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Synonyms

Amplitude-amplitude coupling; n:m phase-
locking; Phase-amplitude coupling; Phase-
frequency coupling; Phase-phase coupling

Definition

Brain oscillations of different frequencies can
coexist and influence each other. A cross-
frequency interaction occurs when a feature from
one oscillation (i.e., instantaneous amplitude,
phase, or frequency) depends on a feature from
another oscillation at a distinct frequency. These
phenomena have been collectively called cross-
frequency coupling (CFC). There are multiple
types of CFC, such as phase-amplitude coupling,
amplitude-amplitude coupling, and n:m phase-
locking. Several metrics have been devised to
quantify CFC.

Detailed Description

The study of the electrical activity produced by
the brain dates back to Richard Caton in 1875,
who employed a galvanometer to record from the
cortex of rabbits (Geddes 1987). Neuronal spikes
and extracellular field potentials have been since
recorded from several brain regions of different
species, and spectral analyses have shown that
they are often rhythmical. Scientists usually clas-
sify brain oscillations according to their fre-
quency, waveform shape, local of origin, and
associated behavior. Among them, the hippocam-
pal formation of rats and mice produces a promi-
nent rhythm in the 4–12 Hz range when animals
explore their surroundings or during REM sleep,
the so-called theta oscillations (Buzsáki 2002). In
addition, faster oscillations appear associated with
theta waves, such as gamma rhythms (30–100 Hz)
and high-frequency oscillations (HFOs;
120–160 Hz) (Scheffer-Teixeira and Tort 2017).
A new field of higher-level analysis emerged with
the discovery that oscillations of distinct frequen-
cies might not only coexist but also interact with
each other (Canolty and Knight 2010; Hyafil et al.
2015). Oscillatory interaction can occur through
any of the main features of a rhythm: amplitude,
phase, or frequency (Fig. 1). These phenomena
are collectively known as cross-frequency cou-
pling (CFC). To date, the most studied CFC
types are phase-amplitude coupling, amplitude-
amplitude coupling, and n:m phase-locking,
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while other CFC types remain to be further
explored (Hyafil et al. 2015).

Measures of synchronization between brain
waves were first motivated by the study of
coupled oscillators (Ermentrout and Kopell
1991; Tass et al. 1998; Strogatz 2000; Rosenblum
et al. 2001). However, despite local regularities
and short-term predictability, neural oscillations
do not behave as stationary sinusoids and are not
easily described by a set of equations. Rather,
local field potentials (LFPs) are subject to several
sources of variability, most unknown or
uncontrolled, and exhibit noisy states and chaotic
components. While not formally demonstrated,
the coupling between brain signals is believed to
fall into the category of “weakly coupled oscilla-
tors” (Hoppensteadt and Izhikevich 1998). Sev-
eral approaches were proposed to infer the
existence and quantify the degree of coupling
based on a general statistical sense: two oscilla-
tions are assumed to be coupled if knowledge of
the state of one oscillation predicts the state of
another oscillation. Notice that this statistical def-
inition ignores the underlying mechanisms. In
particular, it does not inform about directionality
and causality, that is, whether an oscillation mod-
ulates, is modulated, or both, whether coupling is
externally or internally driven, direct or indirect.

The following sections summarize common
CFC metrics. For simplicity, we often refer to
theta and gamma as canonical examples of slow
and fast oscillations of interest, but the metrics are
general enough to be applied to any cross-
frequency pair.

Filtering and Feature Extraction
Phase, frequency and amplitude can be extracted
from brain signals (LFP, EEG, MEG) using stan-
dard signal processing techniques. The first step is
to filter the raw data into the desired frequency
range, which can be achieved by many different

types of filters. Of note, to detect phase-amplitude
coupling, the bandwidth of the filtered fast oscil-
lation component (i.e., gamma) must include its
peak frequency ( fg) and the side-band frequencies
at fg � fy, where fy is the frequency of the slow
oscillation (i.e., theta) (Berman et al. 2012; Aru
et al. 2015).

