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Abstract

Analysis of neural activity in different frequency bands is ubiquitous in systems and cognitive
neuroscience. Recent analytical breakthroughs and theoretical developments rely on phase
maintenance of oscillatory signals without considering whether or not this assumption is met.
Lagged (auto)coherence, the coherence between a signal and itself at increasing temporal
delays, has been proposed as a way to quantify the rhythmicity, or periodicity, of a signal.
However, current Fourier-based lagged autocoherence algorithms suffer from poor spectral
accuracy and resolution, aliasing effects that become more pronounced at higher frequencies,
and conflation with amplitude covariation, especially in frequency ranges in which the signal
power is low. We introduce a continuous lagged autocoherence metric, lagged Hilbert
autocoherence, that addresses these shortcomings by using multiplication in the frequency
domain for precise bandpass filtering, instantaneous analytic signals via the Hilbert transform,
and thresholding using the amplitude covariation of surrogate data generated by an
autoregressive model. We show that this version of lagged coherence yields vastly higher spectral
accuracy and resolution than lagged Fourier autocoherence, and that this unlocks additional,
increasingly fine-grained applications. This includes examination of: 1) frequency-specific
differences in rhythmicity between conditions, 2) changes in signal rhythmicity during learning,
and 3) the relationship between frequency-specific rhythmicity and behavior, trial-by-trial. Lagged
Hilbert autocoherence thus offers a significant toolset advancement for analysis of
neurophysiological rhythmicity.

1. Introduction

Neural oscillations are ubiquitous in the study of cognitive and systems neuroscience. The
rhythmic activity of neuronal populations, spanning various frequency bands, forms a fundamental
mechanism in the orchestration of large-scale brain network dynamics, influencing a multitude of
cognitive and behavioral functions (Buzsaki and Freeman, 2015). Consequently, the accurate and
reliable analysis of these oscillatory signals is paramount for advancing our understanding of brain
function. The majority of theoretical developments to date have assumed the phase maintenance
of oscillatory signals (Bonnefond et al., 2017; Fries, 2015; Jensen et al., 2015), however the
veracity of this assumption is often overlooked in practice (Donoghue et al., 2022).

In response to this challenge, we introduce a novel metric - lagged Hilbert autocoherence (LHaC)
- that allows for several new types of neurophysiological analysis. The concept of lagged
coherence, which captures the coherence of a signal with itself over increasing temporal delays,
has been advanced as an effective method to measure the rhythmicity or periodicity of a signal
(Fransen et al., 2016, 2015). While having yielded important insights into the underlying nature of
alpha and beta power, existing lagged coherence algorithms based on the Fourier transform
possess a number of critical limitations. These include poor spectral accuracy and resolution,
aliasing effects at higher frequencies, and conflation of coherence with amplitude covariation in
frequency ranges with lower signal power. Lagged Hilbert autocoherence significantly addresses
the above limitations by employing multiplication in the frequency domain to achieve precise
bandpass filtering, instantaneous analytic signals via the Hilbert transform, and a thresholding


https://doi.org/10.1101/2024.12.05.627017
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.05.627017; this version posted December 9, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

method using the amplitude covariation of surrogate data generated by an autoregressive model.
This paper demonstrates the algorithm’s superior spectral accuracy and resolution over lagged
Fourier autocoherence (LFaC). Here, we showcase the utility of lagged Hilbert autocoherence by
comparing the association between frequency-specific rhythmicity and behavior, first in
simulation, and then in EEG, MEG, and LFP data from humans and non-human primates. We
demonstrate its ability to identify between epoch and condition differences in rhythmicity, changes
in rhythmicity with sensorimotor learning over trial blocks, and trial-by-trial associations between
rhythmicity and behavior.

2. Methods
2.1 Lagged autocoherence algorithm

The original lagged coherence algorithm (Fransen et al., 2015) is based on a coherence metric
commonly used to evaluate functional connectivity. Whereas coherence is typically applied to two
different signals, lagged coherence operates on a single signal and a lagged copy of itself. We
therefore refer to it as lagged auto-coherence. The algorithm breaks the signal into epochs,
applies a Fourier transform to each epoch, and subsequently calculates coherence between
temporally separated epochs at a given frequency. The temporal gap between each epoch is
specified in terms of cycles corresponding to the target frequency. The duration of each epoch
can be set to match a prescribed number of cycles (e.g. 3 cycles no matter what the evaluated
lag; Fransen et al., 2016, 2015; Little et al., 2019; Muralidharan et al., 2023), or to the evaluated
lag (Rayson et al., 2022; Szul et al., 2023), and the epochs can be either overlapping (Little et al.,
2019; Rayson et al., 2022; Szul et al., 2023), or non-overlapping (Fransen et al., 2016, 2015;
Muralidharan et al., 2023). Lagged autocoherence (A) for a frequency f, is defined by:
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where A, (f)e/®n() is the expression of the complex-valued Fourier coefficient of epoch n for
frequency f, with amplitude A and phase ¢. The Fourier coefficients are obtained by applying a
Fourier transform to a Hann-tapered signal. The numerator, when divided by the number of epoch
pairs, is called the lagged autospectrum. The lagged autospectrum depends on the difference in
phase between epoch pairs, but also on their amplitudes, and therefore it is normalized by the
product of the sum of amplitudes from the first and second epoch of each pair, resulting in a metric
bounded by 0 and 1. Lagged Fourier autocoherence (LFaC) thus serves as a measure of phase
synchrony between lagged segments of the signal at a specific frequency.

A = & [1-1]

2.2 Lagged Hilbert autocoherence algorithm

Lagged Hilbert autocoherence (LHaC) diverges from the previously described lagged
autocoherence algorithm by using Hilbert coherence (Brufia et al., 2018; Hu and Liang, 2012),
and is therefore an adaptation of lagged Hilbert coherence (Pascual-Marqui et al., 2024). LHaC
generates a continuous analytic signal using the Hilbert transform and then calculates coherence
at a series of single time points corresponding to a specific lag duration. To compute LHaC at a
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given frequency and lag (in cycles of that frequency), the signal is first zero-padded and then
bandpass-filtered by multiplication with a Gaussian kernel in the frequency domain (Figure 1a).
The Gaussian is centered on the target frequency, and the kernel width (which is representative
of the spectral width of the filter) can be appropriately adjusted. For single frequency analysis, we
utilize a kernel width of 1Hz. However, for a set of evenly spaced frequencies, the width is
determined by the frequency resolution of the set. The resulting product is a bandpass filtered
version of the signal. The Hilbert transform is subsequently applied to the bandpass filtered signal
to yield the instantaneous amplitude, A.(f), and phase, ¢.(f), of the signal at the specified
frequency, f, for each time point, t. Following this, for a given signal recorded at a sampling rate
Fs, lagged autocoherence is computed at time point pairs, starting from time point s, and

