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a b s t r a c t
Phase-amplitude coupling (PAC) has been hypothesized to coordinate cross-frequency interactions of neuronal
activity in the brain. However, little is known about the distribution of PAC across the human brain and the
frequencies involved. Furthermore, it remains unclear to what extent PAC may reﬂect spurious cross-frequency
coupling induced by physiological artifacts or rhythmic non-sinusoidal signals with higher harmonics. Here, we
combined MEG, source-reconstruction and diﬀerent measures of cross-frequency coupling to systematically characterize local PAC across the resting human brain. We show that cross-frequency measures of phase-amplitude,
phase-phase, and amplitude-amplitude coupling are all sensitive to signals with higher harmonics. In conjunction, these measures allow to distinguish harmonic and non-harmonic PAC. Based on these insights, we found
no evidence for non-harmonic local PAC in resting-state MEG. Instead, we found cortically and spectrally widespread PAC driven by harmonic signals. Furthermore, we show how physiological artifacts and spectral leakage
cause spurious PAC across wide frequency ranges. Our results clarify how diﬀerent measures of cross-frequency
interactions can be combined to characterize PAC, and cast doubt on the presence of prominent non-harmonic
phase-amplitude coupling in human resting-state MEG.

1. Introduction
Oscillations of neuronal activity are abundant in the brain and have
been implicated in various cognitive processes (Siegel et al., 2012).
Recently, the question how diﬀerent oscillations and their associated
networks interact has received considerable attention (Lisman and
Idiart, 1995; Jensen and Colgin, 2007; Canolty and Knight, 2010;
Tort et al., 2010; Jensen et al., 2012; Aru et al., 2015; Colgin, 2015;
Hyaﬁl et al., 2015; McLelland and VanRullen, 2016; Dvorak and Fenton, 2014; Fell and Axmacher, 2011). The most prominently discussed
mode of cross-frequency coordination has been phase-amplitude coupling (PAC), where the phase of a neuronal oscillation is correlated
with the amplitude of another comparatively faster neuronal oscillation
(Canolty et al., 2006). It has been suggested that PAC could not only link
oscillations within one area, but could also play a role in long-range interactions between areas (Jensen and Colgin, 2007; Siebenhühner et al.,
2020; van der Meij et al., 2012; von Nicolai et al., 2014; Nandi et al.,
2019).
However, so far PAC has not been systematically mapped across
the human brain and across frequency combinations. Furthermore, the
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interpretation of cross-frequency coupling results is challenging. The
biggest caveat is that measures of PAC are not only sensitive to the
phase-amplitude coupling between two diﬀerent oscillations of interest, but are also sensitive to signals with higher harmonics, i.e. signals that contain a periodic, but non-sinusoidal component. Therefore, there is an inherent ambiguity in the results from these measures. In fact, several studies have cautioned for or reported that
harmonic PAC is linked to non-sinusoidal waveform shapes of oscillations rather than the non-harmonic PAC of interest (Aru et al.,
2015; Chacko et al., 2018; Cole et al., 2017; Cole and Voytek, 2017;
Gerber et al., 2016; Hyaﬁl, 2015; Jensen et al., 2016; Kramer et al.,
2008; Lozano-Soldevilla et al., 2016; Vaz et al., 2017; Velarde et al.,
2019). Therefore, it is challenging to not only map, but to also correctly
characterize the nature of any measured cross-frequency coupling.
Here, we addressed this question, by evaluating phase-amplitude
coupling across a broad range of frequency combinations and the entire
human cortex based on two independent source-reconstructed magnetoencephalography (MEG) datasets. We estimated PAC using two diﬀerent measures: vectorlength-PAC (Canolty et al., 2006) and bicoherence
(Shahbazi Avarvand et al. 2018). To test if the measured PAC patterns
reﬂect non-harmonic neuronal PAC, we assessed, ﬁrst, if these patterns
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reﬂect muscle- or eye-movement artifacts, and second, to what extent
they are aﬀected by the non-sinusoidal shape of neuronal oscillations.
To this end, we systematically applied a novel procedure that allows
distinguishing harmonic and non-harmonic PAC .
2. Materials and methods

spacing approximately 1 cm beneath the skull Hipp and Siegel (2015).
For the HCP dataset, we used the spatial transformation matrices that are
available in the individual source models provided with the HCP dataset
and applied them to our source model. We performed two distinct source
space projections and frequency analyses for vectorlength-PAC and all
other cross-frequency measures.

2.1. Datasets

2.6. Spectral analysis and beamforming for vectorlength-PAC

We used resting-state MEG data from two diﬀerent datasets: the Human Connectome Project MEG data (HCP) (Van Essen et al., 2013),
which is publicly available, and an independent MEG dataset recorded
at the MEG-Center Tübingen.

We employed complex Morlet wavelets with logarithmically spaced
center frequencies ranging from 2−0.25 Hz (∼0.84 Hz) to 28 Hz (256 Hz)
in quarter-octave steps (factor of 20.25 ).
Optimal for PAC detection is a relatively low frequency resolution
for amplitude frequencies that must include the amplitude modulation
side-peaks and a relatively high frequency resolution for the phase frequency (Aru et al., 2015). Therefore, we chose bandwidths of 0.5 octaves
for the phase frequencies and 1 octave for the amplitude frequencies
(bandwidth deﬁned as log2 of the ratio of the cut-oﬀ-frequencies at the
ﬁlter’s half maximum gain). This corresponds to Morlet wavelets with
𝑞 = 𝑓 ∕𝜎𝑓 ∼ 6.86 for 0.5 octave and 𝑞 = 𝑓 ∕𝜎𝑓 ∼ 3.53 for 1 octave, where
𝑓 is each wavelet’s central frequency and 𝜎𝑓 is the standard deviation
of its Gaussian function in the frequency domain Tallon-Baudry and
Bertrand (1999). We computed time-frequency estimates with a temporal steps size of 7ms. Subsequently, we applied DICS beamforming
with frequency speciﬁc ﬁlters (Gross et al., 2001) For each source, we
computed ﬁlters in the dominant dipole direction.

2.2. Data acquisition
Unless speciﬁed otherwise, set-up, recording, and preprocessing of
the HCP dataset (HCP S1200 Release), was as previously described
(Van Essen et al., 2013). We used the ﬁrst of three sessions of 6 minutes eyes-open resting-state MEG, which was available for 89 subjects.
Subjects were in supine position and ﬁxated a red ﬁxation cross on dark
background.
The Tübingen dataset comprised 28 healthy subjects (17 female,
mean age 26.5 years), that all gave written informed consent and received monetary compensation. For this dataset, 10 minutes of restingstate MEG were recorded with 275 channels at a sampling rate of
2,343.75 Hz (Omega 2000, CTF Systems, Inc., Port Coquitlam, Canada).
Participants were seated upright in a dimly lit magnetically shielded
chamber and ﬁxated a central ﬁxation point. The recordings were approved by the local ethics committee and conducted in accordance to the
Declaration of Helsinki. All participants gave written informed consent
before participating. For both datasets, structural T1-weighted MRIs of
all subjects were used to construct individual head and source models.

2.7. Vectorlength-PAC
We estimated vectorlength phase-amplitude coupling between
phase-frequencies (𝑓𝜑 ) of ∼0.84 Hz (2−0.25 Hz) to 128 Hz (27 Hz) and
amplitude-frequencies (𝑓𝐴 ) of at least twice the phase frequency. We
estimated vectorlength-PAC V(f) according to (Canolty et al., 2006):
)
) (
| (
|
𝑉 (𝑓 ) = |⟨𝐴 𝑡, 𝑓𝐴 𝑒𝑖𝜑 𝑡, 𝑓𝜑 ⟩𝑡 |
|
|

2.3. Preprocessing - HCP dataset

Here, 𝜑(𝑡, 𝑓𝜑 ) is the phase, 𝐴(𝑡, 𝑓𝐴 ) the amplitude, < … >𝑡 is the
average over time and |…| is the absolute value.

