macroscopic TW. The next three singular vectors were approximately wavenumber

equal to two (i.e., twice the spatial frequency), and each successive three singular vectors

We applied the SVD methods for spatial frequency spectrum estimation to the stereotactic EEG
data. The methods and results for this analysis are described in Supplementary Section A. The
results (see Supplementary Figure 2(2) support the conclusions presented here, i.e., low spatial
frequency cortical phase dynamics dominate over higher spatial frequency components. However,
the singular vectors did not produce smooth maps of phase, since they were strongly affected by
the noise of the irregular stereotactic EEG arrays. The maps were therefore difficult to tease apart
for further verification. In particular, we required a version of the SVD method that allowed
different wavelengths of signal to be separated and verified, and way to assess the relation
between spatial power and spatial frequency in a fine-grained manner.

Here we present a slightly different entry-point to the problem, more amenable to verification of
the elements of the decomposition. In short, we define sets of triangles on the cortical sheet, with
the stereotactic EEG contacts forming the vertices of each triangle. An example participant’s
triangles are shown in Figure 2F . All subsequent single participant examples reported here-in
are from this same participant. The triangles are used to create a larger data structure from the
phase values at each temporal frequency, of dimensions samples x triangles x vertices. The new
data structure is submitted to a higher-order SVD (42(%), so as to characterize the phase flow
across triangles of different scales.

At each temporal frequency, we used higher-order SVD to reduce the dimensionality of the phase
along both the samples dimension and the triangles dimension. The results reported here were not
dependent on the number of reduced dimensions. We trialed 5 reduced-samples, 5 reduced-
triangles and successively doubled the numbers until 40 reduced-samples, 40 reduced-triangles.
Choice of reduced dimensions, within this range, did not alter the substantive results. The
remainder of the results reported here are for the case of 20 reduced-samples, 20 reduced-

the analysis is illustrated schematically in Figure 2G-L(Z.
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Each model component captured a characteristic triplet of phase relations as phase values on the
vertices of the reduced-triangles, giving a direction (relative to the three vertices) and magnitude
of phase change. Examples of model components from a single participant are shown in Figure
3@, which also shows the distributions of phase and phase-differences for the contact triangle
which had the highest weighting on the given model component.

We first quantified the estimated spatial frequency spectrum for a single participant, across all
temporal frequencies (Figure 4 2). Lower temporal frequencies had slightly more spatial power
than higher temporal frequencies (Panel A). However, this is likely due to the better signal-to-noise
ratio in the estimation of phase for the former (more time-samples in the 2-cycle Morlet wavelet)
and therefore not a feature of higher temporal frequency signal per se. Panel B shows the
characteristic shape of the estimated spatial frequency spectrum, peaking in power at a
wavelength slightly larger than the largest inter-contact distance on the measurement array. The
spatial power of the phase dynamics decreased monotonically with increasing spatial frequency.
Within the range beginning at the maximum inter-contact distance in the measurement array
(equivalent to ~4.8 cycles/m in this case), the spatial power drops steeply, before flattening at
higher spatial frequencies. This was true of all participants (see Supplementary Figure 42). The
cross-participant aggregate spectrum is shown in Panel C, confirming the observed distribution.
This main result is consistent with previous studies of spatial frequency of cortical phase
dynamics: the spatial power decreases with increasing spatial frequency (6 2,7 2,29(%,36(2). The
present result extends the previously measured spectrum into scales equivalent to a large fraction
of the cortical size, as well as to temporal frequencies up to 100Hz. In order to check the accuracy
of the spatial frequency estimates, we selected components that had peaks in power spectrum in
the macroscopic range (2-3 cycles/m), or alternatively, in the mesoscopic range (6-50 cycles/m).
Figure 52 shows single sample phase estimates that had a good fit (i.e., high p, see methods) to
either the macroscopic or mesoscopic model components at a temporal frequency of 8Hz.
Supplementary Figure 5 shows samples taken from the same participant, but across a wide
range of temporal frequencies. Samples with good fits to the macroscopic components had
approximately three times the wavelength compared with samples with good fits to the
mesoscopic components. These samples also illustrate the limits imposed by the noise of the
uneven contact distances in the sampling of the cortex. The plots do not show the smooth phase
gradients obtained from more regular measurement arrays, e.g., ECoG and EEG (8 (4,28(%).

A second analysis was carried out using the decomposition method on subsets of triangles to
restrict the mean distances and thus sample the total measurable range. The results of this
analysis are shown in Supplementary Figure 6 2. The peak spatial power for these spatial
frequency estimates increases nonlinearly with measurement array size. Linear regressions of
log, of power at peak wavelength versus mean contact distance were significant for all
participants (Wald test, p<0.05), and showed that power increased greater than linearly with
increasing peak wavelength. Given the noise inherent in the contact placements, and the complex
interactions of various sources of noise with the higher order SVD, we did not here attempt to
estimate the exact function corresponding to each participant’s spectra. This result, along with the
shape of the complete spatial frequency spectrum for each participant, is consistent with previous
studies showing that the spectrum can be approximated by the function 1/f," at all cortical
distance ranges (63,7 (2,112,292).

We quantified the relation between the power at peak spatial frequency and temporal frequency,
using the participant-aggregate spatial frequency spectra derived from all contact triangles. There
was a strong inverse relation between temporal frequency and power at peak spatial frequency
(Wald test, p<0.05; Figure 4D ¥). However, this effect, while neatly linear at the participant
aggregate level, was for a truncated range. In other words, the changes in spatial power at peak
with temporal frequency were small compared to the changes in power over the entire spatial
frequency range. Even at the highest temporal frequencies, the spatial frequency spectrum
followed a monotonically decreasing curve from the wavelength equivalent to the size of the array
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Figure 3.

Spatial frequency estimation via higher-order singular vector decomposition (HOSVD).

A. The stereotactic EEG contacts, indicated by x’ ss, are grouped into triplets. Three x's are positioned in the panel to
accurately reflect the three inter-contact cortical (geodesic) distances, where the scale of the panel is 1mZ. In the
corresponding vertices of the large triangle are shown the phase distributions measured at each of three contacts over all
times, at a temporal frequency of 9.2Hz. The relative phase distribution for pairs of contacts is shown in the middle of each
edge of the triangle. In this case, the mode of one relative phase distribution (left<->top) is approximately zero, while the
other two modes are approximately M. B. One of the model components of phase (at 9.2Hz) for the triplet of contacts in A.
This triplet was strongly weighted on this model component in the HOSVD. The phase values of the left and top vertices in the
triangle were similar (red-orange), and the right vertex phase value was offset by approximately M (green). The phase
gradient shown within the triangle is interpolated from these values, indicating visually the direction and wavelength of the
phase gradient. C. The grey arrow shows the direction and wavelength of the estimated spatial phase gradient over the three
contacts for this model component. Relative cortical distances between contacts are also shown. The estimated wavelength
for this component was ~0.3m, corresponding to a spatial frequency of 3.3 cycles/m. D. The estimated distribution of spatial
frequencies for this participant at 9.2Hz, with the spatial frequency value estimated from A-C shown as a black dot. E-G. Three
other triplets of contacts from this participant, showing phase (at 9.2Hz) and relative-phase distributions and the model
component on which it was weighted most strongly. E. Here the estimated spatial frequency was near zero, indicating near
synchrony. F. Here the estimated spatial frequency was ~4 cycles/m. G. Here the estimated spatial frequency was ~5
cycles/m. Conventions in E-G are the same as A-C.
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Figure 4.

Estimated spatial frequency spectra.

A. Spatial frequency spectra across the temporal frequency range for an example participant. The maximum inter-contact
distance in the measurement array is shown with a black dot, in units of contacts per metre for comparison with spatial
frequency. B. Stacked histogram of the same data shown in A. C. Aggregate spatial frequency spectra for 11 participants.
Each participant’ ss maximum inter-contact distance is shown with a black dot. D. Plot of temporal frequency versus peak
spatial frequency power, derived from C. E. Plot of temporal frequency versus spatial frequency at peak power, derived from
C. F. Cross-participant regression for each participant’s maximum inter-contact distance versus each participant’s spatial
frequency at peak power. The regression lines are shown for each separate temporal frequency. Individual’s distance by

frequency data points are shown with colored dots.
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Figure 5.

Example phase samples at 8.0Hz.

A. Spectra derived from model components that had a peak in either macroscopic range or mesoscopic range. B. Sample that
had good fit to the macroscopic spectra (left) or the mesoscopic spectra (right). Phase values shown on the colour wheel,
contacts positioned on inflated cortical surface.

