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Abstract

Expert human performance in team scenarios (choir singing, surgical team) crit-
ically depends on the degree of collaboration between the individuals involved,
and is reflected in elevated synchrony levels of their neuronal and physiological
responses. Objective and physically meaningful synchrony metrics, however, are
only just emerging, but are desperately needed in cognitive and behavioural science,

education, robotics and gaming.

Motivated by the multi-scale nature of human physiological and neuronal responses,
such as the standard frequency bands in the electroencephalogram (EEG), this thesis
sets out to explore and extend the so-called intrinsic multi-scale analysis framework
in order to derive robust and physically meaningful metrics for the quantification of
physiological and neuronal inter-component dependence across the scales of interest.
In this way, standard data-association measures, such as correlation, coherence and
phase synchrony, are equipped with the ability to operate at the intrinsic scale level,
for example, through the noise-assisted multivariate empirical mode decomposition

(NA-MEMD) algorithm.

This thesis introduces three new intrinsic data-association measures for quantify-
ing inter-individual physiological and neuronal couplings: (i) intrinsic coherence
(ICoh), (ii) intrinsic synchrosqueezing coherence (ISC), and (iii) nested intrinsic
phase synchrony (N-IPS). These measures are employed to robustly and accurately
quantify physiological (respiration and heart rate variability) and neuronal (through
electroencephalography) couplings between participants in several notoriously noisy
and prone to artefacts real-world collective tasks, such as choir singing, multi-player

gaming and performing a surgical procedure.

The radically enhanced scale discrimination ability of the proposed approach is
demonstrated over so-called hyperscanning (brain-to-brain communication) experi-
ments using the next generation ear-EEG device for simultaneously recording neu-
ronal function from multiple brains. The various EEG synchrony levels are evaluated
against standard EEG in cooperative multi-player games, termed Bar Balancing and

Ninjas, developed specifically for the work in this thesis to induce neuronal coupling



between participants during the experiments. The ISC algorithm is shown to be
capable of identifying inter-person neuronal coupling despite the detrimental effects
from a variety of artefacts arising from the background brain activity and the sensing

system, highly complex and nonlinear systems.

Finally, to deal with power imbalances between physiological data channels (e.g.
due to different electrode impedances), which is detrimental to the analysis, a ro-
bust extension of the adaptive, data-driven algorithm for the analysis of nonlinear
and non-stationary multivariate signals, termed multivariate empirical mode decom-
position (MEMD), is proposed and is referred to as adaptive-projection intrinsically
transformed MEMD (APIT-MEMD). The APIT-MEMD algorithm in the intrinsic
multi-scale analysis framework is validated on cooperative steady-state visual evoked

potential (SSVEP) and P300-based brain-computer interface (BCI).

The proposed data-association measures, together with the APIT-MEMD algorithm,
offer a new avenue for the analysis of coupled physiological and neuronal signals,
and are the underpinning technology for collaborative research and applications,

including performance science and eSports.
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“Live the life of your dreams. When you start living the life of your dreams, there
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hard work, perseverance and self-belief there is no limit to what you can achieve.”

Roy T. Bennett, The Light in the Heart [2016]
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Chapter 1

Introduction

Cooperative human activities require high degrees of mental and physical synchro-
nisation among multiple participants, to the extent that synchrony underpins per-
formance level in activities such as choir singing, playing music in ensemble, rowing,
flying an air plane with a couple of pilots and performing surgical procedures. Phys-
ically meaningful data-association metrics of the levels of cooperation between the
team members while performing such coopertive tasks will offer an insight for the
team to observe how well they perform and will help them to improve their group
performance. While performing cooperative activities, different types of physio-
logical and neuronal couplings (synchrony) among the individuals have been ob-
served, such as synchrony in respiration and heart rate variability (HRV) among the
choir members [2, 3], synchrony in brain activities, through electroencephalography
(EEG), among musicians playing in ensemble [4, 5] and among couples of pilots
during flight simulation [6, 7]. Physiological and neuronal couplings in multichannel
data, which often contain inter-channel correlation or power imbalances between
the data channels due to adjacent locations of the electrodes and different electrode
impedances, are typically exhibited at unique temporal and spatial scales. Success-
ful data analysis for physiological and neuronal coupling is therefore dependent on
the choice of data-scale representation, and its ability to provide reliable and robust
data-association metrics for real-world data. To this end, it is necessary to consider
scales which are: (i) physically meaningful — free from rigid mathematical constraints

in order to accommodate a signal representation which matches closely our intuitive
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understanding of signal-generating mechanisms; and (ii) data driven — in order to
reflect the inherent fluctuations embedded in the data, without a priori knowledge.
These requirements are desirable, for instance, when analysing heart rate variability
(HRV) and neuronal systems via EEG, since it is well known that HRV and EEG
are best represented at different temporal scales (low- and high-frequency bands for
HRV, and delta, theta, alpha, beta and gamma bands for EEG), and a physically

meaningful approach is required to cater for their inherently nonlinear statistics.

The aim of this thesis is therefore fourfold. First, to present novel intrinsic data-
association measures which yield physically meaningful interpretation and span dif-
ferent aspects of the analysis of coupled (synchronised, dependent) multivariate
signals. The proposed measures include intrinsic coherence (ICoh, see Chapter 3),
intrinsic synchrosqueezing coherence (ISC, see Chapter 4) and nested intrinsic phase
synchrony (N-IPS, see Chapter 4). The ICoh quantifies phase and amplitude rela-
tionships between intrinsic modes in the data as a function of frequency. The ISC
generates highly localised time-frequency representations of intrinsic inter-channel
dependence, and the N-IPS empirically quantifies intrinsic trends in synchrony which
are straightforward to interpret. Second, to build upon the enhanced discrimina-
tion capability of the proposed data-association measures, together with intrinsic
phase synchrony (IPS) [8], in order to identify physiological coupling between par-
ticipants during different collaborative tasks. Next, to employ the proposed ISC
algorithm to evaluate the performance of a novel EEG recording concept, termed
ear-EEG, against on-scalp EEG as an alternative for simultaneous data acquisi-
tion from multiple brains in the task of identifying the unknown, most robust EEG
subbands for neuronal synchrony detection for cooperative multi-person scenarios.
Lastly, since cooperative brain-computer interface (BCI) applications can exploit
joint and collective information embedded in multiple data channels of cerebral
data, which typically contain power imbalances and are simultaneously acquired
from multiple participants, to reduce the time required for data collection, the last
aim is to extend the adaptive, data-driven algorithm for the analysis of nonlinear
and non-stationary multivariate signals, referred to as multivariate empirical mode
decomposition (MEMD) [9, 10], to introduce adaptive-projection intrinsically trans-

formed MEMD (APIT-MEMD, see Chapter 6), which caters for power imbalances
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between data channels and thus admits higher information transfer rate (ITR) in

BCI applications.

Brief overview of relevant physiological and neuronal responses which are the sub-
jects of the studies is next presented and followed by a review of a novel EEG
recording concept. This chapter next describes relevant novel algorithms for the
analysis of nonlinear and non-stationary signals, their applications to quantifying
inter-channel dependence (coupling, synchrony), and their shortcomings. Original
contributions of this thesis are subsequently summarised, and the organisation of

this thesis is lastly described.

1.1 Respiration and Heart Rate Variability

Respiration is typically involuntarily controlled by the autonomic nervous system
(ANS), which comprises the sympathetic (SNS) and parasympathetic (PNS) nervous
subsystems. The SNS also accelerates other functions, such as the arterial blood
pressure and heart rate [11, 12, 13], by dilating bronchioles in the lungs, and by
regulating neuronal and hormonal responses to stimulate the body. The PNS, on
the other hand, slows down physiological functions when the body is at rest. For
choir singing in particular, the respiration is also voluntarily controlled by the choir
members in order to perform long or short inhalation or exhalation in unison as

dictated by the tempo and demands of a musical score.

The interplay between the SNS and PNS, among other factors, manifests itself in
variations of the timing of the cardiac cycle — heart rate variability (HRV) — in
response to both external and internal factors. Changes in HRV are commonly
evaluated in two frequency bands: (i) the low frequency (LF) band, 0.04-0.15 Hz,
which is linked to the interaction of the SNS and PNS, and (ii) the high frequency
(HF) band, 0.15-0.4 Hz, which primarily reflects the activity of the PNS [14, 15].
In addition, it is well understood that breathing modulates HRV via a phenomenon
referred to as the respiratory sinus arrhythmia (RSA), whereby the heart rate ac-

celerates during inspiration and decelerates during expiration. The RSA is usually

26



attributed to the activity of the PNS, so that the HF component of HRV is domi-

nated by the changes in heart rate induced by breathing.

1.2 Hyperscanning via EEG

While performing cooperative activities, neuronal synchrony between the partici-
pants’ brains has been observed through the so-called hyperscanning method, whereby
cerebral data from two participants is acquired simultaneously. An fMRI device was
employed for data acquisition in the first hyperscanning study [16], but due to its
several limitations, including the size and cost, hyperscanning studies nowadays
typically measure neuronal activity by recording electroencephalography (EEG)
[17, 6, 4, 18]. The electroencephalogram refers to an electrical response which can
be non-invasively recorded from the scalp with multiple electrodes placed on differ-
ent locations according to the 10-20 system [19]. It is commonly evaluated in five
frequency bands: delta 0-3 Hz, theta 3-7 Hz, alpha (mu) 7-13 Hz, beta 13-30 Hz,
and gamma 30-40 Hz [20].

Neuronal activities of multiple brains have been found to synchronise in different
areas of the brains, varying from task to task. Table 1.1 shows tasks performed in
different hyperscanning studies and different areas of the brains which synchronised

while the participants performed the tasks [1].

