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Variational Phase-Amplitude Coupling
Characterizes Signatures of Anterior Cortex

Under Emotional Processing
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Abstract—Emotion, an essential aspect in inferring hu-
man psychological states, is featured by entangled oscilla-
tors operating at multiple frequencies and montages. How-
ever, the dynamics of mutual interactions among rhythmic
activities in EEGs under various emotional expressions
are unclear. To this end, a novel method named varia-
tional phase-amplitude coupling is proposed to quantify the
rhythmic nesting structure in EEGs under emotional pro-
cessing. The proposed algorithm lies in variational mode
decomposition, featured by its robustness to noise artifacts
and its merit in avoiding the mode-mixing problem. This
novel method reduces the risk of spurious coupling com-
pared to that with ensemble empirical mode decomposition
or iterative filter when evaluated by simulations. An atlas
of cross-couplings in EEGs under eight emotional process-
ing is established. Mainly, α activity in the anterior frontal
region serves as a critical sign for neutral emotional state,
whereas γ amplitude seems to be linked with both posi-
tive and negative emotional states. Moreover, for those γ-
amplitude-related couplings under neutral emotional state,
the frontal lobe is associated with lower phase-given fre-
quencies while the central lobe is attached to higher ones.
The γ-amplitude-related coupling in EEGs is a promising
biomarker for recognizing mental states. We recommend
our method as an effective tool in characterizing the entan-
gled multifrequency rhythms in brain signals for emotion
neuromodulation.

Index Terms—Phase-amplitude coupling, variational
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I. INTRODUCTION

EMOTIONS characterize a person’s attitude toward and
reflection on an objective event, which have a great effect

on our life/health. As an illustration, chronic anxiety can easily
affect sleep or even account for mental illness. Understanding
the mechanism of emotional regulation is essential to develop
reliable and effective emotion recognition tools that favor im-
plementation in multiple fields, including education, medicine,
and the military. Some researchers built emotional models to
depict emotions with supportive quantitative references [1]. For
example, the discrete model and dimensional model could be
the two most widely referenced emotional models. The discrete
model lies in the six basic emotions of happiness, sadness, anger,
fear, surprise, and disgust, and was proposed by Ekman et al.
[2]. Such a model is simple and intuitive in classification but
fails to distinguish subtle changes in emotions. The dimensional
model, on the other hand, divides the emotional space into two
dimensions of valence-arousal (VA) as per cognitive evaluation,
which was first introduced by Russell [3], wherein the two
variables, i.e., valence and arousal, correspond to evaluations
of negative/positive and high/low reactions to affective states.
Later, the valence-arousal-dominance (VAD) model was intro-
duced to expand the VA model with an additional dimension
in dominance, measuring the controllability of emotion [4]. In
the present study, eight discrete emotions were divided into
three emotional states, with valence higher and lower than three
being positive and negative, respectively. Since the valence of
calmness is approaching three (positive/negative threshold), thus
calmness is classified as a neutral emotional state.

More studies have investigated the dynamics of emotions
with changing factors, such as brain regions and/or frequency
band power. In 2009, Pessoa [5] revealed that the prefrontal
lobe was involved in information transfer, directing attention to
the regions handling emotional processing, such as the visual
cortex. In 2015, neural synchronization between θ waves and
γ activity was linked to emotional control over the anterior
prefrontal cortex [6]. In 2016, the higher-frequency activities
(β/γ-band) in the frontal lobe were found to be significantly
correlated with valence [7]. In 2019, the prefrontal area revealed
stronger β/γ-band power under negative emotions than under
positive emotions, while both the positive and neutral states
presented higher α responses at parietal and occipital sites [8].
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These reports indicated that the prefrontal/frontal cortex served
as a critical lobe in emotional processing in particular. Therefore,
the present study emphasized the cross-couplings in the six
montages mainly over the frontal/prefrontal area.

Several studies have focused on quantitative features, such
as power spectral density [9], coherence [10], and differential
asymmetry [11] of EEG recordings, to characterize emotional
processing. However, the mechanism of mutual interactions
between EEG rhythms under different emotional expressions
lacks full exploration, which reflects the characteristics of neuro-
modulation during emotional processing. Cross-frequency cou-
pling (CFC) measured the interactions between rhythms with
distinct scales and spatial montages while serving as a critical
formation for both local calculation and global communication
[12], [13]. Phase-amplitude coupling (PAC), which is defined
as the capacity of a lower-frequency phase to modulate its
higher-frequency amplitude, attracts the most attention. Low-
frequency oscillations control long-range synchronization, and
high-frequency power is linked to local computation [14]. Since
its proposal, PAC has become a popular method for a variety of
studies, such as decision-making [15], gait disturbance [16], and
spasticity [17]. The mutual correlation and the nested nature of
brain activities across different populated levels and time scales
indicate that PAC is a potential feature for emotion.