David M Alexander et al., 2024 eLife. https://doi.org/10.7554/eLife.100674.1 11 of 42


https://doi.org/10.7554/eLife.100674.1
https://doi.org/10.7554/eLife.100674.1

7 eLife

down to the smallest measured wavelengths. It might also be that the lower spatial frequency at
peak spatial power for high temporal frequencies was at least in part a function of higher noise in
the estimation of phase at these frequencies, i.e., fewer numbers of samples in the 2-cycle Morlet
wavelet.

Additionally, low temporal frequencies peaked in spatial power at slightly higher spatial
frequencies than did high temporal frequencies (Wald test, p<0.05; Figure 4E(2, participant-
aggregate spatial frequency spectrum). However, these effects were small compared to the
nonlinear decline in spatial power with spatial frequency. The weakness of the former relation
illustrates the second major finding of this research: the shape of the spatial frequency spectra
was similar across all temporal frequencies tested. The participant’s spectra shown in Figure 4A 2
is typical in this respect. This result was surprising, as it implies that fast activity well into the
gamma range is strongly coordinated in the cortex at the largest spatial scales, since long
wavelength activity also dominates these temporal frequencies.

Considerations from Fourier analysis, outlined in the Introduction, show that the maximum
detectable spatial frequency depends strongly on the size of the measurement array. Since the
array sizes used here did not reach the full extent of the cortex, we were at the outset interested in
estimating the peak spatial frequency for the case where the array size extended to the entire
cortex. The results show that the peak spatial frequency across participants (regardless of
temporal frequency) was dependent on the maximum size of the contact array. We first regressed
the peak wavelength, for each temporal frequency, against all participants’ maximum array size
(Figure 4F @2). The slopes of the regression lines ranged from -0.23 to 1.5, and all but one
frequency in the delta range were positive. For visual convenience, the regression lines are
extended to larger cortical distances. These slopes are strongly affected by the variation in
participant’ ss contact placements, which here acts as a source of noise. In particular, the
maximum inter-contact distance for a participant only weakly reflects their distribution of inter-
contact distances.

We therefore turned to the analysis using higher order SVD on subsets of triangles, in order to
partition the triangle size ranges and so manipulate mean triangle size (see Supplementary
Figure 6F @@). The regressions for peak wavelength (calculated after aggregating spectra over all
temporal frequencies) versus mean contact distance were significant for 9 of 10 participants (Wald
test, p<0.05), the exception being one participant with only 5 triangle size bins, and thus
statistically underpowered. Using this artificial constriction of triangle sizes, we show that the
peak wavelength estimate obtained for each subset is strongly constrained by the typical inter-
contact distances. It increases linearly, and for visual convenience, the figure shows the regression
lines extended beyond the maximum sized subset of triangles. In this regression analysis of
subsets of triangles, the slopes of the regression lines were in the range 1.9 to 4.1 across
participants. These slopes (>1) reflect two effects. First, the mean distance is given as the distance
measure, so the triangles included in each analysis contained contact distances up to
approximately 1.5x this mean distance. Second, while the maximum wavelength detectable is
strongly constrained by inter-contact distances, the model phase triplets were optimally tuned to
wavelengths slightly larger than the triangle’s linear size. For this reason, the peak spatial
frequency for each participant’s subset analysis was larger than the maximum inter-contact
distance. This effect can also be seen for the decomposition of 1-dimensional model data provided
in the methods section, and in each participant’s (all triangle) spatial spectra (Supplementary
Figure 42 and Figure 4B(@).

Finally, we did not consider the method of extending regression lines to large cortical distances to
be accurate enough to give a concrete answer to the question of the expected peak spatial
frequency when measured over the entire cortex, again due to the inherent limitations imposed
by the spatial noise of participant’s contact placements. Even so, the good fits of the linear
regressions suggest that the trend increases linearly with further increases in array size. This
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conclusion is supported by previous analyses using EEG and MEG, showing that the peak spatial
frequency coincides with the size of the whole head array (112,29 (2), which in turn coincides
with the entire length of the cortex accessible over the upper half of the skull. It would be
informative to repeat the analyses presented here after careful selection of stereotactic EEG
participants from all available databases. We expect that participants with greater than 30cm

coverage will extend the linear trend reported here.

Previous studies of cortical phase dynamics, and specifically, TWs at a variety of spatial scales,

the extent that different temporal frequencies are known to subserve different functions. We
therefore explored how phase dynamics might differ at different spatial frequencies by examining
their relationship to temporal frequency. We extracted model components with peaks in either the
macroscopic or mesoscopic range, and calculated the fit of these model components to the original
phase measurements, over all time samples. This procedure was repeated over the range of
temporal frequencies. We then correlated the fits between each temporal frequency and all other
temporal frequencies (see Figure 6 ). In general, the (temporal) cross-frequency correlations
showed that macroscopic phase dynamics of a given frequency had lower correlations to nearby
temporal frequencies. This effect is illustrated by the example participant in Figure 6A. Here,
we see that the peak in (temporal) cross-frequency correlation drops off rapidly from the diagonal
i.e. equal frequencies. By contrast, the off-diagonal correlations of temporal frequencies for the
mesoscopic spatial frequency band were more strongly correlated with each other. It should be
noted that this participant is not the most convincing example of this effect, since there are regions
near the temporal frequency diagonal with negative values, but is shown here for consistency of
exemplar participant. There was some variation across participants in this pattern from temporal
frequency to temporal frequency likely due to the highly uneven sampling of the space of spatial
frequency x cortical regions imposed by the stereotactic EEG contact placements. However, there
was a general trend across participants for macroscopic scale phase dynamics to be narrower in
their (temporal) cross-frequency correlations than their mesoscopic counterparts. This is shown in
the participant averages of the cross-frequency correlations for macroscopic and mesoscopic
dynamics and the difference in correlations between them (see Figure 6B (% ; permutation test,
Pp<0.001 for each frequency-by-frequency cell).

The narrow peaks in cross-frequency correlations for macroscopic fit occurred despite the low
frequency resolution in the estimation of phase (due to the high time resolution of the Morlet
wavelets, using 2-cycle window at all temporal frequencies). It suggests that when low spatial
frequency dynamics are active, they tend to be active at specific, narrow temporal frequency
bands. Higher spatial frequencies, by contrast, tended be more broadband in the temporal
frequency domain. This effect was strongest at the highest temporal frequencies tested (gamma),
due to stronger (neighouring) cross-frequency correlations for mesoscopic phase dynamics in the
gamma range. This is true even though temporal frequency was sampled on a logarithmic scale, so
that the range 32-100Hz had the same number of centre frequencies as 2-14Hz. Broadband
temporal interactions for mesoscopic dynamics and narrowband interactions for macroscopic
dynamics tended to occur simultaneously, and not as separate effects. This can be seen in the
participant average plot of macroscopic versus mesoscopic cross-frequency correlations of fit.
Regions of positive correlation form vertical bands, showing that narrowband interactions in
temporal frequency for macroscopic dynamics coincided with broader temporal frequency bands
for mesoscopic dynamics.
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A. Single participant cross-frequency correlations and difference between macroscopic and mesoscopic correlations. At each
temporal frequency (i.e. axes in Hz), the participant’s model fit for a spatial frequency band was correlated with the model fits
in that band for all temporal frequencies. This is shown for model components drawn from the macroscopic spatial frequency

band (first) and mesoscopic (second). The difference between the two cross-frequency correlations is shown in the third

panel. The cross-frequency correlation of macroscopic fits (x-axis) with microscopic fits (y-axis) is shown in the fourth panel.
Significant correlations are indicated by opaque colors (p<0.001). B. Participant averages of the cross-frequency correlations,
in the macroscopic and mesoscopic band, their difference and macroscopic versus mesoscopic.
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Discussion

In this research we aimed to quantify the low spatial frequency part of cortical phase dynamics
spectrum, in the range of macroscopic TWs (wavelength>15cm), using cortical depth electrodes.
We developed a novel method to fill this important gap in our understanding of macroscopic
phase dynamics, addressing a current limitation in the literature. Previous estimates have either
relied on extra-cranial measurements (3 (2,4 %2,11%5,26(%,27 (2,47 (2) or used smaller

low pass filter, or had a maximum measurable spatial frequency below the macroscopic range,
respectively. We show that the spectral power increases with wavelength, up to the limit imposed
by the maximum distances in the recording array. The present results are therefore consistent
with the existence of macroscopic TWs in the cortex (Figure 1D @) and not with the alternative
hypotheses for the measurement of these waves extra-cranially (Figure 1E & F(2). Low spatial
frequency activity dominates the cortical phase dynamics; most of the spatial power is at the
longest wavelengths. In other words, most of the power measured extra-cranially is therefore
produced by long wavelength activity in the cortex. Considered from the perspective of locally
measured phase—local to a single grey matter contact—this implies that the majority of the
variance in phase is a function of low spatial frequency phase dynamics. The present result partly
answers the longstanding question of why there is so much variability in locally measured cortical
responses, even to the same stimulus (45, c.f. 46). We suggest that low spatial frequency phase
dynamics index a distinct scale of cortical activity and, judged from the dominance of that activity,