separated in time by a delay, d (by time points), per the specified lag, |, and frequency (d = }l;*
Fs):
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where T is the total number of time points. The starting time point, s, is initialized to the first time
point in the series and is then shifted by one until all time points are incorporated (until s =d - 1),

and the resulting lagged autocoherence values are averaged over all shifts (Figure 1b):
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Figure 1. The lagged Hilbert autocoherence algorithm. a) The original time series is bandpass filtered at a given
frequency using multiplication by a narrow Gaussian kernel in the frequency domain (centered around 15 Hz in this
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example) in order to obtain precise filtering), and then the Hilbert transform is used to obtain the instantaneous
amplitude envelope and phase. b) Lagged autocoherence is computed using the instantaneous amplitude and phase
between time steps separated by a given lag (evaluated at 15 Hz and 3 lag cycles in this example: d = (3 cycles / 15
Hz) X Fs =200 time points), and averaged over incremental shifts of the starting time point (as illustrated in equations
[1-2] [1-3]). c) Lagged autocoherence is evaluated at a range of lags and frequencies. A threshold is computed from
the average broadband amplitude product between time points of AR model-generated surrogate data. Lagged Hilbert
autocoherence is set to zero wherever the denominator is less than this threshold.

This approach should theoretically result in a spectrally and temporally resolved measure of
lagged autocoherence, however amplitude correlations can be introduced by bandpass filtering
in a frequency range in which the signal has low power. In equation [1-2], this situation results in
a very low value for the numerator, but also a very low value for the denominator, resulting in a
lagged autocoherence value of nearly 1. Problems related to amplitude correlation across sites
(Cohen and Tsuchiya, 2018; Srinath and Ray, 2014) and low-frequency noise (Miles, 2011) have
been previously identified with the standard coherence metric, and it has been suggested to use
a coherence threshold of the lowest measurable value for two independent signals (Carter, 1977;
Gallet and Julien, 2011; Miles, 2011). Such thresholds are typically based on surrogate data
generated by white noise (Le Van Quyen et al., 2001) or Gaussian processes (Miles, 2011), or
by shuffling the data (Lachaux et al., 2000). Based on suggestions for generating surrogate data
to test for the presence of periodic activity (Brookshire, 2022), we use a parametric bootstrap
method based on autoregressive (AR) models which preserve the aperiodic temporal structure of
the signal, but destroy the periodic structure (Mann and Lees, 1996). The signal is first band-pass
filtered in the range of frequencies that LHC is being evaluated within, and an autoregressive
model with one positive coefficient (AR(1)) is fit to the filtered data. A large sample of surrogate
signals is then generated from the model (n = 1000), and from each of them, the mean broadband
amplitude product between successive time points is computed:

T-1
AtAt+1

T-1
t=0

The 95th percentile of Ap,,.4, Over all surrogate signals is then used as a threshold for LHaC. If
the denominator of equation [1-2] is less than this threshold, LHaC is set to 0 (Figure 1c). This
procedure is applied for each trial independently.

APmean =

Implementations of both LFaC and LHaC in MATLAB and python, demos, and code for all
simulations and analyses can be found at
https://github.com/danclab/lagged_hilbert autocoherence.

2.3 Simulations

In order to compare the spectral accuracy and precision of LFaC and LHaC, we generated
sinusoidal signals ranging from 10 to 50 Hz in increments of 5 Hz. For each frequency, 100
simulated trials were generated with a random initial phase for each trial. Trials had a duration of
5 s and a sampling rate of 1 kHz. The amplitude of the sinusoidal signals varied from -1 to 1 (au).
To incorporate a realistic noise component, pink noise with a slope of 1 was introduced, scaled
to achieve an SNR of 0 dB. PSDs for each trial were computed using Welch’s method (Welch,
1967), with a 1 s window and 50% overlap. Lagged Fourier and Hilbert autocoherence were then
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computed across a range of 5 to 100 Hz, in 0.5 Hz increments, and from 1 to 6 cycles, in 0.5-
cycle increments. The RMSE was computed between normalized PSDs and lagged
autocoherence (averaged over lag cycles). Frequency spread was computed as the standard
deviation of lagged autocoherence (averaged over lag cycles) over frequencies. For each
simulated oscillation frequency, the RMSEs and frequency spreads of LFaC and LHaC were
compared using Wilcoxon signed-rank tests (Bonferroni-corrected).

To determine the sensitivity of LHaC to burst duration and the number of bursts, we ran two sets
of simulations, each with 100 simulated trials of 6 s with a 1 kHz sampling rate and an SNR of 0
dB. Both sets of simulations involved generating signals with bursts of oscillatory activity at
frequencies ranging from 20 to 50 Hz, in increments of 5 Hz. The first set of simulations generated
one burst per trial, with a random duration from 2 to 5 cycles in each trial. In the second set of
simulations, there were 1 to 5 bursts in each trial, each 3 cycles long. In both sets of simulations,
LHaC was evaluated from 5 to 100 Hz in 0.5 Hz increments, and from 1 to 20 cycles, in increments
of 0.5 cycles. The decrease in LHaC with increasing lags was then evaluated by fitting an inverse
sigmoid function to the LHaC at the simulated burst frequency over all evaluated lag cycles:
1
y)=1- 14 okl

where [ is the evaluated lag cycle, and the fitted variables k and [, determine the rate of LHaC
decay with increasing lags, and the crossover point in terms of lag cycles corresponding to the
greatest lagged autocoherence decrease, respectively. Linear models were used to evaluate the
relationship between the fitted values of k and lp and the simulated burst duration or number.
Each of these models had k or [y as the dependent variable, and frequency, a single burst metric,
and their interaction as fixed effects. The burst metrics used were burst duration in seconds, burst
duration in cycles, and the number of bursts. Fixed effects were assessed using type Ill F tests
(car v3.1.0; Fox et al., 2019), and for each inverse sigmoid parameter, models with burst duration
in seconds or cycles were compared using the Akaike information criterion (AIC; Akaike, 1974,
1973).

2.4 Datasets and Applications

After establishing the utility of lagged Hilbert autocoherence and contrasting it with lagged Fourier
autocoherence in simulation, we applied the new algorithm to several different empirical datasets
in order to investigate the practical value of our new method.