We down sampled the data to 1000 Hz, band-pass ﬁltered between
0.1 and 400 Hz, and notch-ﬁltered between 59 and 61 Hz (and harmonics) using zero-phase 4th -order Butterworth forward and reverse ﬁlters.
We removed artifactual data segments as deﬁned by the HCP pipeline
(baddata). We manually identiﬁed and removed muscle-, eye- and heartrelated artifacts using ICA Hipp and Siegel (2013). Heart-related artifact
ICs were removed in all 89 subjects. Eye-related ICs were removed in 86
subjects. In this dataset, muscle-related ICs often contained prominent
signal components in the alpha-band. To avoid accidentally removing
components that may include neuronal interactions, we did not remove
these components. Thus, we removed muscle-ICs in only 30 of the 89
subjects, which resulted in considerable residual muscle activity in this
preprocessed dataset.

2.8. Spectral analysis and beamforming for other cross-frequency measures
For all other cross-frequency coupling measures (bicoherence, crossfrequency amplitude-amplitude correlation, cross-frequency phasephase coupling) we performed linearly constrained minimum variance
(LCMV) beamforming (Van Veen et al., 1997) to estimate source level
activity. This approach preserves the phase relationship between frequencies. The source-data was split into half-overlapping 1 s segments
(2 s and 4 s segments for two control analyses related to spectral leakage). Each segment was demeaned and a Hanning window was applied.
Then, fast Fourier transformation was computed for each segment using
zero-padding to 2 or 10 s, which results in frequency resolutions of 0.5
or 0.1 Hz, respectively.

2.4. Preprocessing - Tübingen dataset
The data was down sampled to 1000 Hz, low-pass ﬁltered at 300 Hz,
notch-ﬁltered between 49 and 51 Hz (and harmonics) and high-pass
ﬁltered at 0.5 Hz using zero-phase 4th -order Butterworth forward and
reverse ﬁlters. Segments with jumps, eye blinks or strong muscle activity
were removed manually in the time domain data. Remaining artifacts
were removed using ICA analysis as described above for the HCP dataset.
For this dataset, however, we removed muscle-ICs more stringently even
if they contained a spectral peak in the alpha-band. Thus, for this dataset
muscle-related ICs were removed in all subjects.

2.9. Bicoherence

2.5. Source reconstruction

We estimated Bicoherence for frequencies 𝑓1 (0.5 to 64 Hz) and 𝑓2 (1
to 200 Hz) in steps of 0.5 Hz with 𝑓2 ≥ 𝑓1 − 3 Hz and the corresponding
𝑓3 = 𝑓1 + 𝑓2 according to the formula with the normalization factor from
(Hagihira et al., 2001):
) |
| ( ) ( ) ∗(
(
) ||⟨𝐹𝑡 𝑓1 𝐹𝑡 𝑓2 𝐹 𝑡 𝑓1 + 𝑓2 ⟩𝑡 ||
𝐵 𝑓1 , 𝑓2 =
(
)|
| ( ) ( )
⟨|𝐹𝑡 𝑓1 𝐹𝑡 𝑓2 𝐹 ∗ 𝑡 𝑓1 + 𝑓2 |⟩
|𝑡
|

For both datasets, we used beamforming to reconstruct cortical activity at 457 positions on a shell that covered the entire cortex with even

Here, 𝐹𝑡 (𝑓 ) is the signal’s time-frequency transformation at time t,
| … | represents the absolute value, and < … >𝑡 is the average over time.
We use the terms “𝑓3 ” and “𝑓1 + 𝑓2 ” interchangeably throughout the
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paper. Frequencies 𝑓2 smaller than 𝑓1 were included for accurate detection of bicoherence peaks at and close to 𝑓1 = 𝑓2 , in particular after
smoothing of the cross-frequency spectrum.
To locate delta-𝑓1 -range bicoherence peaks, bicoherence was estimated in steps of 0.1 Hz for 𝑓1 (0.1 to 2.5 Hz) and 0.5 Hz for 𝑓2 (0.5 to
50 Hz), with 𝑓2 ≥ 𝑓1 .

t-statistic (1000 repeats). Cluster signiﬁcance was deﬁned as the probability to obtain a maximum cluster of at least this size across the nullhypothesis permutations with p < 0.05.
2.14. Analysis of the inﬂuence of artifacts
To study the potential inﬂuence of residual artifacts on the crossfrequency coupling results, we compared the spectral and spatial PAC
patterns of artifactual signals deﬁned during data preprocessing to the
results of the cleaned data Hipp and Siegel (2013). To this end, we backprojected only the artifactual ICs to the sensors, beamformed these artifactual signals, and computed vectorlength-PAC and bicoherence on
the source-localized artifacts. Finally, we compared the patterns of the
artifactual signals with the patterns of the cleaned signal. As residual
heart-artifacts tend to be project to the brain center, we restricted this
analysis to muscle- and eye-related artifacts.

2.10. Cross-frequency amplitude-amplitude coupling (AAC)
We computed the Pearson correlation coeﬃcients between amplitude time-series, that were derived from the LCMV-beamformed Fourier
time-series, between frequencies 𝑓1 (0.5 to 64 Hz) and 𝑓2 (1 to 200 Hz)
in steps of 0.5 Hz where 𝑓2 ≥ 𝑓1 + 3 Hz.
2.11. Cross-frequency phase-phase coupling (PPC)
We computed cross-frequency phase-coupling between frequencies
𝑛 and 𝑚 weighted and normalized by the signal amplitudes at these frequencies. The phase of the lower frequency 𝑛 was accelerated by the
factor 𝑚∕𝑛 to match the higher frequency 𝑚. The resulting measure can
be understood as computing coherence between signals of diﬀerent frequencies.

2.15. Simulated signals with harmonic and non-harmonic PAC
We computed bicoherence, AAC and PPC of simulated signals with
either higher harmonics or non-harmonic phase-amplitude coupling.
These simulations illustrate typical cross-frequency coupling patterns
expected for diﬀerent signal types and cross-frequency measures.
In one of the non-harmonic PAC signals, the carrier frequency (𝑓𝑐 )
and modulation side-peaks were distinct from the modulating frequency
(𝑓𝑚 ). To this end, we simulated coupling between 𝑓𝑚 =10 Hz and
𝑓𝑐 =40 Hz (resulting in side-peaks at 30 Hz and 50 Hz); once with 10times smaller amplitude for 𝑓𝑐 than 𝑓𝑚 and once with 25-times smaller
amplitude for 𝑓𝑐 than 𝑓𝑚 . Additionally, we simulated the special case
of PAC, where the lower side-peak of the amplitude modulation (𝑓𝑐−𝑚 )
coincides with the modulating frequency (𝑓𝑚 =10 Hz and 𝑓𝑐 =20 Hz, resulting in side-peaks at 10 Hz and 30 Hz, and with 4 times smaller amplitude for 𝑓𝑐 than 𝑓𝑚 ).
For obtaining the raw signals at 𝑓𝑚 and 𝑓𝑐 (𝑥𝑓𝑚 (𝑡) and 𝑥𝑓𝑐 (𝑡), respectively), we took 6 minutes of white noise and, at each time point, applied
a Hanning window, calculated the FFT, extracted the frequency bin of
interest, and applied the inverse Fourier transform. For each frequency,
a Hanning window with a deﬁned spectral width (full width at half maximum, FWHM) was used (FWHM = 1.5 Hz for 𝑓𝑚 , and FWHM = 3 Hz
and 2 Hz for 𝑓𝑐 , for the two diﬀerent signals, respectively). Then, nonharmonic PAC signals were generated by amplitude modulation of 𝑥𝑓𝑐
according to the phase of 𝑥𝑓𝑚 as follows:
(
(
))
𝑥𝑃 𝐴𝐶 (𝑡) = 𝑥𝑓𝑚 (𝑡) + 1 + 0.99 ⋅ cos Φ𝑓𝑚 (𝑡) ⋅ 𝑥𝑓𝑐 (𝑡) + 𝑛(𝑡)