The effect of spatial frequency on spatial power is greater than linear, so that power is
substantially higher at low spatial frequencies than at high spatial frequencies. This is shown
directly by the steep drop-off in power from the spatial frequency equivalent to the maximum
array size (Figure 3A-C (2, Supplementary Figure 1@). Indirectly, the nonlinearity appears as the
logarithmic scaling of power at peak spatial frequency with mean contact triangle size. This effect
of triangle size was demonstrated by grouping contact triangles into subsets of approximately
equal size, sampled from the entire triangle size range (Supplementary Figure 6E & G(2). The
shape of the spatial frequency spectrum in the range ~3 to 20 cycles/m is therefore consistent with
reports of the spectrum at smaller cortical scales (6 2,7 2,29 2). The cortical spatial frequency
spectrum is generally described as 1/f% where the exponent a is a function of the type of

7). Since peak
spatial frequency also increases with the total size of a participants’ stereotactic EEG array
(maximum inter-contact range), we assume that the 1/f% distribution of spatial frequency extends
to the maximum size of the human cortex; approximately 45cm linear distance within unfolded
grey matter. This would be consistent with spectral peaks at lowest spatial frequencies measured
using EEG (7 2,29%) and MEG (11 @), since this is what is expected when a low pass filter is

applied to a signal dominated by low spatial frequencies.

A surprising finding was that the shape of the spatial frequency spectrum did not vary much with
temporal frequency. This finding implies that low spatial frequency cortical phase dynamics arise
at temporal frequencies up to 100Hz, the maximum temporal frequency tested here. Macroscopic
TWs have previously been reported in the delta to beta ranges (32,44 ,26 (3,28 (4,45 ().
However, TWs have also been reported for low gamma frequency (40Hz) using MEG, in an event-
locked paradigm (55%). Similarly, EEG-based estimation of spatial frequency has been reported

for temporal frequencies from 7 to 63Hz, with similar spectra (1/f%) for spatial frequencies over
this entire range (36 ). We outlined in the introduction the analysis of cortical TWs as group
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information propagation. Specifically, the rise and fall of coordinated cortical activity can outpace
axonal conduction times, since it depends on patterns of spikes that have previously arrived
222).

If TWs are group waves and do not directly reflect the speed of information propagation, this may
appear to support the argument that the cortex’s electric fields are epiphenomenal, and that
spiking activity of individual neurons is the ground truth. However, the literature on TWs shows
that they can influence spiking patterns of individual neurons (33 2,54 4, cf. 35 ). To this we
may add reports of the endogenous electro-magnetic field altering firing patterns of neurons
(57,58 ). It seems likely that a major driver of cortical plasticity is precisely the dominant
spatial frequencies found in the cortex, since post-synaptic membrane depolarization is the second
major ingredient of long term potentiation (59 ). An evolutionary argument can also be applied,
since dominant low spatial frequency phase dynamics will be more metabolically expensive than
otherwise quiescent, mostly locally activated cortex. This implies critical function rather than
epiphenomenon. Taken together, these arguments suggest that the pattern of phase organization
in the cortex has a causal role and is not the epistemological equivalent of heat generated by a

CPU.

The present results have important methodological implications. Considerations from Fourier
analysis raised in the introduction indicate that the maximum spatial sampling range is critical to
setting the lower bound of detectable spatial frequencies. These considerations are supported
empirically by the present results. The peak spatial frequency increases in wavelength with
maximum contact distance for the participants (here, 0.16 to 0.24m). In addition, we showed that
there was a tight linear relation between peak spatial frequency and average triangle size, if
subsets of triangles were selected from the triangle size range for the higher-order SVD analysis.
The present findings also explain why detected TWs, regardless of cortical scale, generally have a
wavelength ~2m (28 (2,60 (2). If the spatial spectrum is monotonically decreasing in power over

the entire macro-to microscopic range, then the strongest detectable waves will be those with a
wavelength approximately the size of the array.

We conclude that reports of TWs should include estimates of spatial frequency to allow or disallow
comparisons between studies with different extents of cortical coverage, since they may be
accessing different spatial frequency ranges and therefore different functional connectivity ranges
(c.f. 31,32). The present results, along with considerations from Fourier analysis, indicate that only
methods that have large-scale coverage of cortical activity are able to assess the dominant scale of
cortical phase dynamics. Unfortunately, source localization techniques, designed to improve upon
sensor-level measurements, remove long range spatial correlations in the signal; both artefactual
and real (18 2,62 (%). This excludes these techniques from accurately estimating the spatial

frequency spectra of phase dynamics since they filter out precisely the most dominant
components, according to the present results.

TWs have been shown to allow prediction of future phase at single recording sites two wave cycles
into the future. This effect was shown for both macroscopic MEG and mesoscopic ECoG (~8cm
range) measurements (8 &3 ). The ability of TWs to predict future local activity shows that the long-
range spatio-temporal correlations inherent in the structure of macroscopic and mesoscopic TWs
are functionally significant. An interesting finding of the present research is that macroscopic
phase dynamics tend to be more narrowband in the temporal frequency domain than their
mesoscopic counterparts. It would be interesting to confirm this effect in more regular
measurement arrays (e.g., EEG, MEG and ECoG). An intriguing question is whether the relation
between cortical scale and temporal frequency specificity is related to successful prediction of
future activity, i.e., large-scale phase dynamics are good at predicting future activity because of
their temporal specificity. More generally, most of functionally-related results concerning
macroscopic TWs have been obtained using extra-cranial methods (26 2,27 (3,45 (3,47 (3,49 (2).
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the body of research into late event-related potentials can guide experimental verification of the
functional significance of macroscopic TWs at the single trial level.

Our conclusions regarding the dominance of large-scale cortical activity are consistent with other
recent findings in neuroscience. There has been a resurgence of interest into the global structure
of the cortical functional map, driven by developments in fMRI, large-scale open-access databases,
and numerical analysis techniques (15 4,63 (2,64 (7). An intrinsic functional coordinate system
has been proposed: along with hemispheric lateralization, a global coordinate axis has been
described in terms of a visual to somatosensory/motor dimension, beginning at the occipital pole
and calcarine sulcus, extending around the cortical hemispheres through the temporal lobe,
frontal areas and to the central sulcus. Another dimension, at approximately twice the spatial
frequency, is a function of the cortical distance between the primary areas and transmodal areas

(63 @). Eigenmode analysis of fMRI data shows that macroscopic wavelengths dominate the

previous findings in the EEG and MEG showing that long wavelengths are ubiquitous features of
the spatio-temporal activity in the ranges delta to beta (26 3,28 2,30 2,61 3,65 2). Here, we have
shown that low spatial frequency phase dynamics dominate the spatio-temporal organization of
cortical activity measurable in the grey-matter, and that these global dynamics extend to fast
cortical time scales into the high gamma range, at 10’s of milliseconds.

Methods

Data acquisition

We summarize the relevant details of the RAM data set here (35; https://memory.psych.upenn.edu
/RAM_Public_Data C2). Full details of data acquisition are reported elsewhere (66 (2). 35 human
participants were part of a multi-centre stereotactic EEG monitoring study. From the initial pool of
participants, 11 had sufficient numbers of grey-matter contacts to enable further analysis (see

Numerical methods for criterion). Mean age was 33.2 years, five female, three left-handed.

The participants’ task was designed to assess the effects of electrical stimulation on memory-
related brain function. Each participant engaged in a delayed free recall task in which they studied
lists of words for a later memory test. Trials with stimulation were not used in the present study,
and our interest was in the general characteristics of cortical activity, not especially dependent
upon this task. The research protocol was approved by the institutional review board at each
hospital and informed consent was obtained from each participant. Electrophysiological data were
collected from electrodes implanted within the brain parenchyma. Participants had temporal lobe
depth electrodes, with frontal and parietal regions targeted as needed to best localize
epileptogenic regions. Contacts on each electrode had a 5mm inter-contact spacing. The sampling
frequency was 1000Hz, except for 2 participants, for which it was 500Hz. The number of contact
ranged from 51 to 108 with a mean of 76.