Despite some difference in results, EEG hyperscanning studies in [24, 17, 20] have
conclusively shown that the right hemispheres of participants, dominating in the
right centroparietal regions, are most synchronised between the brains (inter-brain
synchronisation) during social interaction, reflected in synchronised activities in the
theta and alpha EEG bands (see Chapter 5). These regions have been suggested to
play a pivotal role in social interaction and are considered as ‘functional hubs’ of the
brains [17]. The work in [24] has revealed increases in power in the frequency range

12-13 Hz (the high alpha band) of EEG signals of eight pairs of subjects over the
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Task instructions

Synchronised brain
areas

Handy-Dandy: the sender sees one of two colours on the
screen and sends one of two colours to the receiver. The
receiver says if the colour sent by the sender corresponds

Supplementary motor
area

to the colour the sender saw before or not[16]

Prefrontal and ante-
rior cingulated cortex
Right superior frontal
cortices

‘Bridge-like’ card game [21]

Button press minimising time difference [22]

Music production synchronously with the aid of a

metronome [23] Prefrontal cortices

Follow the other’s hand movements or propose the own | Right centroparietal
hand movement to the other partner [17] scalp regions
Follow the other’s finger movements or propose the own | Right centroparietal

scalp regions

finger movement to the other partner [24]

Table 1.1: Tasks performed in hyperscanning studies and synchronised areas of the
brains [1].

right centroparietal regions only during synchronised behaviour, where each pair of
subjects moved their index fingers in unison at their own preferred rate and ampli-
tude. This is believed to be due to the enhancement of the mirror-neuron system!
and/or the inhibition of intrinsic premotor activity. The work in [17] has revealed
increases in phase synchrony in 11 pairs of subjects in: (i) the theta EEG band
over the parietal regions while they were imitating hand movements of the part-
ners, and (ii) the alpha EEG band over the right centroparietal regions while they
were synchronising hand movements with the partners. Note that synchronisation
of hand movements in [17] was defined as simultaneous start and stop of a hand
movement within the pair, which included both similar and different movements,
thus showing a coordinated rhythm. The increased phase synchrony in the theta
band was considered to be due to the processing of other self-similarities in the
matched hand movements, and the increased phase synchrony in the alpha band
was hypothesized to be due to the alpha band acting as a neural correlate of the
mirror neuron system functioning. The work in [20] has shown increases in power in

the theta band in several areas of the brains of 26 pairs of subjects while they were

!Mirror neurons represent a distinctive class of neurons that discharge both when an individual
executes a motor act and when he observes another individual performing the same or a similar
motor act [25].
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cooperating and defecting in the Prisoner’s dilemma game?. In addition to these
results, it should be noted that the theta and alpha EEG bands can be divided in
two subbands — lower (3-5 Hz) and upper (5-7 Hz) theta bands, and lower (7-10
Hz) and upper (10-13 Hz) alpha bands — and these subbands have been found to
be associated with different cognitive functions within each individual. Suppression
in power (power desynchronisation) in the lower theta and alpha bands is believed
to be associated with attention [26, 27|, while power desynchronisation in the up-
per alpha band reflects semantic memory processes [28, 26]. Increased coherence
in the theta band, particularly the upper portion, between hippocampal and rhi-
nal cortices is correlated with successful encoding of new information into episodic

(working) memory [28, 29, 30]

1.3 Ear-EEG Recording Concept

An apparatus and method for the measurement of EEG signals from inside the ear
canal was first introduced in [31]. The work proposed a means to present an audi-
tory stimulus into the ear canal to evoke brain activity and to subsequently measure
EEG, electrooculography (EOG, a technique for measuring eye movement), and elec-
tromyography (EMG, a technique for measuring muscle response) with electrodes
placed inside or in close proximity to the ear canal, in order to identify abnormali-
ties related to brain function, eye movement and muscle response. The concept of
recording EEG from inside the ear canal, i.e. in-the-ear (ITE) recording, is now
referred to as ‘ear-EEG’ [32, 33, 34, 35]. The recording concept allows for the ac-
quisition of EEG signals from inside the ear canal with only a few electrodes and
requires relatively short setup time. Several forms of earplugs for the ITE recording

system have been introduced in recent years, which include:

1. personalised, hard-shell earpieces with silver chloride (AgCl) electrodes [32,
33],

’In the Prisoner’s dilemma game, two players act as convicted criminals, where: (i) both of
them will serve only 1 year in prison if both of them cooperate (remain silent, do not confess to
the crime), or (ii) one who remains silent will serve 20 years in prison, if the other one confesses to
the crime (defect) — the one who confesses will be set free, or (iii) both of them will serve 5 years
in prison if both of them confess (pure defect).
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Cloth electrode

(a) - (b)

Figure 1.1: A schematic diagram of the earpiece and its position inside the
ear canal. (a) An earpiece made of medium-density memory foam and two flexible
electrodes. (b) An earpiece inserted into the ear canal. Due to its small size and
user-friendliness, an earpiece requires relatively short setup time.

2. generic earpieces made of silicone and conductive silicone electrodes [36],

3. carbon nanotube polydimethylsiloxane (CNT/PDMS)-based canal-type ear
electrodes [37],

4. individualised two-component addition-curing silicone earpieces [38],

5. generic earpieces made of a medium-density memory foam and conductive

cloth electrodes [39],

6. customised ear moulds designed for each individual subject from ear impres-

sions taken by a trained audiologist [34],

7. silvered glass silicone based in-the-ear electrode [40].

These earpieces generally comprise one to three electrodes, depending on the design.
Figure 1.1 (a-b) shows an example of the recently proposed form of earpieces in
[39], made of medium-density memory foam and conductive cloth electrodes, and
its position when inserted into the ear-canal. Figure 1.2 shows an earpiece and
two standard gold-cup electrodes for the ground and the reference connected to a
conventional biosignal amplifier for data recording. Note that studies on ear-EEG
have been conducted in the laboratory environment and focus on the feasibilty of
ear-EEG as an alternative for the conventional on-scalp EEG, therefore, a small,

portable and complete ear-EEG recording system which includes a signal amplifier
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Figure 1.2: An earpiece and two standard gold-cup electrodes for the
ground and the reference connected to a conventional biosignal amplifier.
A gtec g.USBamp, a 16-channel CE-certified and FDA-listed biosignal amplifier, is
used for ear-EEG experiments conducted at the Communications and Signal Pro-
cessing (CSP) research group, Imperial College London, and in this thesis. Two
standard gold-cup electrodes are used as the ground and the reference, and are
typically placed on the ear lobe and behind the ear respectively, or vice versa.

and a data logger or transmitter and can be ‘wearable EEG’ to enable prolonged

monitoring of chronic conditions [41] is not yet available on the market.

Since the sizes of ITE earpieces are constrained by the small size of the ear canal,
which is typically 26 mm long and is 7 mm in diameter [32], the distance between
electrodes on each earpiece is typically only 1 centimetre. This to an extent hinders
its spatial discrimination compared to on-scalp electrodes, where the distances be-
tween the electrodes are approximately 2 centimetres and are located on different
areas of the brain. It has been shown that, however, novel ITE earpieces enable the

recordings of EEG activities generated from different areas of the brain:
1. alpha activity of EEG (alpha attenuation) [32, 42, 40|, which predominantly
originates from the occipital lobe,

2. auditory steady-state response (ASSR) [43, 42, 39], which is generated from

the brain stem and the auditory cortex in the temporal lobe,
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3. steady-state visual evoked potential (SSVEP) [44, 39], which is generated from

the visual cortex in the occipital lobe,
4. P300 response [38, 45|, which predominately originates from the parietal lobe,

5. responses to discrete and continuous auditory events (the dichotic oddball and
diotic speaker paradigms, respectively) [34], which predominately originates

from the central and fronto-central regions,

6. EEG activities related to different stages of sleep, which predominately origi-
nates from the frontal, occipital and, in particular, central regions, for manual

and automatic sleep scoring [46, 47, 48],

7. EEG activities generated while performing different cognitive tasks, breathing,

and listening for the authentication purpose [49].

It has been observed that although the signal level of EEG acquired using the
ITE system is lower in amplitude compared to the conventional on-scalp EEG, their
signal-to-noise ratios (SNRs), and thus the signal quality, are similar [32, 33, 36, 38|.
Despite a range of research on ear-EEG, its capability as an alternative, practical

data acquisition approach to the hyperscanning technique has not been explored.

1.4 Empirical Mode Decomposition and Its Vari-

ants

Physiological signals exhibit nonlinear and non-stationary characteristics, and there-
fore require signal processing schemes which can provide physically meaningful signal
representation; one of such techniques is the empirical mode decomposition (EMD)
[50]. Empirical mode decomposition is an adaptive, data-driven algorithm for the
analysis of nonlinear and non-stationary time series. It employs a sifting process to
decompose the signal into its multiple narrowband amplitude/frequency modulated
(AM/FM) components in a deflation-type fashion. These components are referred

to as intrinsic mode functions (IMFs, see Section 2.3 for more detail) and are used
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as a basis for the representation of the signal. Unlike conventional projection-based
time-frequency algorithms, such as the short-time Fourier transform and the discrete
wavelet transform, the basis functions within EMD enable physically meaningful in-
terpretation of instantaneous frequency and phase. Moreover, they also allow for
a highly localised time-frequency representation of the signal via the Hilbert trans-
form [51]. The effectiveness of EMD was demonstrated in a number of application
areas, including bio-signal analysis [52], seismology [53] and paleoclimatology [54].

See Section 2.3 for more detail on the EMD algorithm.

Due to its empirical nature, EMD exhibits two types of artefacts: (i) mode mix-
ing and (ii) mode misalignment. Mode-mixing refers to the existence of different
oscillatory components in a single IMF. To alleviate mode mixing, a noise-assisted
extension of EMD, called ensemble EMD (EEMD)[55], has been proposed, which
adds white Gaussian noise (WGN) directly to the input signal, thus enforcing a
dyadic filterbank structure. A large number of noise realisations with subsequent
application of EEMD are therefore required to negate the effects of added noise
and obtain ensemble means which are treated as true IMFs. Due to the empirical
nature of EMD, its direct component-wise application to multivariate signals may
result in multivariate IMFs with different centre frequencies and bandwidths across
channels — a phenomenon known as mode misalignment. To mitigate this prob-
lem, multivariate extensions of EMD have been developed, including bivariate EMD
(BEMD) [56], trivariate EMD (TEMD) [57] and multivariate EMD (MEMD) [9].
They estimate the local mean via the projections of the input signal along uniformly
sampled direction vectors on a circle (BEMD), 3-dimensional sphere (TEMD) and
multidimensional sphere (hypersphere, MEMD), respectively. For certain multivari-
ate cases where a pre-defined structure within the IMFs is required, noise-assisted
MEMD (NA-MEMD) [58] was proposed, which adds white Gaussian noise (WGN)
channels adjacent to the input signal, thus enforcing the dyadic filterbank structure
and at the same time reducing mode mixing in multivariate cases. Applications of
MEMD include neural signal processing [59], brain-computer interfaces [60], image
processing [61] and artefact removal [62]. See Section 2.4 for more detail on the

MEMD algorithm.
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Physiological signals often contain power imbalances or inter-channel correlation due
to different electrode impedances and adjacent locations of the electrodes. Uniformly
sampled direction vectors used in BEMD, TEMD and MEMD, may not be optimal
for capturing the dynamics of multivariate data, unless a very high (greater than
127) number of projection vectors is used, which can dramatically increase computa-
tional complexity. For a low (8-31) to moderate (32-63) number of projections and
unbalanced (power mismatched) and/or correlated data channels these algorithms
provide suboptimal estimates of the local mean. To mitigate this problem in bi-
variate cases, nonuniformly sampled BEMD (NS-BEMD) [63] was proposed, which
generates a set of projection vectors representing the direction of highest curvature.
Another solution for bivariate cases — dynamically sampled BEMD (DS-BEMD) [64]
— employs Menger curvature® to quantify local signal dynamics of bivariate signals
to generate projection vectors which align with the highest local dynamics. To over-
come the problem in trivariate cases, nonuniformly sampled TEMD (NS-TEMD)
was proposed in [65]. In order to generate direction vectors which match the dy-
namics of trivariate signals, it performs the eigendecomposition of the covariance
matrix of a trivariate input signal, in order to determine the directions of principal
importance, defined in terms of inter-channel power imbalances and correlation, and
relocates uniformly sampled direction vectors on a sphere, generated using the Ham-
mersley sequence? [9], to their new positions on an ellipsoid parameterised by the
eigenvectors and eigenvalues of the covariance matrix. Despite these recent solutions
for bivariate and trivariate cases, a solution for general multivariate cases was still

lacking.