2.4.1 EEG data

EEG data were previously recorded from human infants and adults as part of a study investigating
the neural bases of action execution and observation (methodological details can be found in
Cannon et al., 2014; Yoo et al.,, 2016). The experiment was approved by the University of
Maryland Institutional Review Board, with informed consent obtained from the infants' parents
and adult participants. After exclusions, the final sample included 28 9-month-old infants, 33 12-
month-old infants, and 22 adults. Infant and adult participants performed the same reach-and-
grasp task. Infants were seated on their caregiver's lap and adults in a chair during an observation
and execution condition. In the observation trials, participants watched a female presenter interact
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with a toy using a hand-operated tool, while in the execution trials, participants were given the
opportunity to reach for the toy themselves. EEG data were recorded using a 65-channel
HydroCel Geodesic Sensor Net (Electrical Geodesics, Inc., Eugene, OR), sampled at 500 Hz,
with the vertex (Cz) electrode used as an online reference, and impedances kept below 100 kQ.
The EEG data were later exported to a MATLAB compatible format for offline processing.

Data preprocessing was conducted in MATLAB R2018a, using a modified MADE pipeline
(Debnath et al., 2020) with artifact detection routines from the NEAR pipeline (Kumaravel et al.,
2022). Signals were high-pass filtered at 1 Hz and low-pass filtered at 100 Hz. Artifact-laden
channels were identified and removed with the NEAR pipeline’s local outlier factor metric, followed
by artifact subspace reconstruction for non-stereotyped artifacts. Independent component
analysis (ICA) was performed on 1s epochs to detect and remove stereotyped artifacts like eye
blinks, with artifactual components identified via the Adjusted-ADJUST plugin (Leach et al., 2020;
Mognon et al.,, 2011). Behavioral events were captured via video recording, and for both
conditions, five coded time points were used to segment the EEG time series into 3.5s epochs
centered on the baseline period, the go cue, the first touch with the hand, the completion of the
grasp, and the end of the movement. Epochs exceeding 10% artefacted channels were excluded;
otherwise, artefacted channels were interpolated. Missing channels were subsequently
interpolated, data were average re-referenced, and line noise (60 Hz) was removed using the
Zapline algorithm (de Cheveigné, 2020).

Lagged Hilbert autocoherence was computed for each participant in both the observation and
execution conditions, and in each epoch, from 4 to 100Hz in 0.5 Hz increments and 0.1-4.5 cycles
in increments of 0.05 cycles. The lagged coherence values were averaged over all electrodes in
C3 and C4 clusters (E16, E20, E21, E22, E41, E49, E50, E51). To explore the interacting effects
of condition and epoch on LHaC, we applied a mass-univariate two-way repeated measures
ANOVA (2 conditions by 5 epoch levels; including the baseline epoch) within each age group,
and follow-up mass-univariate t-tests to explore significant interactions between condition and
epoch. All of these analyses were corrected for multiple comparisons at the cluster level.

2.4.2 MEG data

High precision MEG data were recorded for a previous experiment from 38 human adults (25
female) as they performed a visually cued button press task (methodological details can be found
in the corresponding manuscript; Szul et al., 2023). The study protocol was in accordance with
the Declaration of Helsinki, and all participants gave written informed consent which was
approved by the regional ethics committee for human research (CPP Est IV - 2019-A01604-53).
The data were recorded using a 275-channel Canadian Thin Films (CTF) MEG system featuring
SQUID-based axial gradiometers (CTF MEG Neuro Innovations, Inc. Coquitlam, Canada) inside
a magnetically shielded room. Visual stimuli were displayed via a projector on a screen roughly
80 cm from the participant, and a joystick (NATA Technologies, Canada) was used for participant
responses. The MEG data collected were digitized continuously at a sampling rate of 1200 Hz.
Participants performed a cued visuomotor adaptation task, making rapid joystick-based
movements to reach visually presented targets, guided by a random dot kinematogram (RDK). In
some trials, the position of the cursor indicating the joystick position was rotated by 30°.
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Participants were divided into two groups, explicit (N = 20) and implicit (N = 18). The direction of
the explicit group’s visuomotor rotation was predicted by the RDK’s direction of coherent motion,
while the reaches of the implicit group were subject to a constant rotation unrelated to the RDK.
Participants underwent training blocks, followed by one block of trials without visuomotor rotation,
seven blocks of trials with visuomotor rotation, and a final washout block without rotation. The
MEG data was preprocessed using the MNE-Python toolbox (Gramfort et al., 2014),
downsampled to 600 Hz, and filtered with a low pass 120 Hz zero-phase FIR filter. Line noise was
removed using an iterative version of the Zapline algorithm (de Cheveigné, 2020). Ocular and
cardiac artifacts were identified and removed using Independent Component Analysis, correlating
components with eye movement signals and ECG R peak detection, respectively.

The data was then epoched around the visual stimulus onset (-1 to 2 s) and the end of the
reaching movement (-1 to 1.5 s), focusing on 11 sensors above the left sensorimotor area. One
subject from the explicit group was excluded from further analysis due to a technical error during
recording (final implicit N = 19, explicit N = 18). Lagged Hilbert autocoherence was computed for
each epoch of each trial from 5 to 100 Hz in increments of 0.5 Hz and from 1 to 4 lag cycles in
increments of 0.1 cycles. For each subject, lagged autocoherence values were then averaged
over channels and then over trials within each block and normalized according to the maximal
lagged autocoherence in the first block. Within the alpha (7 - 13 Hz) and beta (15 - 30 Hz) bands,
the total lagged autocoherence and lagged coherence at a specific lag (3 cycles for alpha and 1
cycle for beta based on the lag cycles with the maximal variability across subjects and blocks)
were computed for each block of trials, relative to the first block. For each block, these values
were compared between groups using a bootstrap permutation test. This involved generating null
distributions (N = 10,000) by sampling participants with replacement and randomly assigning
them to a group before computing the group difference.

2.4.3 LFP data

LFP data used in this study for analysis came from two adult male rhesus monkeys (Macaca
mulatta), collected for an earlier reported experiment (methodological details can be found in the
corresponding manuscript; Dixon et al., 2021). The study complied with guidelines from the US
National Institutes of Health and the University of California, Berkeley Animal Care and Use
Committee. Neuronal responses were recorded bilaterally from the dorsal premotor and primary
motor cortices via 24—-32 channel multi-site probes, with 15 um electrode contacts spaced by 100
pMm along a single shank. Local field potentials were recorded at a 1 kHz sampling rate. The
monkeys were trained to perform a three-phase instructed-delay reaching task in 3-D space,
following visual cues and variable intervals, and monitored with optical motion tracking.

