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No Evidence of Phase-Amplitude Coupling in
Auditory Steady-State Responses

Aurimas Mockevicius™ and Inga Griskova-Bulanova

Abstract— Phase-amplitude coupling (PAC), reflecting
the modulation of high-frequency amplitude by the phase of
lower-frequency oscillations, is increasingly recognized as
a key mechanism underlying neural information process-
ing. While PAC is typically associated with higher-order
perceptual and cognitive processes, some studies explored
PAC in relation to auditory steady-state responses (ASSR),
a paradigm commonly used to assess gamma-band syn-
chronization. However, findings from these studies remain
inconclusive due to methodological variability and chal-
lenges in PAC analysis. In this study, we systematically
investigated PAC in the EEG signal recorded during 40 Hz
auditory steady-state stimulation using a rigorous analysis
pipeline with three established PAC estimation methods:
Mean Vector Length, Kullback-Leibler Modulation Index,
and Phase-Locking Value. Our approach was validated
on simulated EEG-like sighals and applied to scalp EEG
data from 12 participants (26.7 + 3.6 years, 5 females)
in 40 Hz ASSR and resting-state (rsEEG) conditions. We
found no significant differences in PAC between ASSR
and rsEEG conditions in the ASSR-associated fronto-
central region, regardless of PAC estimation methods.
Furthermore, individual-specific peak PAC values and their
associated frequencies showed no consistent patterns
across conditions. These results suggest that PAC is not
reliably elicited by auditory steady-state stimulation in EEG,
challenging the utility of the ASSR paradigm for assessing
PAC.

Index  Terms— Auditory  steady-state response,
cross-frequency coupling, electroencephalogram, phase-
amplitude coupling.

|. INTRODUCTION

S YNCHRONIZED neural activity is fundamental for neural
information processing [1]. It is reflected by a measurable
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oscillatory signal obtained using electro- (EEG) or magne-
toencephalography (MEG). Typically, the activity of different
frequency bands within the signal is analyzed, i. e. delta
(1-4 Hz), theta (5-8 Hz), alpha (9-12 Hz), beta (13-30 Hz)
and gamma (>30 Hz), which are associated with a variety
of functional aspects [2], [3], [4]. However, accumulating
evidence points to the importance of cross-frequency inter-
actions in neural processing [5], [6], [7]. In particular, studies
focus on phase-amplitude coupling (PAC) which reflects the
modulation of high frequency amplitude by the phase of low
frequency activity [8], [9]. It is thought that PAC represents
the interaction between neural processes occurring at different
spatiotemporal scales that facilitates neural communication
[10], being detected in visual and auditory tasks [11], [12],
[13], [14], [15] as well as in resting-state conditions [16], [17].
Importantly, PAC alterations are evident in neuropsychiatric
disorders [18], [19], [20], where an increasing interest in
identifying reliable markers of brain activity dynamics is
observed.

One particularly promising measure reflecting state of brain
networks is the auditory steady-state response (ASSR). ASSR,
an oscillatory neural response, especially prominent at gamma
frequencies, is evoked by periodic auditory stimulation [21]
and shows high test-retest reliability [22], [23] and temporal
stability [24]. It is consistently altered in neuropsychiatric dis-
orders [25], [26], [27] and is associated with certain aspects of
information processing [28] and attention levels [29]. Several
studies analyzed PAC during gamma-range auditory steady-
state stimulation expecting that the evoked response could
reflect cross-frequency interactions [30]. It was shown that
PAC during auditory periodic stimulation may differ between
clinical groups and healthy controls [31], [32], [33], [34]
or between experimental conditions [35], [36], making it a
promising measure. In addition, higher PAC in response to
auditory periodic stimuli as compared to the baseline activity
has been observed [33], [34], [37], providing preliminary
evidence that ASSR paradigm could indeed be used for PAC
assessment.

