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1

Introduction

General anaesthesia causes unresponsiveness and amnesia and is therefore
used to suppress patient consciousness during surgery. While anaesthesia has
for a long time served its purpose as a surgical aid, the mechanism by which
anaesthetics induce unconsiousness remains incompletely understood. However, as our knowledge of the brain increases and our research methods develop, the mystery of anaesthesia is slowly unraveling. This could bring us
closer to an understanding of why we experience the unique and seemingly
inexplicable sensation that we call consciousness.
Neuronal ensembles oscillate at distinct frequencies. These oscillations are
thought to reflect various brain processes at different timescales. Oscillations
have been recorded from the level of local field potentials (LFP) in groups
of tens of thousands of neurons to the whole-brain level of the electroencephalogram (EEG). It is generally assumed that oscillations reflect processes
that have significant roles in the functioning of the brain. These processes
are also likely to interact among themselves, which could be manifested as
cross-frequency coupling (CFC) between the oscillations.
CFC means that different frequencies influence each other. This has been
proposed [1] as a potential mechanism to transmit information across spatial
and temporal scales in the brain. CFC would therefore link together the fast
local processing in specialised brain regions and slower integration between
the regions [2].
How different frequencies could communicate is still open. One proposed
mechanism is phase-amplitude coupling (PAC), in which the phase of low
frequency oscillations modulates the amplitude of high frequency oscillations.
This type of CFC has already been observed in tasks requiring attentional
control [3]. PAC is also present in the inactive brain - there is even evidence
[1] that the brain’s resting-state networks (RSN) may emerge as a consequence
of PAC. PAC could therefore play a role in the integration of information in
the cortex.
As anaesthetics reduce integration of information in the cortex [4], PAC
could be affected if it in fact does act as a mediator of cortical integration. The
1

aim of this thesis is to find new information about how the loss of consciousness affects PAC using the method described by Tort and others [5]. Special
attention is paid to avoid the common pitfalls of PAC analysis, following the
recommendations by Vicente and others [6].

2

2

Theoretical background

2.1

Anaesthesia and unconsciousness

Anaesthesia is performed routinely every day in hospitals around the world,
but the mechanisms by which it works are poorly understood. However, anaesthetics are known to act by targeting the central nervous system (CNS).
Therefore changes in the CNS are bound to happen, when an anaesthetic
drug causes a patient to drift from the conscious to the unconscious state.1
Constant progress in our ability to measure neuronal signals is now bringing
us closer to an understanding of what exactly these changes are.
As it turns out, there seems to be no simple answer. At the cellular level,
anaesthetics seem to work by potentiation and inhibition of ion channels,
thereby causing increased or decreased synaptic transmission [4]. However,
different anaesthetic substances have different effects on the synapses: they
act on different types of ion channels and at different functional regions in
the brain. Despite this variance in cellular level actions, a sufficient dose of
any of these substances will yield the same result: loss of consciousness. This
suggests that cellular level actions alone cannot explain how consciousness is
switched off. In order to find a common mechanism, we need to zoom out to
a different scale.
Neuroimaging has been used extensively in studying large-scale actions of
anaesthesia. Anaesthetics produce signature EEG patterns that vary according to the depth of anaesthesia. Typically, general anaesthesia is characterised
by a shift from high-frequency, low-amplitude rhythms to low-frequency, highamplitude rhythms2 .
Based on functional magnetic resonance imaging (fMRI) studies, uncon1

In clinical context, anaesthetics are administered until the patient is rendered unresponsive. From time to time the patient can remain conscious, despite being unable to
respond due to paralysis. Further understanding of consciousness would help in reducing
the possibility of this intraoperative awareness.
2
Based on the knowledge of these changes, different anaesthesia monitors building on
EEG have been developed [7], but the performance of these monitors still has a lot of room
for improvement

3

sciousness seems to co-occur with reduced cortical connectivity. Schröter et al.
[8] showed that connectivity within primary sensory cortices is unchanged by
propofol anaesthesia, while long-range connections are significantly weakened.
Furthermore, anaesthesia can alter the structure of the brain’s communication
networks. Jordan et al. showed that propofol reduces fMRI functional connectivity in the default mode network (DMN) while increasing connectivity in
primary sensory networks [9]. Similarly, reduced connectivity in the DMN has
been detected during sevoflurane anaesthesia [10]. These results imply that
consciousness could arise as a result of strongly connected long-range network
activity. This is also the implication of the Information Integration Theory
(IIT) by Tononi [11]. According to the theory, consciousness requires the brain
to be able to integrate a large amount of information. Long-range connectivity
increases this integration ability, which means that the experimental results
are well aligned with the theory.
Because of its status as one of the most important anaesthetic agents,
its rapid induction and recovery times and its wide use in previous research,
propofol (2,6-di-isopropyl-phenol) was used in the measurements that this
project addresses. Propofol is an intravenous anaesthetic agent commonly
used to induce loss of consciousness in general anaesthesia. In surgery, it can
be combined with analgesics and, if longer duration of unconsciousness is
needed, an inhaled anaesthetic.
At the cellular level, propofol has been proposed to primarily act by potentiation of GABAA receptors in the brain [4]. The large-scale effects of
propofol-induced loss of consciousness (PI-LOC) have been studied in humans with different neuroimaging methods including fMRI [8, 9], EEG [9, 12]
and invasive electrocorticography (ECoG) [13].
Propofol has well documented effects on neuronal oscillations. These findings are described in more detail in section 2.3. The study of neuronal oscillations and electrophysiology in general requires the recording of electrical
activity at very fast timescales. This can be done directly from the cortex via
invasive measurements (ECoG) or outside the head using magnetoencephalography (MEG) or EEG. As invasive measurements are not feasible in humans
outside of the clinical context, EEG is most often the method of choice for
4

electrophysiology because of its greater availability compared to MEG. All
measurements referred to in this thesis use EEG. The next chapter describes
the method in detail.

2.2

Electroencephalography

Electroencephalography is the most commonly used imaging method to measure electrical activity in the brain, owing to its noninvasive nature, high
temporal resolution and relatively low cost. Although a lot of current brain
research is focused on fMRI, understanding the underlying electrophysiology
remains critical to the ultimate question of how the brain works. Because of
its ability to record data at a very fast rate, EEG enables the analysis of neural oscillations which are known to have important functions in information
processing in the brain.
The EEG device consists of small metallic electrodes placed on the scalp
at standardised positions, typically held in place by a cap. The electrodes pick
up voltage differences with respect to a common reference, which can be one
of the electrodes. Because of its simplicity, the measurement system is very
affordable compared to other methods such as MEG of MRI. Furthermore,
EEG can be combined with these other methods to perform simultaneous
data acquisition.
Although the EEG signal is a direct measure of electrical activity in the
brain, it is by no means a direct measure of what goes on in individual neurons.
EEG measures voltage differences between an electrode and a reference. The
creation of a measurable voltage requires simultaneous activation of a large
population of neurons. Additionally, only certain types of electrical activity
produce signal in the EEG.
Within a single neuron, information is propagated as rapid voltage changes
in the cellular membrane known as action potentials or nerve impulses. In order for the action potential to propagate in only one direction, the ion channels
responsible for the voltage change quickly undergo a refractory period after
they are activated. This causes the voltages to rapidly cancel out as the action potential proceeds. Thus the duration of the electric dipoles caused by