The data were epoched from 500 ms before the go signal, to 500 ms afterwards. Spectral
densities were computed separately for each contact from 10 to 100 Hz using Welch’s method
(Welch, 1967) with a 1 s window, 50% overlap, and double padding, resulting in a frequency
resolution of 0.33 Hz. Relative power spectra were computed by, for each frequency, normalizing
the power in each channel by dividing it by the maximum power over all channels at that frequency
(Mendoza-Halliday et al., 2024). Because relative beta power was strongest in the deepest
electrode contact in every session (Figure S1), lagged Hilbert autocoherence was computed on
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signals from this contact from 10 Hz to 100 Hz in increments of 1 Hz, and 0.5 to 2.5 cycles in
increments of 0.1. The frequency range of the beta band was determined according to the full
width at half maximum (FWHM) around the peak LHaC within the beta band (evaluated at 0.5
cycles). LHaC was then averaged within the beta frequency range, resulting in beta-specific LHaC
as a function of lag cycles. The sum of beta LHaC values over all evaluated lagged cycles
(referred to below as ‘total LHaC’) was then related to the trial-by-trial behavior.

In each trial, response time (RT) was measured as the time elapsed between the go cue and the
start of the movement. We then tested the predictiveness of total beta LHaC for RT in different
time windows relative to the go cue (1s windows starting from 1s, 0.75s, 0.5s, 0.25s, and 0s prior
to the go cue). Linear mixed models were used to examine the effects of hemisphere, LHaC, and
their interaction on RT in each time window.

3. Results

3.1 Simulation comparison of lagged Fourier autocoherence and lagged Hilbert
autocoherence

We first set out to determine, in simulation, the spectral accuracy and precision of LHaC, as well
as its dependence on burst duration or number of bursts. We compared lagged Fourier
autocoherence and lagged Hilbert autocoherence by simulating oscillatory neural signals at
frequencies from 10 to 50 Hz. In order to assess spectral accuracy and precision, we averaged
each lagged coherence metric over simulated trials and then over 1 to 6 lag cycles. We then
computed the RMSE between normalized PSDs of the simulated signal and lagged
autocoherence, and the frequency spread (standard deviation over frequencies) of lagged
autocoherence. The RMSE provides an index of how closely each lagged autocoherence
measure reproduces the spectral power profile. Lower RMSE indicates higher accuracy in
identifying the underlying frequency-specific rhythmicity. The frequency spread indicates the
precision of the lagged autocoherence measure over frequencies, with lower values reflecting a
sharper and more precise spectral profile. Across simulations, we found the Hilbert-based lagged
autocoherence demonstrated significantly higher spectral accuracy compared to LFaC, with lower
RMSE relative to the PSD of the simulated signal for each simulated frequency (Figure 2a-d; all
Z = -8.68, p < 0.001). Lagged Hilbert autocoherence also had greater precision, with lower
frequency spread than LFaC for each simulated frequency (Figure 2a-c,e; all Z =-8.68, p <0.001).
Given the significant advantage of LHaC in terms of spectral accuracy and precision compared
to LFaC, we focused the subsequent simulations and analyses on LHaC.

Having established that LHaC has higher spectral accuracy and precision than LFaC, we then set
out to determine how the number and duration of bursts of activity affect this metric over
increasing lag cycles. We therefore simulated bursts of oscillatory activity, spanning frequencies
of 20 to 50 Hz. In the first simulation set, each trial was characterized by a single burst whose
duration was uniformly randomized between 2 and 5 cycles. Conversely, in the subsequent set,
every burst lasted for 3 cycles, but each trial consisted of 1 to 5 bursts (with a uniform random
distribution over trials). We fit an inverse sigmoid function to LHaC at the simulated frequency,
yielding both a crossover point (Figure 2f, inset) and a decay rate (Figure 2i, inset), representing
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the number of lag cycles corresponding to the maximal decrease in lagged coherence and the
rate of this decrease, respectively. The fitted values for both the crossover point and decay rate
were then compared against the burst duration and the number of bursts for every simulated
frequency. This revealed a linear relationship between the inverse sigmoid crossover point and
burst duration, as measured in both absolute duration (seconds; F(1) = 18.70, p < 0.001) and
frequency cycle counts (F(1) =598.73, p < 0.001). However, the relationship exhibited frequency-
dependent variations in offset when quantified in seconds (Figure 2f), yet was consistent across
frequencies when measured in cycles (Figure 2g), resulting in a better model fit for the model with
burst duration expressed in cycles (AAIC = -1,120.24). In a contrasting pattern, the decay rate of
the inverse sigmoid had an inverse relationship with burst duration (seconds: F(1) = 506.27, p <
0.001; cycles: F(1) = 65.74, p < 0.001). However, here the offset of the relationship varied with
frequency when assessed in cycle counts (Figure 2j) but remained invariant in terms of absolute
burst duration (Figure 2i), resulting in a better model fit for the model with burst duration expressed
in seconds (AAIC = -953.26). Notably, the frequency of bursts had no effect on either the
crossover point (Figure 2h; F(1) = 0.02, p = 0.891) or decay rate (Figure 2k; F(1) = 0.30, p =
0.582) of the inverse sigmoid, regardless of the frequency. LHaC therefore offers an accurate and
reliable metric of burst duration, irrespective of burst rate.
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Figure 2. Lagged Fourier autocoherence and lagged Hilbert autocoherence simulation results. Lagged Fourier
autocoherence and lagged Hilbert autocoherence averaged over 1 to 6 cycles and normalized, compared to the
normalized PSD for simulations of oscillations at 10 (a), 25 (b), and 50 Hz (c). d) RMSE of the averaged and normalized
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LFaC and LHaC metrics compared to the normalized PSD over simulated oscillations from 10 to 50Hz. e) As in (d), for
the standard deviation over frequencies of LFaC and LHaC, averaged over 1 to 6 cycles. f) For each simulated burst
frequency, the fitted crossover point of the inverse sigmoid (inset: red dashed line) as a function of burst duration in
seconds. The solid lines denote the mean within 10 equally spaced bins, and the shaded area represents the standard
deviation. g) As in (f), with burst duration expressed in terms of the number of cycles of the simulated burst frequency.
h) As in (f), for the number of simulated bursts. i) For each simulated burst frequency, the decay rate of the inverse
sigmoid (inset: red dashed line) as a function of burst duration in seconds. The solid lines denote the mean within 10
equally spaced bins, and the shaded area represents the standard deviation. j) As in (i), with burst duration expressed
in cycles. k) As in (i), for the number of simulated bursts.