Precisely extracting phase and amplitude modulations of os-
cillatory input is an important step in guaranteeing reliable PACs.
A traditional sinusoidal basis function fails to adapt nonstation-
ary oscillation because of a loss of temporal information. A
set of wavelet basis functions was then introduced to address
this limitation [18]. The corresponding wavelet decompositions
present a proper time-frequency resolution than that of the
Fourier transform, i.e., a higher frequency range presents finer
temporal and lower frequency resolution, and vice versa [19].
However, its linear nature may result in harmonics. In the last
decade, the implemented use of empirical mode decomposition
(EMD) [20] and its improved versions such as ensemble EMD
(EEMD), have shown themselves to be adaptive to nonlinear and
nonstationary complex systems. Briefly, a set of intrinsic mode
functions (IMFs) free of riding waves are generated through
a sifting process with their local mean curves close to zero
at any point, guaranteeing reliable instantaneous frequencies
in IMFs. In 2014, Pittman-Polletta et al. [21] integrated EMD
into PAC, extracting broadband components accounting for the
length limitation and oscillatory nonstationarity/nonlinearity in
calculating PAC. Since then, EMD has been applied more to
studies with CFCs [12]. Nevertheless, the mode-mixing problem
of EMD is inevitable, meanwhile, its interpolation process that
generates the envelope is susceptible to sampling. On the other
side, the iterative filter (IF) that used a priori chosen “filter
function” to derive the moving average of each component is an
alternative to calculate the averaged envelope in the EMD sifting
process, with given mathematical criteria and convergence [22].
However, spike pulses in the signal could substantially affect
signal decomposition and induce spurious coupling. Motivated
by the demands for relative narrowband IMFs and robust decom-
position, the variational mode decomposition (VMD) method
was proposed [23] by generating an ensemble of modes that

optimally reconstruct input, wherein each mode is band-limited
around a center frequency. Intrinsically, VMD equals a general-
ization of the Wiener filter, a common denoising tool, resembling
the application of a set of filters to multiple adaptive frequency
bands and is thus relatively robust to noise contamination. In
this work, a novel method called variational phase-amplitude
coupling (VPAC), with the creative use of VMD, is proposed
for investigating emotional dynamics with EEGs.

The remainder of this study is organized as follows: In Sec-
tion II, we present the materials and the proposed method. In
Section III, we give the simulated results and EEG emotion
modulation results based on VPAC. A discussion is presented in
Section IV. Finally, we conclude the paper in Section V.

II. METHODS

A. Materials and Preprocessing

The standard EEG database DREAMER for emotion recog-
nition is included in this work. The details of the experiments
are stated in [25] with the acquisition and publication of the
anonymized data approved by the University of the West of Scot-
land University Ethics Committee [25]. Fourteen EEG unipolar
electrodes of 23 healthy subjects were collected. The sampling
rate of EEGs was 128 Hz. The experiment consisted of eighteen
trials of movie clips corresponding to nine emotions, i.e., three
positive emotions (amusement, excitement, and happiness), one
neutral emotion (calmness), and five negative emotions (anger,
disgust, fear, sadness, and surprise). The trial length varied
from 65 to 393 s. To ensure sufficient elicitation of respective
emotions, only the recordings captured in the last 60 s of each
film clip were used for the additional analyses. The experiment
started with a neutral film clip to facilitate the subject’s return
to a neutral emotional state and establish the baseline recording.
After watching a film clip, the self-assessment questionnaires
were used to acquire subjective assessments of their emotions.

We emphasized the six EEG channels (AF3-AF4, F3-F4, and
FC5-FC6), mainly in the frontal area, in terms of their tight
linkage to emotional responses [26]. Since the average values
across subjects in terms of valences for two film clips eliciting
a surprised reaction, one represents a positive valence and the
other represents a negative valence, we excluded these two
trials and disregarded the emotion of surprise. The baseline per
segmented EEG was adjusted to zero. A notch filter at 50 Hz
followed by a high-pass filter at 0.5 Hz cutoff frequency was
applied to remove artifacts. Principal component analysis and
fast independent component analysis were used to estimate the
independent components of EEGs to eliminate contamination
from eye movements, eye blinks, and cardiac rhythms.

B. Variational Mode Decomposition

VMD is a nonrecursive signal decomposition method es-
sentially based on the Wiener filter, Hilbert transform, and
heterodyne demodulation. A real-valued input signal f (t) can
be decomposed into K discrete subsignals (modes), uk (k = 1, 2,
…, K), by VMD. Unlike EEMD, each mode uk is formulated as
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an amplitude-modulated-frequency-modulated (AM-FM) sig-
nal with confined bandwidth compacting around a center fre-
quency ωk, which is determined through the decomposition.

To assess the bandwidth of a mode, the following schemes
were proposed. First, the analytic form of a mode was computed
through the Hilbert transform to obtain a unilateral frequency
spectrum. Next, the frequency spectrum of a mode was shifted
to a “baseband” by multiplying the input with an exponential
term so that the decompositions are tuned to the respective
estimated center frequencies. Last, the bandwidth of each mode
was estimated by calculating the L2-norm of the shifted signal.
The resulting constrained variational optimization problem can
be formulated as

min
{uk},{ωk}

{∑
k

∥∥∥∥∂t
[(
δ (t) +

j

πt

)
∗ uk (t)

]
e−jωkt

∥∥∥∥
2

2

}

× s.t.
∑
k

uk = f (1)

where {uk}: = {u1, …, uK} denotes the set of all decomposed
modes, {ωk}: = {ω1, …, ωK} represents the set of correspond-
ing center frequencies, δ (t) is the Dirichlet function, and ∗ stands
for the convolution operator symbol.