However, many studies suggest that PAC analysis using
traditional estimation methods is highly susceptible to various
confounding factors that can result in spurious PAC, including
data length [38], filtering bandwidths [39], signal-to-noise ratio
[40], edge artifacts [41], non-sinusoidal oscillations [42] and
non-stationary activity [39]. The confounders can be mitigated
by selecting proper analysis parameters and/or using control
procedures. In a recent review, we performed a systematic
evaluation of PAC analysis approaches used in ASSR-PAC
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TABLE |
CONFOUNDING FACTORS RELEVANT TO PAC ESTIMATION AND
MEASURES APPLIED TO CONTROL THEM IN
THE PRESENT STUDY

Measures
Narrow (=1 Hz) bandwidth for phase, broad (£
upper sideband of phase frequency) for amplitude

Confounding factor

Frequency bandwidth [39]

Data length [38], [40] Sufficiently long analyzed time window (1500 ms)
Sufficiently long analyzed time window (1500 ms);

Signal-to-noise ratio [40] L
Surrogate normalization

Filtering before epoching; exclusion of epoch edges

Fdge artifacts [41] after Hilbert transform

Non-stationary periods [39] Excluded stimulus onset activity (0-500 ms)

Non-sinusoidal oscillations [42] | Surrogate normalization

Application of different PAC estimation methods
for the same data

PAC output dependence on
estimation method [38]

studies [30] and showed profound differences among the
studies in terms of findings and the applied methodological
procedures.

Previous ASSR-PAC studies also varied considerably in the
extent to which confounding factors were addressed, with
a number of studies being particularly susceptible to the
potential of artifactual coupling [30], overall suggesting that
the available evidence for ASSR-related PAC is still limited
and may not be sufficiently reliable. Therefore, in the present
work, we sought to address the limitations of the previous
studies by setting up an analysis pipeline which addressed
PAC analysis-related problematic aspects in order to evaluate
the presence of PAC in 40 Hz ASSRs. The list of con-
founds that were addressed in the analysis pipeline is adapted
based on our previous review [30]. These are summarized in
Table L.

To address the issues in the existing ASSR-PAC literature,
we used a realistic simulated signal with implemented PAC
to validate our approach and further applied the pipeline to
the real EEG data, aiming to evaluate ASSR-related PAC
by comparing auditory steady-state stimulation condition with
the resting-state, which is characterized by the absence of
periodic gamma activity [43]. The main goal of this study
is to investigate whether ASSR paradigm, often employed for
the evaluation of gamma synchronization in the context of
neuropsychiatric disorders [25], [26], [27] and non-invasive
neuromodulation [44], [45], could also be used for PAC
assessment.

Il. METHODS

A. Subjects

13 volunteers participated in the experiment. Each partici-
pant had a hearing threshold within the normal range (<25 dB).
Data from 1 subject were excluded due to excessively noisy
recordings, resulting in a sample of 12 healthy participants
(26.7 £3.6 years, 5 females). Participants were university stu-
dents, all right-handed. All participants gave written informed
consent, and bioethical approval was granted for the study by
Vilnius Regional Biomedical Research Ethics Committee (no.
2020/3-1213-701).
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Fig. 1. Stimulation sequence (A), schematic representation of a 40-Hz

click stimulus (B) and a corresponding trial-averaged single-subject
40-Hz response.

B. EEG Data

At the beginning of the experiment, 5-min eyes-closed
resting-state EEG (rsEEG) activity was recorded, followed
by ASSR paradigm. Auditory stimulation consisted of
2000-ms click trains (Figure 1). Stimuli were composed of
equally spaced (25-ms) white noise clicks of 1.5 ms duration,
corresponding to 40 Hz. Stimuli were repeated 75 times per
block with a variable 700-1000 ms inter stimulus interval
(ISI), two blocks were delivered in total resulting in 150
presentations. Participants listened to the sounds with their
eyes closed. EEG was acquired using ANT device (ANT
neuro, The Netherlands) with 64 channel WaveGuard EEG
electrode (Ag/AgCl) cap with international 10-10 montage.
Mastoids were used as a recording reference and ground
electrode was attached close to Fz. Impedance was kept below
20 kQ. Sampling rate was set at 2048 Hz.

Raw EEG data were preprocessed using EEGlab [46] in
Matlab (R2020a) environment. A 1-100 Hz FIR filter was
applied and CleanLine plugin was used to suppress 50-
Hz line noise. Empty or excessively noisy electrodes were
removed and recreated using spline interpolation. Data was
re-referenced to the average of all EEG channels. Infomax
independent component analysis as implemented in EEGlab
script runica was computed and components related to eye
movements were manually excluded by the visual inspection
of component topographies and time series. On average,
2.81 £0.71 (2-4) components were removed. Segments with
remaining noise or artifacts were manually removed. Data was
downsampled to 1000 Hz.