3.2 Sensorimotor rhythmicity is differentially modulated during action observation and
execution conditions

Following the validation of the spectral accuracy and precision of lagged Hilbert autocoherence
for assessing signal rhythmicity, we aimed to demonstrate its utility for assessing group-level
differences in neural activity rhythmicity across experimental conditions and task epochs. LHaC
was applied to EEG signals recorded over sensorimotor cortex in 9- and 12-month-old infants and
adults during both execution and observation of grasping a toy (Cannon et al., 2014; Yoo et al.,
2016). The within-group averaged LHaC across conditions and epochs of 9-month (Figure 3a),
12-month (Figure 3b), and adult group (Figure 3c) exhibited peak values within the theta, alpha,
beta, and gamma frequency ranges at low lags, which increased in frequency between infancy
and adulthood. In the two infant groups, the peak in the alpha frequency range was similar in
frequency (~8 Hz), but differed in terms of decay rate. The average LHaC of the adult group
(Figure 3c) within the alpha band peaked at around 12 Hz and had a longer decay rate compared
with the two infant groups, indicating an increase in both alpha peak frequency and rhythmicity
between infancy and adulthood.

To determine if there were any differences in spectral rhythmicity between the observation and
execution conditions, and between the baseline and the task-related epochs, a mass-univariate
two-way repeated measures ANOVA was applied to LHaC for each group with condition, epoch,
and their interaction as factors (see Methods). The 9-month infant group (Figure 3d) exhibited
only one small, significant LHaC cluster for the condition by epoch interaction in the alpha band
at 5 Hz and from 1.1 to 1.2 cycles, whereas this effect was observed in the 12-month infants
(Figure 3e) at around 8 Hz and from 0.2 to 2.0 cycles, and in adults (Figure 3f) at around 10Hz
and from 0.2 to 2.5 cycles. The 12-month group also exhibited significant LHaC clusters for the
condition by epoch interaction in the beta band around 10 Hz and from 0.05 to 0.25 cycles, and
the gamma band (18-50 Hz) from 0.05 to 0.5 cycles. In the adult group, the condition by epoch
LHaC interaction effect was apparent in the theta band (5-8 Hz) from 0.05 to 1 cycle, beta band
from 15 to 18 Hz and from 0.1 to 0.25 cycles, and the gamma band (28-50 Hz) from 0.05 to 0.9
cycles. The range of frequency bands and lag cycles in which LHaC was differentially modulated
by task conditions and epochs therefore expanded from between infancy and adulthood.

We then followed up these significant interaction effects with pairwise comparisons between
conditions within each epoch. This revealed significant between-condition differences in LHaC
within the 12-month group in the epochs aligned to the start of the grasp, grasp completion, and
the end of the movement (Figure 3g). In each of these epochs, alpha LHaC at around 8 Hz was
lower in the execution compared to the observation condition (go-cue execution: M = 0.21; go-
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cue observation: M = 0.33; cluster size = 83, p = 0.029; grasp-complete execution: M = 0.27;
grasp-complete observation: M = 0.41; cluster size = 81, p = 0.032; movement-end execution: M
= 0.19; task-end observation: M = 0.30; cluster size = 176, p = 0.043), and across increasingly
longer lags over epochs. Small clusters of greater beta LHaC at very short lags for execution
compared to observation were detected in the go-cue epoch (10-13 Hz; 0.05 - 0.5 cycles;
execution: M = 0.43; observation: M = 0.33; cluster size = 72, p = 0.035), and the grasp-complete
epoch (execution: M = 0.33; observation: M = 0.24; cluster size = 112, p = 0.017). In the gamma
band (18-47 Hz), LHaC was higher during execution from 0.05 to 1 cycle in the grasp-complete
(execution: M = 0.25; observation: M = 0.16; cluster size = 709, p = 0.001) and movement-end
(execution: M = 0.25; observation: M = 0.17; cluster size = 662, p = 0.035) epochs. In contrast,
LHaC in the adult group only differed between conditions in the theta and alpha bands during
these epochs. Similar to the 12-month group, adult LHaC in the alpha band (~10 Hz) was lower
in the execution compared to the observation condition during the grasp-complete and the
movement-end epochs (Figure 3h; go-cue execution: M = 0.10; go-cue observation: M = 0.23;
cluster size = 190, p = 0.037; grasp-complete execution: M = 0.09; grasp-complete observation:
M = 0.21; cluster size = 210, p = 0.038; movement-end execution: M = 0.11; movement-end
observation: M = 0.27; cluster size = 245, p = 0.022). Additionally, adult LHaC in the theta band
was higher during execution compared to observation condition in the movement-end epoch
(movement-end execution: M = 0.28; movement-end observation: M = 0.20; cluster size = 150, p
=0.043). In summary, whereas alpha was less rhythmic during execution than observation in both
12-month-olds and adults, beta and gamma were more rhythmic during execution in 12-month-
olds, and theta was more rhythmic after movement performance in adults.

We also performed follow-up pairwise comparisons between epochs within each condition.
Notably, between-epoch differences were only found in the execution condition and for the adult
group, with lower alpha LHaC (~10 Hz) in task-related epochs compared to the baseline epoch
across the entire range of lags tested (Figure 3i; 0.1 - 4.2 cycles; go-cue epoch: M = 0.11;
baseline: M = 0.23; cluster size = 300, p = 0.017; grasp-complete epoch: M = 0.10; baseline: M =
0.23; cluster size = 327, p = 0.015; movement-end epoch: M = 0.11; baseline: M = 0.24; cluster
size = 358, p = 0.011). Increases in LHaC were found in the grasp-complete and movement-end
epochs compared with baseline in the gamma band (grasp-complete epoch: M = 0.53; baseline:
M = 0.40; cluster size = 188, p = 0.038; movement-end epoch: M = 0.49; baseline: M = 0.37;
cluster size = 252, p = 0.017). In adults, alpha therefore became less rhythmic during action
execution, whereas gamma became more rhythmic during and after movement.
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Figure 3. Sensorimotor rhythmicity differs between action execution and observation. a-c) Group-averaged
lagged Hilbert autocoherence (LHaC) computed within EEG electrode clusters over sensorimotor cortex from 9-month,
12-month infants and adults. Alpha peak frequency and rhythmicity increases with age. d-f) LHaC F statistics for the
condition by epoch interaction for each group. Statistically significant clusters, corrected using cluster-based
permutation tests, are shown in color. g) LHaC T-statistics for epochs (aligned to the go-cue, grasp completion, and
end of the movement) with between-condition differences for the 12-month infants. h) and i) LHaC T-statistics for
epochs with between-condition and between-epoch differences, respectively, for the adult group.