3The curvature of a function measures its local deviation from a straight line, and is a natural
choice to quantify local signal dynamics, since intuitively, the larger the deviation from straight
line, the higher the dynamics (variations) of a signal (function). A convenient means of estimating
curvature for real world signals is through the Menger curvature, which defines the curvature radius
as the limit of the radius of a circle containing three points of a curve, i.e. it is the reciprocal of
the radius of the circle that passes through three points of a curve.

“The Hammerley sequence is a convenient method for generating multidimensional low-
discrepancy sequences. It has been shown to improve error bounds, compared to standard Monte
Carlo methods [66], and the set of direction vectors generated by the Hammersley sequence also
yields improved generalized discrepancy estimates as compared with other sampling methods, and
hence are uniformly distributed on a sphere [67].
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1.5 Quantifying Inter-channel Dependence

Inter-channel dependence can be quantified using standard data-association mea-
sures, such as correlation, coherence, bicoherence and phase synchrony. Correlation
and coherence are measures of linear synchronisation between the two signals, and
they account for both the amplitude and phase information. Coherence yields a
data association metric which is a function of frequency, and can be further extended
to quantify phase and amplitude relationships between intrinsic modes in the data
via the IMFs (see Section 3.2 for more detail on the proposed intrinsic coherence
measure). Bicoherence and phase synchrony are measures of nonlinear phase syn-
chronisation between two signals. While correlation, coherence, and bicoherence
take both amplitude and phase information into account, phase synchrony quan-
tifies only the phase relationship without accounting for amplitude information.
Phase synchrony is defined in terms of the deviation from perfect synchrony via the
phase synchronisation index (PSI) [8]. Phase synchrony and two other standard
data-association measures, correlation and sample entropy, are combined with NA-
MEMD in the intrinsic multiscale analysis framework [8], in order to quantify intra-
and inter-component dependence of a complex system, such as multiple synchronies

and causalities.

Intrinsic phase synchrony (IPS) is a combination of NA-MEMD and phase synchrony
proposed in this framework. It generalises standard phase synchrony by equipping
it with the ability to operate at the intrinsic scale level. It employs NA-MEMD to
decompose a given multivariate signal into narrowband intrinsic oscillations (IMFs),
which makes it possible to quantify the temporal locking of the phase information
in IMF's using the PSI (see Section 2.6 for more detail on the IPS algorithm). Time-
frequency representations of PSIs obtained using Hilbert transform, however, have
lower frequency and time localisation, compared to synchrosqueezing transform (see
Sections 1.6, 2.7 & 4.2.1 for more detail on synchrosqueezing transform and the
proposed intrinsic synchrosqueezing coherence measure). Also, for certain scenar-
ios where synchrony takes place over a long period of time and prior knowledge
on periods of trends for physically meaningful and straightforward interpretation is

unavailable, it is imperative to have a data-driven, data-association measure which
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empirically quantifies intrinsic trends in synchrony, whereby only those components
which contain physically meaningful and straightforward interpretation can be com-

bined (see Section 4.2.2 for more detail on the proposed nested IPS measure).

1.6 Synchrosqueezing Transform

In spite of the undoubted usefulness of the EMD algorithm and its variants, a rig-
orous theoretical description for the underlying algorithms is still lacking. To this
end, the synchrosqueezing transform (SST or WSST) was proposed in [68]. It is
a post-processing technique, originally based on the continuous wavelet transform
(CWT), for the generation of highly localised time-frequency (TF) representations
of nonlinear and non-stationary signals. It reassigns the wavelet coefficients in scale
or frequency by combining the coefficients that contain the same instantaneous fre-
quencies, such that the resulting energy is concentrated around the instantaneous
frequency curves of the modulated oscillations. The CWT, however, has a limited
time-frequency resolution, and since the CWT and STFT are both extensively used
to analyse and process multicomponent signals, a natural extension of the univariate
CWT-based SST (WSST) to the short-time Fourier transform (STFT) setting was
proposed in [69] and is referred to as STFT-based SST (FSST). In order to identify
oscillations common to multiple data channels, an extension of the univariate WSST
to multivariate cases was proposed in [70], the so-called multivariate synchrosqueez-
ing transform (MSST or W-MSST). It employs the WSST channel-wise to obtain
the concentrated coefficients, and then estimates the multivariate instantaneous fre-
quency by combining, for each frequency band, the instantaneous frequencies across
all the channels using the joint instantaneous frequency (see [68, 70, 71, 72] for
more detail). However, the performance of the W-MSST degrades with noise power
(noticeable spurious harmonics are produced as the noise power increases), because:
(i) the joint instantaneous frequency estimator is sensitive to noise, and (ii) wavelet
functions are time limited — when performing time convolution (i.e. spectral win-
dowing), accurate localisation of both time and frequency by the CWT cannot be
achieved at the same time, the CWT thus produces mathematical artefacts (addi-

tional noise), that is, wavelet coefficients which correspond to undesired frequency
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components. The additional noise (artefacts) generated by the W-MSST can be
reduced by STFT-based MSST (F-MSST). See Sections 2.7 & 2.8 for more detail
on the SST and MSST algorithms.

1.7 Original Contributions

e A measure of intrinsic inter-channel dependence as a function of frequency,
termed intrinsic coherence (ICoh). It quantifies phase and amplitude rela-
tionships between intrinsic modes in the data via the IMFs. This measure was

proposed in an IEEE conference publication [2] and is outlined in Chapter 3.

e An intrinsic data association measure which exhibits precise time and fre-
quency localisation, that is, accurate representation of frequency at each time
instant (instantaneous frequency), for the analysis of coupled (synchronised,
dependent) nonlinear and non-stationary multivariate signals, referred to as
intrinsic synchrosqueezing coherence (ISC). It employs NA-MEMD to
generate a set of physically meaningful narrowband intrinsic oscillations, and
then employs FSST and F-MSST algorithms to respectively generate univari-
ate and multivariate TF planes with high time and frequency localisation.
This algorithm was introduced in a Royal Society Open Science journal pub-
lication [73] and is elaborated in Chapter 4. It was also applied to evaluate
the performance of ear-EEG as an alternative for practical data acquisition
approach for the hyperscanning method, and presented in an IEEE conference

publication [74], which shall be discussed in Chapter 5.

e A procedure for the empirical quantification of physically meaningful and
straightforward to interpret trends in phase synchrony, referred to as nested
intrinsic phase synchrony (N-IPS). It further decomposes the time se-
ries of intrinsic phase synchrony into multiple scales, whereby only certain
scales which contain physically meaningful and straightforward to interpret
information are then combined. This contribution was proposed in [73] and is

elaborated in Chapter 4.
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e An adaptive, data-driven algorithm for the analysis of unbalanced multivari-
ate signals, referred to as adaptive-projection intrinsically transformed
multivariate empirical mode decomposition (APIT-MEMD). Unlike
the NS-TEMD, where the trivariate input signal is projected along the di-
rection vectors which are aligned with the global directions of principal im-
portance, the APIT-MEMD projects each multivariate sifting input along the
direction vectors which are adaptively (locally) determined by the first prin-
cipal component, reflecting the direction of the largest power imbalance, of
each sifting input. This algorithm was presented in a Philosophical Transac-
tions of the Royal Society A journal publication [75] and shall be discussed in
Chapter 6.

e A two-person single-shot P300 detection algorithm. It employs intrinsic cor-
relation to detect single-shot P300 from a pair of individuals to reduce the
time and number of trials normally required to establish an average P300.
This approach is based on an assumption that P300 responses of two people
simultaneously engaging in the same oddball paradigm are intrinsically cross-
correlated. This algorithm was presented in [75] and is outlined in Chapter

6.

1.8 Thesis Organisation

e Chapter 2: Algorithms and Background.
The aim of this chapter is to provide necessary details of the adaptive, data-
driven algorithms for the analysis of nonlinear and non-stationary univariate
and multivariate signals, which include empirical mode decomposition (EMD),
multivariate EMD (MEMD), noise-assisted MEMD (NA-MEMD), synchro-
squeezing transform (SST) and multivariate SST (MSST). Furthermore, a
novel data-association measure, termed intrinsic phase synchrony (IPS), is
elaborated. These algorithms are instrumental in developing intrinsic coher-
ence (ICoh) presented in Chapter 3, intrinsic synchrosqueezing coherence (ISC)

and nested intrinsic phase synchrony (N-IPS) presented in Chapter 4.
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Figure 1.3: Thesis structure. Three new data-association measures and their
applications are the focuses of Chapters 3-5, while Chapter 6 focuses on an extension
of MEMD and its applications.

Remarks: Chapters 3-5 focus on introducing new data-association measures
and presenting their applications to quantifying physiological and neuronal
couplings in various collaborative tasks. Chapter 6, on the other hand, fo-
cuses on introducing an extension of MEMD for dealing with power imba-
lances between physiological data channels and proposing its applications to

cooperative brain-computer interface (BCI) and financial signal processing.

e Chapter 3: Quantifying Cooperation in Choir Singing: Respiratory
and Cardiac Synchronisation.