C. Simulated Data

To simulate EEG-like data, Brownian noise was generated
as suggested by [38], using scripts provided by [47]. The
sampling rate was set at 1000 Hz. To introduce PAC into
the signal, low-frequency activity (2 Hz, 6 Hz or 10 Hz) was
filtered from the Brownian noise using zero-phase FIR filter
implemented in EEGLab [46]. From the filtered signal, phase
information was extracted via Hilbert transform and the cosine
of the phase information was computed to recreate the original
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Fig. 2. Flowchart of analysis pipeline. Blue color indicates the sequence of raw PAC estimation; green color represents steps in surrogate PAC

computation and red color shows the main output—normalized PAC. A. Preprocessed EEG data were used for analysis. B. For each PAC phase-
amplitude frequency pair, data were filtered into separate low-frequency (phase) and high-frequency (amplitude) time series. C. After epoching the
filtered signals, phase and amplitude information was extracted from low-frequency and high-frequency time series, respectively. D. Raw PAC was
computed using MVL-MI, KL-MI and PLV-MI methods. E. Amplitude envelope of the high-frequency signal was cut at a random time point and the
time blocks were swapped; unchanged phase information and the swapped amplitude envelope were used for surrogate PAC estimation. F. Raw

PAC was normalized using surrogate PAC to obtain the z score.

low-frequency signal with constant amplitude. Then, 40-Hz
sine was generated and further amplitude-modulated using the
extracted low-frequency signal. The amplitude of the modu-
lated 40-Hz signal was adjusted by multiplying its amplitude
by the ratio of 40-Hz activity power between the Brownian
noise signal and the modulated signal. Then, the modulated
signal was added to the Brownian noise signal. The final output
contained the 1/f characteristic typical of the EEG aperiodic
activity and a periodic 40-Hz component with its amplitude
coupled to the phase of the low-frequency activity already
present in the Brownian noise signal. Three PAC signals were
generated, in which 40-Hz amplitude was coupled to the phase
of 2 Hz (delta), 6 Hz (theta) or 10 Hz (alpha). In addition, no-
PAC signal with a pure-sine 40-Hz component added to the
Brownian noise signal was simulated. The Matlab code for
signal simulation is provided in Supplementary material S1.

D. Data Analysis

Data analysis consisted of two stages. First, responses to
auditory stimulation were analyzed by conventional means to
ensure that ASSR was evoked by the stimuli. Second, PAC
estimation followed on ASSR, rsEEG and simulated data.

Time-frequency analysis. First, continuous data were
epoched at -500 to 2500 ms relative to stimulus onset time.
Time frequency analysis was performed using Fieldtrip [48].
Morlet wavelet transform was applied to the frequency range
of 2-50 Hz in 1 Hz step using variable cycle length (2
for 2-3 Hz, 3 for 4-8 Hz, 5 for 9-15 Hz and 7 for the
remaining frequencies). Both amplitude and phase information
were extracted to compute the amplitude averaged over trials
and phase-locking index (PLI, phase consistency over trials).
Relative baseline normalization was applied to both measures,
based on the average values in the time window of -500 ms
to 0 ms relative to stimulus onset.

Phase-amplitude coupling. The flowchart of PAC analysis
pipeline is schematically depicted in Figure 2. The extraction
of phase and amplitude information was performed for multi-
ple phase and amplitude frequency pairs. First, continuous data
were filtered into separate low-frequency and high-frequency
time series by applying zero-phase FIR filter implemented in
EEGLab (Figure 2B). 2-12 Hz frequencies in 1 Hz step with a
narrow £1 Hz bandwidth were selected for phase frequencies.

For amplitude frequencies, 20-100 Hz in 2 Hz step were
filtered, using a variable bandwidth which was equal to the
upper sideband of the corresponding phase frequency [39]. For
example, if the phase frequency was 8 Hz, then the bandwidth
would be 7-9 Hz; if the amplitude frequency was 40 Hz, then
the bandwidth would be 31-49 Hz.

Filtered phase and amplitude time series were epoched. The
continuous simulated signal was segmented into 100 epochs
of 3500-ms duration. ASSR and rsEEG data were divided
into overlapping 3500-ms epochs so that epoch edges can
be later excluded. Hilbert transform was performed for the
epoched data to obtain phase and amplitude information from
the low-frequency and high-frequency time series, respectively
(Figure 2C).