(
)
|
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(
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xCoh 𝑓𝑛 , 𝑓𝑚 = |
⟨𝐴(𝑡)𝑛 𝐴(𝑡)𝑚 ⟩𝑡

< … >𝑡 represents the average over time. Amplitude 𝐴(𝑡) and phase
estimates 𝜑(𝑡) were obtained from the time-frequency Fourier estimates.
The measure approaches 0 for a random phase relationship and equals
1 for perfect m/n factor phase-coupling. The normalization matches the
normalization used for Bicoherence. Furthermore, the weighting by the
signal amplitudes improves the robustness of the measure by favoring
phase information during times of high signal amplitude. We computed
this measure for the same frequency pairs as AAC.
2.12. Regions of interest (ROIs)
We deﬁned 4 ROIs based on the local maxima of the group-level
vectorlength-PAC averaged across frequencies in left/right sensorimotor (MNI: -44.4 -30.2 58.9 / 39.7 -20.0 61.0), visual (-19.1 -99.7 2.1 /
19.1 -99.6 1.7), parietal (-11.1 -81.3 45.3 / 11.1 -81.6 45.4) and superior temporal cortex (-62.5 -43.9 15.0 / 63.0 -8.6 15.0). We averaged
coupling measures across hemispheres.
2.13. Statistical analysis of coupling measures

Φ𝑓𝑚 (𝑡) is the phase of 𝑥𝑓𝑚 , extracted from the above mentioned timeFourier analysis. 𝑛(𝑡) is 1∕𝑓 2 -noise.
For the two simulated harmonic-PAC signals, we obtained the base
component at 10 Hz (𝑥𝑓10 (𝑡)) using the procedure explained above for 𝑓𝑐 ,
and added it up with 4 higher harmonics and 1∕𝑓 2 -noise (𝑛(𝑡)). Higher
harmonics of 𝑥𝑓10 were generated as:

We employed a time-shifting surrogate procedure to assess the statistical signiﬁcance of cross-frequency coupling. We generated 100 random circular time-shifts drawn from a uniform distribution from 0 to the
length of the data. The same time-shift was applied for all sources and
frequency combinations. For the vectorlength measure, the amplitude
time-series of each subject was shifted circularly relative to the phase
time-series and vectorlength-PAC was computed for each of the 100
shifts. For bicoherence, we shifted the time-series of 𝑓3 relative to 𝑓1 and
𝑓2 . For AAC and PPC, we shifted the timeseries of 𝑓2 relative to 𝑓1 . AAC
values and corresponding surrogate values were Fisher-z-transformed.
For each measured coupling measure, a z-score was computed relative to
the corresponding 100 surrogate values. To determine signiﬁcant crossfrequency coupling while controlling for multiple comparisons, we employed a cluster permutation statistic across cross-frequency space or
cortical space. For bicoherence and PPC statistics, cross-frequency spectra were smoothed with a 5-by-5 frequency-bin sized Hanning window.
Clusters across cortical and cross-frequency space were deﬁned based on
the t-statistic of cross-frequency measures across subjects with a cluster threshold of p < 0.01. Clusters were then deﬁned under the nullhypothesis by random sign ﬂip across subjects before computing the

)|
(
)
| (
𝑥𝑛⋅𝑓10 (𝑡) = 𝑎𝑛 ⋅ ||𝐹 𝑥𝑓10 (𝑡) || ⋅ cos Φ𝑓10 (𝑡) ⋅ 𝑛 + 𝜗𝑛
|
|
Here, |𝐹 (𝑥𝑓10 (𝑡))| and Φ𝑓10 (𝑡) are the instantaneous amplitude- and
phase- time series of 𝑥𝑓10 , respectively, and n is the integer multiplier
(𝑛 ∈ {2, 3, 4, 5}). The relative amplitude and phase of the higher harmonics relative to the base component were controlled by the factors
𝑎𝑛 and 𝜗𝑛 , respectively. In one simulation we used 𝑎2 =0.25, 𝑎3 =0.06,
𝑎4 =0.025, 𝑎5 =0.05, 𝜗2 =pi/2, 𝜗3 =pi/4, 𝜗4 =3/2∗ pi, and 𝜗5 =2∗ pi. In the
second simulation we used 𝑎2 =0.05, 𝑎3 =0.015, 𝜗2 =pi/2 and 𝜗3 =pi/4.
For all simulated signals, we applied the same processing as described for the estimated source-level data with a sampling rate of 4000
Hz excluding the line-noise ﬁlters. We calculated vectorlength, bicoherence, cross-frequency AAC and PPC as well as a time-average log-power
spectrum.
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2.16. Peak localization

tested the model ﬁt of the data against a permutation statistic. Speciﬁcally, we applied the following regression model:

To localize peaks in the frequency-frequency space for bicoherence,
AAC, and PPC, we averaged the cross-frequency values across 𝑓2 frequencies below 70 Hz. Then, we identiﬁed the 𝑓1 with the maximum
averaged cross-frequency measure (in the range 5 to 14 Hz for single
subjects, 7.5 to 14 Hz for the average across subjects, and 0.1 to 2.5 Hz
for the delta-𝑓1 peaks). Finally, we identiﬁed the corresponding 𝑓2 frequency maxima for each maximum 𝑓1 .

𝑓̂2, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 (𝑛, 𝑠𝑢𝑏𝑗, 𝑅𝑂𝐼 )
= 𝑛 ⋅ 𝑓1,𝑎𝑙𝑝ℎ𝑎 𝑝𝑒𝑎𝑘 (𝑠𝑢𝑏𝑗, 𝑅𝑂𝐼 ) − 𝑓1, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 (𝑠𝑢𝑏𝑗, 𝑅𝑂𝐼 ) + 𝑒𝑟𝑟𝑜𝑟
Here, for each subject and ROI, 𝑓1, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 represents delta range 𝑓1
of the peaks, 𝑓̂2, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 (𝑛, 𝑠𝑢𝑏𝑗, 𝑅𝑂𝐼 ) represents the 𝑛-th predicted 𝑓2
peak corresponding to 𝑓1, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 , and 𝑓1,𝑎𝑙𝑝ℎ𝑎 𝑝𝑒𝑎𝑘 represents the alpharange 𝑓1 -frequency that corresponds to the Bicoherence peaks in that
range. For each subject and ROI, 𝑓1, 𝑎𝑙𝑝ℎ𝑎 𝑝𝑒𝑎𝑘 was estimated as described
above.
To locate (𝑓1, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 , 𝑓2, 𝑑𝑒𝑙𝑡𝑎 𝑝𝑒𝑎𝑘 ) pairs more precisely, we used the
z-scored bicoherence estimates with step size of 0.1 Hz for 𝑓1 frequencies
and 0.5 Hz for 𝑓2 frequencies. Next, we interpolated the cross-frequency
spectra along their 𝑓2 axis to steps of 0.1 Hz, and smoothed the results
by convolving with a 3 × 3 Hanning kernel. Then, we localized the peaks
at delta-range 𝑓1 frequencies.