After filtering, the phase and amplitude time
series can be obtained from its analytic represen-
tation, defined as Z(t)= X(t) + iH(X(t)), where the
real part, X(t), is the filtered signal and the imag-
inary part, H(X(t)), its Hilbert transform, which is
a version of X(t) shifted by �90�. The instanta-
neous amplitude at each time t is defined as
the absolute value of Z(t), given by

Z tð Þj j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X tð Þ2 þ H X tð Þð Þ2

q
, while the instanta-

neous phase at time t is defined as
’(t) = tan�1(H(X(t))/X(t)). Notice that Z(t) can
be expressed in polar form as Z(t) = |Z(t)|ei’(t).
Alternatively, the amplitude and phase time
series can be obtained as the absolute value and
angle of a complex wavelet transform (with the
due caution of the filtered bandwidth). The
instantaneous phase can also be estimated by
linear interpolation: peaks and valleys of the
filtered signal are first identified and set to pre-
defined phases (e.g., 0� for peak and 180� for
valley). Subsequently, the samples between
each peak-to-valley and valley-to-peak interval
are attributed to linearly spaced phase values
(Belluscio et al. 2012).

Finally, the instantaneous frequency is esti-
mated from the first derivative of the unwrapped
phase time series: f tð Þ ¼ 1

2p
d’ tð Þ
dt .

CFC Metrics
Several of the metrics below assume that the sig-
nal has already been band-pass filtered into the
theta and gamma ranges of interest and the rele-
vant features extracted (i.e., phase and amplitude
time series). Ideally, the frequency boundaries of

��

Theta-Gamma Cross-Frequency Analyses (Hippo-
campus), Fig. 1 Multiple CFC types. (a) Feature extrac-
tion from a rat LFP epoch containing theta and gamma
oscillations during REM sleep. Theta and gamma signals
are obtained through band-pass filtering and their phase

and amplitude series extracted using the Hilbert transform.
The instantaneous frequency time series is derived from
the phase time series. (b) Each subpanel depicts one pos-
sible CFC type by means of simulated data
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the band-pass filter should be selected based on
visual inspection of the power spectrum, so as to
encompass the power “bumps” at the
corresponding frequencies. However, while theta
is usually associated with a discernable power
peak, the frequency boundaries of gamma activity
are often difficult to determine due to the much
lower signal-to-noise ratio, especially for the
faster gamma subbands. In these cases, the choice
of the filtered bandmay be based on the inspection
of comodulation maps (see below) or on previous
studies.

Phase-Amplitude Coupling (PAC)
PAC has been identified in different types of brain
signals and received much attention in recent lit-
erature. We summarize some of the PAC metrics
in this section (Fig. 2), but we note that the list is
nonexhaustive and novel metrics are continuously
being devised.

Measures Based on the Maximal and Minimal
Values of the Amplitude Distribution
Several PAC metrics require first computing the
mean gamma amplitude as a function of the phase
of the theta cycle. This is obtained by partitioning
theta phases into nonoverlapping bins and calcu-
lating the average gamma amplitude (Aj) associ-
ated with each phase bin j. Phase bins are usually
10� to 30� wide.

A straightforward metric for PAC strength is
obtained by taking the ratio between the maxi-
mum (Amax) and minimum (Amin) average
gamma amplitude within the theta cycle
(Lakatos et al. 2005):

PACstrength ¼ Amax

Amin

Notice that this ratio is not bounded. Other
variants include ratios that vary between 0 and 1,
such as:

PACstrength ¼ Amax � Amin

Amax

and

PACstrength ¼ Amax � Amin

Amax þ Amin

Modulation Index (MI)
Tort et al. (2008) defined the PAC MI as an adap-
tation of a phase synchrony metric based on infor-
mation theory introduced by Tass et al. (1998).
The MI first requires normalizing the average
amplitude per phase bin (Aj) to generate a discrete
probability-like distribution (P):

pj ¼
AjPNb
j¼1 Aj

whose Shannon’s entropy (H(P)) is:

H Pð Þ ¼ �
XNb

j¼1

pjlog pj

� �

where j indexes the phase bins and Nb is the total
number of bins. The PAC MI is obtained as an
“inverted” normalization of H(P):

PACstrength ¼ MI ¼ Hmax � H Pð Þ
Hmax

where Hmax = H(U) = log (Nb) is the maximum
possible entropy, achieved for a uniform distribu-
tionU (pj= 1/Nb for all j). Thus,MI= 0 when the
phase-amplitude distribution is uniform, and
MI = 1 in the (hypothetical) case in which
gamma only appears in one phase bin of theta
(pk = 1 for a single bin k, and pj = 0 for all j 6¼ k).