5

an action potential is only around 1 millisecond. Due to the short duration,
they do not summate into a macroscopic electric field that could be seen by
the EEG.
Action potentials are triggered by postsynaptic potentials (PSP), which
are in turn caused by a flow of ions between the synapse and the cell. This
ionic flow can create electric dipoles that can last tens of milliseconds [14].
However, these dipoles are still very weak so a measurable signal requires
the simultaneous activation of many parallelly aligned neurons in order for
the potentials to sum up to an EEG signal. This type of activity typically
takes place in populations of pyramidal cells in the cortex, since these cells
are arranged in a parallel fashion.
Measurement of electric fields outside the brain does not directly point
out where those fields were created. The so called inverse problem of identifying sources from an exterior field distribution has no exact solution, which
inevitably causes source location in EEG to be approximate. Furthermore,
the electric fields are heavily distorted by the skull and the scalp as well as
artifacts generated in other tissues or in the measuring equipment. These
obstacles lead to poor spatial resolution and signal-to-noise ratio in the EEG.
Human EEG measurements were first reported by the German psychiatrist
Hans Berger in 1929 [15]. In Berger’s results, the most prominent features of
the EEG were two types of waves with constant frequencies: the ’alpha’ and
’beta’ oscillations. Since then, several other oscillatory rhythms have been discovered and many hypotheses have emerged about their function. However,
to this day no conclusive explanation exists to why oscillations dominate the
EEG and what their function is. The next chapter discusses the current theories of oscillation-based neuronal communication.

2.3

Oscillations and neuronal communication

Considering that electrical activity in the brain mostly consists of oscillatory
waveforms, it seems that these oscillations must play a major role in the functioning of the brain. The finding that individual neurons exhibit oscillatory
properties [16] suggests that macroscopic oscillations could facilitate commu-
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nication between neurons. Buzsáki suggests [14] that oscillatory synchrony
between neurons is energetically the most efficient way of coordinating their
activities. In this framework, oscillations would arise when neurons fluctuate their membrane potential, allowing energetically economical spiking when
the potential is close to the spiking threshold. The oscillations would automatically synchronise themselves through feedback connections between the
neurons, thereby producing macroscopic oscillatory activity.
Oscillatory frequencies ranging from below 0.1 Hz to above 100 Hz have
been measured in the brain [17]. Different frequencies can be simultaneously
present at same sites, but it seems that different frequencies operate at different spatial scales. Because of delays in action potential conductance, distant
neurons can only tune to the same oscillation if the frequency is low, allowing
for a longer time window compared to the conduction time. Therefore high frequencies are associated with smaller and low frequencies with larger spatial
scales. This is also evidenced by the fact that at long distances, slow frequencies synchronise themselves more strongly than high frequencies [18]. To
our current understanding, local information processing in specialised cortical
regions is operated at frequencies between 20 and 70 Hz [19], while lower frequencies such as the alpha band (∼8-12 Hz) are associated with long-distance
connections (global networks could act as bandpass filters in the alpha range)
[20].
The effects of propofol on neuronal oscillations in different frequency ranges
have only recently become a topic of research [9, 12, 21, 22]. The oscillations in
the resting state, on the other hand, are well documented ever since Berger’s
original EEG studies [15]. When a person is lying awake, resting with eyes
closed, the alpha band (∼8-12 Hz) is the dominant oscillatory rhythm and is
most pronounced in the occipital areas of the brain. During propofol anaesthesia, this occipital alpha rhythm has been shown to disappear, while a
strong frontal alpha rhythm emerges in a process called anteriorisation [12].
The strong frontal alpha rhythm is suggested to originate in corticothalamic
loops, where propofol enhances connections through potentiation of GABAA
receptors. Computational models [23, 24, 25] support this idea. In addition to
the anteriorisation of the alpha rhythm, increased global low-frequency (<1
7

Hz) power [12] as well as suppressed gamma band (∼25-50 Hz) power [26]
have been observed.
EEG oscillations are classically divided into well-defined frequency bands.
However, peak frequencies and bandwidths of the oscillations typically vary
greatly between subjects and even between different measurements of the same
subject. This should be taken into account when analysing oscillatory activity
by looking at the power spectra of the signal to identify which oscillations are
in fact present and at which exact frequencies.

2.4

Phase-amplitude coupling

The previous section presented the idea that fast local computing in the brain
is operated by high frequency oscillations, while low frequency rhythms can
extend across different functional areas. This implies that integration of information into perceptual or cognitive experiences requires communication
between the processes that the different frequencies reflect. One frequency exerting a directed influence on another is called cross-frequency coupling. How
exactly frequencies influence each other is unclear, but different mechanisms
have been proposed. One important mechanism is phase-amplitude coupling,
which has been shown to correlate with the detection of sensory input [3] as
well as internal cognitive performance [27].
PAC is a mechanism in which a low-frequency oscillation (typically <12
Hz) changes the strength of a higher-frequency oscillation according to its
phase. Figure 1 demonstrates what a phase-amplitude coupled oscillation
might look like. It has been proposed that the phase of a low-frequency oscillation reflects local neuronal excitability, while the high-frequency amplitude
depends on population-level synaptic activity [18]. In experiments, both external stimuli [28] and internal brain processes [29] have been shown to influence
the slow frequency phase. Since low-frequency phase can be entrained, local
computations operating at high frequencies could therefore be connected to
systemic processes through interaction with the low frequency phase.
PAC has been shown to change during cognitive tasks and sensory detec-
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Figure 1: An example of phase-amplitude coupling. The amplitude of a fast oscillation is
cyclically modulated by the phase of the slow oscillation: in this case, largest high frequency
amplitudes occur at the peak of the low frequency oscillation.

tion, but it might additionally play a role in the emergence of consciousness.
PAC has been observed to undergo changes during general anaesthesia [13]
and has even been suggested to contribute to the emergence of the brain’s
resting-state networks [1]. If cortical integration is in fact its purpose, PAC
could be essential to consciousness.

2.5

Phase synchronisation

In section 2.3, oscillatory synchrony was suggested to be the most efficient
way for neurons to communicate. When two sources oscillate with the same
frequency and a constant phase relationship, their phases are synchronised.
Synchronisation at a specific frequency between two brain regions is taken to
imply a functional connection between these areas. Therefore, the idea that
PAC links local processing with global network activity would require the low
frequency components defining the modulating frequency to exhibit phase
synchronisation at a large scale.
Following this reasoning, Florin and Baillet combine phase-amplitude coupling with phase synchronisation in their Synchronised Gating (SG) model
for neuronal communication [1]. They hypothesise that synchronised lowfrequency phases provide a gating mechanism, through which bursts of lo-

9

cal (phase-modulated) high-frequency activity can be generated at a specific
phase of the global low-frequency rhythm. According to the theory, two separate brain regions could therefore communicate optimally only if their low
frequency phases are synchronised while modulating local high frequency amplitudes in the same way.
In this project, phase synchronisation analysis is performed to better understand the changes in brain activity during anaesthesia and to support
inferences from the analysis of PAC.