The data for each participant was denoised by first calculating the standard-deviation of signal
over samples, for each trial and sensor combination (37 2). If the mean standard-deviation for a
trial was greater than +3 the mean standard-deviations from all trials, then that trial was removed
from further analysis. Then, if the mean standard-deviation (after recalculation) for a sensor was
greater than +1.5 mean standard-deviations from all sensors, it was removed from further
analysis. Finally, if the standard-deviation (after recalculation) for a trial by sensor combination
was greater than +3 standard deviations from all trial by sensor combinations, it was replaced
with the average signal (calculated after excluding all such above threshold trial by sensor
combinations).
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Using the supplied automated contact labeling (checked and corrected manually by clinicians),
contacts were partitioned into three groups: grey-matter, white-matter low-amplitude and other
white-matter. White-matter low-amplitude were those contacts whose standard deviation of signal
amplitudes were in the bottom 50% of white matter contacts. The white-matter low-amplitude
contacts were used to create an average reference for the grey-matter contacts (37 2). All
numerical procedures were trialed using notch filters to remove the 50Hz line signal and its
harmonics, and repeated without notch filters simply by avoiding these bands. No numerical
differences were obtained for the common frequencies in the two versions of the data analyzed, so

the former analyses are reported here.

Numerical methods
Phase is represented as a unit-length complex number, ¢.

p=e (ER| -n1<6<m} eq. 1

Phase is calculated from the stereotactic EEG time-series, for a particular temporal frequency,
because previous research has shown TWs to often last only one or two cycles, and windows of 5
or 7 cycles can wash out the detail of fast temporal changes (4(2). We estimated phase for 36
centre-frequencies, logarithmically space from 1.0 to 128.0Hz. Due to the low frequency resolution
of the 2 cycle Morlet wavelets and number of frequencies extracted, this amounted to an
oversampling of the frequency range. We use indices of s and c to refer to samples and contacts,
respectively, giving a matrix of complex-valued phases for each temporal frequency, ®,.. For some
participants, a lower sampling frequency at the time of acquisition meant the maximum
frequency examined was 97Hz.

A potential criticism of the approach used here is that we estimate spatial frequency spectra for
phase, while discarding amplitude information. The primary reason is our interest in TWs, which
are generally defined in terms of phase. It is worth noting that single trial phase is a stronger
determinant of mean signal amplitude than is single trial amplitude (28 (%). This has been shown
for EEG, MEG and ECoG. In other words, aggregate measures such as event-related potentials,
coherence, and even values for the lead field matrix in beamformer techniques, are
predominantly a function of phase interference over aggregated samples rather than true sample-
by-sample variations in amplitude (28 (2,65 (2). Conversely, if the amplitude recorded at contacts

is sufficiently small, the estimated phase values will not affect the estimates of spatial frequency
produced here; they will be noise-like and not contribute to the dominant components of the SVD.

SVD is a standard method to reorganize data into a more interpretable form. Consider phase data
with a smooth spatial organization, where the peak in the spatial frequency spectrum is at long
wavelengths (i.e. A=size of measurement array), and the spectral power monotonically decreases
with increasing spatial frequency. An SVD of such a phase signal, M, then decomposes the many
samples of spatial vectors of phase into a series of singular vectors, v,. in descending order of

M=UZV = Z?::l ojw;v; €q.2

The power of the SVD is that it re-organizes the data into components that are uncorrelated with
each other (the singular vectors), but that explain known amounts of variance in the data (the
singular values). The components are special vectors of space defined by the data in that they form
an orthonormal basis. Weighted sums of these uncorrelated components reproduce the original
data in a lossless manner. Alternatively, only the most important components can be kept to more
concisely describe the original data, while the ignored components can be treated as noise.
Subsequent to the SVD, it is crucial to analyze the nature of the components, rather than just
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present research, the components consisted of triplets of phase values, whose spatial frequency
was estimated. The results therefore did not directly require the inference of spatial oscillatory
components (69 ). In addition, the values of the estimated spatial frequency spectrum were
checked against the spatial pattern of single samples of phase, in order to verify that the spatial
frequency estimation procedure was correct. The exclusion of ‘noise’ components is justified by
the wide range of dimension reductions (between 5 and 40 components, for both samples and
triangles) that were trialed. The method does not depend on choosing a set number of signal

components.

Here, we describe in more detail the relation between Fourier analysis and SVD methods to
empirically derive Fourier-like basis functions. We limit our description to the one-dimensional
case, without loss of generality. For appropriate signals, i.e., those with power that decreases
monotonically with frequency, each of the first few singular vectors, vy, is an approximate
complex sinusoid with wavenumber equal to k.

v, = e 2™ eq.3

This means the SVD has decomposed the matrix of complex-valued phase into bases that
approximate a Fourier decomposition in the spatial dimension

—jz—nkn
Y =XnoPn-e N eq. 4

where S, is the sum over the spatial array of length N samples. Note that this means the maximum
spatial frequency that can be measured is closely circumscribed by the size a one cycle sinusoid
(i.e., when k=1) over the sampling array.

Just as the singular vectors play the same role as the last term in equation 4 (%, —%kn, so the

singular values describe the weights of each sinusoidal term, analogous to the sums over . The
spatial frequency spectrum can therefore be estimated using SVD by summing over the singular
values assigned to each set of singular vectors with unique (or by binning over a limited range of)
spatial frequencies. This procedure is illustrated in Figure 1A-C2.

This analogy, between Fourier analysis and SVD of spatially organized phase, allows spatial
frequency spectra to be estimated on semi-regular arrays, such as EEG, MEG as well as ECoG
arrays on the surface of the cortex. The first dozen or so singular vectors can be assigned a spatial
frequency by calculation of the circular range of phase across the array. This assignment is
possible because the maps of phase so-produced are smooth and regular, even if the measurement
array is semi-regular (112,28(%). Note that the smooth maps of phase arise from the regularities
(covariances) in the phase data itself, and do not require information about the spatial locations of
the measurement sites. The measurement locations are only required, post hoc, to estimate the

spatial frequency of the maps, in cycles/m.

The reason for grouping contacts into equilateral triangles in the present study was so the
direction of phase flow could be unambiguously determined. Comparing phase between pairs of
contacts, such as in phase coherence (18%,70 @), along a line of contacts (3 (%,25,26 (), or for a
highly elongated triangle, only measures the phase flow along the axis in which the contacts are
aligned. This procedure can greatly overestimate the rate of change of phase, in the case where the
flow has a strong orthogonal component, i.e., is directed across the axis on which the contacts are
arranged. We therefore re-organize the irregular field of sensors into triplets of approximately
equilateral triangles. We collated the unique triangles, i.e., contacts could appear in multiple
triangles. First, the contact’s position was projected to the nearest point on the surface of the

were counted as approximately equilateral if the geodesic distance between the closest two

David M Alexander et al., 2024 eLife. https://doi.org/10.7554/eLife.100674.1 19 of 42


https://doi.org/10.7554/eLife.100674.1

7 eLife

contacts in the triple was at least 75% of the geodesic distance between the furthest two contacts.
Calculating geodesic distances enabled the distances along the surface of the cortex to be
accounted for and this is more accurate than taking the Cartesian distances of the folded cortex,
since the TWs move through the cortical sheet. Use of the geodesic distance measure—which is
only defined within a hemisphere—also meant the triangles were only defined within
hemispheres, i.e., a triplet of contacts could not span both hemispheres. However, contact triangles
could exist in both hemispheres, so the SVD procedure allowed patterns of phase to be detected
from the regularities (covariances) of triangles across hemispheres.

The resulting data structure had a high degree of redundancy, requiring the use of higher-order
SVD (42%) in order, first, to reduce the number of cases, second, to arrive at uncorrelated
estimates of the phase flow at different scales. Care was therefore also taken to equalize the size
distribution of triangles such that triangle spatial frequency formed an approximately uniform
distribution, where triangle spatial frequency, &7, is given by one over the square-root of the area

of the triangle:

T /HEXC_AVZ

AB and CA are edge vectors of the triangle with vertices A, B, C and x is the cross-product. A is
nominally at coordinate (0,0) and B and C are computed via the relevant geodesic distances. The
uniform distribution of & was achieved by dividing the range of & into 10 equally spaced bin
ranges containing approximately equal numbers of triangles each, depending on the total number
of candidate triangles for each participant. The number of triangles required per bin was set so
that the least filled bin was at least 75% full. Those bins that were not full were given an additional
weighting in the calculation of spatial power of up to 1.3 (i.e., 1/0.75), depending on how full. For
size bins that were over-represented, triangles were excluded from the bin that were furthest
from equilateral until the bin was no longer overfull. This procedure of collation of triangles and
flattening of the & distribution resulted a maximum of 9100 triangles for one participant, with
participants being excluded from further analysis if they accrued less than 1000 triangles, i.e., 100
triangles in each of 10 bins.

eq. 5

This procedure of forming triplets of approximately equilateral triangles maps the phase matrix,
@, of dimensions samples x contacts, onto a tensor with dimensions samples x triangles x
vertices, ®@qry. 11 participants had sufficient contact triangles to continue analyses. Higher-order
SVD decomposes a tensor, .7, into a smaller core tensor, ., and a series of mode matrices, Uy,
which play the same role as singular vectors in SVD.