The MI is related to the Kullback-Leibler diver-
gence (DKL) by the equation DKL(P, U) = log
(Nb) � H(P). In other words, the MI can be viewed
as the normalized Kullback-Leibler divergence
between the uniform distribution and the observed
phase-amplitude distribution:

MI ¼ DKL P,Uð Þ
Hmax

In practical terms, a Dirac-like distribution is
improbable for real LFP signals and the MI values
are skewed towards zero. In LFP recordings, sig-
nificant theta-gamma MI values usually lie

4 Theta-Gamma Cross-Frequency Analyses (Hippocampus)
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between 10�3 and 10�2; values around 10�4 are
considered weak and may be borderline for statis-
tical significance, especially for short epochs. The
MI can also be computed using the distribution of
gamma bursts, that is, the counts of events per
theta phase where gamma amplitude is higher
than a threshold.

Mean Vector Length (MVL)
Canolty et al. (2006) introduced a PAC metric
based on the complex time series Ag tð Þei’y tð Þ ,
where Ag(t) is the instantaneous gamma ampli-
tude at time t and ’y(t) the instantaneous theta
phase. The existence of PAC can be visually
inferred by plotting these vectors in the complex
plane: if theta and gamma are phase-amplitude
coupled, the higher gamma amplitude in a subset
of theta phases leads to an asymmetric distribu-
tion of vector lengths (amplitude values) around
the origin. PAC strength can be estimated by
measuring this asymmetry by means of the
length of the mean vector:

PACstrength ¼ 1

N

XN
j¼1

Ag tj
� �

ei’y tjð Þ
�����

�����
whereN is the number of time points. The absence
of PAC is characterized by a roughly uniform
circular distribution of individual vectors, which
will cancel each other out and lead to a low MVL.
On the other hand, an asymmetry (polarization) in
the complex plane leads to a resultant mean vector
of larger length. The larger the polarization, the
larger the MVL.

In the original formulation, the MVL was nor-
malized and expressed as z-score in relation to a
surrogate distribution of 200 MVL values
(obtained from Ag(t) and ’y(t) not matched in
time) (Canolty et al. 2006). Thus, the normalized
metric reflected the statistical significance of PAC
more than its strength.

Phase-locking Value (PLV)
In addition to being used to assess phase syn-
chrony (Lachaux et al. 1999), the PLV can be
readily adapted to measure PAC strength
(Vanhatalo et al. 2004; Cohen 2008; Penny et al.
2008). As the MVL, the PLV also relies on com-
puting the length of a mean vector, but in this case
the time series is composed of unitary vectors. To
compute the PLV, the instantaneous gamma
amplitude must be first demeaned (or detrended),
so that it assumes positive and negative values.
For the case of a theta-modulated gamma, the
demeaned amplitude time-series oscillates around
zero at theta frequency. The PLV is the length of
the mean over unit vectors whose angle is the
difference between the phase of theta (’y) and
the phase of gamma amplitude (’Ag

):

PACstrength ¼ 1

N

XN
j¼1

eiD’ tjð Þ
�����

�����
where D’ tj

� � ¼ ’Ag
tj
� �� ’y tj

� �
. The more the

gamma amplitude is phase-locked to theta, the
more constant their phase difference is. The PLV
is 1 if D’(tj) is exactly constant for all t, and 0 if
the circular distribution of phase differences is
uniform.

Envelope-Signal Correlation (ESC)
The ESC metric is the correlation between the
theta-filtered signal (xy) and the amplitude enve-
lope of gamma (Ag) (Bruns and Eckhorn 2004):

PACstrength ¼ corr xy,Ag
� �

¼ 1

N

XN
j¼1

xy tj
� �� xy

� �
Ag tj
� ��Ag

� �
sxysAg

Penny et al. (2008) introduced a variation that
normalizes for the amplitude of theta, which is
achieved by correlating gamma amplitude with

��

Theta-Gamma Cross-Frequency Analyses (Hippo-
campus), Fig. 2 Diversity of PAC metrics. (a) Simulated
signal containing theta and gamma oscillations in which

theta phase modulates gamma amplitude. The phase of the
gamma amplitude time series is extracted after demeaning.
(b) Panels depict different measures for PAC (see text)
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the cosine of the instantaneous theta phase
(cos(’y)):

PACstrength ¼ corr cos ’yð Þ,Ag
� �

The correlation metrics vary between �1 and 1;
when gamma amplitude is maximal near the trough
of theta, the correlation is negative, while positive
correlations occur when gamma amplitude is max-
imal near the theta peak. The correlation may be
zero even in the presence of phase-amplitude cou-
pling if gamma has maximal amplitude when theta
crosses zero (i.e., at 90� from the cycle peak or
trough), the so-called “null phases” (Cohen 2008;
Penny et al. 2008; Tort et al. 2010).