10

3
3.1

Methods
Study design

In this thesis I analyse data measured in 2007 at the Klinikum Rechts der
Isar der TU München in Munich, Germany and provided by Dr. Denis Jordan
of the Department of Anesthesiology. The study was approved by the local
ethics committee. In the measurements, 15 male subjects (ages 20-34, mean
age 25.7) were anaesthetised with propofol. The drug was administered until
unresponsiveness was reached and the corresponding anaesthetic volume was
maintained for a period of five minutes before recovery was allowed. This
means that the level of anaesthesia was very low compared to surgical use
and the subjects could still be woken up.
Approximately 5-minute sessions of 29-channel EEG (figure 2 displays
electrode locations) were measured from all subjects during both the awake
state and PI-LOC with respect to an FCz reference at a sampling rate of 1
kHz. Analyses were conducted using Matlab [30] and the Fieldtrip toolbox
[31]. EEG recordings were analysed at the sensor level because of the difficulties and resolution limitations associated with source localisation. This sets
some constraints on the interpretation of where activations take place, since a
voltage at an EEG sensor does not directly imply that it is created by a cortical source at the same site. The next subsections describe the data analysis
methods used in this thesis.

3.2

Data preprocessing

The EEG signal reflects not only the electrical activity of the brain, but
also other physiological activities such as the heart rate, eye movements and
muscle activity of the scalp, which can often cause voltages that are orders of
magnitude stronger than neural signals but uninteresting to the neuroscientist.
These activities can be partially monitored and therefore accounted for, but
some artifacts always remain. In addition, electric fields produced by currents
in nearby electronic devices and power lines interfere with the signal. Effective
artifact removal is therefore essential before proceeding to further analyses.
11
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P4
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Figure 2: EEG channel locations. Electrode names reflect the regions they are located
above (F=frontal, O=occipital etc.) Odd numbered electrodes are above the left hemisphere, even numbered above the right one.

EEG potentials are measured with respect to a certain reference, which can
be chosen to be any electrode. In this project, the data were initially measured
with a fronto-central electrode (FCz) reference, but then re-referenced to the
average over all electrodes. This practice has the advantage that possible
artifacts in the reference electrode will not be propagated to other electrodes
[32].
The first step in artifact rejection is visual inspection of the raw data.
The data I used was judged to be of good quality in terms of artifacts. A
fortunate consequence of studying resting state activity is that some major
artifacts such as eye blinks, and to some extent muscle artifacts, are reduced in
comparison to more active task measurements. As expected, the anaesthetised
state recordings contained fewer artifacts than the awake state recordings, in
which subject movements are more likely to occur.
Visual inspection of the time series revealed waveforms known to be physiological artifacts in one subject in the awake state, sustained over the whole
time series in several channels. This subject was omitted from subsequent
analyses. An automated rejection of segments containing abnormal amplitude
12

values was then performed on the remaining subjects. Abnormal amplitudes
were defined as absolute values exceeding 75 µV in the awake state and 125
µV in the anaesthetised state, as well as values deviating from the mean over
the whole time series by more than 5 standard deviations. A segment of 500
milliseconds was rejected on both sides of each removed artifact to make sure
the artifact was disposed of as well as possible. Because of the large quantity
and the relatively good quality of the data, artifact rejection caused no significant loss of information (less than 2% removed in the awake state and less
than 1% in the anaesthetised state).
Furthermore, frequency spectra were inspected for power line artifacts.
Every subject showed at least some narrowband interference peaks located
around 50 Hz and 52 Hz. These peaks were fortunately at constant frequencies
and were successfully filtered out using third order Butterworth bandstop
filters at bandwidths of 0.2 Hz and 0.04 Hz, respectively.
Among the more sophisticated artifact rejection methods is independent
component analysis (ICA). This method transforms the multichannel EEG
signal from signal space to an independent source component space. Some
of the components can then be identified as artifactual. The disadvantage of
ICA-based artifact rejection is that it is time-consuming and the identification
of artifacts is challenging even for an expert user.
To assess the performance of the used artifact rejection, ICA was additionally performed for two subjects. In the awake state, some components were
rejected but this had little to no effect on the end results. In the anaesthetised
state, no artifactual components could be identified. This confirmed that the
segment rejection method previously described was sufficient for the present
data.

3.3

Spectral analysis

As mentioned in chapter 2.1, anaesthesia causes power spectral changes in
the EEG signals. This means that the frequency content of the signal changes
as oscillation-related processes change. To study these effects, and further to
select the frequency bands to use in PAC analysis (see chapter 3.4), power
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Figure 3: Power spectral analysis identifies how strongly different frequencies are present
in the data.

spectral analysis was performed. Additionally, identification of power line artifacts required spectral estimation as well.
Power spectral estimation means transforming the signal into the frequency domain to identify how strongly different frequencies are present in
the variation of the time series. If oscillatory components of constant frequency are present, they can be identified as peaks in the power spectrum.
To compute the power spectra, I used the multitaper method implemented
in the Fieldtrip [31] toolbox. In this method, the time series are first cut into
non-overlapping windows, or tapers, of 5 seconds and the Fast Fourier Transform (FFT function in Matlab) is computed in each window, transforming
the signal from time domain into frequency domain. A window length of 5
seconds leads to a frequency resolution of 0.2 Hz. Finally, power spectra for
the entire time series are estimated as the average spectra over all tapers. To
identify oscillatory components, signal power was plotted against frequency
as figure 3 demonstrates.
EEG power spectra typically exhibit 1/f behaviour, meaning that there is
a general decrease in power as a function of frequency. However, usually different oscillations can be identified as visible peaks in the spectra. Subsection
4.1 describes the empirical selection of frequency bands for PAC computation.
Furthermore, power spectral analysis is used in subsection 5.2 to visualise the
distribution of oscillatory power. In this section, total band power is defined
as the magnitude of the FFT squared.
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3.4

Estimation of instantaneous phase and amplitude

Computation of phase-amplitude coupling requires the signal to be divided
into a modulating, low-frequency component and a modulated, high-frequency
component. Desired frequencies are first separated using a third order Butterworth bandpass filter. In literature, a priori selected ’physiological’ bands
(e.g. alpha, beta) are often used. This, however, is not always justified because
the physiological bands have intersubject variance and are in fact rarely all
present simultaneously—power spectral analysis proves this to be the case in
the present data as well. The recommendations of Vicente et al. [6] regarding
the quality of the analysis are followed in this part. Notably, the low frequency component used for phase estimation is selected so that it contains a
peak in the power spectrum - this means that a real oscillatory component in
this frequency range exists. The bandwidth of the low frequency component
should be narrow enough to enable meaningful estimation of the phase but
wide enough to contain the inevitable variation in the oscillation.
For the high frequency component defining the amplitude, the bandwidth
should be chosen wide enough to include all components in the signal produced
due to the modulation by the low frequency component. The importance of
this is demonstrated by Vicente et al. [6]:
Following Vicente’s line of reasoning, let us call the low frequency component f1 and the high frequency component f2 . Theoretically, an oscillatory
signal x(t) containing a low frequency component and a high frequency component modulated by it, can be represented as
x(t) = sin(2πf1 t) + (1+cos(2πf1 t))sin(2πf2 t).