2.17. Single-subject harmonic peaks in bicoherence
After observing harmonic peaks of theta/alpha PAC averaged across
subjects, we tested for such a harmonic pattern across subjects. Specifically, we tested if 𝑓2 frequencies of bicoherence peaks were at integer
multiples of corresponding 𝑓1 frequencies.
For localizing bicoherence peaks, we ﬁrst smoothed the Z-scored bicoherence cross-frequency spectra by convolution with a 3 × 3 Hanning
window. To more precisely detect peaks close to the 𝑓1 = 𝑓2 diagonal
of the bicoherence cross-frequency spectrum, we extended the lower
range of 𝑓2 -frequencies to 𝑓1 -3 Hz, but not lower than 0.5 Hz. Then,
we created individual masks of single-subject signiﬁcance by converting the Z-scores to p-values, false-discovery-rate correcting the p-values
for multiple comparisons Benjamini and Hochberg (1995), and creating
masks at the alpha level of 0.05. Next, we spline-interpolated both, the
Z-scored cross-frequency spectra and masks, to 0.1 Hz resolution. Finally, we identiﬁed peaks of signiﬁcant bicoherence as detailed above.
If bicoherence peaks reﬂected harmonics of an oscillator at the corresponding 𝑓1 frequency, they should ﬁt the following regression model:

2.20. Analysis software
All analyses were performed in MATLAB (MathWorks Inc., Natick,
USA) using the Fieldtrip toolbox (Oostenveld et al., 2011) and custom
software.
3. Results
3.1. Spectral structure of phase-amplitude coupling
We estimated vectorlength-PAC (Canolty et al., 2006) between a
wide range of frequency pairs for 457 cortical sources in 89 subjects
of the Human Connectome Project (HCP) resting-state MEG dataset
(Fig. 1A). Averaged across the entire cortex, we observed signiﬁcant coupling peaks in three diﬀerent frequency ranges (Fig. 1A, top): between
gamma phase frequencies and high gamma amplitude frequencies peaking at [𝑓𝜑 , 𝑓𝐴 ] = [76.1 Hz,152.2 Hz], between alpha phase frequencies
and beta amplitude frequencies peaking at [𝑓𝜑 , 𝑓𝐴 ] = [11.3 Hz,22.6 Hz],
and weak but signiﬁcant between delta phase-frequencies and amplitude frequencies around 16 Hz. In the cortical space and averaged over
all frequency pairs (Fig. 1A, bottom), the vectorlength measure peaked
primarily in bilateral sensorimotor regions, with distinct peaks also in
temporal, occipital and parietal areas. Do these patterns reﬂect true neuronal interactions between distinct oscillatory processes? To answer this,
we ﬁrst tested if these patterns were related to non-neuronal signals, i.e.
muscle- or eye-movement artifacts.

𝑓̂2, 𝑝𝑒𝑎𝑘 (𝑛, 𝑠𝑢𝑏𝑗𝑒𝑐𝑡, 𝑅𝑂𝐼 ) = 𝑓1, 𝑝𝑒𝑎𝑘 (𝑠𝑢𝑏𝑗𝑒𝑐𝑡, 𝑅𝑂𝐼 ) ⋅ 𝑛 + 𝑒𝑟𝑟𝑜𝑟.
Here, 𝑛 refers to the peak number. To avoid mislabeling of harmonic
peaks, e.g. when a lower peak was not detectable, we set 𝑛 to match the
closest harmonic. In total, up to 6% of peaks per ROI were relabeled. For
two peaks falling closest to the same harmonic, we omitted the peak
associated with the weaker bicoherence Z-score. To rule out any bias
due to peak relabeling, we tested the model ﬁt against a permutation
statistic that also entailed peak relabeling. For each ROI, we took peak
positions of all subjects and 1000 times randomly reassigned 𝑓2 and
𝑓1 values across subjects, with the restriction that the same number of
peaks had to fall within the 1st , 2nd , etc. peak groups as observed in the
original data. For each of the 1000 surrogates, as well as for the original
data, we computed the coeﬃcient of determination (𝑅2 ) as a measure
of model ﬁt for each regression model (one for each nth harmonic at
each ROI). Finally, we obtained p-values by comparing the original 𝑅2
against the surrogates.

3.2. Phase-amplitude coupling reﬂects residual muscle- and eye-related
artifacts

2.18. Simulating the bicoherence leakage pattern
Despite using ICA-based artifact cleaning and beamforming, the data
may well contain residual artifacts. To investigate the potential inﬂuence of such residual artifacts, we computed vectorlength-PAC of
MEG signals that mainly contained artifacts (Fig. 1B and 1C, Materials and Methods). If results reﬂected residual artifacts, we should observe similar patterns for artifact signals. Indeed, vectorlength-PAC of
muscle artifacts (Fig. 1B) showed a prominent peak that well matched
the high frequency peak in the cleaned data. The cortical distribution
of vectorlength-PAC for muscle artifacts peaked in inferior temporal
and frontal regions, the latter reminiscent of a saccadic spike artifact
(Carl et al., 2012) (Fig. 1B). This cortical distribution was signiﬁcantly
correlated with the cortical distribution of PAC for the cleaned signal in
the corresponding frequency range [𝑓𝜑 , 𝑓𝐴 ] = [45–76 Hz,128–256 Hz]
(Fig. 1A, small inset) (r2 = 0.45, p < 0.001). Together, these results suggested that high frequency PAC likely reﬂected muscle artifacts rather
than neuronal coupling.
We repeated the same analysis for a potential contamination by
residual eye-movement artifacts (Fig. 1C). Eye-movement artifacts

In order to identify conspicuous caveats in the bicoherence analysis,
such as leakage into remote frequency ranges, we simulated a 10 min
long signal (1000 Hz sampling rate) with higher harmonics that resembled the motor mu-rhythm with little noise and computed its Bicoherence the same way as we did for a source reconstructed signal.
To construct this signal, we took the same steps as explained above,
with the only diﬀerence that the base component was reconstructed
as 𝑥𝑓10 (𝑡) = 1 ⋅ cos(𝜑10 (𝑡)). The applied Hanning window was 4-s long,
and the ﬁnal signal was constructed using the following parameters:
𝑎2 =0.35, 𝑎3 =0.2, 𝑎4 =0.05, 𝜗2 =pi, 𝜗3 =0, and 𝜗4 =pi.
2.19. Bicoherence leakage pattern
To test the observation that some of the Bicoherence peaks with
delta-𝑓1 reﬂect the leakage pattern of noisy harmonic signals of the
alpha range, we made use of the predictable location of the leakage pattern. We constructed regression models to predict peak positions and
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Fig. 1. Vectorlength-PAC and bicoherence. (A) Vectorlength-PAC averaged across the cortex (top), and its cortical distribution, averaged either across all (bottom)
or high gamma frequencies (inset). (B) Vectorlength-PAC of rejected muscle artifacts (independent components) averaged across the cortex (top) and all signiﬁcant
frequency combinations (bottom). (C) Vectorlength-PAC of rejected eye-related artifacts (independent components) averaged across the cortex (top) and all signiﬁcant
frequency combinations (bottom). (D) Bicoherence averaged across the cortex for a large frequency range (left) and zoomed-in lower frequency range (right). Cortical
distributions of Bicoherence averaged for the corresponding frequency ranges are shown below. The inset shows the cortical distribution of bicoherence for a highfrequency range often associated with muscle activity. (E) Bicoherence of rejected muscle artifacts averaged across the cortex (top) and for signiﬁcant frequency
combinations (bottom) (F) Bicoherence of rejected eye-related artifacts averaged across the cortex (top) and for signiﬁcant frequency combinations (bottom). All
coupling measures are z-scores relative to surrogate statistics generated by circular data shuﬄing. Opacity indicates statistical signiﬁcance (p<0.05; corrected;
permutation statistic).