In this chapter, a data-association measure, termed intrinsic coherence (ICoh),
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is presented and is used along with intrinsic phase synchrony (IPS) in quanti-
fying couplings in HRV and respiratory signals of a subset of choir members,
the conductor and a subset of audience, while performing a 4-minute and

40-second piece of music.

Chapter 4: Quantifying Team Cooperation Through Intrinsic Multi-
scale Measures: Respiratory and Cardiac Synchronisation in Choir
Singers and Surgical Teams.

This chapter introduces two data-association measures: (i) intrinsic synchro-
squeezing coherence (ISC), and (ii) nested intrinsic phase synchrony (N-IPS).
The former is employed to identify precise physiological couplings in both time
and frequency between a subset of bass singers of the same choir as in Chapter
3, while the latter is used to empirically identify trends in synchrony, i.e. the
level of cooperation, between subsets of soprano and bass singers of another
choir while performing a 1-hour evensong, and between pairs of surgeons while

performing a 2-hour surgical procedure.

Chapter 5: Ear-EEG for Detecting Neuronal Synchrony in Contin-
uous Cooperative Multi-person Scenarios.

The proposed ISC algorithm is employed in this chapter to evaluate the per-
formance of ear-EEG against on-scalp EEG as an alternative data acquisition
approach for the hyperscanning method in the task of identifying the most
robust EEG subbands for neuronal synchrony detection for cooperative multi-

player gaming.

Chapter 6: Adaptive-projection Intrinsically Transformed MEMD
(APIT-MEMD) in Cooperative Brain-computer Interface Applica-
tions

The main focus of this chapter is on an extension of the MEMD algorithm
for dealing with power imbalances between physiological data channels. This
is referred to as adaptive-projection intrinsically transformed MEMD (APIT-
MEMD). We proceed to show its applications in the intrinsic multi-scale anal-
ysis framework to cooperative steady-state visual evoked potential (SSVEP)

and P300-based brain-computer interface (BCI)
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Chapter 7: Conclusions and Future Work.
Concluding remarks drawn from the thesis and ideas for future works are

outlined in this chapter.

Appendix A: Areal Density.

This appendix provides further simplification of the trends in synchrony ob-
tained using the N-IPS algorithm in Chapter 4 by calculating the areal density
(AD).

Appendix B: Supportive Performance Evaluation of Ear-EEG.
The performance of ear-EEG against on-scalp EEG in another cooperative
multi-player game is evaluated in this appendix to support the results in Chap-

ter 5.

Appendix C: Application of Intrinsic Phase Synchrony to Financial
Signal Processing.

This appendix shows an application of the APIT-MEMD algorithm in the in-
trinsic multi-scale analysis framework to financial signal processing, whereby
the stress in the financial system is considered analogous to human physiolog-

ical stress.
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Chapter 2

Algorithms and Background

This chapters provides the required background on the concepts of stationarity of a
random process and phase response of a filter, and algorithms extensively used in this
thesis for the analysis of coupled nonlinear and non-stationary physiological signals.
This includes a brief introduction to empirical mode decomposition (EMD), mul-
tivariate EMD (MEMD), noise-assisted MEMD (NA-MEMD), and intrinsic phase
synchrony (IPS). This chapter also reviews novel algorithms for generating highly
localised time-frequency representations (i.e. accurate representation of instanta-
neous frequency), termed synchrosqueezing transform (SST) and multivariate SST
(MSST). This chapter next reviews the notions of bias and variance of an estimator,
and it finally provides background on matched filtering, Hilbert transform, and the
matched filtering and Hilbert transform (MF-HT) algorithm for the extraction of

HRYV from ECG signals, extensively used in this thesis..

2.1 Stationarity of a Random Process

A random process x(t) is Strict-Sense Stationary (SSS) if for all n the joint distri-

bution p(z(ty),...,z(t,)) is invariant under time shifts, that is,

p(x(ty +to), ..., x(tn +to)) = p(x(t1), ..., z(tn)), Vo (2.1)
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The SSS, however, is too strict for practical applications, the more ‘relaxed’ station-
ary condition is considered; a random process x(t) is Wide-Sense Stationary (WSS)

if its mean and autocorrelation functions are time invariant, that is,

e the expected value (mean) E{x(t1)} = E{x(t; +t2)},

e the covariance cov(ty,ts) is a function only of the time difference t; — to, i.e.

cov(ty, ty) = cov(t; — t2,0) = cov(t; — ta),

e the expected value E{z(t)*} < .

2.2 Phase Response of a Filter

There are three types of phase response that a filter can have: zero phase, linear
phase, and nonlinear phase. A filter with a zero-phase response introduces no delay
in the output signal. However, it requires the use of negative numbered samples,
which can be impractical in real-world applications. Linear phase is a property of
a filter, where the phase response of a filter is a linear function of frequency (i.e.
the slope of a plot of the phase response of the filter as a function of frequency is a
straight line), resulting in all frequency components of the input signal experiencing
the same delay. This property is achieved with a finite impulse response (FIR) filter,
where the impulse response is symmetrical around a positive numbered sample. On
the other hand, since the impulse response of an infinite impulse response (IIR)
filter is not symmetrical, such a filter introduces a nonlinear phase response, that is,

different frequency components of the input signal experience different delays.

2.3 Empirical Mode Decomposition (EMD)

Unlike conventional projection-based schemes, such as Fourier and wavelet trans-
forms, which trade time localisation for frequency localisation, or vice versa, the

Hilbert transform can obtain a physically meaningful estimate of frequency at each
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time instant (instantaneous frequency) if the input signal satisfies monocompo-
nent criteria [76]. In other words, the signal can be modelled by a single ampli-
tude/frequency component changing slowly over time. A precise definition of the
term ‘monocomponent’, however, does not exist, and a widely used approximation is
the so-called narrow-band criteria [77]. These criteria primarily concern the global
properties of the signal, that is, the number of extrema and the number of zero
crossings should differ by at most one. In [50] an additional local criterion was pro-
posed — the mean of the two envelopes that interpolate the local maxima and local
minima must be approximately zero. Signals which satisfy both the local and global
criteria are called intrinsic mode functions (IMFs), and enable a precise estimate
of both instantaneous frequency and amplitude via the Hilbert transform. The uni-
variate EMD [50] (see Algorithm 2.3) embarks upon these criteria to decompose a
single-channel input z(¢) into a set of narrowband intrinsic oscillations (IMFs), that
is,

2(t) =) cilt) (2.2)

where {cx(t)}, k= 1,2,..., K, denotes the set of IMFs.

Algorithm 2.1: Empirical mode decomposition (EMD).

1. Given a univariate signal x(t), let proto-IMF Z(t) = z(t) and k = 1.
2. Identify all local minima and maxima of Z(t).

3. Interpolate all the minima and maxima to respectively obtain the lower envelope,

emin(t), and the upper envelope, epnax(t).
4. Compute the local mean m(t), given by m(t) = (emin(t) + emax(t))/2.
5. Extract the detail d(t), given by d(t) = z(t) — m(t).

6. If d(t) does not satisfy IMF stoppage criteria, let Z(t) = d(t) and go to Step (2).
However, if d(t) satisfies the IMF criteria,

e d(t) becomes an IMF, ¢ (t);
o i(t) = 2(t) — cx(l);
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Figure 2.1: Sampling directions for multivariate extensions of EMD. (a) Pro-
jection set (@) for bivariate EMD based on uniform angular sampling. (b) Projection
set (@) for multivariate EMD based on a low-discrepancy Hammersley sequence.

e increment k;

e repeat Steps (2)—(6) until Z(¢) is a monotonic residue or trend.

The sifting process (Steps (2)—(5)) in Algorithm 2.3 is stopped once the signal detail
d(t) satisfies the IMF stoppage criteria: (i) the number of extrema is equal to the
number of zero crossings for around 3 to 5 successive sifting operations [51]; and (ii)
the difference between two consecutive sifting results is below a certain threshold
[50]. In general, the more sifting operations that are performed, the more narrow-
band the IMF spectra become. Too many sifting operations, however, should not
be performed because this can produce a large number of IMFs with uniform am-
plitudes, that is, components which approximate a Fourier basis, which contradict

the data-driven nature of the analysis.

2.4 Multivariate Extensions of Empirical Mode
Decomposition

Bivariate [56] and multivariate [9] extensions of the EMD algorithm have been pro-

posed in order to extend its operation for any number of data channels, so that

IMF's in different channels are ‘aligned’; containing similar centre frequencies and
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bandwidths. A key concept in creating these extensions has been the definition of
the local mean for multivariate data. The bivariate EMD algorithm (BEMD) [56]
proposed a solution for bivariate data wherein the data are projected in @) direc-
tions, with each direction vector defined based on equidistant points along the unit
circle (uniform angular sampling), see Figure 2.1 (a). Univariate estimates of the
envelope in each direction are averaged to give a bivariate envelope, the centre of
which is the local mean. This concept was extended further in [9] for multivariate
data of dimension P — multivariate EMD (MEMD) — wherein the projection of the
data is performed for () direction vectors, based on a pointset on a hypersphere gen-
erated using a low-discrepancy Hammersley sequence, see Figure 2.1 (b). Algorithm
2.4 describes the MEMD operation for a P-variate time series, with a pointset of
size @, giving the set of IMF components ¢} (t), where k& denotes the IMF index
(k=1,2,...,K) and p the data channel index (p =1,2,..., P).

Algorithm 2.2: Multivariate empirical mode decomposition (MEMD).

1. Given a multivariate signal x(t), let multivariate proto-IMF x(¢) = x(t).

2. Choose a weighting scheme based on a suitable pointset for sampling on a P-

hypersphere, w, = {w{q,l}, Wig2}s- - - ,w{%p}}qQ:l.

3. Calculate a projection, denoted by T (X(t)),, , of the proto-IMF X(t) along the direc-

tion vector wy, for all ¢ (the whole set of dlrectlon vectors), giving {71 (i(t))wq}qul

as the set of projections.

4. Find the j = 1,2,...,J time instants {t. . } and {t.° 1} corresponding respec-

7,min j,max

tively to the minima and maxima of the set of projected signals {Y (X(t)),, }22:1.