General Linear Model (GLM)
To circumvent the fact that the correlation metrics
are not well suited to detect coupling if gamma is
maximal at the null phases (i.e., zero crossings at
cos(p/2) and cos(3p/2)), Penny et al. (2008) pro-
posed a generalization using GLM. In this frame-
work, gamma amplitude is modeled as:

Ag ¼ b0 þ b1cos ’yð Þ þ b2sin ’yð Þ þ e

where bj (j= 0,1,2) are the regression coefficients
and e is the error (noise) term. Since the sine and
cosine of the same phase is never simultaneously
zero, the GLM metric has no “null phases.” Find-
ing the regression coefficients can be achieved by
standard linear regression techniques. The GLM-
based PAC metric is then defined as:

PACstrength ¼
SS Ag
� �þ SS eð Þ
SS Ag
� �

where SS(Ag) is the explained sum of squares of
the model and SS(e) the sum of squared errors
(residuals).

Envelope-Signal Coherence
PAC can also be estimated from the coherence
spectra between the instantaneous gamma ampli-
tude time series and the unfiltered LFP signal
(Colgin et al. 2009). The standard (i.e., Fourier-

based) phase coherence between two signals
X and Y is defined as:

CXY fð Þ ¼
< FX fð Þ � FY fð Þ >
��� ���

< FX fð Þ >k k < FY fð Þ >k k

where FX(f ) and FY(f ) are the Fourier transforms
at frequency f of X and Y, respectively. Oftentimes
the “magnitude-squared” coherence (CXY

2) is
used. Both CXY and CXY

2 vary between 0 and
1. A theta-gamma coupling metric can then be
obtained as the average coherence in the theta
frequency range.

Power Spectral Density (PSD) of the Amplitude
Envelope
If phase-modulated by theta, gamma amplitude
tends to oscillate at theta frequency. Therefore,
decomposing Ag into its frequency components
by means of Fourier spectral analysis may be
used to infer PAC (Cohen 2008; Tort et al.
2010). Similarly to the coherence metric above,
in this framework PAC is estimated by integrating
(or averaging) the PSD of Ag over the theta range.
Such a method may provide meaningless esti-
mates if the Ag PSD has no peak at theta
frequency.

Mutual Information
Theta-gamma PAC can be assessed using
Shannon’s mutual information, which computes
how much the joint probability of phase and
amplitude values deviates from the product of
their marginal distributions. By definition, mutual
information is zero for independent variables
(joint probability equal to the product of the mar-
ginal probabilities). To estimate the joint and mar-
ginal probability distributions, the range of phase
(i.e., 0 to 2p) and amplitude values must be first
binned; each bin count is subsequently normal-
ized by the total counts (Ntotal = sampling
rate � epoch length), yielding:

p ’ið Þ ¼ N’i

N total
, p aj
� � ¼ Naj

N total
, and

Theta-Gamma Cross-Frequency Analyses (Hippocampus) 7



p ’i, aj
� � ¼ N’i\aj

N total
,

where N’i
is the number of counts in phase bin i,

Naj the number of counts in amplitude bin j, and

N’i\aj the number of joint counts. Mutual infor-

mation is then estimated as:

PACstrength ¼ I F;Að Þ

¼
XMb

i¼1

XNb

j¼1

p ’i, aj
� �

log
p ’i, aj
� �

p ’ið Þp aj
� �

 !

where Mb and Nb are the number of phase and
amplitude bins, respectively. This estimator is
considered naïve since it does not correct for the
positive bias associated with the use of finite sam-
ples to estimate the probability distributions; more
sophisticated estimators that correct for such bias
can be used (Panzeri et al. 2007).

Comodulation Maps
Comodulation maps, or “comodulograms,” are
2D heatmaps that simultaneously express PAC
strength values for multiple frequency pairs, and
can be constructed for any of the metrics above
(Fig. 3). Usually, the x-axis represents the phase-
providing frequency and the y-axis the amplitude-
modulated frequency, while the color represents
PAC strength. In some cases, the color represents
the statistical significance of PAC.