(1)

This signal has an alternative but fully equivalent representation

x(t) = sin(2πf1 t) + sin(2πf2 t) + sin(2π(f2 −f1 )t) + sin(2π(f1 +f2 )t)

(2)

which gives a different interpretation to the coupling. Let us assume that the
signal is bandpass filtered around f2 to extract the high frequency component.
If the bandwidth of the filter is less than 2f1 , the filtered signal will only
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contain the second component in equation 2 as the third and fourth component
are left outside the passband edges. As all information about the modulation
is contained in the third and fourth components of the equation, filtering out
these components would therefore remove all coupling and result in a false
negative. To avoid this pitfall, the high frequency component should always
be filtered with a bandwidth greater than 2f1 . I confirm the validity of this
assumption in section 4.1.
Previous research has found phase-amplitude coupling between various
frequency bands, for example theta to gamma [18] and alpha to gamma [33].
To make a justifiable decision on which frequency bands to use in this thesis, power spectra were investigated and bands of interest defined for each
subject separately. This allowed for a measurement of coupling with a clear
physiological interpretation.
The next step in estimating phase-amplitude coupling is the extraction
of instantaneous phase and amplitude time series from the bandpass filtered
data. The present thesis uses the Hilbert transform [34]
1
H(s(t)) = P.V.
π

Z

∞

−∞

s(t)
dτ
t−τ

(3)

where s is the original signal and P.V. denotes the Cauchy principal value,
which has to be used to assign a value to the otherwise improper integral.
Hilbert transform defines the (complex) analytical signal of the raw data,
from which phase and amplitude can then be estimated as the argument and
the absolute value, respectively:
φ(t) = arg[s(t) + i · H(s(t)]

(4)

A(t) = |s(t) + i · H(s(t)|.

(5)

This procedure therefore tranforms the raw time series into two new time
series for the phase and amplitude with an unchanged sampling rate. The
process is illustrated in figure 4.
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Figure 4: Pipeline of the analysis. Preprocessed EEG data is filtered into its frequency
components. Phase and amplitude are then estimated using the Hilbert transform and PAC
is estimated between these two time series.

3.5

Measures of phase-amplitude coupling

As a measure of phase-amplitude coupling, the modulation index (MI) [5]
is computed. In computing MI, the phase time series of the low frequency
oscillation is divided by phase value into bins of equal size (in this study N=20
is used). This results in a roughly constant number of time points for each
bin as the values of phase vary between −π and +π. The amplitude values
taken at the corresponding time points are then averaged over each phase bin
and these values plotted as a modulation histogram. This is demonstrated in
figure 5.
The histogram method yields a distribution P (j) of average amplitude
values at each bin j. By definition, phase and amplitude are coupled if certain
values of phase co-occur with certain values of amplitude (in an average sense).
This means that the distribution differs from a uniform distribution, as in
figure 5. MI uses the Kullback-Leibler divergence [35] to quantify the deviation
from a uniform distribution:
17

mean amplitude value (normalized)

0.07

0.06

0.05

0.04

0.03
−π

−π/2

π/2

π

phase angle (rad)

Figure 5: Modulation histogram of average amplitude values at each phase bin. Values
are normalised to sum up to one. Large deviation from a uniform distribution (red line)
implies strong phase-amplitude-coupling.
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(6)

where P (j) is the amplitude distribution and Q(j) is the uniform distribution.
The MI is then normalised by dividing by the logarithm of the number of phase
bins N :
MI =

DKullback−Leibler
log(N )

(7)

After this step, the values of MI vary between 0 (for a uniform distribution)
and 1 (for the entire amplitude concentrated in one phase bin). Since the
modulation index has a value of 0 only if the distribution is exactly uniform,
the index will have nonzero values even when there is no true coupling but
rather just noise. True coupling can be distinguished from this spurious one
by means of surrogate statistics (see subsection 3.7).
Plotting the modulation histograms as in figure 5 allows for a more detailed
investigation of phase-amplitude coupling than the simple MI measure. The
shape of the distribution reveals at which modulating frequency phase the
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amplitude distribution reaches its peak, i.e. at which phase value the high
frequency oscillation exhibits largest amplitudes. I call this value the preferred
phase, and it has a corresponding preferred phase bin npref :
npref = jmax

such that

P (jmax ) = max[P (j)],
j

(8)

where npref corresponds to one phase bin between -π and π. Since the mechanisms of PAC are not yet well understood, it is unclear what phase angles
should co-occur with high amplitudes. However, there are results suggesting
that the preferred phase should occur either at the peak or at the trough of
the slow frequency oscillation [36].

3.6

Phase lag index

When two neuronal sources oscillate at the same frequency while maintaining a constant phase angle, their phases are said to be synchronised. In this
project, synchronisation of alpha activity is of interest, since synchronisation
is assumed to coordinate the exchange of information.
In EEG, phase synchronisation can be computed between different electrodes. The results of this type of analysis have to be interpreted with caution, because two adjacent electrodes could be receiving signal largely from
the same source and the synchronisation between electrodes would therefore
not contain much information about the underlying source. Between two EEG
channels i and j, the Phase Lag Index (PLI) used in [37] was applied for the
alpha phase series defined by Hilbert transform:
PLIij = |hsign(∆φt )i| ,

(9)

where ∆φt is the phase difference between the two channels i and j, sign is the
signum function that gets the value of −1 when the difference is negative and
the value of +1 when the difference is positive, and the angle brackets denote
average over all time points t. Since PLI is defined as the absolute value of the
average, it gets values between 0 and 1, with larger values denoting stronger
synchrony.
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For each subject, values of PLI in the alpha range were computed between
all channel pairs to find synchronisation patterns across the electrodes.

3.7

Statistics

When computing modulation indices, spurious coupling may arise from random fluctuations. To account for this, it is useful to create a null distribution
to compare the results to. This is done by creating a large number (often hundreds) of surrogate time series derived from the original data and computing
the corresponding modulation indices for these surrogate series.
EEG data are in general nonstationary, which means their statistical properties change with time. This can be caused, for example, by sensory input
or changes in physiological state. Nonstationary processes have the property
of exhibiting spectral correlations between the components of their Fourier
expansions [38]. These include periodic and unspecific correlations. Periodic
correlations are cyclic variations in time with the periodicity of a slow frequency oscillation - actual cross-frequency interactions. Unspecific interactions, on the other hand, are any nonstationarities not caused by interaction
between frequencies. This can be caused by any input (e.g. an artifact) simultaneously affecting different frequencies of the same signal and may be
falsely interpreted as cross-frequency coupling. To account for this, surrogate
statistics shoud aim to break cyclic nonstationarities but preserve unspecific
nonstationarities in the signal [6].
Often the surrogate time series are produced by simply randomly shuffling
the original time series [5, 39]. This approach preserves the original amplitude
distribution but renders the signal stationary. Since the effect of unspecific
nonstationarities should be included in the surrogate analysis, this may lead
to overexaggerations of statistical significance. To better account for the nonstationarities, the Iterative Amplitude Adjusted Fourier Transform (IAAFT)
[40] surrogate method is used in this project. This method attempts to create
new time series while preserving not only the amplitude distribution, but also
the linear structure (and therefore the power spectrum) of the original time
series. The approach starts by shuffling the original data. The power spectrum
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of this newly acquired time series is then replaced by that of the original data.
Next, the amplitude distribution is adjusted to that of the original process.
This sequence is repeated until the surrogate series reaches a form sufficiently
close to that of the original time series. Computing PAC for the IAAFT-based
surrogate time series then allows making a reasonably realistic estimation of
statistical significance.
Using surrogate statistics can be a very time-consuming process. In this
project I compute 100 surrogate time series per each subject and channel. A
null distribution is then created by computing MI values for each surrogate
series. The original value can be compared to this in order to assess statistical
significance: coupling is significant if the MI value is greater than a proportion
of the null distribution defined by the p-value. 100 surrogate time series are
sufficient for the determination of statistical significance at the p-value of 0.01.
In addition to surrogate statistics, group statistics are used in several parts
of section 5 to determine significant differences between the two conditions
at group level. To this end, Student’s paired-sample t-tests were performed
between the conditions, either at each electrode or for the average across
electrodes, depending on the case. Based on the t-test, significance levels could
be assigned for each case separately.
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4