A =8 % Uy, Uy, ...,Up) eq. 6

where x is matrix-tensor multiplication. Higher-order SVD shares the desirable properties of SVD:
it enables construction of a version of the phase data with only the most important components
(reduced rank) as well as producing components that are uncorrelated (orthonormal). We
decompose the phase/triangle tensor, ®¢rv, into a core tensor with reduced samples and reduced
triangles, %y, along with its associated mode matrices:

Psry = Ssv X (Us, Ur) eq.7

where the subscripts indicate the dimensionality of the tensor: samples, S; triangles, T; and
vertices, V. Indices s and t were the reduced-sample and reduced-triangle dimensions. The second
dimension of the mode matrices is left implicit in this indexing. No further reduction or
orthogonalization was required for the vertices dimension.
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The higher-order SVD was computed by flattening the tensor along the non-samples dimensions,
so that the tensor @¢7y becomes the matrix ®g;,; where the size of M is the product of the other
two dimension sizes, T and V. The SVD is performed upon ®g,:

P, = UZV" eq.8

and the first core tensor, 7y, is computed as the flattened matrix Sy, from the first s components
of V*:

Sqvy =X,V eq.9

Likewise the second core tensor is computed by flattening .% 7y, along the non-triangles
dimensions, as Sty then:

Sy =UZV® eq.10

where the size of M is the product of the other two dimension sizes, s and V. We store the first ¢
components of U as U,.The second core tensor %y, is computed via the flattened matrix S

Then for each reduced triangle dimension, T € {1,...t}, we project the second core tensor back onto
the space of triangles as:

My = Sev X Ug eq.12

where T is the same size as the original set of triangles, but M, sT,V refers to the model

components produced from the " reduced triangle dimension. This resulted in ¢t model
components, each of which consisted s sets of model phase triplets.

The pair of (1 ) a model phase triplet from the model components with (2(%) the three inter-
contact distances from the original set of triangles is called a model triangle. Model triangles
therefore consist of a directed flow of phase over known distances in metres. In total, there were
t*s model triangles. We compute the rate of change in phase per metre on the triangle in the plane

implied from the three inter-contact geodesic distances. Hence the spatial frequency, &, is given by:

f — |¢VH|

21

eq. 13
where V;is the horizontal (i.e., two dimensional) del-operator, so
¢
ox 15
Vy= eq.
PVy % q
ay

The weighting of each model triangle on each model component is given by:

Wre = |UcZe| eq.16
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where | X| is the complex magnitude of X. Combining the spatial frequency estimate for each
model triangle with the weighting of each model triangle on each model component allows the
construction of the estimated spatial frequency spectrum. For K spatial frequency bins, we have a
bin width, w:

__ [max(§)-min(¢)
w = [—K ] eq. 17

and the estimated power (A.U.) for the Kth bin, k € [1#, K],

Py ZEIWL,IE{jlkWS§1<(k+1)W} eq.18

We also compute the fit of the model components to the phase data. This first required
reconstructing a reduced rank version of the phase/triangle tensor from the first s and ¢
components of Ug and Uyt

Bgry = Sgey X (Us, Up) eq. 19

In order to illustrate the ability of the higher order SVD to successively identify components at
different spatial frequencies, we generated artificial phase data on a one-dimensional cortex. The
choice of a one-dimensional cortex was for didactic reasons; it is easier to illustrate and convey the
method as a prelude to the introduction of the case for real cortex. The individual samples in the
signal comprised sums of sinusoids with wavenumbers k € {0.5,1.0,2.0,3.0,4.0} plus some random
phase at each site. The spectral power of the samples was varied so that some wavenumber had
twice the power of the wavenumber with next highest power. Analyses were identical to that
described (Equations 6 2-19(#), except that triangles of contacts were replaced with pairs of
contacts for the one-dimensional case. The size of the cortex was 1000 locations nominally over
50cm, with 500 pairs of recording sites with distances drawn from a uniform distribution of 1/f;.
10,000 time samples were generated. Figure 7 shows the spatial distribution of phase for four
typical samples, along with the phase and relative phase distributions over all samples for one
pair of sites. The methods were successfully able to extract the low spatial frequency component
when that dominated the signal (Figure 7 A-B(2). The same is true when medium spatial
frequency components were the dominant signal Figure 7 C-D (@).

For some analyses, we calculated the fit of the model components to the phase data, p, which was
then computed as:

ps=w(E%mh, ), (peR10<p <1} eq.20

PsTV

Where R(X) is the real part of X, |21 is the complex magnitude of 2; and ( 2') y is the mean over
the dimension Y. Where ®¢7y, and (unit length) @STV agree, their ratio will be a complex unit

vector pointing towards zero radians on the unit circle, giving real part close to one. Where ®¢7y
and (unit length) @ STV have random relationships in the their argument (angle), their ratio

averaged over vertices and triangles will have a real part approximately equal to zero.

For some analyses we computed the fit from a limited spectral range of model triangles. The
macroscopic model triangles were defined as those that had a peak spatial power in the range 2.0
to 2.9 cycles/m, the mesoscopic 5.7 to 53 cycles/m (A=0.35 to 0.5m vs. 0.18 to 0.019m). This resulted
in spectra peaked near the middle of these respective ranges (see Figure 5AZ, for an example).
For one participant with a small maximum inter-contact distance, there were no macroscopic
model components (as defined here) at some temporal frequencies. Another participant likewise
had no mesoscopic components at some temporal frequencies, resulting in 9 participants for this
analysis.
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Figure 7

Illustration of use of higher order SVD to extract specific spatial frequency bands.

Artificial phase dynamics are generated for a one-dimensional cortex. Higher order SVD is used to extract and reconstitute
the dominant component using the methods described, across pairs of contacts. Phase of signal is indicated by coloured
scale, and is shown as rainbow bands for all cortical sites at four randomly chosen time samples. The phase distribution at
two sites, over all samples, is shown in the circular histograms. The relative phase distribution for the two sites is shown in
the rectangular histogram. A. Raw phases on the one-dimensional cortex. The spatial frequency spectrum is broad, but the
highest power is at a low spatial frequency, as can be seen visually. B. Extracted low spatial frequency component. The two

sites shown comprise a pair that weighted strongly on this component. The model component values for the same four time
samples from A are indicated in the region of one-dimensional cortex directly above each circular histogram, other values are

interpolated between these two values. C. Same as A, but for phase dynamics generated with highest power at a medium
spatial frequency. D. Same as B, but the medium spatial frequency component has been extracted from the data in C. The

pair of sites that weighted strongly on this component are shown.
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We aimed to test the effects of array size by manipulating the size of triangles available to the
higher order SVD. To this end, participants’ triangles were partitioned into 5, 10 or 20 equally sized
bins along the linear distance range (square root of triangle area). The number of triangles per bin
were chosen to be in a similar range across participants, resulting in bins containing 250 to 580
triangles each, depending on the total number of candidate triangles for each participant and the
number of bins. This procedure of partitioning the triangles into equally size bins resulted a
maximum of 9100 triangles over 20 bins for one participant, with participants being excluded
from further analysis if they accrued less than 1000 triangles, i.e., 200 triangles in each of 5 bins.
The triangle collation procedure resulted in 10 participants available for this analysis. For each
participant, and for the triangles in each bin, a higher order SVD was used to analyze the tensor of
phase, as described. The mean linear distance of the triangles for each run was compared to the
spatial frequency spectra so produced.