showed low-frequency vectorlength-PAC for phase and amplitude frequencies below approximately 3 and 8 Hz, respectively. This only partially matched the weak but signiﬁcant low frequency PAC for the
cleaned data, which peaked for amplitude frequencies around 16 Hz
reaching up to 64 Hz. Thus, low-frequency PAC could only be partially
explained by residual eye-movement artifacts.
Next, we tested if these ﬁndings generalized to PAC estimation using
bicoherence, which assess non-linear interactions between two frequencies by quantifying the phase consistency between these frequencies and
their sum (Shahbazi Avarvand et al. 2018). Indeed, for high frequencies, we found a similar distribution of signiﬁcant bicoherence for the
cleaned data (Fig. 1D) and muscle artifacts (Fig. 1E). The cortical distribution of bicoherence of the cleaned data for this frequency range
(Fig. 1D, left small inset) was signiﬁcantly correlated with the cortical
distribution of bicoherence for muscle-artifacts (Fig. 1E, left, r2 = 0.25,
p < 0.001) as well as with the cortical distribution of vectorlength-PAC
of the cleaned data (Fig. 1A, small inset, r2 = 0.92, p < 0.001) and
muscle-artifacts (Fig. 1B, r2 = 0.46, p < 0.001). This further suggested

that residual muscle artifacts generated spurious high-frequency PAC in
temporal, orbito-frontal and lateral inferior regions.
For eye movements artifacts, bicoherence could again not entirely
explain PAC at low frequencies. Bicoherence of eye artifacts peaked at
𝑓1 frequencies from 1 to 2.5 Hz and 𝑓2 frequencies up to 20 Hz and above
30 Hz (Fig. 1F). In contrast, the cleaned data showed signiﬁcant bicoherence over a broader low-frequency range (Fig. 1D). Moreover, the cortical distributions of bicoherence of eye-artifacts and the cleaned-data
was only weakly correlated for low frequencies (r2 = 0.15, p < 0.01).
In sum, both measures, vectorlength-PAC and bicoherence, consistently identiﬁed signiﬁcant PAC that likely reﬂects residual muscle- and
eye movement artifacts in high and low frequency ranges, respectively.

3.3. Phase-amplitude coupling in the alpha frequency-range
Vector-length PAC and bicoherence showed prominent eﬀects in the
alpha-frequency range that could not be attributed to muscle or eye
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3.3.2. Dissociating harmonic and non-harmonic phase-amplitude coupling
How can we distinguish harmonic and non-harmonic PAC? Harmonics are only present at integer multiples of the base frequency.
Thus, a ﬁrst test is whether the frequencies at which PAC is observed
could reﬂect harmonics of a base frequency. Bicoherence is particularly
suited for this test, because it enables higher spectral resolution than
vectorlength-PAC. However, if the observed PAC frequencies match a
harmonic pattern, this may still reﬂect non-harmonic PAC at these frequencies (e.g. Fig. 2, left). Thus, for harmonic PAC frequency patterns,
further tests are required.
To investigate such potential tests, we simulated signals that contained either harmonic or non-harmonic PAC between 10 Hz and some
of its integer multiple frequencies. For each signal, we computed not
only the vectorlength measure and bicoherence to assess PAC, but
also cross-frequency amplitude-amplitude coupling (AAC) and crossfrequency phase-phase coupling (PPC) (Fig. 3).
Vectorlength-PAC shows similar coupling patterns for harmonic
PAC (Fig. 3A) and non-harmonic PAC (Fig. 3B). Harmonic PAC shows
two overlapping peaks at harmonically related frequencies, i.e. at [𝑓𝜑 ,
𝑓𝐴 ] = [𝑓𝑏 ,2𝑓𝑏 ] and [2𝑓𝑏 , 3𝑓𝑏 ]. Non-harmonic PAC also shows two peaks.
A ﬁrst large peak is between the modulating and carrier frequencies, i.e.
around [𝑓𝜑 , 𝑓𝐴 ] = [𝑓𝑚 , 𝑓𝑐 ]. A second peak, which appears to be a byproduct of the large bandwidth of the spectral ﬁlters, is positioned at about
[𝑓𝜑 , 𝑓𝐴 ] = [𝑓𝑐−𝑚 , 𝑓𝑐+𝑚 ]. However, due to the low spectral resolution of
vectorlength-PAC, it is diﬃcult to clearly dissociate the generated patterns.
The high spectral resolution of bicoherence allows for better resolving these patterns. For both, harmonic (Fig. 3A) and non-harmonic
(Fig. 3B) PAC, bicoherence shows distinct peaks at all [𝑓1 , 𝑓2 ] combinations, at which 𝑓1 , 𝑓2 , and 𝑓3 = 𝑓1 + 𝑓2 coincide with peaks in the
power spectrum. For harmonic-PAC (Fig. 3A), power peaks at the base
frequency and higher harmonics, which results in several corresponding
bicoherence peaks. For non-harmonic PAC (Fig. 3B), power shows four
peaks at the modulating frequency 𝑓𝑚 , carrier frequency 𝑓𝑐 and sidepeaks 𝑓𝑚+∕−𝑐 . This leads to exactly two bicoherence peaks at frequencies
[𝑓1 , 𝑓2 ] = [𝑓𝑚 , 𝑓𝑐 ] and [𝑓1 , 𝑓2 ] = [𝑓𝑚 , 𝑓𝑐−𝑚 ] (Fig. 3B) (Hyaﬁl, 2015).
Thus, bicoherence with more than two harmonic peaks cannot only be
caused by non-harmonic PAC, but implies harmonic PAC.
Amplitude-amplitude and phase-phase coupling further dissociate
harmonic and non-harmonic PAC and can be conveniently computed
with the same spectral resolution as bicoherence (Fig. 3). By deﬁnition, harmonics imply AAC and PPC between the base frequency and
any harmonics. AAC and PPC measures of harmonic-PAC signals well
reﬂect these couplings (Fig. 3A). In contrast, non-harmonic PAC does
not imply AAC or PPC between the modulating frequency and the carrier frequency or its side-peaks. Thus, for non-harmonic PAC (Fig. 3B),
there is no AAC or PPC between the modulating frequency and any of
the power peaks at higher frequencies. This can provide a dissociating
feature between harmonic and non-harmonic PAC.
One concern may be that the above features may not be detectable
at low SNR of higher spectral peaks. To investigate this, we repeated
our simulations with higher spectral peaks that were close to the noise
level (Fig. 3C and D). For both harmonic (Fig. 3C) and non-harmonic
PAC (Fig. 3D), cross frequency coupling measures showed patterns generally consistent with the high SNR case, although some peaks merged
to one wider peak due to the lower SNR (bicoherence in Fig. 3D). Importantly, for harmonic-PAC (Fig. 3C), both AAC and PPC showed peaks
at frequency combinations with 𝑓1 = 𝑓𝑏 , while such peaks were absent

Complete signal
10 Hz component
(narrow filter)
High-frequency component
(narrow filter)
High-frequency component
(wide filter)

Fig. 2. Non-harmonic and harmonic PAC. (A) Simulated signals with nonharmonic PAC between a modulating frequency 𝑓𝑚 = 10 Hz and a carrier frequency 𝑓𝑐 = 40 Hz (left) (B Simulated signal with harmonic PAC due to a nonsinusoidal signal with base frequency 𝑓𝑏 = 10 Hz and three higher harmonics.
First row: Power spectra. Red lines indicate the high-frequency bandwidth required for vectorlength-PAC. Second row: complete time-domain signals. Third
row: low frequency component extracted with a narrow bandpass ﬁlter at 10
Hz. Fourth row: high frequency component of interest extracted with a narrow
bandpass ﬁlter at 𝑓𝑐 and 3𝑓𝑏 for non-harmonic and harmonic PAC, respectively.
The narrow ﬁlter prevents amplitude modulation (see subsection 3.3.1. for further explanation). For non-harmonic PAC, there is no stable phase relationship
between the low and high frequency components. In contrast, for harmonic PAC,
there is a stable phase relationship. Fifth row: high frequency components extracted with a wide ﬁlter (dashed red lines). Both signal types show an amplitude modulation of high-frequency components that is coherent with the 10 Hz
component.