In EEG data, random 100 epochs were chosen for each
subject to keep an equal number of epochs. 1500-ms time
windows for PAC computation were selected, excluding the
first and the last 1000 ms in each epoch. In ASSR data, the
window for analysis was set between 500 ms to 2000 ms,
relative to the stimulus onset. This approach ensured that the
following PAC confounders were controlled: (1) stimulus onset
in ASSR data characterized by correlated activity between
frequency bands [39] and (2) potential edge artifacts [41]
that could appear due to FIR filter and Hilbert transform;
(3) impact of noise in PAC computation, which can be
mitigated by keeping substantial data length by ensuring a
higher number of low-frequency cycles in the analyzed time
window [40].

Amplitude information of the high-frequency time series
was min-max normalized as suggested by [33], resulting in
the amplitude in each epoch ranging between 0 and 1. This
way, (1) trial-wise and inter-subject variations in amplitude
were minimized; (2) the amplitude ranges from simulated data
and EEG data were equalized; (3) the temporal pattern of
amplitude envelope which is essential for PAC was kept intact.

For PAC analysis (Figure 2D), Matlab-based scripts from
[49] were adapted and are presented in Supplementary mate-
rial S1. PAC was computed for 9 frontocentral electrodes
(F1, Fz, F2, FC1, FCz, FC2, Cl1, Cz, C2) where PAC has
been analyzed at sensor level in previous ASSR studies
[30], and for each filtered phase (2-12 Hz) and ampli-
tude (20-100 Hz) frequency pair. Three algorithms were
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applied—mean vector length modulation index (MVL-MI, [8]), A50 Amplitude Empm]de
Kullbeck-Leiber modulation index (KL-MI, [9]), and phase-
LT . 1.2
locking value modulation index (PLV-MI, [50]). These = ' WA, Q/ :
30 - 1

methods were selected given that (1) they are among the most
commonly used PAC estimation approaches, (2) are based
on different mathematical principles and (3) show different
sensitivity to confounding factors [38]. MVL-MI combines
phase and amplitude information to create a complex-valued
signal where each vector corresponds to a single time point.
The average vector represents coupling strength: uniform
vector distribution would lead to a low coupling value, whereas
highly clustered vectors would result in a strong coupling. In
KL-MI approach, phase time-series are divided into phase bins
(18 bins in the present work) and the mean amplitude within
each phase bin is computed and normalized by the average
value across all bins. Coupling strength is then estimated by
comparing the amplitude-phase distribution with a uniform
distribution via the Kullbeck-Leiber distance. When applying
PLV-MI, the phase information of the amplitude envelope is
obtained using the Hilbert transform. The coupling strength is
then quantified by calculating a phase-locking value between
the low frequency phase and the phase of the amplitude
envelope.

Finally, surrogate normalization was applied (Figure 2E),
which generally helps to exclude spurious PAC arising due
to confounders and highlight the real coupling [51]. For each
phase and amplitude frequency pair, 1000 permutations were
performed in which amplitude time series of a randomly
selected epoch were cut at a random time point and the time
blocks were swapped, aiming to eliminate the phase-amplitude
relationship while keeping other signal characteristics intact
[39]. Then, PAC was computed for the shuffled time series
using the same PAC algorithms. This way, a null distribu-
tion of PAC values of the shuffled data were generated. To
highlight the real coupling, raw PAC of each frequency pair
was normalized by computing the z score (Figure 2F), where
the mean of the surrogate distribution is subtracted from the
raw PAC value and divided by the standard deviation of the
surrogate PAC values.

E. Statistical Analysis

Achieved statistical power was estimated using Gxpower
software [52]. Post-hoc power analysis for dependent samples
t-test yielded the achieved power of 0.83 for |d] = 0.8, 0.49
for |d| = 0.5 and 0.16 for |d| = 0.2. The current study was
powered to detect high effect sizes as observed in previous
ASSR-PAC studies which compared stimulation and resting
periods [33], [34], [37]. Statistical analysis was carried out
in Matlab using FieldTrip [48] functions. Montecarlo cluster-
based permutation dependent-samples t-test was applied to
compare normalized PAC comodulograms (i. e. 2D matrix
of all phase-amplitude frequency pairs) of the ASSR and
rsEEG data for each algorithm (MVL-MI, KL-MI, PLV-MI)
and frontocentral electrode (F1, Fz, F2, FC1, FCz, FC2, C1,
Cz, C2) separately. 5000 permutations were performed. One-
tailed test was selected to detect the positive clusters (higher
PAC in ASSR vs rsEEG) with the alpha level at 0.05.

20
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Fig. 3. ASSR data time-frequency plots depicting baseline-corrected
amplitude (A), PLI (B) and topographic plots of amplitude and PLI
averaged over 38-42 Hz and 500-2000 ms windows (C).