Phase-Phase Coupling (PPC)
Cross-frequency PPC is defined as a consistent
phase relation between multiple gamma cycles
within theta cycles. This type of CFC is also called
n:m phase-locking. For example, 1:5 phase-
locking is characterized by five gamma cycles
consistently nested within theta cycles, in which
each gamma cycle (i.e., the first, the second, etc.)
starts/finishes at a similar theta phase across
cycles. In PPC, theta and gamma would adjust
their instantaneous frequencies in order to keep
the same ratio of cycles; therefore, PPC can also
be considered as frequency locking.

Mean Radial Distance (Rn:m)
The mean radial distance (Rn:m) – also called
mean resultant length – is a common metric of
PPC strength. This metric is similar to the PLV,
but with phasors defined as unitary vectors whose
angle is the phase difference between accelerated
theta and gamma phases (Tass et al. 1998):

PPCstrength ¼ Rn:m ¼ 1

N

XN
j¼1

eiD’nm tjð Þ
�����

�����
where D’nm(tj)= n’g(tj)�m’y(tj), and n’g (m’y)
represents the phase of gamma (theta) accelerated
n (m) times. In the case of theta-gamma PPC, Rn:m
“curves” are usually obtained by varying m with
n = 1 (Belluscio et al. 2012; Scheffer-Teixeira and
Tort 2016). PPC strength can also be expressed for
multiple n and m values by means of 2D heatmaps
(Palva et al. 2005).

Shannon Entropy–Based Index
Tass et al. (1998) proposed two metrics of n:m
phase-locking. One of the metrics is defined as an
inverted normalization of the Shannon entropy of
the probability distribution of D’nm (Cnm):

PPCstrength ¼ Hmax � H Cnmð Þ
Hmax

whereHmax is the entropy of the circular uniform
distribution. The probability distribution Cnm is
estimated by binning the circle into non-
overlapping phase bins, counting the number of
D’nm values within each bin, and normalizing
the bin counts by the total counts. Notice that
this metric is essentially the same as the PAC MI
(actually, the latter was adapted from the for-
mer), but applied to the circular distribution of
phase difference values instead of amplitude
values.

Conditional Probability-Based Index
The second measure introduced by Tass et al.
(1998) relies on assessing instantaneous gamma
phases conditioned to fixed theta phase bins. In
this framework, the theta phases are first binned

8 Theta-Gamma Cross-Frequency Analyses (Hippocampus)



into Ny nonoverlapping bins; then, the following
vector is computed for each phase bin yl:

Ryl ¼
PNl

j¼1 e
i’g tjð Þ

Nl

where ’g(tj) is the instantaneous gamma phase at
tj, and Nl is the total number of timestamps tj
belonging to yl (i.e., tj is such that ’y(tj) � yl).
Therefore, each theta phase bin is associated with
a mean vector over phasors whose angles are the
instantaneous gamma phases falling in it. If
gamma has the exact same phase within a fixed
theta phase bin, the magnitude of Ryl is 1. On the
other hand, if ’g(tj) values are random (i.e.,
gamma is not phase-locked), the unit vectors
will cancel each other out, and Rylj j will be

small. The PPC metric is defined as the average
vector length over all theta phase bins:

PPCstrength ¼
PNy

l¼1 Rylj j
Ny

Pairwise Phase-Consistency
Phase-locking metrics based on the addition of
phase difference vectors are positively biased for
small samples. To circumvent this issue, Vinck
et al. (2010) proposed the pairwise phase consis-
tency, which is defined as the average dot product
over all vector pairs, or, equivalently, the average
cosine between all vector pairs. Scheffer-Teixeira
and Tort (2016) recently used Vinck’s metric to
measure n:m phase-locking by applying it to the
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difference between accelerated gamma and theta
phases (D’nm):

PPCstrength ¼ 2

N N � 1ð Þ
XN�1

j¼1

XN
k¼ jþ1ð Þ

cos D’nm tj
� �� D’nm tkð Þ� �

where N is the total number of time samples. If
the accelerated phase differences D’nm are con-
stant, meaning perfect n:m phase-locking, cos
(D’nm(tj) � D’nm(tk)) = cos (0) = 1 and con-
sequently PPC = 1. If D’nm values are random
and uniformly distributed over the circle, the
expected value of PPC is 0.