To solve the constrained optimization problem and obtain the
optimal mode, a quadratic penalty factor α and a Lagrangian
multiplier λ were introduced, of which α guarantees the recon-
struction precision of a signal in the presence of strong noise
interference, while λ renders the problem unconstrained. The
resulting augmented Lagrangian function is stated as

L ({uk} , {ωk} , λ)

:= α
∑
k

∥∥∥∥∂t
[(
δ (t) +

j

πt

)
∗ uk (t)

]
e−jωkt

∥∥∥∥
2

2

+

∥∥∥∥∥f (t)−
∑
k

uk (t)
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2

2

+

〈
λ (t) , f (t)−

∑
k

uk (t)

〉

(2)

The saddle point of the augmented Lagrangian function is next
accessed with the alternating direction method of multipliers,
and the optimal solution is obtained. The complete algorithm
of VMD in the time domain is illustrated in Fig. 1, whereas
Parseval/Plancherel Fourier isometry is the key to solve the ill-
posed inverse problem in the spectral domain under the L2-norm
[23].

The decomposed mode functions {uk, k = 1, …, K} obtained
through VMD are quasi-orthogonal and sorted in descending
order by frequencies. The instantaneous amplitudes/envelopes
Ak (t) and phases ϕk (t) of the corresponding mode functions
{uk} are calculated by the Hilbert transform H{·}. The analytic
form ψk (t) of uk (t) can be formulated as a complex function:

ψk(t) = uk(t) + jHuk(t) = Ak(t)e
jϕk(t) (3)

The instantaneous phase ϕk (t) of the mode uk (t) is given as

ϕk(t) = arctan
Huk(t)

uk(t)
(4)

Fig. 1. Flow chart of alternate direction method of multipliers for VMD,
where τ denotes time-step of the dual ascent. ε represents the tolerance
of convergence criterion.

whereas its instantaneous amplitude is written as

Ak(t) =

√
uk(t)

2 +Huk(t)
2 (5)

C. Modulation Index

Among the quantification methods for cross-frequency cou-
pling, the modulation index (MI) [27] is well recognized as
an ideal quantity for assessing the intensity of PAC. MI, an
adaptation of the Kullback–Leibler (KL) distance, measures the
degree to which a distribution of the high-frequency amplitude
locked on the low-frequency phase deviates from a uniform
distribution. The algorithm for calculating MI is illustrated as
follows. First, the phase and amplitude time series of uk (t)
were obtained using the Hilbert transform by (4) and (5). Next,
all phases from 0 to 2π were divided into N bins (N = 20).
The average high-frequency amplitudes were calculated over
the low-frequency phase bins through all samples of a pair of
decompositions and then such a phase-amplitude distribution
was normalized, referring to the proportion of high-frequency
amplitude over each phase bin. The KL distance was formulated
as DKL(P,U) = logN −H(P ), where U represents the uni-
form distribution, while H (P) stands for the Shannon entropy of
the distribution P, defined asH(P ) = −∑N

j=1 P (j) log[P (j)].
Note further that logN is the maximal possible entropy value,
implying a uniform distribution (i.e., P (j) = 1/N for all bins
j). Finally, a quantity termed MI was obtained by dividing the
KL distance of the observed amplitude distribution P from the



1938 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 27, NO. 4, APRIL 2023

uniform distribution U by logN, i.e.,

MI =
DKL(P,U)

logN
(6)

The MI approaches zero, while amplitudes over all possible
phase bins are relatively uniform; in contrast, the MI equals one,
while the distribution follows the Bernoulli distribution.

D. Cycle-by-Cycle Frequency

The VMD method extracted components with slowly varying
and positive envelopes. The procedure of shifting the spectrum
of the modes to the “baseband” refers to adjusting the decom-
position to the respective estimated center frequency, which
could be independent of local extrema and their interpolation
for envelope forming like EMD. Its robustness to noise con-
tamination minimized the risk of spurious coupling caused by
complex and intermittent noise from neurophysiological time
series. Unlike EMD, which can fail to discriminate components
that are close in frequencies, the narrow-band property of VMD
enables it to separate precisely so which improves both the
frequency resolution and accuracy of PAC. However, the direct
use of VMD with PAC algorithm can result in a lower frequency
resolution due to the variable frequencies of decompositions.
Therefore, the VPACs were designed to redistribute across a
scattering-frequency plot as per the cycle-by-cycle frequencies
of each IMF pair as follows.

First, we unfolded the phase time series ϕk(t). Next, the
conversions between periods were defined as the time points
at which the expansion phase time series spans a 2π integer
increment. The cycle-based frequency time series f (u,v) begin-
ning from a time point u and ending at a time point v was then
calculated by the following formula:

f(u, v) =

(
fs

v − u

)
·
(
ϕk(v)− ϕk(u)

2π

)
Hz

Fk(s) = f(u, v), u < s < v (7)

where fs is the sampling frequency of the input signal f (t). We set
Fk (s) = f (u,v) for all s between u and v. Hence, the cycle-based
frequency time series can be a secant approximation to that of the
instantaneous value, which is the derivative of the instantaneous
phase time series. Unlike the instantaneous frequency, which
is sensitive to sharp changes in pattern, the proposed cycle-by-
cycle frequency framework is insusceptible to such factors. Of
note, compared to a smoothed instantaneous frequency series,
the proposed framework enabled us to focus on the interwave
modulation per se [21], [24].