To assess potential differences in individual variation of
PAC, for each subject, we extracted the phase-amplitude
frequency pairs that showed the highest PAC value, further
referred to as peak frequencies. Then, statistical evaluation
of the peak frequencies was performed for each frontocentral
electrode and PAC method separately. The PAC value of the
peak frequencies (regardless of the frequencies themselves)
was first compared between ASSR and rsEEG conditions using
Wilcoxon Signed Rank test for repeated measures, assess-
ing whether the magnitude of individual-specific maximum
PAC value differs between conditions. Second, for the 2D
matrix of peak frequencies, the centroid (X and Y coordinates
representing mean phase and amplitude frequencies across
subjects) was computed for ASSR and rsEEG conditions. For
each subject, the Euclidean distance between the centroid
and the subject-specific peak frequencies was derived. In
order to test whether the spread of peak frequencies differed
between conditions, Wilcoxon Signed Rank test was used to
compare the distances from the centroid in ASSR and rsEEG
data. Given the exploratory nature of the analysis, multiple
comparisons correction was not applied.

I1l. RESULTS
A. Time-Frequency Analysis

Time-frequency analysis was performed to assess the pres-
ence of ASSR in real EEG data. A clear 40-Hz ASSR was
observed (Figure 3, A and B). As evident in topographic maps
created for baseline-corrected amplitude and PLI by averaging
over 38-42 Hz and 500-2000 ms windows (Figure 3C), ASSR
was detected in the frontocentral area, thus the results for
FCz channel are reported in detail. Mean baseline-normalized
amplitude of ASSR (Figure 3A) was 1.15+0.07, ranging from
1.05 to 1.3, while mean PLI (Figure 3B) was 5.57 £ 1.47 and
the ranging 3.06-7.71. The results of the remaining channels
are presented in the Supplementary material S2.

B. Phase-Amplitude Coupling

Simulated data. PAC was first computed on simulated
data to demonstrate the capability of the analysis pipeline to
detect PAC. Figure 4A presents PAC comodulograms for the
simulated signal with imbedded coupling at 6/40 Hz - raw
(non-normalized), surrogate (means of the surrogate distri-
butions), and surrogate-normalized (z-score) PAC values are
shown. MVL-MI and KL-MI generally showed a gradual
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Fig. 5. PAC comodulograms of ASSR (A) and rsEEG (B) conditions, showing raw PAC (left), surrogate PAC (middle) and normalized PAC (right)

for all analyzed phase-amplitude frequency pairs.

decline in raw PAC from lower to higher phase frequencies.
At the amplitude frequency of 40 Hz, raw PAC estimated with
MVL-MI was highest for delta (2-4 Hz; 0.064) frequencies,
followed by theta (5-8 Hz; 0.047) and alpha (9-12 Hz; 0.027)
frequencies; with KL-MI, raw PAC showed a similar trend
(0.016, 0.007, 0.002). Conversely, PLV-MI showed stronger
raw PAC at 40 Hz amplitude and theta phase frequencies (0.26)
compared to other bands (delta - 0.23; alpha - 0.16). Surrogate
PAC showed a similar pattern, but yielded lower values at
theta (MVL-MI: 0.038; KL-MI: 0.005; PLV-MI: 0.21) phase
frequencies compared to raw PAC. Accordingly, normalized
z-score PAC showed clear peaks at simulated coupling fre-
quencies: at 6/40 Hz (Figure 3A, right column), values were

0.57 (MVL-MI), 0.70 (KL-MI), and 0.62 (PLV-MI); at 2/40 Hz
(Figure 3B, left column) values were 0.22, 0.40, and 0.64; and
at 10/40 Hz (Figure 3B, middle column) values were 0.53,
0.62, and 0.42. When no PAC was introduced in the simulated
signal (Figure 4B, right column), normalized PAC at 40-Hz
amplitude and all phase frequencies did not exceed 0.19 for
any estimation method.