5. Interpolate x(tj o) and x(tj I .+) to obtain respectively multivariate minima and

maxima envelope curves {e, * (¢ )}Q 1 and {emax(t )}qQ:1

6. For a set of @) direction vectors, the mean m(t) of the envelope curves is calculated

as:

Q
Z er? () + emax(t) (2.3)

7. Extract the detail d(¢) using d(t) = x(t) — m(t).



8. If the detail d(¢) fulfills the stoppage criterion for a multivariate IMF (the difference
between two consecutive sifting results is below a certain threshold), d(¢) becomes
a multivariate IMF, cx(t), and X(t) = x(t) — cx(t). Otherwise, X(t) = d(¢). Go to
Step (3).

9. Repeat Steps (3)—(8) until X(¢) is a multivariate monotonic residue or trend.

2.5 Noise-assisted Multivariate Empirical Mode
Decomposition (NA-MEMD)

It has been shown in [78, 79] that EMD acts essentially as a dyadic filter when
decomposing WGN, enforcing the dyadic filterbank structure onto IMFs — Fourier
spectra of the IMFs are all identical and cover the same area on a semi-logarithmic
period scale. Therefore, the aim of simultaneously decomposing added separate
artificial WGN channels and the input signal using noise-assisted MEMD (NA-
MEMD) is to enforce the dyadic filterbank structure within the IMFs by using WGN
as a decomposition reference and to reduce mode mixing. While this may hinder the
data-driven operation of MEMD, it is essential in multi-channel operations where the
requirement is to compare IMFs with similar centre frequencies and bandwidths in
order to preserve the physical meaning of the analysis. It should also be noted that
the most important aspect of an MEMD approach, via either standard MEMD or
NA-MEMD, is that even if mode mixing occurs it is likely to happen simultaneously
in every channel. In this way, multi-component comparisons at the IMF level are
matched and physically meaningful. The work in [8] has shown that using NA-
MEMD to decompose WGN using 10 different artificial noise channels reduced the
degree of overlap between power spectral densities of the resulting IMF's, compared
to using NA-MEMD to decompose the same WGN using 10 identical artificial noise
channels. It was therefore suggested that the number of WGN channels should be
as large as possible — computation time permitting — in order to reduce the degree of
overlap between IMF spectra, that is, imposes a more pronounced dyadic filterbank

structure within the IMFs.
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In terms of phase responses, NA-MEMD, which acts as a dyadic filterbank, can be
deemed having a linear phase response. This is because of the computational time
required by the sifting process to decompose a given input signal into a set of IMF's,

thus introducing the same delay to all frequency componentns of the input signal

2.6 Intrinsic Phase Synchrony (IPS)

The degree of phase synchronisation between data channels can be measured through
phase synchrony, which quantifies only the phase relationship between two signals
without accounting for amplitude information. It is defined in terms of the deviation
from perfect synchrony via the phase synchronisation index (PSI). The PSI values
range from 0 to 1, with 1 indicating the perfect phase locking and 0 non-phase-

synchronous relationship.

To show the principal difference between the correlation and phase synchrony mea-
sures, where the former accounts for both amplitude and phase information while
the latter takes only phase information into account, Figure 2.2 (a-b) shows a bivari-
ate amplitude modulated signal with perfect phase locking between the channels,
given by

w1(t) = (1 + Manr,1 cos(2m fint)) - cos(2m fet), (2.4)

xa(t) = (1 4+ Mapro cos(2m fint)) - cos(2m fet),

where M4, denotes amplitude modulation index, f,, baseband frequency, and f,.
carrier frequency. In this example, My = 0.1, Mapyo = 0.9, f,,,=10 Hz, and
fe=200 Hz, with a sampling frequency of 1 kHz. The phases of the two channels are
perfectly synchronised, but they exhibited different patterns of the varying ampli-
tudes — envelopes — due to the different values of the amplitude modulation indices,
Mana and Mypro. The correlation measure was thus affected by the amplitude
difference, resulting in a correlation coefficient of only 0.879. The phase synchrony
measure, on the other hand, quantified only the phase relationship between the

channels, resulting in PSI values of 1, as shown in Figure 2.2 (¢). See Algorithm
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Figure 2.2: Bivariate amplitude modulated signal with perfect phase lock-
ing between the channels and their PSIs. (a) z1(t). (b) z2(t). (¢) PSI values.
Although the amplitudes of the two channels are different due to different amplitude
modulation indices, their phases perfectly synchronised, resulting in PSI values of
1.

'
N

2.3 below for the calculation of PSI values. Note that for this example PSI values
were calculated directly from the bivariate signal — NA-MEMD was not applied to

decompose it into IMFs.

Intrinsic phase synchrony (IPS) was originally proposed in the so-called intrinsic
multiscale analysis framework [8], and generalises standard phase synchrony by
equipping it with the ability to operate at the intrinsic scale level. It employs
NA-MEMD to decompose a given multivariate signal into its narrowband intrinsic
oscillations (IMFs), which makes it possible to quantify the temporal locking of the
phase information in IMFs using the standard phase synchronisation index (PSI),

as outlined in Algorithm 2.3.

Algorithm 2.3: Intrinsic phase synchrony (IPS).

1. Given a P-variate signal x(t), obtain multivariate IMFs via NA-MEMD, ¢ (%),
where £ =1,2,..., K, and K denotes the number of IMFSs.

2. For each channel p, calculate the instantaneous phases ¢,(t) for the IMFs

through the analytic signals generated using the Hilbert transform.

3. Calculate phase difference between the instantaneous phases for the IMF's of

channels ¢ and j, A¢; ;(t), where it =1,2,..., P, j=1,2,...,P,and i # j .

4. Phase synchrony between channels ¢ and 7 is then defined in terms of the de-

viation from perfect synchrony via the phase synchronisation index (PSI) [80],
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given by
Hmaa: - H

) 2.5
Hmar ( )

Yij(t) =

where H = — Zﬁle proy Inpr,, is the Shannon entropy of the distribution of
phase differences A¢; ;(t — % : t + &) within a window of length W, M is
the number of bins within the distribution of phase differences, and pr,, is the
probability of A¢; ;(t — % tt+ %) within the mth bin. The maximum entropy
H,.q. is given by

Hipar = 0.626 + 0.4 1In(W — 1). (2.6)

2.7 Synchrosqueezing Transform (SST)

The synchrosqueezing transform (SST or WSST) [68] is a post-processing technique
originally applied to the continuous wavelet transform (CWT) in order to generate
highly localised time-frequency representations of non-stationary signals. The CWT
is a projection based algorithm that identifies oscillatory components of interest
through a series of time-frequency filters known as wavelets. A wavelet ¥ () is a

finite oscillatory function, which when convolved with a signal x(t), in the form

W(a,b) = / :c(t)a(l/Q)w(?)dt 2.7)

gives the wavelet coefficients W (a, b), for each scale-time pair (a,b). In this way, the
wavelet coefficients can be seen as the outputs of a set of scaled bandpass filters. The
scale factor a shifts the bandpass filters in the frequency domain, and also changes
the bandwidth of the bandpass filters. Therefore, while the energy of a sinusoid at a
frequency wy is spread across the scale factor a,, the energy of the wavelet transform
of a sinusoid at a frequency w, will spread out around the scale factor a, = wy/ws,
where wy, is the centre frequency of a wavelet. Thus, the estimated frequency present
in those scales is equal to the original frequency wy. Consequently, the instantaneous

frequency Q(a,b) of the wavelet coefficients W (a, b) can be estimated as
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0
Qa,b) = —i(W(a,b))*I%W(a,b). (2.8)
The wavelet coefficients that contain the same instantaneous frequencies can then
be combined using a procedure referred to as synchrosqueezing (SST). For a set of
wavelet coefficients W (a, b) [68], the CWT-based synchrosqueezing transform coef-

ficient is given by
Towr (W, b) = (Aw)V > W (ay,b)a, " Aay, (2.9)
a:|Q(ag,b)—wm|<Aw/2

where w,, are the frequency bins with a resolution of Aw. A summary of the SST

is outlined in Algorithm 2.4.

Algorithm 2.4: Synchrosqueezing transform (SST or WSST).

1. Given a univariate signal z(t), convolve a wavelet 1(¢) with the signal in order

to obtain the wavelet coefficients W (a, b), given by Eq. 2.7.

2. Estimate the instantaneous frequency Q(a, b) of the wavelet coefficients W (a, b),

given by Eq. 2.8.

3. Combine the wavelet coefficients which contain the same instantaneous fre-
quency in order to obtain the CWT-based synchrosqueezing transform coeffi-

cients Towr(wm, b), given by Eq. 2.9.

The synchrosqueezing transform has been extended to the short-time Fourier trans-
form (STEFT) setting in [69], and is referred to as STEFT-based SST (FSST). It
performs STFT, instead of CWT, on a given univariate signal z(¢) to obtain STFT
coefficients U(n, t), given by

Un. 1) = /m 2(F)g(r — e 20y (2.10)
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where g is a sliding window, and 7 time lag. The STFT coefficients, U(n, t), are next
relocated to the instantaneous frequency, €2, according to the map (n,t) — (2(n,t)),
where (2 is defined by

L atU(na t)

1

). (2.11)

The STFT-based synchrosqueezing transform coefficient is then given by

Torwn(£1t) = o0 | Unt)3(7 — . ). (212)
9(0) J

The FSST has been shown to exhibit better localisation, that is, sharper repre-

sentation of instantaneous frequencies in low frequencies of linear, exponential and

hyperbolic chirps, compared to the SST [69]. A summary of the FSST is outlined

in Algorithm 2.5.

Algorithm 2.5: STFT-based synchrosqueezing transform (FSST).

1. Given a univariate signal z(t), perform STFT on the signal in order to obtain

the STFT coefficients U(n,t), given by Eq. 2.10.

2. Estimate the instantaneous frequency €(n,t) of the STFT coefficients U(n, t),
given by Eq. 2.11.

3. Combine the STFT coefficients in order to obtain the STFT-based synchro-
squeezing transform coefficients Tster(f,t) given by Eq. 2.12.

2.8 Multivariate Synchrosqueezing Transform (MSST)

The multivariate synchrosqueezing transform (MSST or WMSST) [70] is an exten-

sion of the CWT-based SST to multivariate cases. It was proposed in order to
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identify oscillations common to multiple data channels. It first partitions the time-
frequency domain into M frequency bands {wy, }m=12.. . This makes it possible to
identify a set of matched monocomponent signals from a given multivariate signal.
The instantaneous amplitudes and frequencies present within those frequency bands

can then be determined.