Mutual Information
Theta-gamma PPC can also be measured using
Shannon’s mutual information in a similar way
as described above for PAC assessment. Namely,
the joint and marginal probability distributions are
first estimated from phase bin counts
(Ntotal = sampling rate � epoch length):

p ’yi

� � ¼ Nyi

N total
, p ’gj

� �
¼

N’gj

N total
, and

p ’yi ,’gj

� �
¼

N’yi
\’gj

N total
,

and mutual information is subsequently calcu-
lated as:

PPCstrength ¼ I Fy;Fg
� �

¼
XM
i¼1

XN
j¼1

p ’yi ,’gj

� �
log

p ’yi ,’gj

� �
p ’yi

� �
p ’gj

� �
0
@

1
A

Amplitude–Amplitude Coupling (AAC)

Correlation Between Amplitude or Power Values
Theta-gamma AAC can be estimated as the cor-
relation between the amplitude envelopes of theta
(Ay) and gamma (Ag) (Bruns et al. 2000; Bruns
and Eckhorn 2004):

AACstrength ¼ corr Ay,Ag
� �

¼ 1

N

XN
j¼1

Ay tj
� �� Ay

� �
Ag tj
� �� Ag

� �
sAysAg

Alternatively, the correlation can be performed
using integrated power over the desired frequency
ranges. To that end, the analyzed epoch must be
first partitioned into contiguous, nonoverlapping
windows and Fourier-transformed within win-
dows to compute the power spectra (Masimore
et al. 2004). With either framework, an
amplitude-amplitude comodulogram can be plot-
ted by representing the correlation coefficients of
multiple frequency pairs by means of a 2D
heatmap (Masimore et al. 2004).

Phase-Locking of Amplitude Envelopes
The phase-locking value (PLV) can also be
adapted to measure AAC (Jirsa and Müller
2013). Instead of using the filtered signal, the
phase time series are extracted from the detrended
amplitude envelopes of theta (Ay) and gamma
(Ag). AAC is then estimated as:

AACstrength ¼ 1

N

XN
j¼1

ei ’Ay
tjð Þ�’Ag tjð Þð Þ

�����
�����

Mutual Information
As all CFC types, theta-gamma AAC can also be
assessed by mutual information. To that end, the
range of amplitude values of each oscillation must
be binned into nonoverlapping bins. Estimations
of the joint and marginal probability of amplitude
values are then obtained by normalizing bin
counts and used to compute the mutual
information.

Phase–Frequency Coupling (PFC), Amplitude-
Frequency Coupling (AFC), and Frequency-
Frequency Coupling (FFC)
PFC, AFC, and FFC have been considerably less
explored than the other CFC types (Hyafil et al.
2015). Nevertheless, several of the metrics
described above can be adapted to measure these
interactions. For instance, Hyafil (2015) proposed
that standard PAC measures could assess PFC by
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using the instantaneous frequency time series
instead of the amplitude envelope. More gener-
ally, the values achieved by each oscillatory fea-
ture (e.g., amplitude or frequency) can always be
binned and transformed into probability distribu-
tions to allow for computing the mutual
information.

Sources of Biases and Spurious Coupling
There are several possible sources of bias and
spurious results in CFC research (Kramer et al.
2008; Aru et al. 2015; Hyafil 2015; Scheffer-
Teixeira and Tort 2016); among them:

1. Asymmetric waveform: recent studies have
explored the influence of waveform shape on
CFC measures (Gerber et al. 2016; Lozano-
Soldevilla et al. 2016; Scheffer-Teixeira and
Tort 2016; Cole et al. 2017). For instance,
hippocampal theta oscillations are asymmetric,
in that the rising phase is faster than the falling
one, and such asymmetry increases with loco-
motion speed (Belluscio et al. 2012). Wave-
form asymmetry may induce spurious PAC
and PPC, since the filtered signals will reflect
a set of harmonic waves that naturally couple
to the fundamental oscillation and to each other
(Aru et al. 2015; Scheffer-Teixeira and Tort
2016). Another side-effect of asymmetric
waveforms is nonuniform phase distributions,
which may produce biased CFC estimates (van
Driel et al. 2015).

2. Sharp edges: Kramer et al. (2008) recognized
that sharp signal deflections are a potential
confound factor in CFC analyses. The sharp
edges in EEG and LFP signals may have either
biological origin (e.g., event-related potentials
or spike-and-wave mu rhythms) or be due to
stimulation artifacts. At any event, the abrupt
deflections give rise to spurious fast oscillatory
activity in filtered signals, which in turn may
mislead CFC estimates.