movement artifacts. Do these eﬀects reﬂect true neuronal interactions
between distinct oscillations?
For vectorlength-PAC, the coupling of the alpha phase-frequency
peaked at the double-phase-frequency diagonal (𝑓𝐴 = 2𝑓𝜑 ), i.e. at
the ﬁrst higher harmonic of the phase frequency (maximum at [𝑓𝜑 ,
𝑓𝐴 ] = [11.3,22.6]). Bicoherence showed several peaks at 𝑓1 = 10.5 Hz
and 𝑓2 of 11 Hz, 21 Hz, 30.5 Hz and 44 Hz, which are close to harmonics
of 𝑓1 . Thus, we hypothesized that these peaks may merely reﬂect harmonics of alpha oscillations, rather than true neuronal interactions. To
address this question, we next focused on why PAC measures are sensitive to rhythmic signals with higher harmonics and how harmonics and
non-harmonic PAC could be dissociated.
3.3.1. Harmonic and non-harmonic phase-amplitude coupling
Fig. 2 compares non-harmonic PAC, i.e. phase-amplitude coupling
between two independent oscillations (Fig. 2 left, 10 Hz to 40 Hz coupling), with harmonic PAC, i.e. a rhythmic non-sinusoidal signal with
higher harmonics (Fig. 2 right, 10 Hz base frequency with three harmonics).
Importantly, both bicoherence and vectorlength-PAC do not only
yield cross-frequency phase-amplitude coupling for non-harmonic PAC,
but also for harmonic PAC (Kovach et al., 2018; Shahbazi Avarvand
et al., 2018). How can this be intuitively understood?
For vectorlength-PAC, the spectral bandwidth of higher frequency
components needs to be wide enough (at least twice the low frequency) to capture their potential amplitude modulation (Aru et al.,
2015; Dvorak and Fenton, 2014, compare high frequencies extracted
with narrow and wide ﬁlters in Fig. 2). For harmonic signals, this implies that multiple harmonics of the base frequency can be captured,
which results in an apparent amplitude modulation of high frequencies
(Fig. 2B). This modulation is phase-consistent with the base frequency,
which yields signiﬁcant vectorlength-PAC in absence of an independent
high frequency oscillator.
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Fig. 3. Dissociating harmonic and non-harmonic PAC. Power spectra, cross-frequency vectorlength, bicoherence, amplitude-amplitude coupling (AAC) and phasephase coupling (PPC) for three diﬀerent simulated signals with harmonic or non-harmonic PAC. All signals contained oscillatory components and uncorrelated
1∕𝑓 2 -noise. (A) Power and cross-frequency measures for a 10 Hz signal with four higher harmonics. (B) Non-harmonic PAC between 10 and 40 Hz. (C) Power and
cross-frequency measures for a 10 Hz signal with two higher harmonics of lower SNR. (D) Non-harmonic PAC between 10 Hz and lower SNR 40 Hz component
(E) Special case of non-harmonic PAC, between 10 Hz and 20 Hz. In this case, the lower side-peak of the modulated frequency 𝑓𝑐−𝑚 coincides with the modulating
frequency 𝑓𝑚 . All coupling measures are z-scores relative to surrogate statistics generated by circular data shuﬄing.

for non-harmonic PAC. Therefore, even at low SNR, bicoherence, AAC,
and PPC allow to dissociate harmonic and non-harmonic-PAC.
Finally, there is one special case of non-harmonic PAC, which is more
ambiguous. This is when the carrier frequency is twice the modulating
frequency (Fig. 3E). In this special case, the lower side-peak of the amplitude modulation coincides with the modulating frequency itself (10
Hz in Fig. 3E). This leads to vectorlength, bicoherence and PPC patterns
similar to patterns for a non-sinusoidal oscillator with only two higher
harmonics. However, in this case, the relative strength of bicoherence
and AAC peaks allows for dissociating harmonic and non-harmonic PAC,
because the signal at the modulating frequency mixes with the lower-

frequency side peak of the carrier frequency. For bicoherence, this leads
to weaker coupling at [𝑓1 , 𝑓2 ] = [𝑓𝑚 , 𝑓𝑚 ] as compared to [𝑓1 , 𝑓2 ] = [𝑓𝑚 ,
𝑓𝑐 ]. This is in contrast to harmonic PAC, which shows the opposite relative strength due to the lower power of harmonics as compared to the
base frequency. Along the same line, for AAC coupling at [𝑓1 , 𝑓2 ] = [𝑓𝑚 ,
𝑓𝑐 ] is absent or weaker than coupling at [𝑓1 , 𝑓2 ] = [𝑓𝑐 , 𝑓𝑐 + 𝑓𝑚 ], which
again is opposite to harmonic-PAC.
In sum, several features allow to assess if PAC is harmonic or nonharmonic in nature. A ﬁrst useful heuristic is to test if the observed
frequencies are multiples. Bicoherence is well suited for this assessment
due to its high spectral resolution. If the observed frequencies are clearly
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Fig. 4. Cortical cross-frequency coupling. (A) Left panel: Log-power spectrum and vectorlength PAC averaged across the cortex. Remaining panels: Spectral and
cortical distribution of bicoherence, cross-frequency amplitude-amplitude coupling and cross-frequency phase-phase coupling averaged across the cortex and across
all frequency combinations, respectively. (B-E) Left panel: Log-power spectrum and vectorlength PAC for four diﬀerent cortical ROIs. Remaining panels: Crossfrequency coupling measures for four diﬀerent cortical ROIs. (F) As (B-E) for all remaining cortical sources, after excluding the four ROIs and their neighbouring
sources. (G) As (B) for an exemplary single-subject. All coupling measures are z-scores relative to surrogate statistics generated by circular data shuﬄing. Opacity
(not applied in G) indicates statistical signiﬁcance (p<0.05; corrected; permutation statistic).
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not multiples, non-harmonic PAC is the cause. Otherwise, if the observed
frequencies are multiples, bicoherence, AAC and PPC together are decisive. Bicoherence with more than two harmonic peaks implies harmonic PAC. Furthermore, bicoherence, AAC, and PPC between the base
frequency and its harmonics imply harmonic PAC, in particular if bicoherence is strongest for identical 𝑓1 and 𝑓2 at the base-frequency. We
next applied this approach to test if the observed PAC in the alpha range
(Fig. 1A and 1D) reﬂected harmonic or non-harmonic PAC.

9

11 13

3.3.4. Harmonic phase-amplitude coupling reﬂects individual alpha
rhythms
In a control analysis, we next exploited the variability of the alpharhythm across subjects to further ascertain the harmonic nature of alpha
PAC. For harmonic-PAC, the observed bicoherence peaks should scale
with the variable alpha frequency across subjects. Thus, for each subject, we extracted all [𝑓1 , 𝑓2 ] peak frequencies for 𝑓1 in the alpha band
and tested if these peaks were integer multiples of the individual alpha
frequency (i.e. 𝑓2 = 𝑛 𝑓1 , for 𝑛 ∈ [1, 2, 3, 4]).
For all regions, peak positions were compatible with the harmonic
model (Fig. 5). The model ﬁt of the lowest Bicoherence peak to the
ﬁrst harmonic at 𝑓2 = 𝑓1 , which implies coupling between the base frequency and the second harmonic, was signiﬁcant for all ROIs (motor
ROI: r2 = 0.83, p < 0.001; visual ROI: r2 = 0.88, p < 0.001; parietal ROI:
r2 = 0.92, p < 0.001; temporal ROI: r2 = 0.93, p < 0.001). The model ﬁt
for the second harmonic (𝑓2 = 2𝑓1 ) was signiﬁcant for motor and temporal cortex (motor ROI: r2 = 0.85, p < 0.001; temporal ROI: r2 = 0.88,
p < 0.05). For the motor cortex, also the model ﬁt for the third harmonic
(𝑓2 = 3𝑓1 ) was signiﬁcant (r2 = 0.87, p < 0.001). Thus, for all regions of
interest, the frequencies of bicoherence in individual subjects were well
explained by alpha harmonics.