Empirically derived parameters

Two parameters of PAC computation had to be derived empirically to adapt
the methods to best serve the data. Frequency components for phase and amplitude were manually selected based on the results of power spectral analysis.
A sufficient time window length was estimated by computing MI at various
window lengths.

4.1

Selection of the PAC frequency bands

To obtain PAC results with a meaningful interpretation, the frequency bands
involved should be selected with care by investigating the power spectra.
Correct selection of the frequency bands was described in subsection 3.4.
The power spectra in the present data contained clear alpha peaks in
both the awake and anaesthetised states, while other peaks were almost completely absent. For this reason, the alpha band was selected to serve as the
low-frequency component in the analysis of phase-amplitude coupling. Alpha
peak locations showed intersubject differences as well as differences between
the states of consciousness, but were rather constant across all electrodes.
Therefore a single alpha band was selected per subject and condition. The
bands were selected manually, choosing the frequencies that stood out from
the rest of the spectrum as in figure 6. This might naturally introduce some
human error in the analysis, but the peaks were generally easy to define as
they were mostly very prominent with respect to the rest of the spectrum.
The spectra in the awake state showed mostly strong alpha rhythms that
had clearest peaks in the occipital electrodes. These alpha oscillations are well
known and are exactly what was expected from resting state data. However,
the prominence of the peaks varied greatly between subjects, and for some the
alpha peaks were barely noticeable. One of the 14 subjects analysed showed
no alpha peak in any of the channels, and this subject was omitted from
subsequent analyses. Five further subjects showed weak alpha activity, but
the bands could still be identified. The mean alpha peak frequency (defined
as the central value of the selected band) across subjects in the awake state
was 10.00 Hz (standard deviation 1.25 Hz) and mean bandwidth 3.25 Hz (1.04
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Figure 6: Top: Manual selection of the modulating frequency band based on the power
spectral profile. Selecting the modulating frequency according to the spectrum allows for
a meaningful interpretation of the phase. Bottom: Spectra across four channels selected
from different scalp regions. The frequency of the power peak remains constant across the
cortex.
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Figure 7: Selected alpha bands for all subjects. Bars signify the selected bands, while the
line follows the central values of the bands. During anaesthesia, a shift of the power peak
to higher frequencies is evident. Subject 9 showed no peak in the awake state and was
therefore omitted from further analyses.

Hz).
During PI-LOC, alpha peaks emerged that were particularly strong in
the frontal electrodes. Such oscillations have also been demonstrated before
during propofol anaesthesia [25]. There was less variance between subjects,
with every subject showing strongly visible peaks. The mean peak frequency
across subjects was shifted to 12.03 Hz (0.69 Hz), with a mean bandwidth of
4.07 Hz (0.70 Hz).
The consistent shift in the alpha peak position towards higher frequencies
in anaesthesia is evident from figure 7, which shows the variation in the alpha
peaks between subjects during propofol anaesthesia and the awake state.
The selection of alpha as the low frequency component automatically sets
a constraint for the high frequency component: a bandwidth of at least 30
Hz is required, because the alpha peaks extended close to 15 Hz (see section
3.4). To fulfill this requirement, the gamma band was selected for amplitude
estimation. Due to a rapid decrease in signal power, no peak in the gamma
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range was detectable. Furthermore, the power decrease also leads to a decrease
in the information content in the signal as the proportion of noise increases.
For these reasons, a frequency band of 30-70 Hz (low gamma) was selected.
This selection also eliminates any spurious coupling due to the possible first
harmonics of the alpha band at frequencies below 30 Hz.
Osipova and others have shown [33] using MEG that occipital alpha (8-13
Hz) oscillations are coupled with gamma (30-70 Hz) in the awake state—this
result should be reproducible in my analysis. An interesting point regarding
Osipova’s results is that the coupling was found even though gamma oscillations were not distinguishable from the power spectra, which is also the case
in the present data.
To confirm the assumption mentioned in section 3.4 that a wideband filtered amplitude must be used for PAC analyses, I computed MI values for
a representative subject at a 10 Hz bandwidth for amplitude (30-40, 40-50,
50-60 and 60-70 Hz). No PAC was detected for any of these bands, while the
combined 30-70 Hz band led to significant MI values. Therefore, the assumption seems to hold true.

4.2

Time window length

The modulation index can be estimated over the time series in shorter time
windows to evaluate the dynamics of this measure. Theoretically, MI can
be measured in time windows that match only one oscillatory cycle of the
modulating frequency. However, the effects of coupling are subtle and not
visible from single oscillations, instead only showing as an average effect over
time. Additionally, EEG signal has very limited signal to noise ratio which
can cause spurious coupling. Therefore a large number of low frequency cycles
is required for the averaging. Tort et al. found that more than 200 cycles are
required for robust results [5], whereas Dvorak has suggested a window length
of at least 10 seconds [39]. Because of these constraints, detection of transient
effects becomes very challenging. Additionally, very low frequencies cannot be
included in the analysis unless very long data sets are available.
To estimate the required window length, I computed MI values at different
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window lengths. Figure 8 displays the dependence of the modulation index
on window length for all electrodes in one subject. The MIs seem to converge
to their final values, which remain fairly stable for windows over 100 seconds
long. Meanwhile, shorter time windows led to higher MI values while the
modulation histograms become increasingly noisy. Analysing time windows
shorter than 100 seconds would therefore sacrifice the robustness of the results.
Additionally, as the measured data was only about 300 seconds long for each
subject, looking for dynamics in the coupling at 100 second windows would
not yield much new information. The dynamic approach was therefore omitted
in the main analyses and the whole time course analysed as one epoch.
Dynamic changes in PAC would, however, be an interesting topic for further research—perhaps with different methods and less noisy data, such as is
obtained from intracranial recordings. To look for signs of transient effects,
the modulation histograms were analysed for the results using a 10 second
window length and compared to the results over the entire time series. As
suspected, the resulting modulation histograms were more noisy and yielded
larger MI values than the long time window. For channels with strong phaseamplitude coupling the shape of the modulation histogram was more or less
preserved through time, which implies that the coupling does not consist of
transient components but is rather constant. Channels with weaker overall
coupling showed fluctuations in the shape of the histogram across time windows. However, there was no evidence that this would represent anything
more than noise.
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Figure 8: Dependence of MI on window length in all channels of one example subject in
the anaesthetised state. Blue graphs denote channels with statistically significant coupling
computed over the whole time course.
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5
5.1