Statistical testing of linear regressions reported in the results used the Wald test, for which the null
hypothesis is that regression slope is zero. Fits, p, were correlated across time samples for the
cross-frequency correlations. The significance of these correlations was tested by permutation
methods, in which each permutation of the data comprised a correlation between the first time
series, as is, and the second time series, offset by a random number of samples with circular
boundary conditions. The reason for this choice of shuffling was that the time series were locally
(temporally) correlated due to the way phase is calculated, and this local correlation is stronger for
low temporal frequencies. The shuffling method preserves the degree of local temporal
correlation, while having a null hypothesis of zero correlation.
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Supplemental information

Supplementary section A Methods

Unless otherwise detailed here, methods were the same as for the main analysis. The purpose of
this supplemental analysis was to show that previously published methods of phase map
decomposition (8 2,11 %,28 @) reproduced the substantive results reported in the main analysis.
Phase time-series were estimated using short time window Morlet wavelets (2 cycles) over the
frequency range 2 to 42Hz. The analysis used all 35 participants, since the alternative method
reported here did not require as many grey-matter contacts as the method reported in the main
analysis. As with the main analysis, the irregularity of the stereotactic EEG contact array makes
standard methods of computing spatial frequency untenable. We therefore computed the singular
vectors of each participant’s complex-valued, unit length phase vectors, at each frequency.
Example code is given here: https://github.com/ScaleSymmetry/Traveling-wave-analysis/blob/main
/example_morlet_wavemap.ipynb 2 This meant we could characterize the phase in terms of spatial
maps, with each map explaining a known amount of variance within the samples x contact phase
array. The maps of phase derived by these methods show a range of wave-types, typically some
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discarded all but the first 12 singular vectors. Testing of the number of singular vectors to be
included over a range (6 5 -24 @) indicated the results were not dependent on this choice.
Standing waves with a small traveling component can result in erroneous estimations of the
velocity and wavelength of the component wave, unless care is taken to separate out the pure
traveling wave components comprising the wave. This is because, near the spatial point of
transition between peak and trough, the apparent local rate of change of phase is inflated by the
cancellation of the two component TWs (see Supplementary Figure 12). We therefore estimated
the underlying TW components for each singular vector, using the following numerical procedure:
Each phase map was extended from representing the TW as a single sample of values to
encompass the full cycle of a wave (11 C2). The cycle x contact matrix of complex-valued phases
was then decomposed into pure TW components using SVD. Essentially this procedure forces the
decomposition to construct the underlying wave components that sum to the phase map, i.e., the
pure TW versions of the phase map. Example code is given here: https://github.com/ScaleSymmetry
/Traveling-wave-analysis/blob/main/example_velocity_decomposition.ipynb &

We then applied local difference methods (i.e., change in phase per change in distance) in order to
estimate spatial frequency. Estimates of local change in phase were made over areas defined by a
triangle of three nearest neighbour contacts. The reason for this was that estimating between pairs
of contacts can overestimate the phase velocity and underestimate the spatial frequency, if the
actual direction of the wave is orthogonal to the axis of the contact pair. Prior to estimation,
therefore, the geodesic distances (40 (%) between contacts were calculated, and these distances
used to find triplets of nearest neighbour contacts. From these triplets we collated the set of local
triangles, and triangles were excluded if they were too obtuse (defined here as having a smallest
inter-contact distance less than 50% of largest inter-contact distance). For each triangle in the
residual set, the local change in phase per metre was computed, using the phase values from the
pure TW maps computed in the previous step and the geodesic distances. The weighting of each
triangle in the original phase data was also computed (see main methods), allowing the
construction of a histogram of spatial frequency versus estimated power.

Standing wave Traveling wave
component

n oy ¢ r oy ¢
€. L \

e 1 oL oed Uiz

-Tt/2

Supplementary Figure 1.

Left: An example phase map with a moderate standing wave component, shown by the sharp transition between
blue contacts (phase angle -31/4) in the top row and the orange contacts (phase angle 11/4) in the row immediately
below. The sharp transition leads to a local underestimate of the spatial frequency. Right: The same phase map,
after decomposition into pure traveling wave components. The smoother transition between the phase values over
successive rows of contacts allows more accurate estimates of spatial frequency from local estimates of rate of

change of phase per metre.
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Results

We find that stereotactic EEG spectral power decreases with increasing spatial frequency. This is
true over a broad range of temporal frequencies. The aggregate spatial frequency spectrum for all
35 participants is shown in Supplementary Figure 2@ . The spatial frequency spectrum shows a
similar shape to that found for the main results (see Figure 4C 2). The slopes of the spatial
frequency spectra were estimated for the temporal frequency 9.2Hz, for each participant. On a log-
log scale, the fits were linear (Supplementary Figure 3(%), but the slopes depended strongly on
the sampling details of each participant’s stereotactic EEG contact placements. This dependence
means the exponent of the 1/f® distribution were not solely a function of the underlying cortical
phase dynamics, so only the general form of the distribution is inferred.

5000 A

4000 A

3000 -

2000 -

Power (A.U.)

1000 -

3 4 5678910 20 30 40 5060
Spatial frequency (cycles/m)

Supplementary Figure 2.

Spatial frequency stacked spectrum (power in arbitrary units) for all participants (n=35), frequency range 2.0 to
42.2Hz. The highest power occurred for the lowest spatial frequencies (p<0.01; Chi-square), limited only by the
maximum extent of the stereotactic EEG array. The spatial frequency spectrum had a similar shape across the

temporal frequency range.
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Supplementary Figure 3.

Linear fits to spatial frequency spectra at temporal frequency 9.2Hz, for all 35 participants.
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Estimated spatial frequency spectra for all other participants.

Spatial frequency spectra, as a stacked histogram across the temporal frequency range. The participants have been
ordered by the maximum inter-contact distance in the measurement array (black dot, 1/metre), starting with the
participant with the smallest array size. Figure conventions are otherwise as for Figure 4B (2, except two participants

had a maximum temporal frequency of 97 Hz, rather than 128 Hz.
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Supplementary Figure 5.

Example samples of phase measurements with either good fit
to macroscopic components or to mesoscopic components.

Examples of spectra for macroscopic or mesoscopic model components are shown in Figure 4(2. Samples of phase
are selected from evenly spaced temporal frequencies (on a log scale). Phase values are shown on a circular colour
scale, with zero phase at red. Phase values are displayed at the contact locations on the inflated cortex, in both left
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and right hemispheres, in dorsal and posterior views.

A Example participant B Example participant
(largest intercontact distances) (smallest intercontact distances)
1e7 1e7
= 128 Hz
5 f64Hz
32Hz 15
—~ 4 16 Hz
3 8 Hz
~ 3 S 4Hz 1
] g 2Hz
% 2 R
iz
& 0.5
1
0 0
3 4 5678910 20 3 4 5678910 20
Spatial frequency (cycles/metre) Spatial frequency (cycles/metre)
c Example participant D
1e7
6 Largest = 020
- intercontact jod
5 - distances @ 55
- Smallest E 025
| s
3 B
< @ 0.20
- 3 ]
2 @
3 =
S 2 x 015 .
&
1 L)
0.10
0 : 0.02 003 004 005 0.06
2 3 45678910 20 Mean measurement distance
Spatial frequency (cycles/metre) (metre)
E
. F
= s
g All participants (n=9)
)
g g S o7
B S
X D — 0
g2 2205
5 3=
[} o 3]
w2 E
=L . %=03
g i)
2 o .
g L 0.1
0.05 0.10 0.15 0.20
0.02 003 004 005 0.06 Mean measurement distance
Mean measurement distance (mean of bin, metres)
(metre)
G S All participants (n=9)
(o]
=
B.32
oo
g 30
X O
R
Q7,28
=2
5 $26
H 0.05 0.10 015 0.20
o

Mean measurement distance
(mean of bin, metres)

Supplementary Figure 6.

David M Alexander et al., 2024 eLife. https://doi.org/10.7554/eLife.100674.1 30 of 42


https://doi.org/10.7554/eLife.100674.1

i eLife

Effects of measurement array size on spatial frequency spectrum.

A-B. Spatial frequency histogram for the same participant as Figure 3(2. These spectra are produced using only the
largest (for panel A) 20% of contact triplets (i.e., by inter-contact distance) and smallest (for panel B). Conventions
are otherwise the same as Figure 3B (%, and the same participant’s data is shown. C. Example participant spatial
frequency spectra (envelope over all temporal frequencies) for five spectra produced from five equally sized bins of
contact triplets (grouped according to linearly decreasing inter-contact distance). D. Mean inter-contact distance
versus spatial frequency at peak in power. The panel shows the data-points derived from the five spectra in C as
black dots, as well as the regression line. E. Mean inter-contact distance versus peak spatial frequency power. The
panel shows the data-points points derived from the five spectra in C as black dots, as well as the regression line (log
scale). F. Summary data for mean inter-contact distance versus spatial frequency at peak in power, for 9 participants.
Depending on the number of contacts, each participant’s contact triplets were arranged into 5, 10 or 20 bins. Each
participant’s data are shown with a single shade of grey dots, along with the associated regression line, which is
extended out to the value expected at larger array sizes. G. Summary data for mean inter-contact distance versus
peak spatial frequency power, for 9 participants. Conventions otherwise the same as F.
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Senior Editor
Barbara Shinn-Cunningham
Carnegie Mellon University, Pittsburgh, United States of America

Reviewer #1 (Public review):
Summary:

The paper uses rigorous methods to determine phase dynamics from human cortical
stereotactic EEGs. It finds that the power of the phase is higher at the lowest spatial phase.