E. Surrogate Testing

To match the cycle-by-cycle framework, a “block shuffle” pro-
cedure was implemented in the cycles (i.e., blocks) of the phase
and amplitude modulations, followed by random permutations
of these blocks [21]. To determine the empirical distribution for
the ith amplitude-given component and the jth phase-given com-
ponent, the cycles of Ai (t) and ϕj (t) were shuffled as follows.
For each Ai (t) and ϕj (t), all cycles were assigned an index (of

note, cycles across time series are independent); then, the cycle
indices were randomly and sufficiently switched to yield a nearly
random permutation of cycles [28]. Finally, the cycles (probably
unequal length) were concatenated according to the randomly
permuted cycle indices. In the resulting shuffled phase and
amplitude time series ϕ̂j(t) and Âi(t), the temporal relationship
between high-frequency amplitudes and low-frequency phases
is disordered, but the phase and amplitude profiles of individual
cycles remain intact. The MI of ϕ̂i(t) and Âi(t) thus is unable
to reflect phase-amplitude coupling, which is the interaction of
simultaneously occurring phases and amplitudes. In this work,
we repeated the “block shuffle” process 100 times for each pair
of oscillatory components. The mean and standard deviation of
the MI empirical distribution obtained were used to determine
the z score of the observed MI for each pair of components.
Measurements that failed to exceed a significance level of α =
0.05 were ignored.

F. Visualization of the VPAC Frequency Plane

A phase-amplitude comodulogram is a useful tool for ex-
hibiting the strength of couplings between multiple frequency
band pairs simultaneously. To secure high-frequency resolution,
we assigned an MI value associated with a pair of components
to a plane as per the corresponding cycled frequencies of all
sample pairs; precisely, a value representing the significant MI
was assigned to the corresponding frequency coordinates. After
repeating the aforementioned process to all pairs of components,
the redistributed MIs were averaged over a predetermined rect-
angle patch of phase-amplitude frequency space. In this work, a
rectangle patch of 0.2 Hz×0.4 Hz (phase frequency× amplitude
frequency) was applied in the analysis of the EEG dataset, of
which the former ranged between 1.9 Hz and 30.3 Hz, whereas
the latter spanned from 6 Hz to 60 Hz. For the simulation, the
low-frequency bin was 0.4 Hz, while the high-frequency band
was set as four Hz and two Hz, corresponding to nonlinear
and nonstationary sets, respectively. Fig. 2 shows a schematic
diagram of the proposed VPAC algorithm.

G. Phase-Locking Value

The phase-locking value (PLV), as an index measuring con-
sistency in phase alignment across a pair of time series, is defined
as

PLV =
1

N

∣∣∣∣∣
N∑
i=1

exp
[
i
(
ϕfp − ϕAfA

)]∣∣∣∣∣ (8)

where N represents the number of time points, ϕfp stands for
the phase time series, and ϕAfA is the phase angle of the Hilbert
envelope. Briefly, the phase-angle differences between the en-
velope of amplitude-given oscillation and the phase-given wave
are calculated as an alternative to the standard PAC computation.
Visually, the phase-angle differences of all sample pairs are
scattered in a polar plane, wherein the angle stands for the
respective phase angle difference, while the mean vectors of all
samples from the center define PLV. A constant phase lag across
all samples implies strong PAC, referring to all vectors in a polar
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Fig. 2. Schematic diagram of VPAC algorithm. Firstly, a synthetic sig-
nal with nonstationary characteristics which resemble EEG is illustrated.
Then, the phase-given Sp and amplitude-given SA modes are extracted
by VMD to target the contributing nonstationary modes. Next, the in-
stantaneous envelopes Aa and phases ϕp of the corresponding modes
are calculated by hilbert transform with MI used to measure coupling
strength. Then, surrogate data are generated to test the significance of
MI with sustained temporal structure. Lastly, a comodulogram is used to
visualize multi-frequency coupling strength.

plane with the same direction (i.e., phase-locked; PLV = one);
conversely, the vectors of all samples randomly scatter around
the polar plane if the phase lags are variable (i.e., completely
desynchronized; PLV = zero).

H. Statistical Analysis

A general linear mixed model (GLMM) was applied to test
the ability of VPAC to distinguish emotions under rough/specific
classifications and EEG regions/channels on the given pairwise
frequencies, of which the subjects were set as a random factor.
Two-tailed p values less than 0.05 were regarded as statistically
significant for the test. The Shapiro–Wilk W test was used to
assess normality. Student’s t test was adopted for multiple com-
parisons to test all possible pairwise differences of means. The
physiological data were analyzed in MATLAB (MathWorks,

Fig. 3. Nonlinear simulated data were designed to verify the perfor-
mance of the proposed method. (a) Nonlinear signal with a degree of
nonlinearity equal to two. The performance using (b) VMD, (c) EEMD,
and (d) IF are shown.