Results
Distribution of phase-amplitude coupling

The previously selected alpha and gamma bands are suitable for PAC analysis
because a physiological interpretation can be attached to coupling between
these bands: the gamma frequency could operate as a local processing mechanism and the alpha frequency as a global coordinating rhythm (see chapter
2.4) while PAC, if found, would represent an integration between these two
scales.
Modulation indices were computed between the individually defined alpha
and the 30-70 Hz gamma bands at each electrode. Figure 10 shows MI values
for a representative subject. In the awake state, this subject shows comparably
strong occipital coupling. This corresponds to the occipital coupling reported
by Osipova et al. [33]. However, only 7 of the 13 subjects showed coupling
in the occipital electrodes. Four subjects exhibited coupling in temporal and
one subject in frontal electrodes. Only one subject presented no significant
coupling in any of the electrodes. In the group average, the occipital coupling
is visible but not very strong (figure 10).
During propofol anaesthesia, a strong phase-amplitude coupling emerged
at the frontal electrodes. This effect was observed in 11 out of the 13 analysed
subjects, and was localised at virtually the same electrodes for every subject.
The coupling found in anaesthesia seemed to have larger MI values than the
coupling found in the awake state, and a paired sample t-test showed the
average MI across electrodes to be significantly higher in the anaesthetised
state (at a significance level 0.05). Five of the subjects additionally showed
(somewhat weaker) coupling in the occipital electrodes. For the two subjects
that did not exhibit the frontal coupling, no coupling was detected in any
electrode.
PAC has been proposed to integrate information between local and global
processes. The occipital coupling in the awake state fits this idea. However, the
frontal coupling during anaesthesia does not seem to serve the same purpose,
since unconsciousness is presumably associated with decreased integration in
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the brain. It seems that either PAC has different roles in different states of
conciousness, or the previously suggested integrating role might not be its true
function. In either case, it will be necessary to look deeper into the changes
caused by anaesthesia.

5.2

Distribution of relative and absolute band power

The main purpose of the spectral analysis was to determine the components
for PAC analysis. This was done by manual selection of peaks in the power
spectra for each subject, as detailed in section 4.1. However, the spectral
changes across electrodes between the awake and anaesthetised states were
quite interesting in their own right.
As mentioned in subsection 4.1, alpha power seems to shift from the occipital to the frontal electrodes during anaesthesia. This difference between
the states is illustrated by figure 11. Since in the previous subsection similar
anteriorisation of PAC was detected, it is worth looking at the distribution of
band power at the level of individual electrodes.
To characterise the spatial distribution of the oscillations, oscillatory power
was computed for the selected alpha and gamma bands at each electrode. This
was done by integrating the squared FFT values over the whole frequency
band. Values were normalised by the total power of the signal to obtain a
percentage value of relative power. Figure 12 presents the distribution of relative power values in the alpha band in both conditions, averaged over all
subjects. In the alpha band, anteriorisation takes place, with relative alpha
power decreasing in the occipital and increasing in the frontal electrodes when
anaesthesia is applied. This is in agreement with previous findings [12]. At the
individual level, anteriorisation was observed for all subjects that exhibited
strong alpha peaks.
EEG showed significantly larger voltages (at a significance level of 0.001)
during anaesthesia than in the resting state. This caused absolute alpha power
values to be considerably stronger in the anaesthetised state. For comparison,
absolute power values are displayed in figure 13, in which a clear increase in
absolute power can be seen during anaesthesia—in fact, the increase in abso-
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Figure 9: Modulation index values for a representative subject. In the awake state, this
subject showed strong α-γ coupling at the occipital electrodes. During propofol anaesthesia,
the coupling is strongest at the frontal electrodes but some coupling spreads out to occipital
electrodes as well.
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Figure 10: Mean modulation index values over all subjects in the awake state and propofol
anaesthesia.
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Figure 11: Comparison between the frontal and occipital spectral profiles in both states,
in one subject. The spectra were estimated in one frontal and one occipital electrode. Alpha
power is greater in the occipital electrodes when the subject is awake while the opposite is
true during anaesthesia. A shift to slightly higher frequencies is visible in anaesthesia.

lute power is statistically significant in all electrodes except occipital O1 and
O2. By comparing figures 12 and 13 it is evident that in both states absolute
power is more concentrated in the occipital electrodes than relative power.
This is likely to be a consequence of higher EEG voltages in the occipital
electrodes.
As mentioned before, no peak was discernible in the gamma range. Nevertheless, power in the 30-70 Hz range was computed to find possible differences
between conditions. Figure 14 shows that the average distribution of relative
gamma power has no particular pattern in either state. However, overall the
gamma band power seems to decrease when anaesthesia is applied.
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Figure 12: Distribution of relative power in the alpha band in both states, averaged over
all subjects. Anteriorisation of alpha band power during anaesthesia is well illustrated here.
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Figure 13: Distribution of absolute power in the alpha band in the awake state, averaged
over all subjects.
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Figure 14: Distribution of relative power in the gamma band in the awake state, averaged
over all subjects.
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5.3

Correlation between relative signal power and the
modulation index

By comparing figures 10 and 12-13, it is evident that the distribution of MI
during anaesthesia is very similar to that of relative alpha power, while in the
awake state the MI distribution resembles that of absolute alpha power. To
characterise the relationship between MI and the power measures, I calculated
Pearson correlation coefficients between MI and both absolute and relative
alpha and gamma powers. The measure was taken across the electrodes so
that each subject was assigned one correlation value. Upon taking the average
over subjects, all correlation coefficients turned out to have higher means
in the propofol condition (see figure 15). However, the difference between
conditions was statistically significant only for relative alpha power. There
was substantial variation between subjects, and the correlation values were
systematically higher for subjects with high coupling values.
Absolute alpha power showed significant correlation to MI in both conditions. For relative power this was true only during anaesthesia. Neither absolute nor relative gamma power correlated with MI in the awake state, but in
the anaesthetised state a statistically significant correlation to MI emerged.
However, this correlation was still significantly weaker (at a significance level
0.05) than for both relative and absolute alpha power.
Based on the results, it can be said that both alpha and gamma power
correlate more strongly with MI in the unconscious than in the concscious
brain. This is not surprising, since MI values were low in the awake state.
Because correlation exists, it could be that high absolute and relative alpha
power are prerequisites to detecting strong coupling. This could imply that
MI values could be driven purely by changes in the power spectra. In the next
chapter, surrogate statistics are used to eliminate this possibility.
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Figure 15: Pearson correlation coefficients between band power and modulation index,
averaged over subjects (mean ± standard deviation). There is large variation between
subjects but in general, correlation is stronger for the alpha than for the gamma band and
for the anaesthetised than the awake state. Stars denote the level of statistical significance
when compared against zero (*: α = 0.05; **: α = 0.01; ***: α = 0.001)

5.4

Statistically significant coupling

IAAFT was implemented to create surrogate time series. The surrogates were
designed to remove cross-frequency interactions while maintaining a structure
as similar to the original data as possible. This would characterise the amount
of spurious coupling arising from the data.
One hundred surrogates were computed for each time series. MI values
computed for the surrogate series were low and did not show significant variation across the cortex, which means that high values of alpha power did not
directly cause high MI values. However, it remains possible that power spectral changes indirectly facilitate the detection of PAC by increasing the signal
to noise ratio.
The low surrogate MI values mean that the amount of spurious coupling
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was rather low - this was to be expected since the long time window was
used. Figure 16 displays the number of subjects that showed significant coupling in each electrode. Evidently, the strong frontal coupling present in the
anaesthetised state was significant in almost all cases. In the awake state, few
subjects showed any statistically significant coupling and the significant cases
were mostly in the occipital electrodes.