Real EEG data. The grand average of raw, surrogate
and normalized PAC of ASSR (A) and rsEEG (B) data
at FCz are depicted in Figure 5. Comparison of ASSR
and rsEEG normalized PAC comodulograms using cluster-
based permutation test showed no significant clusters (cluster
T-mass <32.95, cluster p >0.15) for any channel and method.
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TABLE Il

DESCRIPTIVE VARIABLES (MEANS AND SDsS) oF PAC
IN ASSR AND RSEEG DATA

ASSR rsEEG
Raw Normalized Raw Normalized
s Delta 0.054 £ 0.002 -0.004 =0.04 0.053+0.004 -0.029+0.04
Sl' Theta 0.029 £ 0.001 -0.024 £0.05 0.029 £ 0.002 0.029 £ 0.07
= Alpha 0.023 £ 0.002 -0.03+0.08 0.023 + 0.001 0.009 £0.049
_ | Delta 0.01+0.0004 -0.017 = 0.06 0.01=0.0006 0.016+0.07
E Theta | 0.004 =0.0002 -0.027+0.04 0.004 +0.0002 0.015+0.05
g |
Alpha 0.002 +=0.0002 -0.026 = 0.07 0.002 +0.0002 0.013+0.05
g Delta 0.17£0.01 -0.023+0.06 0.17+0.02 0.015+0.09
3' Theta 0.15+0.007 -0.018 = 0.06 0.16 £ 0.007 0.024 £ 0.06
o Alpha 0.14£0.01 0.001+0.08 0.14+0.008 0.025£0.06
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Fig. 6. Individual peak frequencies and their PAC values (A) and
centroids (B) in ASSR and rsEEG conditions. Numbers near dots in A
indicate subjects.

Table II presents average raw and normalized PAC values
of ASSR and rsEEG data in delta (2-4 Hz), theta (5-8 Hz)
and alpha (9-12 Hz) phase frequencies and 40-Hz amplitude
frequency for each PAC estimation method. Qualitatively, very
similar PAC patterns can be observed in both rsEEG and ASSR
data. Similarly to simulated data, all methods (MVL-MI,
KL-MI, PLV-MI) showed a general raw PAC decrease from
lower to higher phase frequencies, while surrogate PAC mir-
rored these patterns. Z-normalized PAC did not reveal clear
PAC peaks. At 40-Hz amplitude frequency, comparable nor-
malized PAC values close to 0 were obtained in ASSR and
rsEEG data and at all phase frequency bands using all methods.

Figure 6 illustrates individual-specific peak PAC frequency
pairs (A) and centroids (B). When comparing max PAC values
for each channel and extraction method, only one comparison
reached statistical significance (MVL-MI, FC1 channel, z =
-2.04, p = 0.04), with lower max PAC values observed in
ASSR (0.24) than in rsEEG (0.29). Comparison of individual

distances of PAC frequency pairs from the centroid resulted in
a single statistically significant difference (KL-MI, Fz channel,
z = 2.11, p = 0.03), showing a higher distance in ASSR
data (27.8) compared to rsEEG (16.6). Descriptively, subject-
specific peak frequencies (both in low and high range) showed
high variability (Figure 6). In ASSR data, average of max PAC
values was 0.27+0.04 at peak frequencies of 8.7+2.6 / 48.7+
24.2 Hz estimated with MVL-MI; 0.28 +0.04 at 7.2 + 3.2 /
43.2 + 24.4 Hz estimated with KL-MI; and 0.29 £ 0.04 at
7.6 £3.5/40.2 +23.8 Hz estimated with PLV-MI. In rsEEG
data, average of max PAC value was 0.28 £ 0.07 at peak
frequencies of 7.8 & 2.5 / 59.2 + 27.3 Hz estimated with
MVL-MI; 0.29 +0.06 at 6.3 £3.2 / 52.3 +23.6 Hz estimated
with KL-MI; and 0.31 £ 0.06 at 7.3 2.9 / 51.7 & 31.1 Hz
estimated with PLV-MIL.

V. DISCUSSION

PAC is an emerging measure in EEG/MEG research that
reflects cross-frequency interactions [10]. Studies have shown
its potential for the application as a marker of brain activity
changes in psychiatric conditions [18], [19], [20] or in relation
to noninvasive brain stimulation [53], [54], [55]. Previous stud-
ies suggest that PAC could be probed using ASSR paradigm,
with three works reporting significant stimulus-related PAC
compared to the baseline no-stimulation period [33], [34],
[37]. Other ASSR-PAC studies only compared PAC between
clinical groups [31], [32] or between conditions [35], [36],
showing mixed findings. All studies differed considerably in
terms of the applied PAC estimation approaches and the extent
to which confounding factors relevant to PAC were addressed
[30]. Importantly, ASSR-PAC studies also provided a highly
different level of detail in describing their analyses, obscuring
the comparison of the outcomes. Due to these limitations, the
presence of PAC during auditory periodic stimulation, despite
preliminary evidence, remains an unresolved issue. Therefore,
in this work, we aimed to perform a systematic analysis of PAC
in the EEG data recorded during auditory steady-state stim-
ulation and the resting-state. We sought to set up a rigorous
PAC analysis pipeline, taking into consideration procedures
recommended in PAC literature and addressing potential con-
founding factors of the widely-used PAC methods [30], listed
in Table I. We addressed the recommendations regarding data
length, preprocessing and analysis window selection alongside
applied surrogate normalization with comparisons to resting
state EEG outcomes and EEG-like simulated signal containing
PAC.