Natick, MA). All statistical analyses were conducted using JMP,
a Business Unit of SAS.

III. RESULTS

A. Simulations

To verify the performance of the proposed method, we applied
VPAC to nonlinear and nonstationary synthetic signals against
PAC decomposed with EEMD and IF. The simulated signal
S (t) was designed by a phase-given oscillation Sp (t) and an
amplitude-given oscillation Sa (t) with a sampling rate of 600
Hz and a data length of 10 seconds. The simulated nonlinear
oscillations were constructed by splicing two half-cycled pat-
terns of sinusoidal functions with the same amplitude but not
necessarily the same periods [29]. The degree of nonlinearity
was defined as the ratio of the periods of the two sine functions.

The analyzed nonlinear signal was designed as a 6-Hz phase
modulating 40-Hz amplitude, of which the degree of nonlinear-
ity equaled two [30]. VMD, EEMD, and IF were used for signal
decomposition. Fig. 3(a) shows the time series of the simulated
nonlinear signal, VMD decompositions, EEMD decomposi-
tions, IF decompositions, and their respective power spectra.
Considering that two main components are presented in the
uppermost right panel of Fig. 3(a), we set K = two in the VMD
decomposition. Compared to the EEMD and IF results, VMD
demonstrated fewer ripples in high-frequency mode. Although
centralized 6 Hz-to-40 Hz PAC using VMD, EEMD, and IF
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Fig. 4. Nonstationary simulated data were designed to verify the per-
formance of the proposed method. (a) Nonstationary simulated signal
with varying low-frequency phases and high-frequency amplitudes. The
performance of PAC is shown with a comparison between (b) VMD, (c)
EEMD, and (d) IF.

are both presented in Fig. 3(b), (c), and (d), the PAC result of
EEMD and IF showed slight leakage in the identification of
amplitude, resulting in spurious phase-amplitude coupling at
6-36 and 6-44 Hz. As expected, VMD exhibited robustness to
nonlinear couplings.

For the nonstationary cross-couplings, the simulated signal
was independently constructed by the randomly determined
cycle-by-cycle frequencies of both phase and amplitude mod-
ulations. Here, the phase was set between five and eight Hz,
and the amplitude varied from 55 to 65 Hz. Likewise, two main
components at approximately six Hz and 60 Hz appeared in
the amplitude spectrum shown in Fig. 4(a) (top-down panels:
simulated nonstationary signal and the corresponding VMD,
EEMD, and IF decompositions, respectively). Thus, K was also
set as two for VPAC. The two VMD modes showed favorable
separation compared to the designs over the time domain. Ide-
ally, elliptical coupling centered at approximately 6-60 Hz was
presented by the VPAC comodulogram (Fig. 4(b)). On the other
hand, the coupling-strength distribution of the EEMD-PAC of
approximately 6-60 Hz frequency pairs presented lower gra-
dients, thus less precisely allocating the target frequencies of
interest in couplings (Fig. 4(c)). Meanwhile, IF performed more
ripples in low-frequency mode (time series on the bottom left
panel of Fig. 4(a)). The simulation results revealed that the
proposed VPAC can be a promising method for quantifying

phase-amplitude coupling for nonlinear and nonstationary sig-
nals, such as EEGs compared to EEMD/IF-based PAC.

B. VPAC Results Under Emotional Processing

In this subsection, the proposed VPAC was applied to ex-
plore the phase-amplitude coupling properties of physiological
responses elicited by emotions. The EEGs accessed on the
frontal lobe are mainly discussed. Considering that the number
of modes in VMD (i.e., K values) can be set in advance, the power
spectra of the analyzed EEGs were carefully inspected, and the
robustness of each decomposition with K ranging from three to
eight was compared. Of these, the estimated center frequency
converged relatively precisely to the EEG frequencies of interest
when K equaled six. The effective modes were neither discarded
as noise artifacts nor split patterns, and were further used for the
emotional cross-coupling analyses. The center frequencies of
each mode were initialized uniformly due to its wide spread of
frequencies [31]. In addition, modes with an averaged cycle-by-
cycle frequency lower than three Hz were excluded to eliminate
unrelated PACs to emotional processing [25].

Fig. 5(a) demonstrates the preprocessed EEG recording of one
subject in the DREAMER dataset with the amplitude spectrum
set aside. Clearly, the energy was mainly confined to lower than
50 Hz. The decomposed modes with an average cycle-by-cycle
frequency greater than three Hz and their respective amplitude
spectra are shown in Fig. 5(b). The corresponding center fre-
quencies of each mode were located at 4, 11, 18, 25, and 33
Hz, respectively, with clear spectral partitioning. As expected,
the mode mixing or splitting phenomenon was greatly improved
compared to that of EEMD. Following this, a phase-amplitude
comodulogram result is exhibited in Fig. 5(c). Interestingly,
block-distributed phase-amplitude frequency pairs are scattered
around the upper triangle of this graph, indicating that the driven
phase-frequency bands were dispersed in small frequency ranges
rather than in a broad frequency band. To obtain the specific
frequency bands of PAC related to emotion types, we went
through the comodulogram results of all subjects and channels
and divided the scattered frequency pairs into 11 parts (Table
SI). However, not all 11 frequency pairs showed significant
differences in various emotional comparisons. Our results re-
vealed that the mean MIs of Freqs. 1, 5, 9, 10, and 11 under
different emotions were statistically significant. Therefore, these
five frequency pairs are mainly discussed below.