3.3 Alpha and beta rhythmicity index implicit sensorimotor adaptation over blocks of trials

Having demonstrated the utility of lagged Hilbert autocoherence for evaluating condition and
epoch differences in sensorimotor rhythmicity averaged over trials, we then applied it to
investigate dynamic shifts rhythmicity over blocks of trials. Specifically, we examined changes in
alpha and beta rhythmicity in the context of sensorimotor learning. We computed LHaC from MEG
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data acquired during a visuomotor adaptation task (Szul et al., 2023), focusing on a cluster of
sensors centered over the left sensorimotor cortex. Two groups of subjects performed joystick-
based reaches with their right hand to visually presented targets after observing a random dot
kinematogram with varying levels of coherent rotational motion in either the clockwise or counter-
clockwise direction. In some trials, the position of the cursor controlled by the joystick was rotated
30 degrees relative to the actual movement of the joystick. For the implicit group, the rotation was
always 30 degrees counter-clockwise and was unrelated to the direction of coherent motion in
the RDK. These subjects could therefore compensate for the rotation using implicit sensorimotor
adaptation (Taylor et al., 2014). For the explicit group, the direction of the rotation was entirely
predicted by the direction of RDK coherent motion, and when there was no coherent motion there
was no rotation. The optimal strategy for this group was therefore to use an explicit re-aiming
strategy to compensate for the predicted perturbation (Taylor et al., 2014). After an initial training,
each group completed one baseline block of trials, six blocks with visuomotor rotation, and one
wash-out block.

Averaged across rotation blocks, the implicit and explicit groups had comparable patterns of
lagged autocoherence across frequencies and lags in both the visual (Figure 4a,b) and motor
(Figure 4g,h) epochs. We examined block-by-block differences (relative to the baseline block)
between groups in the alpha and beta frequency bands, specifically at 3 cycles for alpha and 1
cycle for beta, as well as total lagged autocoherence within each band across all cycles. During
the visual epochs, there were no significant intergroup differences in alpha LHaC in any block
(Figure 4c, d), but beta LHaC at 1 cycle and total beta LHaC both had a contrasting trajectory
between the groups, resulting in intergroup differences in most of the rotation blocks (Figure 4e,
f; beta LHaC at 1 cycle: block 2, p = 0.031, block 3, p = 0.005; total beta LHaC: block 3, p = 0.012,
block 5, p = 0.032). In contrast to the visual epochs, there were pronounced group differences in
alpha and beta LHaC in the motor epochs. Alpha LHaC at 3 cycles was higher in the implicit group
during most of the rotation blocks (Figure 4i; block 3, p = 0.003; block 4, p = 0.001; block 5, p =
0.004; block 7, p = 0.009), whereas total alpha LHaC increased in both groups during the rotation
blocks, albeit more quickly in the implicit group, resulting in higher total alpha LHaC in the implicit
group for the first three rotation blocks (Figure 4j; block 2, p = 0.002; block 3, p = 0.007; block 4,
p = 0.001). Beta LHaC, both at 1 cycle and total over all cycles, increased in the implicit group
during the rotation blocks, subsequently reverting to baseline during the wash-out block, but
remained relatively static over the course of the experiment in the explicit group (Figure 4k, |; beta
LHaC at 1 cycle: block 2, p = 0.037, block 3, p = 0.003, block 4, p = 0.017, block 5, p = 0.043,
block 7, p = 0.031; total beta LHaC: block 3, p = 0.007, block 4, p = 0.007, block 5, p = 0.046). In
summary, there were no significant intergroup differences during the visual epoch in sensorimotor
alpha rhythmicity. However, during the motor epoch, alpha rhythmicity increased in both groups
over the course of the experiment, with a marked accentuation beginning with the first rotation
block in the implicit group. Beta rhythmicity, in contrast, differed between groups in that it sharply
increased only in the implicit group during the rotation blocks and returned to baseline in the wash-
out block.
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Figure 4. Alpha and beta rhythmicity during sensorimotor learning. a) Lagged Hilbert autocoherence in left central
sensors for the visual epoch in the implicit group, averaged over visuomotor rotation blocks. b) As in (a), for the explicit
group. ¢) Alpha LHaC at a lag of 3 cycles, for the visual epoch in each block. The solid lines indicate the mean value
over subjects for the implicit (green) and explicit (purple) groups and the shaded areas represent the standard error.
The vertical dashed lines indicate the beginning and end of the rotation blocks. d) As in (c), for the total alpha LHaC.
e) As in (c), for beta LHaC at a lag of 1 cycle. Red stars indicate blocks in which LHaC was significantly different
between the two groups. f) As in (c), for the total beta LHaC. g) Lagged Hilbert autocoherence in left central sensors
for the motor epoch in the implicit group, averaged over visuomotor rotation blocks. h) As in (g), for the explicit group.
i) As in (c), for alpha LHaC at a lag of 3 cycles in the motor epoch. j) As in (i), for the total alpha LHaC. k) As in (i), for
beta LHaC at a lag of 1 cycle, I) As in (i), for the total beta LHaC.

3.4 Betarhythmicity in primary motor cortex predicts trial-by-trial response time

We then narrowed our focus from blocks of trials to using rhythmicity, specifically in the beta band,
to predict trial-by-trial behavior. Lagged Hilbert autocoherence was calculated in each trial from
bi-hemispheric LFP recordings made in the primary motor cortex of two macagque monkeys (Dixon
et al., 2021). The trial-averaged lagged Hilbert autocoherence of one example session from one
monkey is shown in Figure 5a. In all sessions from both monkeys, the only prominent peak in
LHaC was in the beta frequency range (20-28 Hz), and beta LHaC decayed with increasing lag
cycles, reaching half its maximum value at around 0.5 - 1.5 lag cycles.