The results of this work demonstrated that the selected
analysis pipeline successfully detected PAC in the simulated
signal, i.e. where PAC was actually present. The simulated
data consisted of Brownian noise and an added periodic 40-Hz
component with its amplitude modulated according to the
phase of the lower-frequency activity naturally present in
the generated Brownian signal. As a result, the simulated
activity was inherently noisy, resembling typical EEG. This
noise likely contributed to the emergence of spurious PAC
at lower phase frequencies [51], particularly in the delta
band, observable both in the raw and surrogate PAC results.
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Moreover, the added 40-Hz component was contaminated
by intrinsic 40-Hz fluctuations in the Brownian noise, likely
leading to relatively low PAC values at the frequencies where
true coupling was present when compared to spurious PAC
magnitude. Nonetheless, surrogate normalization substantially
improved the results by suppressing spurious PAC and enhanc-
ing the detection of genuine coupling. In addition, three PAC
estimation methods - MVL-MI, KL-MI, PLV-MI - differed
in their sensitivity to spurious coupling at delta phase fre-
quencies in the presence of simulated delta/gamma PAC. The
outcomes of MVL-MI were the most affected by spurious
PAC even after normalization, whereas PLV-MI outcomes
exhibited the lowest susceptibility during the detection of
2/40 Hz PAC. When estimating theta- and alpha-gamma PAC,
the results of all three methods were comparable.

When real EEG data were analyzed using the same pipeline,
raw and surrogate PAC showed a pattern of higher PAC values
at lower phase frequencies, similarly to simulated data. How-
ever, surrogate normalization did not reveal consistent PAC in
both ASSR and resting-state EEG data. In the latter condition,
we did not expect to see specific patterns of PAC. Although
studies suggest that PAC can be detected during the resting-
state [16], averaging PAC values in regularly-spaced segments
should not reveal significant PAC given that the resting-state
activity is not time-locked. Conversely, we predicted that
if stimulus-related PAC was present during 40-Hz periodic
auditory stimulation, PAC should be reliably detected when
averaging PAC estimates over epochs segmented based on the
onset of auditory input. Yet, no significant differences in PAC
between ASSR and resting-state conditions were revealed.

Previously, three studies reported significant PAC at auditory
periodic stimulation frequency when compared to the inter-
stimulus (baseline) period and the resting-state condition [33],
[34], [37], demonstrating rather strong effect sizes. However,
one of these studies did not describe the methodological
approach in sufficient detail to allow for a proper evalu-
ation/replication [37]. The remaining two studies differed
substantially both in methodologies and reported findings.
[33] analyzed source-level MEG data, applying surrogate nor-
malization and conducting cluster-based permutation testing
on PAC comodulograms to identify frequency pairs with
significant stimulus-related PAC. Their analysis revealed PAC
in response to 40-Hz stimulation, showing significant clusters
at delta, theta, and alpha phase frequencies and amplitude
frequencies around 40 Hz. PAC was observed in the right
auditory cortex and only in a pooled sample of patients with
schizophrenia and healthy controls. Notably, no significant
stimulus-related PAC was found for 30-Hz stimulation. In
contrast, [34] used sensor-level EEG data and analyzed non-
normalized PAC averaged over specific frequency bands (theta
phase: 4-6 Hz; gamma amplitude: 28-32 Hz) using 30-Hz
auditory stimulation. Their results showed that in healthy
controls, PAC during auditory stimulation was higher than
during the baseline or resting-state period, particularly over
the left frontocentral electrodes.