In observing an overall phase-amplitude coupling character-
istic of different emotions in various brain regions, topoplots
showing average MIs under the five frequency pairs were
meticulously drawn. For each frequency pair, two emotions
with the greatest significant difference were selected, and the
results are shown in Fig. 6. Calmness and amusement were
the two representative emotions selected from the set of Freq.
1. In this set, the α amplitudes were modulated by the δ/θ
phases (Fig. 6(a)). We found that the δ/θ-α PAC for calmness
was obviously stronger in the AF region overall than that for
the emotion of amusement, as well as for the remaining six
emotions, especially in the AF4 channel (see the leftmost panel
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Fig. 5. The preprocessed EEG plot (a) and its corresponding decom-
positions (b) using the VMD of one subject in the DREAMER dataset
with respective amplitude spectrum set aside. (c) The phase-amplitude
comodulogram of this subject, and the divided 11 frequency pairs shown
in the figure.

of Fig. S1(b), p = 0.0023). However, for the same frequency,
pairwise, of PACs in the frontal region, amusement generally
displayed a stronger coupling strength than calmness, particu-
larly in the F3 channel (middle panel of Fig. S1(b), p = 0.0043).
The coupling strength of neutral emotional state was weaker
than that of negative or positive emotion, while the frequency
interval rose to that of Freq. 5. Interestingly, for excitement, clear
asymmetric frontal PAC emerged, mainly greater in the right
frontal region (Fig. 6(b)). At Freqs. 9, 10, and 11, the modulated
amplitude-frequency was fixed at 41-44.2 Hz, with an increase
in the phase-given frequencies, and the overall phase-amplitude
coupling strength increased by nearly an order of magnitude
(from 4×10-6 to 3×10-5). On the other hand, for the neutral
state, with an increase of phase-given frequencies, the coupling
strength increased, as well as the modulation region transited
from the anterior-frontal region to the frontal-central region (left
panels from Fig. 6(c) to (e).

Next, we chose the PAC in Freq. 11 with the greatest coupling
strength relative to other frequency pairs as a representative to
use to discuss the expression of different emotions in various
brain regions. The lack of distinction between the left and right
cerebral channels is shown in Fig. 7. The specific phase and

Fig. 6. Topoplots of the mean MIs for the two emotions in five fre-
quency pairs with statistically significant MIs.

amplitude-frequency band of Freq. 11 are shown in Fig. 7(a),
and the brain map of the three sets of montages is presented in
Fig. 7(b). An ANOVA with brain region and rough emotional
state as factors revealed only a main effect of emotion type
(p = 0.0387) (Table I). Post hoc analysis revealed that, in the
FC region, the neutral emotional state showed a significantly
stronger high β-γ PAC than the positive/negative emotional
state (see the rightmost panel in Fig. 7(c); p = 0.0055). The
calmness emotion still exhibited a significantly stronger high
β-γ PAC in the FC region than the other seven emotions, as
expected (see the rightmost panel in Fig. 7(d); p = 0.0056).
An ANOVA with brain region and specific emotion as factors
revealed only a main effect of emotion (p = 0.0501) (Table I).
Post hoc analysis demonstrated that after emotional subdivision,
the anterior frontal region also showed significant differences, of
which the high β-γ PAC of anger was significantly stronger than
that of the other seven emotions (the leftmost panel in Fig. 7(d);
p = 0.0020), and the high β-γ PAC of disgust was the weakest
(p = 0.0646).



1942 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 27, NO. 4, APRIL 2023

Fig. 7. Comparisons of the mean MIs among different emotions with
frequency pair 11 in three different brain regions. (a) The frequency
coordinates of freq. pair 11 are shown. (b) The regions with statistical
signficance among emotions are marked as pink. Significance tests
on MIs among (c) three rough emotional states, or (d) eight specific
emotions are tested. ∗ means p < 0.05.

A finer analysis of PACs in Freq. 11 for six different brain elec-
trodes is depicted in Fig. 8. The specific phase and amplitude-
frequency band of Freq. 11 are shown in Fig. 8(a), and the brain
map of the six channels is presented in Fig. 8(b). An ANOVA
with channel and rough emotional state as factors revealed a
significant effect of the channel (p = 0.0009) (Table I). In the
post hoc test, a stronger high β-γ PAC under neutral emotion
was mainly revealed in the FC6 channel (p = 0.0139). However,
a statistically stronger high β-γ PAC under neutral emotion
emerged in the F3 channel (p = 0.0105), which was opposite
to the performance of the F4 channel, although no significant
difference was shown (Fig. 8(c)). This asymmetric phenomenon
led to a comparable level of high β-γ PAC in the frontal region
among the three emotional states (middle panel in Fig. 7(c)).
More specifically, in the emotional subdivision, an ANOVA with
channel and specific emotion as factors revealed a significant
effect of the channel (p = 0.0006) (Table I). In the post hoc test,
the high β-γ PAC under neutral emotion (calmness) was lower
than that of the negative ones, especially anger and sadness, in