5.5

Group statistics for phase-amplitude coupling

Group tests were conducted between the awake and anaesthetised states to
assess significant differences between the two conditions. For the purpose of
group analysis, Student’s paired sample t-test was performed for the MI values at each electrode. Figure 17 shows the electrodes marked significant at
group level by the t-test using a significance level of 0.05. As anticipated,
the significant difference only showed up in the frontal electrodes where the
anaesthetised state exhibited much stronger coupling than the awake state.
As an exception, one occipital electrode was additionally marked significant.
Although occipital coupling is the dominant feature in the awake state,
it is too weak in absolute terms to show statistical significance in the group
test. Greater statistical difference between the conditions could be created by
normalising the MIs to the average over all electrodes, so that the relative distribution of MI is analysed instead of absolute values. As figure 18 shows, this
results in several occipital electrodes reaching significant levels of difference in
addition to the frontal electrodes. For clarity, t-values are shown in figure 19
to visualise the electrodes in which relative coupling is weakened and in which
it is strengthened during anaesthesia. Based on these results, the normalised
MI seems to be a fairly robust marker of unconsciousness.
From group statistics it is possible to derive a quantitative measure to
discriminate between states of consciousness. To this end, I took the average
MI in the 9 frontal electrodes marked as significant in figure 18 and divided it
by the average MI in the corresponding 9 occipital electrodes. This ratio can
mark the distribution of coupling as conscious or unconscious quite accurately
whenever strong alpha oscillations are present.
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Figure 16: Number of subjects showing significant coupling at each electrode location.
Two subjects were omitted resulting in 13 analysed subjects.
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Figure 17: Electrodes with significant difference between conditions in the group level.
Significant electrodes in red.
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Figure 18: Electrodes with significant difference between conditions in the group level
after normalisation. Significant electrodes in red.
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Figure 19: T-values show which electrodes exhibit increased (blue) and which decreased
(red) phase-amplitude coupling during anaesthesia.

I computed frontal-to-occipital MI ratios for all 13 subjects, expecting the
ratios in the awake state to be below one and greater than one in the anaesthetised state. The marker recognised all subjects in the anaesthetised state
to be unconscious. However, in the awake state four subjects were falsely
interpreted to be unconscious. These were all cases in which coupling was
not visibly present and alpha peaks were weak. Distribution of PAC alone is
therefore not a reliable indicator of unconsciousness at individual level, despite
showing clear differences at group level. For purposes of anaesthesia monitoring these results would in any event have very limited applicability because
of the long time windows used—intraoperative monitoring would require a
resolution of some seconds. Using a shorter time window could produce more
applicable results but likely with reduced accuracy.

5.6

Preferred phase

In chapter 3.5, preferred phase was defined as the phase bin at which the
amplitude distribution reaches its maximum. Figure 20 shows the relative
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frequencies of each phase bin as the preferred phase. This figure only includes
the electrodes from each subject that showed significant coupling.
Figure 20 shows that in the channels with significant coupling, the preferred phase is clearly concentrated around certain values - this means that
large amplitude values prefer a certain constant phase. In the awake state,
the preferred phase seems to occur symmetrically at values close to −π and
π, which correspond to the trough of the low frequency oscillation. This locking of high gamma amplitudes to alpha troughs is similar to the findings of
Canolty et al. [2] and implies that local gamma bursts prefer the trough of
the modulating rhythm. In contrast, in the anaesthetised state the preferred
phase has shifted close to π/2, with another minor peak at the opposite phase
angle −π/2.
To further illustrate the behaviour of PAC, modulation histograms for one
subject are plotted in figure 21. The group level findings are well illustrated by
this figure. In the anaesthetised state, the preferred phase has again clearly
shifted towards the value π/2. Also notable is that the opposite preferred
phase, −π/2, occurs around occipital electrodes. In the awake state, similar
behaviour was found in the four subjects that displayed occipital coupling.
These rather anomalous findings could mean that the underlying mechanism
of phase-amplitude coupling is completely different during anaesthesia than
in the awake brain. Further research would be required to understand why
the preferred phase behaviour changes during anaesthesia.

5.7

Coupling between channels

Phase-amplitude coupling does not necessarily have to be restricted to the
signal from one electrode. For example, a network-scale alpha oscillator could
modulate gamma amplitudes at more than one electrode - actually, this is
rather the idea of phase-amplitude coupling. To look for long-distance coupling, MI between channels (alpha in frontal electrode Fp1 modulating gamma
in occipital electrode O2 and vice versa) was examined. The electrodes were
chosen to represent a primary sensory region and a higher cognitive processing
area.
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Figure 20: Preferred phase was defined for each subject at each channel that showed
statistically significant coupling. The height of the bars reflects how often each phase bin
occurred as the preferred phase. The values are normalised to add up to one.
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Figure 21: Modulation histograms in all channels for one subject. Preferred phase is
constant across adjacent electrodes when PAC is strong.
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Table 1: MI between frontal and occipital electrodes, average over 13 subjects.

Front-to-back

Back-to-front

Awake

6.4775 · 10−5

4.3018 · 10−5

Propofol

2.2947 · 10−5

2.5407 · 10−4

The average modulation indices are displayed in table 1. The table shows
that the occipital alpha rhythm strongly modulates frontal gamma during
anaesthesia. When averaging over 13 subjects, this modulation is an order of
magnitude stronger than in the opposite direction. An opposite, but weaker
effect takes place in the awake state: frontal alpha modulates occipital gamma.
In this case, the front-to-back modulation is only about 1.5 times the strength
of back-to-front modulation, and this difference does not quite reach statistical
significance.
Modulation of frontal gamma rhythms by occipital alpha rhythms is significantly stronger in the anaesthetised than in the awake state (at a significance
level of 0.01). This enhanced directed coupling could indicate that more information is flowing bottom-up from the lower-order occipital cortex to the hierarchically higher frontal regions during anaesthesia, although from the sensor
level data this consideration is purely hypothetical. Frontal-to-occipital coupling decreases on average during anaesthesia, although the difference does
not quite reach statistical significance. Following the same hypothesis, the
decrease in frontal-to-occipital coupling could mean that less information is
flowing back in the unconscious brain, i.e. that top-down feedback systems
are inactive. Jordan et al. [9] observed a similar reduction of feedback connectivity using symbolic transfer entropy. This is likely to be one of the major
mechanisms through which propofol suppresses consciousness.
Increased feedforward flow during anaesthesia could imply an increased
alpha connectivity. The next chapter explores the relationship between the
alpha signals across different electrodes through phase synchronisation.
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5.8