We then tested the ability to predict response time (RT) from total beta LHaC (summed over all
evaluated lags) in each hemisphere in 1s epochs defined relative to the go cue (Figure 5b, inset).
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There was no significant main effect of hemisphere (contralateral versus ipsilateral) or an
interaction between hemisphere and total LHaC in any tested epoch. However, the main effect of
total beta LHaC on RT increased with the epoch start time, with a significant main effect found at
epochs starting at -1s (BLHac = 0.0015, p = 0.024), -0.75s (BLHac = 0.0028, p < 0.0001), -0.5s (BLHac
=0.0038, p < 0.0001), -0.25 s (BLHac = 0.0064, p < 0.0001), and O s (BLHac = 0.0114, p < 0.0001)
relative to the go cue (Figure 5b). We further examined correlations between total beta LHaC in
each hemisphere and RT within each session of both monkeys, focusing on the final 1s epoch
aligned to the go cue (Figure 5b, red circle). Total beta LHaC was significantly correlated with RT
in most sessions contralaterally (monkey 1: 8/13, see example session in Figure 5c¢: r = 0.118,
p=0.001; monkey 2: 4/7; r = 0.074 - 0.242, all p < 0.05), and in approximately half of the sessions
ipsilaterally (monkey 1: 6/13, see example session in Figure 5d: r = 0.131, p < 0.001; monkey 2:
3/7;r=0.072 - 0.131, all p < 0.05). All significant total beta LHaC coefficients were greater than
zero, indicating that increased beta rhythmicity in contralateral, and to a lesser extent ipsilateral,
primary motor cortex predicted slower RTs. Moreover, this effect increased in the time preceding
the go cue.
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Figure 5. Beta lagged Hilbert autocoherence predicts response time. a) The trial-averaged lagged Hilbert
autocoherence (LHaC) in one example session from the LFP data of one monkey. The vertical plot on the left how the
beta frequency range is determined by the full width at half maximum (FWHM) of lagged autocoherence at 0.5 cycles.
The frequency range between the two dashed lines corresponds to the beta band range used in our analyses. b) The
estimated coefficients (Bs) of linear mixed models fit to total beta LHaC computed in 1s epochs aligned from 1s, 0.75s,
0.5s, 0.25s, and Os prior to the go cue (inset). The significant effects are indicated with red stars, and the epoch selected
for examining correlations between total beta LHaC and RT is indicated with a red circle. d) and €) Example sessions
in which total beta LHaC is correlated with RT in the contralateral (d) or ipsilateral (€) hemisphere.

4. Discussion

In this paper we introduced a novel algorithm, lagged Hilbert autocoherence (LHaC), to
characterize the rhythmicity of neuronal oscillations. We have shown how LHaC, a refinement of
lagged Fourier autocoherence (LFaC; Fransen et al., 2016, 2015), can provide the sensitivity and
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accuracy required to probe differences in neural rhythmicity between conditions, between subject
groups over blocks of trials, and single trial relationships between rhythmicity and behavior. LFaC
has been used to demonstrate differences in rhythmicity between frequency bands (Fransen et
al., 2016; Little et al., 2019; Szul et al., 2023), and between experimental conditions or subject
groups within a frequency band (Rayson et al., 2023, 2022). However, it suffers from poor spectral
accuracy and resolution, aliasing effects at higher frequencies, and conflation with amplitude
covariations. In contrast, the precise bandpass filtering used by LHaC yields lagged autospectra
with peaks that closely match the periodic frequency peaks in PSDs. We validated these
improvements in simulation, and have shown how these properties can be leveraged to show that
sensorimotor rhythmicity, in the alpha and beta frequency bands, differs between conditions and
epochs during action observation and execution, changes in distinct ways during implicit and
explicit sensarimotor learning, and predicts response times in a reaching task.

Using EEG data, we found an increase in both alpha peak frequency and rhythmicity between
infancy and adulthood, corresponding to what has been found previously using LFaC (Rayson et
al., 2023, 2022). In line with task-related changes that have previously been described for alpha
power (Aleksandrov and Tugin, 2012; Debnath et al., 2019), alpha was less rhythmic during action
execution than observation in all age groups. Our simulation results suggest that, in addition to
reduced alpha oscillation amplitude, this reflects shorter bouts of alpha oscillations during action
execution (Schaworonkow and Voytek, 2021). In contrast to alpha, beta and gamma rhythmicity
were only modulated in 12-month-olds and adults, with the greatest increases occurring toward
the end of the movement. These increases may correspond to the post-movement beta rebound
(Cassim et al., 2000; Cheyne, 2013; Jurkiewicz et al., 2006) and movement-related gamma
synchrony (Cheyne et al., 2008; Muthukumaraswamy, 2010), which are increases in beta and
gamma power, but both have only been observed in older children and adults (Gaetz et al., 2020,
2010; Hao et al., 2019). Nevertheless, signal rhythmicity and power can vary independently (van
Ede et al., 2018), and therefore LHaC may be a more sensitive measure of age-related changes
in frequency-specific neural activity compared to power. We also ran the same analysis using
LFaC (Figure S2), and whilst the overall averaged lagged autocoherence maps were broadly
similar, the clusters of significant condition by epoch differences were very coarse, and shifted in
frequency with increasing lags.

In the sensorimotor adaptation task with adults, alpha rhythmicity increased in both groups during
the motor epoch over the course of the experiment, but with a more abrupt increase for the implicit
group during the first rotation block. This could be related to more general error processing
mechanisms (Driel et al., 2012; Navarro-Cebrian et al., 2013). However, beta rhythmicity sharply
increased only in the implicit group during the rotation blocks and returned to baseline in the wash-
out block, whereas it remained relatively static in the explicit group. Beta rhythmicity therefore
may be a marker of implicit sensorimotor adaptation (Jahani et al., 2020), possibly driven by bursts
with distinct waveform shapes in the beta rebound period (Szul et al., 2023). In order to determine
if these differences in rhythmic neural activity associated with implicit and explicit learning
mechanisms could be observed with LFaC, we computed this from the same dataset, using the
same range of frequencies and lags. LFaC revealed similar patterns of changes in alpha and beta
rhythmicity over the course of the experiment, but was much less sensitive to group differences,
especially in the beta range (Figure S3).
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In the monkey LFP data, relative beta power was strongest in the deepest layers, and the
spectrolaminar motif observed closely resembled that described in visual and prefrontal regions
(Figure S1; Mendoza-Halliday et al., 2024). We therefore focused on the relationship between
beta LHaC in these layers and behavior, but in the future LHaC could be used to further
characterize spectrolaminar motifs in terms of relative rhythmicity rather than power. We found
that increased beta rhythmicity in contralateral, and to a lesser extent ipsilateral, primary motor
cortex predicted slower response times (RTs), and this effect increased in the time preceding the
go cue. This is likely driven, at least in part, by the previously shown relationships between burst
timing and RT (Little et al., 2019), but may also suggest a relationship with burst duration and
waveform and RT. We also tested the ability to predict RT from LFaC and found main effects of
hemisphere and LFaC in each epoch, but with lower coefficient values than for LHaC that did not
monotonically increase over time (Figure S4).

Whilst this approach discards the assumption of phase consistency over time, it still assumes
stationarity in peak frequency. LHaC and related methods, therefore, cannot detect rhythmic
signals that change in peak frequency. However, we know that there are changes in
instantaneous frequency in some signals (Benwell et al., 2019; Nelli et al., 2017) which are difficult
to track using methods based on bandpass filtering. Variants of empirical mode decomposition
have been proposed to separate neural signals into modes which may vary in instantaneous
frequency (Fabus et al., 2021; Huang et al., 1998; Quinn et al., 2021b, 2021a), thereby isolating
signal sources that are mixed together in sensor signals. An interesting future direction would
therefore be to adapt LHaC to apply to each mode derived from EMD in order to examine changes
in rhythmicity of frequency-varying neural activity.