TABLE I
THE MEAN MIS OF FREQUENCY PAIR 11. ALL POSSIBLE PAIRWISE

COMBINATIONS OF THE FOUR FACTORS INCLUDE BRAIN REGION (THREE
LEVELS: AF, F, AND FC), EMOTIONAL STATE (THREE LEVELS: POSITIVE,
NEUTRAL, AND NEGATIVE), CHANNEL (SIX LEVELS: AF3, AF4, F3, F4,
FC5, AND FC6), AND SPECIFIC EMOTION (EIGHT LEVELS: AMUSEMENT,

EXCITEMENT, HAPPINESS, CALMNESS, ANGER, DISGUST, FEAR, AND
SADNESS). SIGNIFICANT P VALUES AND THOSE SHOWING TRENDS ARE

EMBOLDENED

the anterior frontal region, gradually increased in the F3 region,
and was the highest in the frontal-central region (Fig. 8(d)).
Unlike the rest of the negative emotions, the disgust emotion
presented a weak high β-γ PAC in the channels of the anterior
frontal, which neutralized the strong high β-γ PACs under the
other negative emotions. The coupling strength of the disgust
emotion gradually increased in the frontal region and reached
its strongest in the right frontal-central region (Fig. 8(d)).

The VPAC results of the four other frequency pairs are pro-
vided in the supplementary material. Significant PACs under the
neutral emotional state gradually shifted from the anterior to the
central area of the brain with an increase in the driving phase,
under the premise of carrying γ-band amplitude modulation, of
which the coupling strength of the neutral emotional state was
stronger than that of positive and negative emotions in the frontal
and frontal-central areas (Fig. 7). Conversely, in the frontal and
frontal-central areas, if the modulated amplitude had either α or
β rhythm, the PACs under positive or negative emotional states
would be stronger than that under the neutral emotional state
(result not shown).

Moreover, we explored the phase-angle differences and PLVs
for all frequency pairs with significant differences in VPAC
among emotions. Representative results with the strongest
VPAC in the respective channels are shown in Fig. 9. We divided
the 60-s data into 5-s nonoverlapping segments, from which a
stable emotional state can be indicated when deriving the phase-
locking value. The averaged cycle-by-cycle frequency of each
IMF was used as a criterion to identify whether an IMF was either
a high- or low-frequency component. The cross-subject scatter



ZHANG et al.: VARIATIONAL PHASE-AMPLITUDE COUPLING CHARACTERIZES SIGNATURES OF ANTERIOR CORTEX 1943

Fig. 8. Comparisons of the mean MIs among different emotions with
frequency pair 11 in the six different channels. (a) The frequency co-
ordinates of freq. pair 11 are shown. (b) The channels with statistical
significance among emotions are marked as pink. Significance tests
on MIs among (c) three rough emotional states or (d) eight specific
emotions are tested. ∗ means p < 0.05.

diagram in polar coordinates shows the distribution of averaged
phase differences between the specific frequency pairs (left pan-
els in Fig. 9). On the other hand, the right panels of Fig. 9 present
the phase shift across different emotional processing, in which
the time-frequency spectrograms belong to the high-frequency
oscillations, while the black traces denote the low-frequency
waves. Several leading phase shifts contributed to the coupling of
positive emotion; in contrast, negative/neutral emotion exhibited
a relatively concentrated distribution. Fig. 9(a) shows that the
peak of the α amplitude lagged behind that of the δ/θ phase,
clustering approximately 150° and -120° relatively consistently
for amusement in F3. The phase shift between the α phase and
the phase of the β amplitude (24.2-27.2 Hz) was approximately
90° and -30° in AF4 for excitement (Fig. 9(b)), whereas the
local maximum of the β-band amplitude (24.2-27.2 Hz) laid
on the near trough of the α phase in the FC5 for sadness in
Fig. 9(c), which implied the different results of VPAC between
positive and negative emotions was not only reflected in different
brain regions but also expressed different phase shifts. Fig. 9(d)

Fig. 9. Phase difference scatters and the respective time-frequency
plots of (a) amusement, (b) excitement, (c) sadness, and (d) calmness.
The vectors in the left panels equal to values of PLV and the time-
frequency plots and black lines represent higher and lower frequency
IMF in the right panels, respectively.

depicted the γ power peak that emerged at the ascending phase
of β in the F3 for calmness.

IV. DISCUSSION

In this work, we mainly emphasized the mechanism of cross-
frequency entangling oscillations of EEGs under different emo-
tional expressions.

As per our findings, the PACs given γ amplitude seems to
contribute more to the emotion processing pathway, either rough
emotional state or specific emotion, which is consistent with
the hypothesis that rapid cortical neural activities associate with
consciousness [32]. γ oscillation is also generally considered
a typical representation of the integration of distributed neural
processes into high-order cognitive functions, such as emotional
processing [33]. Our results showed that the amplitude of γ-band
oscillation was modulated by multiple low-frequency phases
(Fig. S3(a) to S4(a)). Possible explanations were the occurrence
of specific low-frequency rhythms in different regions depend-
ing on the specific physiological tasks. For example, γ amplitude
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was modulated by θ rhythm in anterior frontal and temporal sites
during an auditory task, whereas γ oscillations were conditioned
on the α phase in the occipital region for a visual task [34].
Likewise, our findings also revealed that a strong high β-γ PAC
of fear emerges in the F4 channel (Fig. 8(d)), which supported
the contribution of β and γ bands in the arousal of fear [35].