Strengths:
Rigorous and advanced analysis methods.
Weaknesses:

The novelty and significance of the results are difficult to appreciate from the current version
of the paper.

(1) It is very difficult to understand which experiments were analysed, and from where they
were taken, reading the abstract. This is a problem both for clarity with regard to the reader
and for attribution of merit to the people who collected the data.

(2) The finding that the power is higher at the lowest spatial phase seems in tune with a lot of
previous studies. The novelty here is unclear and it should be elaborated better. I could not
understand reading the paper the advantage I would have if I used such a technique on my
data. I think that this should be clear to every reader.

(3) It seems problematic to trust in a strong conclusion that they show low spatial frequency
dynamics of up to 15-20 cm given the sparsity of the arrays. The authors seem to agree with
this concern in the last paragraph of page 12. They also say that it would be informative to
repeat the analyses presented here after the selection of more participants from all available
datasets. It begs the question of why this was not done. It should be done if possible.

(4) Some of the analyses seem not to exploit in full the power of the dataset. Usually, a figure
starts with an example participant but then the analysis of the entire dataset is not as
exhaustive. For example, in Figure 6 we have a first row with the single participants and then
an average over participants. One would expect quantifications of results from each
participant (i.e. from the top rows of GFg 6) extracting some relevant features of results from
each participant and then showing the distribution of these features across participants. This
would complement the subject average analysis.
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(5) The function of brain phase dynamics at different frequencies and scales has been
examined in previous papers at frequencies and scales relevant to what the authors treat.
The authors may want to be more extensive with citing relevant studies and elaborating on
the implications for them. Some examples below:

Womelsdorf T, et alScience. 2007

Besserve M et al. PloS Biology 2015

Nauhaus I et al Nat Neurosci 2009

https://doi.org/10.7554/eLife.100674.1.sa3

Reviewer #2 (Public review):
Summary:

In this paper, the authors analyze the organization of phases across different spatial scales.
The authors analyze intracranial, stereo-electroencephalogram (SEEG) recordings from
human clinical patients. The authors estimate the phase at each sEEG electrode at discrete
temporal frequencies. They then use higher-order SVD (HOSVD) to estimate the spatial
frequency spectrum of the organization of phase in a data-driven manner. Based on this
analysis, the authors conclude that most of the variance explained is due to spatially
extended organizations of phase, suggesting that the best description of brain activity in
space and time is in fact a globally organized process. The authors' analysis is also able to rule
out several important potential confounds for the analysis of spatiotemporal dynamics in
EEG.

Strengths:

There are many strengths in the manuscript, including the authors' use of SVD to address the
limitation of irregular sampling and their analyses ruling out potential confounds for these
signals in the EEG.

Weaknesses:

Some important weaknesses are not properly acknowledged, and some conclusions are over-
interpreted given the evidence presented.

The central weakness is that the analyses estimate phase from all signal time points using
wavelets with a narrow frequency band (see Methods - "Numerical methods"). This step
makes the assumption that phase at a particular frequency band is meaningful at all times;
however, this is not necessarily the case. Take, for example, the analysis in Figure 3, which
focuses on a temporal frequency of 9.2 Hz. If we compare the corresponding wavelet to the
raw SEEG signal across multiple points in time, this will look like an amplitude-modulated 9.2
Hz sinusoid to which the raw sEEG signal will not correspond at all. While the authors may
argue that analyzing the spatial organization of phase across many temporal frequencies will
provide insight into the system, there is no guarantee that the spatial organization of phase at
many individual temporal frequencies converges to the correct description of the full SEEG
signal. This is a critical point for the analysis because while this analysis of the spatial
organization of phase could provide some interesting results, this analysis also requires a
very strong assumption about oscillations, specifically that the phase at a particular
frequency (e.g. 9.2 Hz in Figure 3, or 8.0 Hz in Figure 5) is meaningful at all points in time. If
this is not true, then the foundation of the analysis may not be precisely clear. This has an
impact on the results presented here, specifically where the authors assert that "phase
measured at a single contact in the grey matter is more strongly a function of global phase
organization than local". Finally, the phase examples given in Supplementary Figure 5 are not
strongly convincing to support this point.
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Another weakness is in the discussion on spatial scale. In the analyses, the authors separate
contributions at (approximately) > 15 cm as macroscopic and < 15 cm as mesoscopic. The
problem with the "macroscopic” here is that 15 cm is essentially on the scale of the whole
brain, without accounting for the fact that organization in sub-systems may occur. For
example, if a specific set of cortical regions, spanning over a 10 cm range, were to exhibit a
consistent organization of phase at a particular temporal frequency (required by the analysis
technique, as noted above), it is not clear why that would not be considered a "macroscopic”
organization of phase, since it comprises multiple areas of the brain acting in coordination.
Further, while this point could be considered as mostly semantic in nature, there is also an
important technical consideration here: would spatial phase organizations occurring in
varying subsets of electrodes and with somewhat variable temporal frequency reliably be
detected? If this is not the case, then could it be possible that the lowest spatial frequencies
are detected more often simply because it would be difficult to detect variable organizations
in subsets of electrodes?

Another weakness is disregarding the potential spike waveform artifact in the sEEG signal in
the context of these analyses. Specifically, Zanos et al. (J Neurophysiol, 2011) showed that
spike waveform artifacts can contaminate electrode recordings down to approximately 60
Hz. This point is important to consider in the context of the manuscript's results on spatial
organization at temporal frequencies up to 100 Hz. Because the spike waveform artifact
might affect signal phase at frequencies above 60 Hz, caution may be important in
interpreting this point as evidence that there is significant phase organization across the
cortex at these temporal frequencies.

Alast point is that, even though the present results provide some insight into the
organization of phase across the human brain, the analyses do not directly link this to spiking
activity. The predictive power that these spatial organizations of phase could provide for
spiking activity - even if the analyses were not affected by the distortion due to the narrow-
frequency assumption - remains unknown. This is important because relating back to spiking
activity is the key factor in assessing whether these specific analyses of phase can provide
insight into neural circuit dynamics. This type of analysis may be possible to do with the sEEG
recordings, as well, by analyzing high-gamma power (Ray and Maunsell, PLoS Biology, 2011),
which can provide an index of multi-unit spiking activity around the electrodes.

https://doi.org/10.7554/eLife.100674.1.sa2

Reviewer #3 (Public review):
Summary:

The authors propose a method for estimation of the spatial spectra of cortical activity from
irregularly sampled data and apply it to publicly available intracranial EEG data from human
patients during a delayed free recall task. The authors' main findings are that the spatial
spectra of cortical activity peak at low spatial frequencies and decrease with increasing
spatial frequency. This is observed over a broad range of temporal frequencies (2-100 Hz).

Strengths:

A strength of the study is the type of data that is used. As pointed out by the authors, spatial
spectra of cortical activity are difficult to estimate from non-invasive measurements (EEG
and MEG) due to signal mixing and from commonly used intracranial measurements (i.e.
electrocorticography or Utah arrays) due to their limited spatial extent. In contrast, iEEG
measurements are easier to interpret than EEG/MEG measurements and typically have larger
spatial coverage than Utah arrays. However, iEEG is irregularly sampled within the three-
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dimensional brain volume and this poses a methodological problem that the proposed
method aims to address.

Weaknesses:

The used method for estimating spatial spectra from irregularly sampled data is weak in
several respects.

First, the proposed method is ad hoc, whereas there exist well-developed (Fourier-based)
methods for this. The authors don't clarify why no standard methods are used, nor do they
carry out a comparative evaluation.

Second, the proposed method lacks a theoretical foundation and hinges on a qualitative
resemblance between Fourier analysis and singular value decomposition.

Third, the proposed method is not thoroughly tested using simulated data. Hence it remains
unclear how accurate the estimated power spectra actually are.

In addition, there are a number of technical issues and limitations that need to be addressed
or clarified (see recommendations to the authors).

My assessment is that the conclusions are not completely supported by the analyses. What
would convince me, is if the method is tested on simulated cortical activity in a more realistic
set-up. I do believe, however, that if the authors can convincingly show that the estimated
spatial spectra are accurate, the study will have an impact on the field. Regarding the
methodology, I don't think that it will become a standard method in the field due to its ad hoc
nature and well-developed alternatives.

https://doi.org/10.7554/eLife.100674.1.sa1

Author response:

We thank the editor and reviewers for their feedback. We believe we can address the
substantive criticisms in full, first, by providing a more explicit theoretical basis for the
method. Then, we believe criticism based on assumptions about phase consistency across
time points are not well founded and can be answered. Finally, in response to some reviewer
comments, we will improve the surrogate testing of the method.