3. Nonmeaningful features and filtering-induced
sinusoidality: standard filtering methods tend
to produce sinusoid-like signals even in the

absence of genuine brain oscillations in the
filtered frequency range. As a consequence of
the sinusoidality imposed by the filter, the
phase and frequency time series may tempo-
rally appear as coupled and lead to PPC over-
estimation, especially in short time epochs
(Scheffer-Teixeira and Tort 2016; Hyafil
2017).

4. Wrong bandwidth choice: In PAC analysis, the
filtered bandwidth should contain both the
amplitude-modulated frequency and the side
bands (modulated frequency�modulating fre-
quency). Therefore, narrowly filtered fre-
quency bands may not detect genuine PAC
(Berman et al. 2012; Aru et al. 2015). Curi-
ously, however, Hyafil (2015) pointed out that
PFC can be mistaken as PAC in narrowly fil-
tered signals, since cyclic variations of the
instantaneous gamma frequency outside the
filtered range will be associated with cyclic
amplitude variations. For a similar reason,
Hyafil (2015) further pointed out that varia-
tions in instantaneous frequency may be mis-
taken as AAC.

5. Phase slips and frequency spikes: Instanta-
neous frequency is estimated as the first deriv-
ative of the phase time series. Fast signal
perturbations may cause “jumps” in the phase
time series, the so-called “phase slips”
(Hurtado et al. 2004). Such events produce
large deviations of the instantaneous frequency
(“frequency spikes”), much above or below the
filtered frequency range (it may even assume
negative values), even though the frequency of
the rhythm may not change on a larger time-
scale (see Fig. 1A for an actual example). Of
note, phase slips and frequency spikes are also
common in aperiodic or noisy signals. Abun-
dant phase slips may thus bias the assessment
of frequency coupling. One method to over-
come this issue is to detect the associated fre-
quency spikes and smooth them out (Hurtado
et al. 2004).
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Ideally, the investigated oscillations (i.e., theta
and gamma) should exist in the analyzed signal, as
inferred by peaks in the power frequency spec-
trum. As a rule of thumb, CFC estimates are most
“trustable”when one can observe such interaction
by visual inspection of raw (unfiltered) signals.
Theta- and gamma-filtered signals can be plotted
along with the unfiltered signal to facilitate such
inspection.

Statistical Assessment
Statistical analyses may be used to infer if CFC
exists (i.e., beyond chance levels) or to compare
CFC strength among different groups (e.g., differ-
ent manipulations, cognitive states, frequency
pairs, or brain regions). While the latter can be
performed with standard statistical tests, the for-
mer usually requires the construction of surrogate
distributions of coupling strength. As a general
rule, a good surrogate method should preserve
data continuity and spectral properties, as well as
it should use the same epoch length as the original
data (Scheffer-Teixeira and Tort 2016). A typical
surrogate procedure is to analyze theta and
gamma time series not matched in time. The exis-
tence of theta-gamma coupling is then assessed by
comparing the actual CFC metric with the chance
distribution of surrogate values.

On the Choice of the CFC Metric
As summarized above, several CFC metrics were
proposed to quantify the presence or absence of
interacting brain oscillations. However, the reper-
toire of metrics may lead to confusion when
choosing one of them, which motivated some
comparative studies (e.g., Penny et al. 2008; Tort
et al. 2010; Onslow et al. 2011). As a starting
point, one can assume that a good metric should
present (1) unbiased estimators, (2) tolerance to
noise, and (3) strength representation (i.e., differ-
ent coupling levels are separately represented by
the metric). Regarding these characteristics, we
make the following observations:

(1) Vinck et al. (2010) showed that the metrics
based on vector addition, such as MVL, PLV,
and coherence, are positively biased for
shorter epochs. (Although Vinck et al. have

originally referred to phase synchrony metrics
devised for oscillations of the same frequency,
these metrics were eventually adapted to mea-
sure PAC and inherited the same caveats.)
This is because – in the absence of coupling –
a large enough number of vectors should be
sampled to produce a null resultant vector.
But we note that the positive bias for short
epochs is not unique to these metrics. In gen-
eral, to confidently assess PAC, one needs to
analyze enough cycles to infer whether con-
sistent variations of the gamma amplitude
exist within theta cycles. In practice, the
instantaneous gamma amplitude is never con-
stant within the time window of a theta cycle
(~125 ms), and hence, a phase-amplitude dis-
tribution computed using a single theta cycle
will never be uniform. Therefore, the presence
of nonuniform phase-amplitude distributions
should be interpreted with caution for short
time epochs and, most importantly, must be
compared with chance distributions (c.f., last
section above). While we cannot advocate a
minimal epoch length for CFC analysis due to
the great variability of brain signals, metrics,
and research settings, we recommend always
to perform internal checks using real and sim-
ulated data, such as to assess metric conver-
gence as a function of the analyzed epoch
length and chance distributions (Tort et al.
2010; Scheffer-Teixeira and Tort 2016).