In Fig. 6(a), the emotion of calmness shows a high δ/θ-α PAC,
implying thatα activity in the anterior frontal region is a potential
feature for neutral emotion. Our finding resembles that of past
works in showingα power elevates under the resting state in neu-
tral emotional state, which facilitated calmness and mind/body
integration [36]. While receiving neutral (video) stimuli, the
subjects tended to calm down, along with the increased α re-
sponses. On the other hand, for the emotion of calmness, we
found that with the high amplitude-given frequency (γ band)
fixed, if the driving phase frequency increased, the coupling
strength increased, and the brain area showing the strongest
coupling shifted from the anterior-frontal to the frontal-central
regions (left panels from Fig. 6(c) to (e)). This finding extends
the findings by Kong, who suggested higher the synchronization
level shifted from the prefrontal toward the occipital lobe with
increasing phase frequency under relaxing state [37]. Hence, we
speculate that phase modulations for a neutral emotional state
differ in frequencies across brain regions, briefly slow waves
occur in the anterior-frontal/frontal lobes, while fast activities in
the central/lateral area.

Additionally, our findings revealed the asymmetric frontal
PAC on emotional response; for example, excitement shows
greater right fronto-central (F4 and FC6) α-β PACs than those
of homologous left positions, whereas disgust presents stronger
PACs in the left anterior-frontal region (Fig. S2(b)), which seems
opposite to power asymmetry in brain hemispheres reported in
the literature. That is, greater left frontal activity was related
to a positive tendency [38], whereas increased right lobe ac-
tivity presented withdrawal motivation [39], indicating that the
activation of the brain region may inhibit the information inter-
action. Noted that hypoactivity does not necessarily correlate to
cross-coupling. However, the relationship between specific-side
frontal lobe hypoactivity and PAC strength remains unclear. Our
results show that frontal asymmetry is linked with α-related
PACs, and amusement and excitement present opposite domi-
nant sides with high β-γ frontal PAC (Fig. 8(d)), which indicates
that PAC asymmetry may be only a trait of a specific emotion.

In terms of methodology, we introduced the VMD method
to PAC to improve cross-coupling analyses of brain dynam-
ics. VMD is a completely nonrecursive algorithm based on
the Fourier domain, in which each pattern is iteratively up-
dated in the frequency domain. A narrowband Wiener filter
corresponding to the estimation of the center frequency of the
current mode is used to estimate the signal residuals of all other
modes. The center of gravity of the mode power spectrum is
re-estimated with the center frequency. This solution process not
only preserves both the intra- and interwave characteristics of
the time series for each mode but also greatly improves the mode
mixing of EMD. In this study, the proposed VPAC estimates the
coupling intensity of simulations by capturing cross-coupling
between irregular oscillators around precise center frequencies,

avoiding the occurrence of spurious PACs due to mode mixing
or harmonics to ensure the faithfulness of biomarkers. We also
applied the phase domain complexity (PDC) proposed by Aydın
to compare the characteristic of different emotions [40]. The
complexities of the neutral emotional state were significantly
higher than those of positive/negative states (Fig. S5(a)), which
further supports the capability of transmitting information dur-
ing the neutral state is the highest with γ-amplitude-related PAC.
Overall, our results support the VPAC method as a reliable tool
to extract a wide spectrum of phase and amplitude modulations
from physiological oscillations when the intensity of coupling
is assessed accurately.

One limitation of the current study could be our focus on
the intrachannel PAC over the frontal/prefrontal area, the inter-
actions between electrodes and the other brain regions (e.g.,
central, temporal, and parietal lobes) are beyond our scope.
Another limitation of this work may be the type of emotions
in neutral and positive emotional states is not adequate, thus
cross-frequency interactions with more emotional dynamics
require further exploration.

V. CONCLUSION

In this study, we proposed a novel framework in variational
PAC to investigate the interacting brain rhythm in emotion
processing. Both nonlinear and nonstationary synthetic signals
were devised to assess the validity of this approach. The varia-
tional PAC outperforms EEMD/IF-dependent PAC in identify-
ing the high-frequency amplitude oscillations depending on the
lower frequency phase. Our results indicate that the γ ampli-
tude is critical in emotional processing, of which the coupling
intensity with neutral emotional state is the strongest in the
frontal and frontal-central areas, whereas for couplings with low-
frequency amplitude modulation, the coupling intensity either
with the positive or negative emotional state is stronger than that
of the neutral emotion in the same areas. On the other hand,
with the increase of the phase-given driving frequency, the γ-
amplitude-related coupling strength increased, and the strongest
coupling intensity shifted from the anterior-frontal to the frontal-
central area. Furthermore, the α activity in the AF brain area
contributed highly to the neutral emotion. As per our results, we
suggest the proposed variational PAC as an effective and reliable
method for assessing emotion brain networks.
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