For a multivariate signal x(¢) with the corresponding CWT-based SST coefficients
of each channel p, T¢yr(w,b), and a set of frequency bands {wm}m=12. a, the

instantaneous frequency €(w,,, b) for each channel p and frequency band m is given

by

Zw&wm |T£WT(W7 b)|2w
ZwEwm |T(13)WT <w7 b) |2

Qwpn, b) = (2.13)

and the instantaneous amplitude A(w,,, b) for each channel and frequency band as

AW, b) = \/Z | T8 (w, D) |2 (2.14)

WEWm,

In order to estimate the multivariate instantaneous frequency Q(w,,,b) for a given
frequency band m, the instantaneous frequencies across the P channels are then

combined using

Z;]::l (A(wm, 5))*Uwm, b)
>t (Alwm, b))?

while the multivariate instantaneous amplitude A (w,,,b) for each frequency band

Qw, b) = , (2.15)

is given by

A(wp,,b) = (A(wp, b))2. (2.16)

p=1
The multivariate CWT-based synchrosqueezing transform coefficient T cwr(wi, b)

for each frequency band m is given by

Towr (W, b) = A(wn, b)d(w — Q(w,, b)) (2.17)

where J(+) is the Dirac delta function. The multivariate CWT-based synchrosqueez-

ing transforms for all frequency bands are then given by Tewr(w, b) = Tewr (Wi, 0)|m=1.2,.. -
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A summary of the MSST is outlined in Algorithm 2.6.

Algorithm 2.6: Multivariate synchrosqueezing transform (MSST or W-MSST).

1. Given a P-variate signal x(¢), apply the SST channel-wise in order to obtain

the univariate SST coefficients T¢y1(w, b).

2. Determine a set of partitions along the frequency axis for the time-frequency
domain, and calculate the instantaneous frequency €(wy,,b) and amplitude
A(wp,, b) for each frequency band m and channel p, given by Eqs. 2.13 and
2.14 respectively.

3. Calculate the multivariate instantaneous frequency (w,,,b) and amplitude

A (wpm, b) for each channel m, using the Eqgs. 2.15 and 2.16 respectively.

4. Determine the multivariate CWT-based synchrosqueezing coefficients T awr(w, b).

2.9 Bias and Variance of an Estimator

The bias of an estimator é, bias[é], is the difference between the expected value of
the estimator E{é} and the true value of the parameter being estimated 6, that is,
bias|0] = E{0} — . An estimator with zero bias is called unbiased. Estimators with
small bias, however, can be used in practice, since for an unbiased estimator to be

practical further assumptions about the considered population have to be made.

An unbiased estimator is considered having minimum variance, the so-called min-
imum variance unbiased estimator (MVUE) [81], if is has lower variance than any
other unbiased estimator for all possible values of the parameter being estimated.
Furthermore, if an estimator is unbiased and estimates the quantity of interest in
some ‘best possible’ manner, it is the MVUE, where the notion of ‘best possible’
relies upon the choice of a particular loss function — the function which quantifies the

relative degree of undesirability of estimation errors of different magnitudes; mean
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square error (MSE) of an estimator, MSFE(#), is the most common loss function.
In other words, among unbiased estimators the MVUE minimises MSE, whereby
MSE(9) = var() + (bias[f])2. In some cases, however, biased estimators have

lower MSE, because they have a smaller variance than any unbiased estimator [82].

2.10 Matched Filtering

A matched filter is obtained by correlating a known signal or template with an
unknown signal to detect the presence of the template in the unknown signal [83,
84]. The idea of matched filtering is to start from a defined waveform or function
and to search for a similar pattern in a time series. This is performed by taking
the convolution between the conjugate of the defined mother pattern h(7) and the

original signal z(t) with length V' as shown in Eq. 2.18.

y(t) = / )t — P, (2.18)

where 7 is time lag. The result of the convolution results in a high amplitude at times
when the time series resembles the mother pattern and a low amplitude elsewhere.
This technique is useful for locating the QRS complex in the ECG because the R-
peak usually exhibits a high amplitude and the shape of QRS is unique even in noisy

intervals.

2.11 Hilbert Transform

The Hilbert transform is a tool used to extend a real function z(¢) into the complex
domain. The transform is shown in Eq. 2.19, where z,(t) is the complex output of

the transform.

dr (2.19)



The analytic version of x(t), z(t), can be written as in Eq. 2.20, and the instan-
taneous amplitude (i.e. a positive envelope), phase and frequency of z(t) can be

calculated using FEq. 2.21-2.23 respectively.

2(t) = x(t) + jon(t) (2.20)

A(t) = [ 22(t) + 23 (1) (2.21)

(1) = arctan (xh(t) ) (2.22)

Q) = 2 (2.23)

2.12 The Matched Filtering and Hilbert Trans-
form (MF-HT) Algorithm

An algorithm to extract R-peaks from ECG using a combination of matched filter-
ing and Hilbert transform (MF-HT) was proposed in [85]. The approach is semi-
automatic with the user required to select a QRS waveform mother pattern from the
recorded ECG. To locate R-peaks in noisy ECG, the user is provided with several
R-peak estimates when an abnormal QRS waveform or heart rate is detected. This
is achieved through a user friendly graphical interface facilitating straightforward
data processing. After detecting the R-peaks, the HRV is constructed from the R-R
intervals, the temporal difference between two subsequent R-peaks, yielding an un-
evenly sampled time series. The HRV is next resampled to create a regularly spaced
time series using cubic spline interpolation with a sampling frequency of 4 Hz [86].
A summary of the MF-HT is outlined in Algorithm 2.7, and a screenshot of the

graphical interface is shown in Figure 2.3.
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Algorithm 2.7: Matched filtering and Hilbert transform (MF-HT).

1. Apply a Butterworth ITR band-pass filter (BPF) of order 6 with the passband
set to 8-30 Hz to a given ECG signal.

2. Manually locate the first R-peak.

3. Create a window beginning at the previous R-peak and ending at the longest

realistic heart beat interval.
4. Remove local trend by taking the difference between consecutive sample points.

5. Apply a matched filter between the mother QRS and the window, resulting in

a degree of correlation p,y.
6. Apply the Hilbert transform to p,,s to identify candidate R-peaks RP;.

7. Locate the correct R-peak by selecting the peak RP; with the highest cross-
correlation with the mother QRS.

8. Repeat steps (3)—(7) for each window.

9. Construct heart rate variability (HRV) from the time difference between sub-
sequent R-peaks using cubic spline interpolation with a sampling frequency of

4 Hz.
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Chapter 3

Quantifying Cooperation in Choir
Singing: Respiratory and Cardiac

Synchronisation

3.1 Introduction

Cooperative tasks require coordinated joint actions among the participants, to the
extent that a failure in an individual’s action may have catastrophic consequences
on the task of the group as a whole. One such activity is choir singing, where highly
synchronised performance of the individual singers is a prerequisite to successful
performance. It is particularly interesting as participants do not use any tools;
it can be performed with or without musical instruments, whereby the conductor,
essentially, plays ‘human instruments’ — the soprano, alto, tenor and bass. The
normal respiratory rate in adults varies between 12 and 15 breaths per minute
[87], yet despite this natural variation, breathing in unison among individuals is a
prerequisite in choir singing, where the singers’ breathing rhythm is dictated by the
tempo and demands of a musical score. These demands and physical constraints give
rise to both direct and indirect synchrony and causality in cardiac and respiratory

activity at multiple levels.

A challenge in quantifying synchrony among choir members is that, depending on
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the score and tempo, breathing rhythms of singers can be either: (i) voluntarily
controlled by themselves, in order to perform long or short inhalation or exhalation;
or (ii) involuntarily controlled by the autonomic nervous system (ANS) as described

in Section 1.1.

The aim of this study is to build upon the enhanced discrimination capability of the
intrinsic phase synchrony and intrinsic coherence data association metrics, in order
to characterise the scale-wise dependence in the respiratory and HRV (variations of
the timing of the cardiac cycle as a result of the interplay between the SNS and PNS
nervous subsystems) signals of: (i) the same members of choir during a rehearsal and
a real performance; (ii) the conductor in both of these situations; (iii) a subset of
audience during the real performance. The so-enabled investigation of the manifold
couplings in human physiological responses during a performance promises new,

objective measures of the degree of human cooperation.

3.2 Intrinsic Coherence (ICoh)

Inter-channel dependence can be quantified using standard data-association mea-
sures, such as correlation and coherence. Similar to correlation, coherence is a
measure of linear synchronisation between two signals. It accounts for both the
amplitude and phase information, and yields a data association metric which is a
function of frequency, f, with the coherence values ranging from 0 to 1 (0 indicating
a non-coherent relationship and 1 the perfect coherence [88, 89]). This measure can
be further extended to quantify phase and amplitude relationships between intrinsic
modes in the data via the IMFs (as a function of scale), a procedure referred to as

the intrinsic coherence (ICoh), as outlined in Algorithm 3.1.

Algorithm 3.1: Intrinsic coherence (ICoh)

1. Given a P-variate signal x(¢), obtain multivariate IMFs via NA-MEMD, c¢,(¢),
where £k =1,2,..., K, and K the number of IMFs.
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2. For each channel i, calculate power spectral density of the IMF of interest

Sii(f), where 1 =1,2,..., P.

3. Calculate cross-spectral power densities between the IMFs of interest of chan-

nels ¢ and j, S;;(f), wherei=1,2,..., P, j=1,2,..., P, and i # j.
4. Coherence between the IMFs of interest of channels ¢ and j, COH;;(f), is then

given by

Sij (f)
AV4 Sii(f)sjj<f)

The COH! values range from 0 to 1, with 0 indicating a non-coherent rela-

COHy;(f) = ‘ (3.1)

tionship and 1 the perfect coherence [88, 89].