In this study we followed recommendations to address
known PAC-related confounds: data length [38], filtering band-
widths [39], signal-to-noise ratio [40], edge artifacts [41],

non-sinusoidal oscillations [42], non-stationary activity [39]
and PAC output dependence on estimation method [38]. The
direct comparison to previous works [33], [34] is compli-
cated due to vast methodological differences in stimulation
frequency, the use of surrogate normalization, and statistical
comparison approach. We recognize several factors that may
help explain the discrepancy in findings beyond the differences
in the analyses pipelines. ASSRs generally show high phase
consistency but the magnitude of the response measured with
EEG is typically low [36], [56], [57]. This was confirmed
in the time-frequency analysis of our EEG data showing
low stimulus-related gamma amplitudes (on average, relative
baseline-corrected value was 1.15), which may have con-
strained the detection of PAC-related amplitude fluctuations. In
contrast, [33] analyzed data from 45 participants with response
recorded using MEG, a modality that offers higher signal-to-
noise ratio, sensitivity and spatial resolution than EEG [58],
[59] for cortical sources, thus being better equipped to detect
PAC associated with ASSR. Additionally, our results may
have been affected by interindividual variability, which could
have obscured consistent effects, particularly given the small
sample size (see Supplementary Material S2). Notably, [33],
[34] and [37] included larger cohorts and reported strong PAC
effects. Our study sample size was based on the assumption,
supported by prior literature, that PAC should be a robust and
detectable outcome. Thus, while our sample size was sufficient
to capture strong PAC effects, it did not provide adequate
power to reliably detect small-to-moderate effects.

To further explore interindividual variability in ASSR data,
we conducted the analysis of PAC at individual peak frequen-
cies, which has not been previously applied in ASSR-PAC
studies. We extracted the peak frequencies that exhibited
the highest PAC values for each subject, aiming to assess
individual variability. However, the peak frequencies varied
substantially, without any systematic patterns (Figure 6). Addi-
tionally, neither the maximum PAC values nor the distribution
of peak frequencies showed consistent differences between the
ASSR and resting-state conditions. These results support the
interpretation that periodic auditory stimulation did not elicit
stimulus-related PAC. As discussed above, several factors may
have reduced the sensitivity of our study to detect group-level
PAC differences between the ASSR and resting-state condi-
tions. Nevertheless, based on prior evidence [33], [34], [37],
we expected that if PAC were reliably induced by periodic
stimulation, it would at least be observable at a qualitative
level in a subset of participants who demonstrated stable and
robust ASSRs. However, this was not the case, as indicated by
the stochastic spread of individual peak frequencies and the
generally low peak PAC magnitudes (also, see Supplementary
material S2 for time-frequency plots and PAC comodulograms
of each subject).

Overall, the findings of this study challenge the idea that
PAC occurs during the ASSR paradigm. Functionally, PAC is
thought to facilitate the integration of local sensory informa-
tion into broader perceptual or cognitive networks [60]. In the
auditory domain, significant PAC has primarily been reported
in relation to speech processing [11], [13], [14], [61], [62].
Mechanistically, an in silico study suggested that PAC can
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arise in two scenarios: (1) due to external low-frequency input
or (2) through interactions between two local oscillators with
distinct frequencies [63]. Therefore, our results showing no
significant PAC during auditory periodic stimulation are not
surprising. ASSR is a passive, externally controlled oscillatory
response at higher frequency bands, predominantly gamma,
that mimics the pattern of the auditory stimulus [21] and
maintains stability over time [24]. The stimuli used to evoke
ASSRs are typically trains of brief, equally spaced noise clicks
or amplitude-modulated sinusoidal tones that do not carry
semantic or otherwise meaningful information. As such, the
complex neural mechanisms necessary for PAC to occur may
not be recruited in the processing of these simple stimuli.

Our study is the first one to systematically investigate
the presence of PAC during auditory steady-state stimulation.
Although we did not detect stimulus-specific PAC, further
research is needed for a more definitive answer regarding the
presence of PAC in relation to the ASSR paradigm. This would
provide evidence whether auditory periodic stimulation is
indeed useful for the purpose of PAC evaluation. We encourage
future studies to incorporate PAC evaluation in their analysis
of ASSR data, utilizing rigorous analysis approaches based on
the recommendations outlined in PAC literature. Furthermore,
alternative PAC methods could be used, e.g. Bayesian PAC
[64], an approach based on generalized eigendecomposition
[65] or event-related PAC [66], the latter of which could
be particularly suitable for time-locked ASSR. Additionally,
other types of cross-frequency interactions could be explored,
e.g. phase-phase coupling [67]. Finally, future research would
benefit from a comprehensive, in-depth exploration of PAC
methodological aspects and the development of standardized,
evidence-based analysis pipelines.
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