3.3.3. Alpha phase-amplitude coupling reﬂects harmonics
As indicated above, average vectorlength PAC peaked between alpha
phase- and beta amplitude frequencies (Fig. 1A and 4A). Average bicoherence peaked between alpha-frequencies 𝑓1 and harmonic frequencies
𝑓2 (Figure 1D and Figure 4A). This was also the case for every individual
cortical region with prominent PAC, i.e. sensorimotor, parietal, occipital and temporal areas with an apparent variability of the fundamental
alpha frequency between regions (Fig. 4B-E), as well as for the average across the remaining cortical areas (Fig. 4F). Therefore, we next
computed AAC and PPC across the entire cortex and for the mentioned
regions to assess the nature of alpha PAC (Fig. 4, third and fourth column).
The average across the cortex (Fig. 4A), all four regions of interest
(Fig. 4B-E) and the average across the remaining cortical areas (Fig. 4F)
showed prominent AAC and PPC with strongest peaks at [𝑓1 , 𝑓2 ] = [10,
20] Hz and several eﬀects at higher harmonics. Harmonic coupling was
particularly strong for sensorimotor cortex, which showed prominent
amplitude and phase coupling even between the second (20 Hz) and
fourth (40 Hz) harmonic. We concluded that the observed PAC reﬂected
harmonic-PAC, rather than non-harmonic PAC of independent oscillations.
If bicoherence, AAC and PPC all reﬂect the same harmonic PAC, their
cortical distribution should be correlated. This is what we found. Averaged across all frequency pairs, the cortical patterns of bicoherence,
AAC and PPC were strongly correlated (Bicoherence vs. AAC: r = 0.89,
p < 0.0001; Bicoherence vs. PPC: r = 0.93, p < 0.0001; AAC vs. PPC:
r = 0.88, p < 0.0001; Pearson correlation; Fig. 4A, bottom).
Single subject data further supported the conclusion of harmonicPAC. In particular, while it was diﬃcult to identify clear harmonic peaks
in the averaged power spectra (Fig. 4A-F), such harmonic peaks could
well be identiﬁed in the power spectrum of many individual subjects
along with corresponding cross-frequency coupling peaks (one example is shown in Fig. 4G). This is because the single subject results are
not aﬀected by inter-subject variance of the alpha peak-frequency, and
therefore more closely resemble the simulation of harmonic coupling
(compare Fig. 3A and Fig. 4G).
In sum, converging evidence suggested that PAC for low frequencies in alpha/beta range was harmonic in nature, and, thus, most likely
reﬂected rhythmic signals with a non-sinusoidal waveform shape.

3.4. Replication in an independent dataset
We replicated the above ﬁndings in a second, independent dataset
that was recorded with another MEG system at another research site
(Fig. 6; Tübingen dataset). As for the HCP data, we found prominent
vectorlength-PAC between alpha phase- and beta amplitude frequencies and prominent bicoherence peaks at alpha 𝑓1 frequencies and at
harmonic frequency combinations. Again, harmonic coupling was also
present for AAC and PPC with decreasing coupling strengths for higher
frequencies. We tested if the cortical distribution of PAC was similar between the two datasets. Indeed, the pattern of bicoherence, AAC and PPC
was highly correlated between the two datasets (Bicoherence r = 0.85,
p < 0.0001; AAC r = 0.85, p < 0.0001; PPC r = 0.77, p < 0.0001).
In sum, the results were highly consistent between the HCP and independent replication datasets. We concluded that, also for the replication
dataset, PAC for low frequencies in the alpha range was harmonic in nature, and, thus, related to non-sinusoidal rhythmic signals rather than
due to non-harmonic PAC between independent oscillators.
3.5. Sub-alpha phase-amplitude coupling
Our initial vectorlength-PAC (Fig. 1A) and bicoherence analysis
(Fig. 1D) revealed PAC at frequencies below 8 Hz that could not entirely
be explained by eye-movement artifacts. In a ﬁnal set of analyses, we
investigated the nature of coupling in this sub-alpha frequency range.
The sensorimotor bicoherence of several subjects showed distinct
peaks at sub-alpha 𝑓1 frequencies that seemed to mirror the harmonic
9
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peaks at the individual 𝑓1 alpha frequency (Fig. 7A). Thus, we hypothesized that these sub-alpha peaks might be caused by alpha-frequency
harmonics. To investigate this, we analyzed low frequency bicoherence
of a simulated 10 Hz signal with higher harmonics (Fig. 7B). Indeed, this
revealed a characteristic “leakage pattern” at sub alpha frequencies with
horizontal, vertical and anti-diagonal leakage lines that intersect at the
harmonic 10 Hz peaks (𝑓2 =n∗ 10, 𝑓1 =n∗ 10 and 𝑓1 + 𝑓2 = n∗ 10, respectively, for integer n). This speciﬁc pattern can be intuitively understood
by the frequency combination used for bicoherence. Along horizontal,
vertical or anti-diagonal lines, either the 𝑓1 , 𝑓2 or 𝑓3 frequency stays
constant. Consequently, the leakage of bicoherence is falling oﬀ slower
along these lines than in any other direction.
We next tested if such a leakage pattern was present in the MEG
data. In each subject, we located up to three sub-alpha 𝑓1 bicoherence
peaks and tested if their position was in line with the predicted leakage pattern (Fig. 7C). Indeed, peak positions were signiﬁcantly correlated with the predictions of the leakage model across subjects (ﬁrst
peaks: R2 = 0.82, p < 0.001; second peaks: R2 = 0.89, p < 0.01, third
peaks R2 = 0.89, p > 0.05). This provided strong evidence that sub-alpha
bicoherence peaks reﬂected spectral leakage of alpha oscillations with
higher harmonic components. If this is correct, the cortical distribution
of sub-alpha bicoherence should be correlated with the cortical distribution of alpha bicoherence. Indeed, we found a strong correlation of
the cortical distribution of bicoherence in the leakage-related sub-alpha
range ([𝑓1 , 𝑓2 ] = [0.5 to 4 Hz, 2.5 to 40 Hz]) and in the range of alpha
harmonics ([𝑓1 , 𝑓2 ] = [7 to 14 Hz, 7 to 40 Hz] (r2 = 0.81, p < 0.001,
Fig. 7D).