(2) The addition of noise to phase-amplitude
coupled signals may differentially affect
some PAC metrics. Tort et al. (2010) found
that PLV, ESC, GLM, and coherence are neg-
atively affected by noise, which leads them to
underestimate PAC strength. On the other
hand, the ratio-based metrics, MI and MVL,
are more tolerant to noise, while the amplitude
PSD overestimates PAC strength with higher
noise levels. This occurs because the added
noise increases power in all frequency bands.

(3) Some measures may better track “coupling
consistency” across cycles, defined as the pro-
portion of theta cycles in which gamma
appears modulated by theta, but are less sen-
sitive to “coupling strength,” defined as the
magnitude of the amplitude modulation
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within theta cycles (Tort et al. 2010). For
instance, PLV and coherence both are based
on the phase transformation of the gamma
amplitude. Because of that, the amplitude
modulations will be treated as cycles with
phases varying from 0� to 360�, irrespective
of the magnitude (e.g., an amplitude variation
of � 10% or � 50% from the mean may lead
to similar phase time series). Correlation-
based indexes, such as GLM and ESC, also
do not represent the coupling strength well,
but for a different reason: the presence of
higher modulations shifts the regression
slope or the Y-intercept, but does not neces-
sarily change the correlation/regression coef-
ficient (Tort et al. 2010). Finally, by design,
some PAC metrics such as the MVL and the
amplitude PSD take into account the absolute
amplitude of gamma and will thus also
depend on gamma power irrespective of the
“relative” coupling strength, as defined by the
percentage of change from the mean ampli-
tude (Tort et al. 2010).

Of note, some may also be interested that the
metric is capable of detecting multimodal cou-
pling (e.g., when gamma amplitude has two max-
ima within a theta cycle). By their definitions, the
MI and the mutual information would be better
suited in these cases (Tort et al. 2010).

Despite these particularities, it should be noted
that hippocampal theta-gamma PAC is usually a
phenomenon robust enough to be detected by any
of the metrics. Ultimately, one should choose a
metric whose advantages and limitations are well
understood, and also bear in mind that the very
definition of CFC will depend on this choice. In
this sense, since it is presently unclear whether the
assessment of “coupling consistency” or “cou-
pling strength” (c.f. definitions above) would be
cognitively more relevant, we cannot point to a
single PAC metric as the best one.

Lastly, we note that PPC has received less
attention regarding comparative studies among
metrics. Shannon entropy, conditional probability,
and mutual information-based indexes are not as
widely used as the mean radial distance. The mean
radial distance, however, is based on vector

addition and is thus a positively biased estimator
(small epochs result in higher values). Recently,
Scheffer-Teixeira and Tort (2016) showed com-
putationally that Vinck’s pairwise phase consis-
tency could be adapted and used as an unbiased
index for PPC.

Novel CFC Metrics
The study of cross-frequency interactions is an
active field of research, which involves scientists
working at different levels, brain regions, species,
and brain signals (e.g., EEG, ECOG, LFP, MEG).
CFC has also been described outside the brain,
such as in the gut (Huizinga et al. 2014), and also
in non-biological fields such as atmospheric
dynamics (Paluš 2014). As an active field, new
CFC metrics are continuously being elaborated;
there are certainly far more CFC metrics than the
ones summarized in this chapter. Important
advances include metrics designed to infer cou-
pling directionality (Paluš 2014; Jiang et al. 2015;
Li et al. 2016), to improve time-resolution
(Voytek et al. 2013; Dvorak and Fenton 2014;
Samiee and Baillet 2017), to provide confidence
intervals and higher statistical rigor (Kramer and
Eden 2013; van Wijk et al. 2015), to avoid stan-
dard filters by using autoregressive models (Tour
et al. 2017) or empirical mode decomposition
(Pittman-Polletta et al. 2014), and to cope with
multiple channel data and spatial filtering (Cohen
2017).
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