3.3 Data Acquisition and Pre-processing

The ECG and respiratory data recordings were conducted at Union Chapel, Lon-
don, in March 2015 under the ethics approval ICREC_12_1_1, Joint Research Office
at Imperial College London. Written consents of the subjects who participated in
this study were obtained, and they were not paid for the participation. A male
conductor, a subset of eight members (four males and four females) of the Eric
Whitacre’s choir participated in the recordings of their physiological signals during
a 4-minute and 40-second rehearsal of a music piece called ‘Lux Nova’. All the same
nine subjects also participated in the recordings during a public performance of the
same music piece. Three female and two male members of the audience also partici-
pated in the data recordings during the performance. During both the rehearsal and
the performance, ECG signals were recorded with three Ag/AgCl ECG monitoring
electrodes placed on the skin, just below the collar bone; one electrode on the left
hand side for the signal and the other two electrodes on the right hand side for the

ground and the reference. Respiratory signals were recorded using a custom-made

L!COH is calculated from the intrinsic coherence (ICoh) procedure.
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Figure 3.1: A custom-made respiration belt. A conductive rubber cord was
attached to the belt. A 1k potential divider was connected to the conductive
rubber cord such that the voltage measured across the cord was suitable for our
data loggers.

respiration belt placed around the chest. Figure 3.1 shows a custom-made respira-
tion belt. A conductive rubber cord (https://www.adafruit.com/product/519) was
attached to an elastic belt, whereby the resistance of the conductive rubber cord
changed according to its length. When a participant inhaled, both the belt and the
conductive rubber cord were, therefore, stretched, thus increasing the impedance
and changing the voltage measured across the conductive rubber cord. The supply
voltage for the cord was 3.3V, and a 1k{2 potential divider was connected to the
cord so that the voltage range was suitable for our data loggers. Figure 3.2 shows

the recording setup.

The respiration belt and the electrodes were connected to an 8-channel portable
biosignal data logger powered by a rechargeable coin cell battery. The data logger
sampled the signals at 1 kHz with 24-bit resolution and saved the respiratory and
ECG data onto a micro-SD card. The data logger also recorded timestamps onto
the micro-SD card in order to guarantee the synchronisation between the devices
during both the rehearsal and the performance. The respiratory signals were then
downsampled to 10 Hz using the ‘resample’ function in Matlab which includes an
anti-aliasing filter, whereby the ‘P’ and ‘Q’ values for the resample function were set
to 1 and 100 respectively (new sampling frequency = original sampling frequency *

P / Q). ? The HRV was estimated from the ECG data using the MF-HT algorithm.

’By using the resample function to perform the downsampling, the respiratory signals were
first low-pass filtered using an FIR low-pass filter of order 10 (the default value) with the cut-off
frequency set to 10 Hz (cut-off frequency = original sampling frequency / max(P,Q)), to prevent
anti-aliasing, and the low-pass filtered respiratory signals were next downsampled from 1 kHz to
10 Hz by performing decimation by a factor of Q (100).
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Ref.

Respiration Data logger

belt

(b)

Figure 3.2: Recording setup. (a) An 8-channel data logger connected to three
Ag/AgCl ECG monitoring electrodes and a custom-made respiration belt. (b) Po-
sitions of the three ECG electrodes and the respiration belt on a participant. The
8-channel portable biosignal data logger was powered by a rechargeable coin cell
battery. The respiratory and ECG data were saved onto a micro-SD card.The respi-
ration of each participant was recorded using the respiration belt placed around the
chest. The ECG was recorded with the three Ag/AgCl ECG monitoring electrodes
placed on the skin, just below the collar bone. The circles in (b) show the positions
of the three electrodes on a participant, and their colours correspond to the colours
of the cables in (a).
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Figures 3.3-3.5 shows respiratory and ECG signals of the conductor and the subset
of eight members of the choir recorded during the rehearsal and the performance.
Observe slow oscillations in the respiratory signals of the members of the choir in
both the situations, which is due to their long exhalation while singing the music
piece. Note that both the respiratory and ECG signals of M6 during the rehearsal
was respectively corrupted and saturated, and the ECG signal of M8 during the
performance saturated. Since the aim of this study is to quantify synchrony in
respiration and HRV during both the rehearsal and the performance between the
same members of the choir, all the recordings of M6 and M8 were excluded from

this study.

In order to determine signal-to-noise ratio (SNR) of the respiratory signals, respira-
tory signals with frequencies lower than 1 Hz were deemed ‘signal’, and respiratory
signals with frequencies over 1 Hz were deemed ‘noise’. This is because the normal
breathing rate in adults varies between 12 and 15 breathes per minutes (0.2-0.25
Hz) [87], and the breathing rate of members of the choirs were presumably markedly
lower than 0.2 Hz due to their long exhalation while singing. To determine SNR
of the ECG signals, ECG signals with frequencies between 1-30 Hz were deemed
‘signal’, and ECG signals with frequencies over 30 Hz were deemed ‘noise’ [90, 91].
Figure 3.6 shows SNRs of the respiratory and ECG signals of the conductor and
the members of the choir. Note that respiratory and ECG data of M6 and M8 were
excluded from this study. Observe high SNRs (> 12 dB) of the respiratory signals
of the conductor and M1-M5, moderate SNRs (> 4 dB) of the ECG signals of the
conductor and M1-M5 during both the situations, and very low SNR (2 dB, see the
circle) of the ECG signal of M7 during the performance. As a consequence, HRV
signals of the conductor and M1-M5 during both the situations were successfully
extracted from their ECG, while HRV signal of M7 during the performance could
not be obtained. Thus, all the data of M7 were also excluded from this study. Fig-
ures 3.7 & 3.8 show HRV signals of the conductor and the selected five members of
the choir during respectively the rehearsal and the performance. Observe distinct
variations in the HRV of the conductor and the selected five members of the choir

during both the situations.
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Figure 3.3: Respiratory signals of the conductor and the subset of eight
members of the choir. For brevity each member of the choir is denoted Mx,
with x denoting the member number. Respiratory signal of M6 recorded during the
rehearsal was corrupted (left panel, seventh row).
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Figure 3.4: The ECG signals of the conductor and the subset of eight mem-
bers of the choir recorded during the rehearsal. For brevity each member of
the choir is denoted Mx, with x denoting the member number. The ECG signal of

M6 saturated (seventh row).
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Figure 3.5: The ECG signals of the conductor and the subset of eight
members of the choir recorded during the performance. For brevity each
member of the choir is denoted Mx, with x denoting the member number. The ECG
signal of M8 saturated (last row).
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Figure 3.6: The SNRs of the respiratory and ECG signals of the choir.
(a) The SNRs of the respiratory signals of the choir during the rehearsal and the
performance. (b) The SNRs of the ECG signals of the choir during the rehearsal
and the performance. For brevity the conductor is denoted Cond., each member of
the choir is denoted Mx, with x denoting the member number. Observe that SNR
of M7 during the performance was very low (2 dB).
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Figure 3.7: The HRV signals of the conductor and the selected five mem-
bers of the choir during the rehearsal. For brevity each member of the choir is
denoted Mx, with x denoting the member number. Observe high variations in the
HRV signals of the conductor and the five members of the choir.
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Figure 3.8: The HRV signals of the conductor and the selected five mem-
bers of the choir during the performance. For brevity each member of the
choir is denoted Mx, with x denoting the member number. Observe high variations
in the HRV signals of the conductor and the five members of the choir.

Figures 3.9&3.10 show respectively respiratory and ECG signals of the five members
of the audience, and Figure 3.11 shows SNRs of the respiratory and ECG signals of
the five member of the audience. Observe high (> 13 dB) and moderate (> 5 dB)
SNRs of respectively the respiratory and ECG signals. The HRV signals of the five
members were successfully extracted from their ECG, as a result of the moderate
SNRs, as shown in Figure 3.12. Observe subtle variations in the HRV of the five

members of the audience.

69



=
§: ‘ ‘ ] 5k ‘ !
140 160 180 200 140 160 180 200
Time (s) Time (s)
) = @)=
E E
o 33.4 >
© ©
2 2
s s
g 33.2 ‘ ‘ g I ‘ ‘
< <™
140 160 180 200 140 160 180 200
Time (s) Time (s)
(e) =
E s
286
2284
Q. L
£ 28.2 | ‘
<
140 160 180 200
Time (s)

Figure 3.9: Respiratory signals of the five members of the audience. (a—¢)
Members 1-5 of the audience.
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Figure 3.10: The ECG signals of the five members of the audience. (a—¢)

Members 1-5 of the audience.
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Figure 3.11: The SNRs of the respiratory and ECG signals of the audience.
(a) The SNRs of the respiratory signals of the audience. (b) The SNRs of the ECG
signals of the audience. For brevity each member of the audience is denoted Aud.y,
with y denoting the member number. Observe high (> 13 dB) and moderate (> 5
dB) SNRs of respectively the respiratory and ECG signals.
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Figure 3.12: The HRYV signals of the five members of the audience. (a—¢)
Members 1-5 of the audience. Observe subtle variations in the HRV signals of the
five members of the audience.
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3.4 Test for Wide-Sense Stationarity of the Res-

piratory and HRYV signals

In order to test whether the respiratory and HRV signals are WSS and whether NA-
MEMD should therefore be used for the data analysis, means and variances of all
the signals were calculated using 10-second sliding windows with 5-second overlap

(5-second increment).

3.4.1 Means of the Respiratory and HRV signals

Figures 3.13&3.14 show means of the respiratory signals of the choir during the
rehearsal and the performance, and means of the respiratory signals of the audience
during the performance, respectively. Figures 3.15-3.17 show means of the HRV
signals of the choir during the rehearsal and the performance, and means of the
respiratory signals of the audience during the performance, respectively. Variations
of means over time indicate that the signals were not WSS and that NA-MEMD

should be employed in the analysis.

3.4.2 Variances of the Respiratory and HRYV signals

Figures 3.18&3.19 show variances of the respiratory signals of the choir during the
rehearsal and the performance, and variances of the respiratory signals of the audi-
ence during the performance, respectively. Figures 3.20-3.22 show variances of the
HRV signals of the choir during the rehearsal and the performance, and variances
of the respiratory signals of the audience during the performance, respectively. The
time-varying variances indicate that the signals were not WSS and that NA-MEMD
should be employed in the analysis.
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Figure 3.13: Means of the respiratory signals of the conductor and the
selected five members of the choir. For brevity each member of the choir is
denoted Mx, with x denoting the member number. The means were calculated using
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Figure 3.14: Means of the respiratory signals of the five members of the
audience. (a—e) Members 1-5 of the audience. The means were calculated using
10-second sliding windows with 5-second overlap (5-second increment).
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Figure 3.15: Means of the HRV signals of the conductor and the selected
five members of the choir during the rehearsal. For brevity each member
of the choir is denoted Mx, with x denoting the member number. The means
were calculated using 10-second sliding windows with 5-second overlap (5-second

increment).
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Figure 3.16: Means of the HRV signals of the conductor and the selected
five members of the choir during the performance. For brevity each member
of the choir is denoted Mx, with x denoting the member number. The means
were calculated using 10-second sliding windows with 5-second overlap (5-second
increment).
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Figure 3.17: Means of the HRV signals of the five members of the audience.
(a—e) Members 1-5 of the audience. The means were calculated using 10-second
sliding windows with 5-second overlap (5-second increment).
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Figure 3.18: Variances of the respiratory signals of the conductor and the
selected five members of the choir. For brevity each member of the choir is
denoted Mx, with x denoting the member number. The means were calculated using
10-second sliding windows with 5-second overlap (5-second increment).