Notably, the above spectral analyses were based on temporal windowing using a 1 s Hanning taper. We hypothesized that the peak position of the leaked sub-alpha bicoherence was related to the spectral cutoﬀ of this temporal windowing near 1.5 Hz. To test this, we repeated the
analyses based on 2 s and 4 s Hanning windows (Fig. 7E). As hypothesized, the peak of leaked sub-alpha bicoherence shifted towards lower
frequencies for longer temporal windows. Thus, the employed windowing modulates the exact spectral proﬁle of PAC that is leaked below the
frequency of non-sinusoidal oscillations
4. Discussion
We systematically investigated cross-frequency PAC across the human brain using MEG. Consistent across two independent datasets, we
observed cortically and spectrally wide-spread PAC. However, we found
no evidence for PAC that could be unequivocally attributed to nonharmonic coupling between distinct neural oscillators. Instead, the observed PAC could well be explained by remaining eye- and muscle artifacts, and by alpha oscillations with a non-sinusoidal waveform shape.
4.1. Dissociating harmonic and non-harmonic PAC
Non-harmonic and harmonic PAC likely involve distinct underlying
neuronal mechanisms. Therefore, it is necessary to carefully distinguish
between these two cases in order to arrive at a correct interpretation of
cross-frequency coupling results Cole and Voytek (2017).
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Non-harmonic PAC is generally thought to reﬂect an interaction between two distinct oscillatory neuronal processes in which the phase of a
slower rhythm modulates the amplitude of a faster rhythm (Hyaﬁl et al.,
2015). Accordingly, non-harmonic PAC has been suggested to coordinate the activity of cell-assemblies across diﬀerent rhythmic processes, which may in turn also coordinate activity across diﬀerent spatial distances (Hyaﬁl et al., 2015; Jensen and Colgin, 2007; Lisman and
Idiart, 1995; von Nicolai et al., 2014).
Concerning harmonic coupling, little is known about its physiological basis, which may indeed vary for diﬀerent cases. Harmonic coupling
may result from the non-sinusoidal waveform shape of rhythmic processes, which has been demonstrated for various rhythms with M/EEG,
ECoG and LFPs (Bartz et al., 2019; Buzsáki et al., 1985; Chacko et al.,
2018; Cole et al., 2017; Cole and Voytek, 2017; Dellavale et al., 2020;
Kuhlman, 1978; Vaz et al., 2017). Such non-sinusoidal waveform shapes
might be caused by a single rhythmic circuit mechanism (Cole and
Voytek, 2017; Meidahl et al., 2019; Sherman et al., 2016), or by simultaneous phase- and amplitude-coupling of distinct harmonically related
oscillations.
Our results show that the combination of three diﬀerent crossfrequency coupling measures (bicoherence, amplitude coupling and
phase coupling) allows to reliably distinguish harmonic and nonharmonic PAC. This approach well complements other methods or
heuristics that can be used to dissociate harmonic and non-harmonic
PAC. E.g. cross-frequency coupling could be related to neuronal spiking,
PAC could be related to power, or PAC could be investigated between
areas with distinct low- and fast oscillations (Jensen et al., 2016).
Based on our approach, we characterized the nature of the observed
cross-frequency interactions between alpha and higher frequencies. We
identiﬁed harmonic-PAC as underlying the abundant and strong local
PAC observed in this frequency range: i.e. alpha oscillations with apparently non-sinusoidal waveform shapes.
Our ﬁndings accord well with previous reports that linked phaseamplitude coupling to alpha harmonics. Barnett et al. (1971) observed
harmonic bicoherence, strongest over occipital and central areas, in subjects with strong alpha activity. Lozano-Soldevilla et al. (2016) reported
harmonic bicoherence of alpha 𝑓1 frequencies in central and occipital
MEG sensors. Following the increasing interest in cross-frequency interactions, the problem that PAC measures reﬂect harmonics has received
growing attention (Aru et al., 2015; Chacko et al., 2018; Cole et al.,
2017; Cole and Voytek, 2017; Gerber et al., 2016; Hyaﬁl, 2015;
Jensen et al., 2016; Kramer et al., 2008; Lozano-Soldevilla et al., 2016;
Vaz et al., 2017; Velarde et al., 2019). Our approach builds on previous
eﬀorts that have used Bicoherence to aid the identiﬁcation and characterization of harmonic coupling (Bartz et al., 2019; Kramer et al., 2008;
Lozano-Soldevilla et al., 2016; Sheremet et al., 2019), and extends them
by suggesting a pipeline to distinguish harmonic- and non-harmonic bicoherence.
It is worth mentioning that, although we cannot entirely exclude the
presence of any weak and potentially masked non-harmonic PAC, it is
clearly no prominent feature in resting-state MEG data. One remaining concern might be, that a potentially low signal to noise ratio of the
recordings might have resulted in limited sensitivity for the estimation
of phases and amplitudes, which in turn might have impeded the identiﬁcation of non-harmonic PAC. However, a previous study that used the
same dataset, similar source-reconstruction and spectral analysis identiﬁed robust cross-area within-frequency phase- and amplitude coupling
Siems and Siegel (2020). Thus, the source-reconstructed data likely provided adequate signal to noise ratio for valid estimates of phases and
amplitudes.
Here we focused on local PAC. Cross-area PAC (Chella et al., 2014;
Nandi et al., 2019; Siebenhühner et al., 2020; van der Meij et al., 2012;
von Nicolai et al., 2014) also needs to be carefully assessed with respect
to harmonic signals. This is because local harmonics together with crossarea phase-coupling of the base-frequency may also result in measuring

cross-area PAC without any underlying cross-area cross-frequency interaction between independent oscillations.
4.2. Physiological artifacts
Our results show that physiological artifacts such as eye-movements
and muscle activity can cause cross-frequency coupling and need to be
carefully distinguished from brain activity. We observed strongest muscle artifacts in high frequency ranges reaching down to the alpha range.
Eye-movement artifacts were observed in the sub-alpha and sub-alpha
to high-gamma range, which might be reﬂecting coupling between eyemuscle related high frequency activity and slow neural- or neuromuscular activity. Notably, we observed PAC due to these artifacts although
subjects ﬁxated continuously, the data was cleaned for artifacts and
source-reconstruction using beamforming further suppressed extracranial activity Hipp and Siegel (2013). This highlights the sensitivity of
PAC measures to artifacts and the need to carefully exclude artifacts as
causes of spurious PAC. This also includes other physiological artifacts
such as heart-activity (Shahbazi Avarvand et al., 2018), which is typically projected to deeper sources.
4.3. Spectral leakage
Our results show that spectral leakage is an important caveat when
assessing PAC. The simulation of a noisy non-sinusoidal alpha oscillation revealed a wide-spread pattern of spectral leakage of bicoherence
between frequencies that were all linked to harmonics of alpha. We
identiﬁed a matching leakage pattern in the MEG data suggesting that
also sub-alpha PAC reﬂects leakage of harmonic alpha PAC. Critically,
the leakage pattern was observed at lower frequencies than the basefrequency of the non-sinusoidal oscillator. Thus, non-sinusoidal signals
can not only drive PAC at higher harmonics, but, due to spectral leakage, can also drive spurious PAC at lower frequencies than the base
frequency at hand. This mechanism may be particularly problematic for
muscle artifacts and may cause spurious PAC between very low frequencies, typically not associated with muscle artifacts, and high frequencies
(compare Figs. 1E and 1F).
In this context, it should be noted that, while spectral leakage may be
negligible for power, it may become particularly problematic for bicoherence and other cross-frequency measures. This is because, in contrast
to power, these cross-frequency measures are sensitive to the preserved
phase-consistencies between leaked signal components.
4.4. Spectral resolution
Our results show that alpha harmonics, leakage, and residual eyemovement and muscle activity can impact broad frequency ranges.
Thus, investigating only a few pre-deﬁned frequency bands may lead to
misinterpretations of PAC results. In other words, a comprehensive characterization of cross-frequency coupling across a broad frequency spectrum is required to unequivocally assess the nature of cross-frequency
coupling. This in turn necessitates proper selection of spectral resolution.
Vectorlength-PAC requires a broad resolution (or wide ﬁlters) to
detect phase-amplitude coupling (Aru et al., 2015). However, as our
results show, this low resolution potentially masks informative spectral coupling patterns such as harmonic structures. Along the same
line, also the use of a variable frequency resolution across the crossfrequency spectrum may be problematic, as it may mask informative
spectral patterns. Bicoherence allows to avoid these problems and to
obtain high-resolution PAC spectra (Shahbazi Avarvand et al. 2018).
Our results show, how such bicoherence spectra can reveal harmonic
coupling patterns and how they can be readily combined with crossfrequency amplitude- and phase-coupling spectra.
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4.5. Open questions and conclusion
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The fact that we did not ﬁnd conclusive non-harmonic PAC in resting state MEG should be interpreted with caution. Our results may be
speciﬁc to the resting-state. Non-harmonic PAC may be well observable
in other task contexts. Furthermore, non-invasive population measures
such as MEG may not reﬂect non-harmonic PAC present at the cellular
or spiking level, which may be well detectable with invasive recordings.
In any case, our ﬁndings show that PAC measures need to be interpreted
with great care and taking into accounts several critical caveats highlighted here (Aru et al., 2015).
The prominent harmonic PAC shown here likely reﬂects the speciﬁc
waveform of rhythmic processes, which, by itself, may be a highly informative physiological marker (Bartz et al., 2019; Cole et al., 2017;
Cole and Voytek, 2017; Vaz et al., 2017). However, as noted above,
such harmonic PAC may in principle reﬂect both, a single non-sinusoidal
rhythmic process as well as phase and amplitude coupling of multiple
physiologically separate harmonic oscillations.
In sum, our results show how diﬀerent cross-frequency measures can
be combined to identify and characterize neuronal PAC. Using this approach, we did not observe conclusive non-harmonic PAC in human
resting-state MEG. Instead, we found cortically and spectrally widespread harmonic PAC that likely reﬂects non-sinusoidal alpha-band activity.
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