One of the strengths of our approach is spectral precision, which results from narrow bandpass
filtering. However, this also reflects a potential weakness: in frequency ranges with low power,
narrow bandpass filtering introduces amplitude correlations which result in spuriously high lagged
autocoherence. Another approach could be to focus exclusively on the phase, using lagged
phase-locking value (Brufia et al., 2018; Lachaux et al., 2000). This approach was used in a recent
study (Myrov et al., 2024), whereby ‘rhythmicity’ was quantified using a phase-autocorrelation
function (pACF) derived from the phase-locking value. However, this necessitated a correction of
the signal lag using the mean instantaneous frequency of the narrow-band signal to avoid a bias
towards higher frequencies. In contrast, we used a threshold computed from surrogate data
generated from an autoregressive model, which has the advantage that the metric is thus adapted
to the SNR of the dataset (Brookshire, 2022).

The recent surge in sophisticated techniques for analyzing frequency-specific neural activity has
been largely fueled by a growing appreciation of the potential for activity in some frequency
ranges, most notably beta and gamma, to manifest not as continuous oscillations, but as discrete,
transient bursts (Feingold et al., 2015; Lundgvist et al., 2016; Sherman et al., 2016). The validity
of this notion could radically reshape theories anchored in the concept of phase precession of
oscillatory activity being perpetuated over extended time intervals. Conversely, the appearance
of burst-like activity could be an artifact of our recording methods, only made visible when the
amplitude crosses a certain detectability threshold, with the actual activity being driven by an
underlying rhythmic process (van Ede et al., 2018). Lagged coherence has previously been used


https://doi.org/10.1101/2024.12.05.627017
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.05.627017; this version posted December 9, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

to discern whether activity within a specific frequency band is "bursty" or oscillatory (Fransen et
al., 2016; Little et al., 2019; Rayson et al., 2023, 2022; Szul et al., 2023), but detection of bursts
has predominantly relied on power measurements (Brady and Bardouille, 2022; Rayson et al.,
2022; Shin et al., 2017; Szul et al., 2023; though see Cole and Voytek, 2019). A temporally-
resolved version of lagged Hilbert autocoherence could be used to detect frequency-specific,
oscillatory bursts by running the algorithm time-point by time-point, and calculating LHaC between
each time point and the point 0.5 cycles into the future. This approach could enable a more precise
characterization of each burst's onset and offset and the detection of purely oscillatory bursts.

Algorithms that effectively parameterize the periodic and aperiodic components of power spectral
densities (Barry and Blasio, 2021; Donoghue et al., 2020; Gerster et al., 2022; Wen and Liu, 2016)
have sparked significant advances in systems and cognitive neuroscience, transitioning the field
away from the conventional tendency to conflate these two distinct signal sources. Benefiting from
these algorithms, numerous studies have found that task-specific modulation of aperiodic activity
can provide crucial insight into cognitive processing (Waschke et al., 2021), shifts in the slope of
aperiodic activity can index excitation/inhibition balance (Gao et al., 2017), and abnormal periodic
and aperiodic activity can serve as early indicators of neurodegenerative diseases (Karalunas et
al., 2022; Ostlund et al., 2021). Despite their evident value, these methodologies rely on the
presumption that neural signals can be cleanly partitioned into rhythmic (periodic) and arhythmic
(aperiodic) components based solely on the shape of the power spectral density (PSD). They thus
operate under the assumption that a 1/f model of aperiodic activity can be robustly fit to the power
spectral density (PSD), and then periodic activity can be parameterized from the residuals of this
fit. Two key advantages of LHaC could be leveraged in order to simultaneously fit both the
aperiodic and periodic components of the PSDs. The first advantage is the method's high spectral
accuracy and resolution, which can match that of the PSD. The second advantage is that, at short
lags, lagged Hilbert autocoherence is, by definition, proportional to the periodic component of the
PSD. Fits generated using this approach could significantly reduce the number of "missed"
periodic peaks and spurious high frequency peaks, leading to a more accurate and robust
analysis of neural power spectra.

5. Conclusion

In conclusion, the present study introduces lagged Hilbert autocoherence (LHaC) as a refined
approach for measuring neural rhythmicity, addressing key limitations of Fourier-based
autocoherence (LFaC). Via simulations and application across EEG, MEG, and LFP data, we
demonstrate the versatility and sensitivity of LHaC in capturing condition-specific and age-related
rhythmic changes, learning-related adaptations, and trial-specific behavioral associations. By
enhancing spectral precision and accommodating the minimization of spurious coherence, LHaC
provides a valuable tool for advancing the study of neural oscillatory dynamics.
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Figure S1. The relative power spectra (a) and relative beta power (b) of LFP data from the 32
channels averaged over all sessions from both monkeys.
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Figure S2. a-c) Group-averaged lagged Fourier autocoherence (LFaC) computed within EEG
electrode clusters over sensorimotor cortex from 9-month, 12-month infants and adults. d-f) LFaC
F statistics for the condition by epoch interaction for each group. Statistically significant clusters,
corrected using cluster-based permutation tests, are shown in color.
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Figure S3. Alpha and beta lagged Fourier coherence during sensorimotor learning. a)
Lagged Fourier coherence in left central sensors for the visual epoch in the implicit group,
averaged over visuomotor rotation blocks. b) As in (a), for the explicit group. c) Alpha LFC at a
lag of 3 cycles, for the visual epoch in each block. The solid lines indicate the mean value over
subjects for the implicit (green) and explicit (purple) groups and the shaded areas represent the
standard error. The vertical dashed lines indicate the beginning and end of the rotation blocks. d)
As in (c), for the total alpha LFC. €) As in (c), for beta LFC at a lag of 1 cycle. Red stars indicate
blocks in which LFC was significantly different between the two groups. f) As in (c), for the total
beta LFC. g) Lagged Fourier coherence in left central sensors for the motor epoch in the implicit
group, averaged over visuomotor rotation blocks. h) As in (g), for the explicit group. i) As in (c),
for alpha LFC at a lag of 3 cycles in the motor epoch. j) As in (i), for the total alpha LFC. k) As in
(i), for beta LFC at a lag of 1 cycle, I) As in (i), for the total beta LFC.
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Figure S4. The estimated coefficients (8s) of linear mixed models fit to total beta LFaC computed
in 1s epochs aligned from 1s, 0.75s, 0.5s, 0.25s, and 0s prior to the go cue. The significant effects

are indicated with red stars.
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