We will enhance the theoretical justification for the application of higher-order singular
value decomposition (SVD) to the problem of irregular sampling of the cortical area. The
initial version of the manuscript was written to allow informal access to these ideas (if
possible), but the reviewers find a more rigorous account appropriate. We will add an
introduction to modern developments in the use of functional SVD in geophysics,
meteorology & oceanography (e.g., empirical orthogonal functions) and quantitative fluid
dynamics (e.g., dynamic mode decomposition) and computational chemistry. Recently SVD
has been used in neuroscience studies (e.g., cortical eigenmodes). To our knowledge, our
work is the first time higher-order SVD has been applied to a neuroscience problem. We use it
here to solve an otherwise (apparently) intractable problem, i.e., how to estimate the spatial
frequency (SF) spectrum on a sparse and highly irregular array with broadband signals.

We will clarify the methodological strategy in more formal terms in the next version of the
paper. But essentially SVD allows a change of basis that greatly simplifies quantitative
analysis. Here it allows escape from estimating the SF across millions of data-points (triplets
of contacts, at each sample), each of which contains multiple overlapping signals plus noise
(noise here defined in the context of SF estimation) and are inter-correlated across a variety
of known and unknown observational dimensions. Rather than simply average over samples,
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which would wash out much of the real signal, SVD allows the signals to be decomposed in a
lossless manner (up to the choice of number of eigenvectors at which the SVD is truncated).
The higher-order SVD we have implemented reduces the size of problem to allow
quantification of SF over hundreds of components, each of which is guaranteed certain
desirable properties, i.e., they explain known (and largest) amounts of variance of the
original data and are orthonormal. This last property allows us to proceed as if the
observations are independent. SF estimates are made within this new coordinate system.

We will also more concretely formalise the relation between Fourier analysis and previous
observations of eigenvectors of phase that are smooth gradients.

We will very briefly review Fourier methods designed to deal with non-uniform sampling.
The problems these methods are designed for fall into the non-uniform part of the spectrum
from uniform-non-uniform-irregular-highly-irregular-noise. They are highly suited to, for
example, interpolating between EEG electrodes to produce a uniform array for application of
the fast Fourier transform (Alamia et al., 2023). However, survey across a range of applied
maths fields suggests that no method exists for the degree of irregular sampling found in the
SEEG arrays at issue here. In particular, the sparseness of the contact coverage presents an
insurmountable hurdle to standard methods. While there exists methods for sparse samples
(e.g., Margrave & Fergusen, 1999; Ying 2009), these require well-defined oscillatory behavior,
e.g., for seismographic analysis. Given the problems of highly irregular sampling, sparseness
of sampling and broadband, nonstationary signals, we have attempted a solution via the
novel methods introduced in the current manuscript. We were able to leverage previous
observations regarding the relation between eigenvectors of cortical phase and Fourier
analysis, as we outline in the manuscript.

We will extend the current 1-dimensional surrogate data to better demonstrate that the
method does indeed correctly detect the ordinal relations in power on different parts of the
SF spectrum. We will include the effects of a global reference signal. Simulations of cortical
activity are an expensive way to achieve this goal. While the first author has published in this
area, such simulations are partly a function of the assumptions put into them (i.e., spatial
damping, boundary conditions, parameterization of connection fields). We will therefore use
surrogate signals derived from real cortical activity to complete this task.

Some more specific issues raised:

(1) Application of the method to general neuroscience problems:

The purpose of the manuscript was to estimate the SF spectrum of phase in the cortex, in the
range where it was previously not possible. The purpose was not specifically to introduce a
new method of analysis that might be immediately applicable to a wide range of available
data-sets. Indeed, the specifics of the method are designed to overcome an otherwise
intractable disadvantage of SEEG (irregular spatial sampling) in order to take advantage of its
good coverage (compared to ECoG) and low volume conduction compared to extra-cranial
methods. On the other hand, the developing field of functional SVD would be of interest to
neuroscientists, as a set of methods to solve difficult problems, and therefore of general
interest. We will make these points explicit in the next version of the manuscript. In order to
make the method more accessible, we will also publish code for the key routines
(construction of triplets of contacts, Morlet wavelets, calculation of higher-order SVD,
calculation of SF).

(2) Novelty:

We agree with the third reviewer: if our results can convince, then the study will have an
impact on the field. While there is work that has been done on phase interactions at a variety
of scales, such as from the labs of Fries, Singer, Engels, Nauhaus, Logothetis and others, it
does not quantify the relative power of the different spatial scales. Additionally, the research
of Freeman et al. has quantified only portions of the SF spectrum of the cortex, or used EEG to
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estimate low SFs. We would appreciate any pointers to the specific literature the current
research contributes to, namely, the SF spectrum of activity in the cortex.

(3) Further analyses:

The main results of the research are relatively simple: monotonically falling SF-power with
SF; this effect occurs across the range of temporal frequencies. We provide each individual
participant’s curves in the supplementary Figures. By visual inspection, it can be seen that the
main result of the example participant is uniformly recapitulated. One is rarely in this
position in neuroscience research, and we will make this explicit in the text.

The research stands or falls by the adequacy of the method to estimate the SF curves. For this
reason most statistical analyses and figures were reserved for ruling out confounds and
exploring the limits of the methods. However, for the sake of completeness, we will now
include the SF vs. SF-power correlations and significance in the next version, for each
participant at each frequency.

Since the main result was uniform across participants, and since we did not expect that there
was anything of special significance about the delayed free recall task, we conclude that more
participants or more tasks would not add to the result. As we point out in the manuscript,
each participant is a test of the main hypothesis. The result is also consistent with previous
attempts to quantify the SF spectrum, using a range of different tasks and measurement
modalities (Barrie et al., 1996; Ramon & Holmes 2015; Alexander et al., 2019; Alexander et al.,
2016; Freeman et al,, 2003; Freeman et al. 2000). The search for those rare sEEG participants
with larger coverage than the maximum here is a matter of interest to us, but will be left for a
future study.

(4) Sampling of phase and its meaningfulness:

The wavelet methods used in the present study have excellent temporal resolution but poor
frequency resolution. We additionally oversample the frequency range to produce visually
informative plots (usually in the context of time by frequency plots, see Alexander et al., 2006;
2013; 2019). But it is not correct that the methods for estimating phase assume a narrow
frequency band. Rather, the poor frequency resolution of short time-series Morlet wavelets
means the methods are robust to the exact shape of the waveforms; the signal need be only
approximately sinusoidal; to rise and fall. The reason for using methods that have excellent
resolution in the time-domain is that previous work (Alexander et al., 2006; Patten et al. 2012)
has shown that traveling wave events can last only one or two cycles, i.e., are not oscillatory
in the strict sense but are non-stationary events. So while short time-window Morlet wavelets
have a disadvantage in terms of frequency resolution, this means they precisely do not have
the problem of assuming narrow-band sinusoidal waveforms in the signal. We strongly
disagree that our analysis requires very strong assumptions about oscillations (see last point
in this section).

Our hypothesis was about the SF spectrum of the phase. When the measurement of phase is
noise-like at some location, frequency and time, then this noise will not substantially
contribute to the low SF parts of the spectrum compared to high SFs. Our hypothesis also
concerned whether it was reasonable to interpret the existing literature on low SF waves in
terms of cortically localised waves or small numbers of localised oscillators. This required us
to show that low SFs dominate, and therefore that this signal must dominate any extra-
cranial measurements of apparent low SF traveling waves. It does not require us to
demonstrate that the various parts of the SF spectrum are meaningful in the sense of
functionally significant. This has been shown elsewhere (see references to traveling waves in
manuscript, to which we will also add a brief survey of research on phase dynamics).

The calculation of phase can be bypassed altogether to achieve the initial effect described in
the introduction to the methods (Fourier-like basis functions from SVD). The observed
eigenvectors, increasing in spatial frequency with decreasing eigenvalues, can be reproduced
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by applying Gaussian windows to the raw time-series (D. Alexander, unpublished
observation). For example, undertaking an SVD on the raw time-series windowed over 100ms
reproduces much the same spatial eigenvectors (except that they come in pairs,
recapitulating the real and imaginary parts of the signal). This reproducibility is in
comparison to first estimating the phase at 10Hz using Morlet wavelets, then applying the
SVD to the unit-length complex phase values.

(5) Other issues to be addressed and improved:

clarity on which experiments were analyzed (starting in the abstract) discussion of
frequencies above 60Hz and caution in interpretation due to spike-waveform artefact or as a
potential index of multi-unit spiking discussion of whether the ad hoc, quasi-random
sampling achieved by SEEG contacts somehow inflates the low SF estimates
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