Phase synchronisation across the electrodes

Phase lag indices between the previously estimated alpha phases were computed for all channel pairs to measure phase synchronisation. As the results of
the previous chapter suggested, the mean phase lag indices show far greater
global synchrony in the anaesthetised than in the awake state, as illustrated
in figure 22. It is important to realise here that synchronicity between nearby
electrodes is a rather vague concept, since they could be gathering signal from
the same source.
Phase synchronisation is assumed to enhance the ability of neurons to
communicate. Therefore, the increased overall synchronisation during propofol anaesthesia might seem counterintuitive if it is taken as a sign of increased
connectivity. However, the same effect between the awake and anaesthetised
states has been observed before [22]. A partial explanation could be that the
increased alpha power in the anaesthetised state leads to stronger synchronisation.
PLI values show particularly strong synchrony in the frontal electrodes
during anaesthesia. To better display the synchronous channel pairs, an alpha
synchronisation map was drawn by thresholding the mean PLI values at 0.15
(figure 23). With this choice of the thresholding parameter, there was no
synchronisation in the awake state. Therefore a map is presented only for the
anaesthetised state.
The alpha rhythm is synchronous in the frontal electrodes, closely resembling the distribution of phase-amplitude coupling for example in figure 10.
The combination of these results could mean that the frontal areas beneath
the electrodes are communicating strongly—something that could hardly be
expected during anaesthesia. In fact, previous fMRI studies have found quite
an opposite reduction in functional connecivity in the frontoparietal networks
during propofol anaesthesia [9]. However, a more likely explanation to the
synchrony is that the frontal electrodes are simply gathering signal from the
same source.
Although my results cannot confirm the short-range synchrony, a frontal
’hypersynchronous’ alpha activity has been observed by Supp et al. [41] dur-
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Figure 22: Phase locking indices between all channel pairs. Top: In the awake state, alpha
activity shows rather low PLI values across all channel pairs. Bottom: The anaesthetised
brain shows far greater synchronisation across a large number of channel pairs. Zero values
on the diagonal are due to the properties of the PLI, despite obvious phase locking of a
signal with itself.
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ALPHA SYNCHRONISATION DURING ANAESTHESIA
Frontal
Fp2

Fp1

F3
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Fz
FC1

FC2
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Figure 23: Alpha oscillations are highly synchronised in the frontal cortex during anaesthesia. The network closely resembles the distribution of PAC during anaesthesia. Synchrony
between two channels was defined by the PLI value with a threshold of 0.15.

ing propofol anaesthesia. They hypothesise that this short-range synchrony
actually blocks long-range communication in the cortex and is an important
acting mechanism of anaesthetics. A model for this synchronous frontal alpha
activity induced by propofol was proposed by Ching et al. [25]. The model suggests that connection strength between the thalamus and the frontal cortex is
increased by the GABAA potentiation of propofol. This increased connectivity
would then lead to a highly coordinated alpha rhythm.
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6

Discussion

Propofol anaesthesia changes the electroencephalographic signature of the
brain in recognisable ways. My results demonstrate that propofol reduces
the occipital alpha rhythm known to dominate the resting state and induces
strong, synchronous alpha activity in the frontal regions. A new result is that
this emerging alpha rhythm has a statistically significant phase-amplitude
modulating effect on frontal gamma rhythms. In the occipital resting state
alpha, phase-amplitude coupling to gamma is also present but much weaker.
This could either be due to the lower signal-to-noise ratio in the awake state or
indicate a different mechanism (and therefore a different function) of coupling.
Intuitively it seems that brain regions should communicate more in the
awake state than during anaesthesia. Since PAC has been proposed to act
as mechanism of coordinating activities, increased values would be expected,
along with increased phase synchronisation. However, the results show the
opposite to be the case here. Therefore, PAC might not always serve the
integrating purposes it is often attributed to.
It is possible that PAC is an intrinsic property of alpha oscillations. Processes generating alpha oscillations could always be modulating gamma activity, and strong coupling during anaesthesia could just be easier to detect
because of the alpha oscillations getting stronger due to the increased functional connectivity in the thalamocortical loops that generate them. In this
view, PAC would not need to have a clear functional role.
The emergence of frontal PAC during anaesthesia is so prominent that its
possible role in the loss of consciousness must be considered. Osipova et al. [33]
relate awake state alpha-gamma PAC to the visual system: they suggest that
posterior alpha phase defines a window of opportunity for the gamma bursts
responsible for visual processing. When the subject’s eyes are open, alpha is
relatively weak and does not inhibit gamma bursts very strongly. When the
eyes are closed, alpha becomes strong and therefore suppresses the gamma
oscillations to a great extent. Following a similar logic, in the anaesthetised
state the strong frontal alpha could break up continuous local processing
through PAC. This is in agreement with the fact that frontal gamma power is
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reduced during anaesthesia. The role of PAC in consciousness could therefore
be that of a suppressor rather than that of a coordinator. Furthermore, my
results on coupling between electrodes suggest that PAC could be involved in
the loss of consciousness by decreasing feedback flow in the brain.
In general, PAC during anaesthesia has not been studied as extensively as
here. PAC has been related to multiple sensory and cognitive functions of the
brain, but during anaesthesia it obviously cannot have such function. Based
on my results, it therefore seems that the coupling has a different function
and works by a different mechanism in anaesthesia than in the awake brain.
It also remains possible that PAC has no specific functional role.
Vicente et al. [6] suggest that classical PAC results should be interpreted
conservatively. In the absence of an extensive physiological model for the processes behind cross-frequency coupling, the results of this thesis could therefore only be interpreted as a marker to distinguish between the awake and
PI-LOC conditions, without attaching too much physiological meaning to
them. Although I agree that further research is needed to understand the role
of PAC in anaesthesia, I believe that the results give important information
about these possible roles and can be used to guide future studies.
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7

Summary

In the resting brain, the occipital alpha rhythm is a prominent feature in
the EEG. During propofol anaesthesia this alpha oscillation is replaced by
a strong, highly synchronous frontal alpha rhythm. Here I have for the first
time shown that this frontal alpha rhythm is phase-amplitude-coupled to the
gamma band. In the awake state, occipital phase-amplitude coupling is present
but much weaker.
During anaesthesia, maximal gamma amplitudes are phase-locked to alpha
phase values around π/2. This differs from the results in the awake state
and from previous suggestions regarding the mechanisms of phase-amplitude
coupling. Further research is necessary to investigate this preferred phase
behaviour.
Frontal gamma activity is coupled to occipital alpha oscillations during
anaesthesia, but not in the awake state. The opposite effect seems to be true
for occipital-to-frontal coupling, but this effect is not statistically significant.
The result suggests that feedforward processes are increased in anaesthesia,
but feedback flow could be reduced. Such feedback shutdown could be an
important mechanism of anaesthesia.
Previously, phase-amplitude coupling has been suggested to facilitate integration of information in the brain. The emergence of strong coupling during
anaesthesia suggests a different role: through coupling, the alpha rhythm could
be suppressing local processing at gamma frequencies.
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