3.5 Synchrony Analysis

The PSI and COH indices of the respiratory and HRV signals were estimated in six

categories as follows:

1. Among the selected five members of the choir (M1-5) during the rehearsal —
within-group estimation.

2. Between the conductor and the selected five members of the choir (M1-5)
during the rehearsal — between-group estimation.

3. Among the selected five members of the choir (M1-5) during the performance
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Figure 3.19: Variances of the respiratory signals of the five members of

the audience. (a—¢) Members 1-5 of the audience. The variances were calculated

using 10-second sliding windows with 5-second overlap (5-second increment).

— within-group estimation.

4. Between the conductor and the selected five members of the choir (M1-5)
during the performance — between-group estimation.

5. Among the five members of the audience during the performance — within-
group estimation.

6. Between the conductor and the five members of the audience during the per-

formance — between-group estimation.

For the categories (1)—(4), the respiratory (or HRV) signals of the conductor (channel
1) and the five members of the choir (channels 2-6) during both the rehearsal and
the performance were used to form 6-channel data which was decomposed using
NA-MEMD with 10 separate artificial WGN channels. For the categories (5) and
(6), channels 2-6 contained data recorded from the five members of the audience,
and the decomposition was carried out in the same manner as for the categories
(1)—(4). Tt should be noted that in all the categories NA-MEMD was applied to
6-channel respiratory data and 6-channel HRV data separately.

The IMF's produced by the NA-MEMD with indices 3-7 of the 6-channel multivariate

HRYV signal of choir members contained the physically meaningful frequency range
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Figure 3.20: Variances of the HRYV signals of the conductor and the selected
five members of the choir during the rehearsal. For brevity each member
of the choir is denoted Mx, with x denoting the member number. The variances
were calculated using 10-second sliding windows with 5-second overlap (5-second
increment).

0.04-0.4 Hz, that is, exactly the LF /HF frequency band of HRV. For convenience the
same band in IMF indices 5-9 of respiration has been identified and used. The full
band of interest in both the HRV and respiration data was produced by summing up
the corresponding IMF's, in order to obtain the desired scale in data. The PSI and
COH among the members of the choir (and the audience) were obtained by averaging
PSI and COH values calculated from every combined-IMF pair of the data channels
2-6 (choir only), while PSI and COH between the conductor and each member of
the choir (and the audience) were obtained by averaging the PSI and COH values
between the combined-IMF of channel 1 (conductor) and combined-IMF of channels
2-6 (choir). The PSI indices between the combined-IMFs of the noise channels

were also estimated in order to provide the PSI of random signals (i.e. noise) as a
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Figure 3.21: Variances of the HRYV signals of the conductor and the selected
five members of the choir during the performance. For brevity each member
of the choir is denoted Mx, with x denoting the member number. The variances
were calculated using 10-second sliding windows with 5-second overlap (5-second
increment).

benchmark. For the coherence analysis, the power spectral densities were estimated
using the MVAR model of order 3 for the combined IMF of the HRV signals of both
the choir and the audience, and of orders 1 and 2 respectively for the combined
IMF of the respiratory signals of the choir and the audience. These orders of the
MVAR models were employed, because the power spectral densities estimated using
the MVAR models with the chosen orders exhibited physically meaningful peaks in
coherence in the LF/HF band in the IMFs of both the HRV and respiratory signals
(see Section 3.6.2).
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Figure 3.22: Variances of the HRV signals of the five members of the
audience. (a—-¢) Members 1-5 of the audience. The variances were calculated
using 10-second sliding windows with 5-second overlap (5-second increment).
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Figure 3.23: The PSI of the respiratory and HRV signals within
the same subject group and between the subject groups. For
brevity Resp.=Respiration, reh.=rehearsal, perf.=performance, aud.=audience and
cond.=conductor. The PSI of noise was calculated from the combined-IMF's of the
artificial noise channels.

3.6 Results of the Analysis

Inter-channel dependence in the respiratory and HRV signals were quantified using

intrinsic phase synchrony and the proposed intrinsic coherence measure.

3.6.1 Phase Synchrony

Figure 3.23 shows the PSIs of the respiratory and HRV data for the 6 considered cat-
egories, estimated from 50 realisations of NA-MEMD. For each trial of NA-MEMD),
the Z-test® [92] at a significance level of 0.05 was performed, in order to reveal

statistical differences in the respiratory and HRV PSI values between the categories.

Observe that in the performance conditions, both the respiratory and HRV PSIs
among the choir members significantly increased compared to the rehearsal. This

indicates that the breathing rhythms, and by virtue of RSA the cardiac activities

3The Z-test assesses the probability that there is no effective difference between the means of
two populations — the means of respiratory or HRV PSI values of the different categories.
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too, of the choir members exhibited stronger dynamic coupling which was reflected
in an increase in the synchrony of their physiological responses.

Hypothesis #1: The intrinsic synchrony of physiological responses of choir mem-
bers is a signature of increased coordination between performers and their enhanced

mental awareness in various types of performance.

Observe that the values of PSI indices of the respiratory and HRV signals among
the audience were lower than those of the choir, both during the rehearsal and the

performance.

Figure 3.23 also shows that the respiratory and HRV PSIs between the conductor
and the members of the choir were lower than PSIs among the members of the choir,
in both the rehearsal and performance scenarios.

Hypothesis #2: The physiological responses of the conductor were modulated by
both the piece of music performed (as indicated by a degree of coupling with the

choir) and the physical activity involved in the act of conducting.

Figure 3.23 highlights that PSIs between human subjects were significantly higher
than noise PSIs, thus indicating that human PSIs were not random; also the PSIs
of HRV exhibited similar patterns to those present in the respiratory signal — a

consequence of RSA.

3.6.2 Coherence analysis

Figure 3.24 illustrates the coherence analysis of respiration and HRV, estimated for
the 6 categories considered. Figure 3.24 (a) shows respiratory coherence among
the members of the choir during both the rehearsal and performance, together with

those among the members of the audience.

Observe the peaks in the frequency range 0.2-0.35 Hz which indicate the coherence
in breathing at normal rates. The members of the audience breathed faster than
the choir, resulting in coherence at higher frequencies. Conversely, owing to long

exhalation while singing, the choir exhibited high coherences in the low frequency
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Figure 3.24: The COH values of the respiratory and HRV data. (a) Res-
piratory COH within the same group. (b) Respiratory COH between groups. (c¢)
COH of HRV within the same group. (d) COH of HRV between groups.

region of 0.04-0.05 Hz (ellipse 1).

Remark #1: The coherence of the choir during the performance was similar to
that during the rehearsal, while the coherence between between the conductor and
the members of the choir was markedly higher (see Figure 3.24 (b), ellipse 2). This
indicates a higher degree of cooperation during the performance, when the stakes
are high and both the conductor and the choir feel the pressure and thus the urge

to work extra hard in order to produce a spot on performance.

Figure 3.24 (¢) shows HRV coherences among the members of the choir during the

rehearsal and performance, and those among the members of the audience during
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the performance.

Remark #2: The higher COH values among the choir in the HF band (0.15-0.4
Hz) of HRV during the performance, compared to the rehearsal, can be attributed
to the RSA (ellipses 3 & 4). This indicates a higher degree of cooperation mediated
by the synchronised respiration, additionally notice how virtually no coherence is

detected in the cardiac activity of the members of the audience.

3.7 Summary

This study has employed intrinsic phase synchrony and intrinsic coherence to quan-
tify phase and amplitude relationships in the respiratory and cardiac signals of the
choir, the conductor and the audience, in order to investigate degrees of cooperation
during a social task. The results have shown that each group is represented by a
distinctive degree of joint synchronisation of participants’ physiological responses,
caused by the act of performance. While the choir has demonstrated a marked in-
crease in coordination from the rehearsal to the performance, less agreement has
been observed between the subject groups (choir, conductor, audience), with the
lowest coordination observed for the audience. This can be attributed to each group
experiencing the performance in different physical and mental ways, as exemplified
by the lower synchronisation between the groups. On the signal processing side,
it has been shown that intrinsic phase synchrony has captured phase relationship
of both physiological signals in all situations effectively, yielding a meaningful and
straightforward to interpret data association metric. The coherence effects between
the sympathetic and parasympathetic nervous systems in the participants, primar-
ily mediated by respiration, has also been illuminated via the various degrees of
coherence in the LF band of the HRV signals of the choir during both the scenarios
and the increase in coherence in the HF band of HRV signals of the choir during the
performance; these could not be found using intrinsic phase synchrony. Both the
considered intrinsic measures have designated a quantitative approach to assessing
joint endeavours, and have paved the way for mathematical characterisation of coop-
erative physiological systems across human activities. Note that this work provides

time-averaged PSI and COH in order to investigate average degrees of physiologi-
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cal coupling during the whole collaborative tasks. The next chapter focuses on the

quantification of time-varying dependence of the respiratory and HRV signals.
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Chapter 4

Quantifying Team Cooperation
Through Intrinsic Multi-scale
Measures: Respiratory and
Cardiac Synchronisation in Choir

Singers and Surgical Teams

4.1 Introduction

In an attempt to quantify the average degrees of synchronisation in the choir mem-
bers’ physiological responses (respiration and HRV), the quantification of the level
of cooperation has been presented in the previous chapter. This is achieved via the
assessment of phase and amplitude relationships between physiological responses of
the singers using the intrinsic phase synchrony (IPS) and intrinsic coherence (ICoh)

measures.

The IPS and ICoh are implemented through combination of the novel data-driven
multivariate signal decomposition algorithm called noise-assisted multivariate em-
pirical mode decomposition (NA-MEMD) [58, 10] and two standard data-association

measures, phase synchrony and coherence. The IPS accounts only for phase infor-
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mation between dependent signals, regardless of the differences in the magnitude
of intrinsic oscillations between data channels obtained using NA-MEMD. The fre-
quency aspect of synchrony which is estimated using this algorithm, however, is not
highly localised using the Hilbert transform. Conversely, using ICoh, the degree of
signal dependence can be quantified as a function of frequency, at a loss of the time

aspect, because ICoh is computed over the whole data set.

To mitigate the aforementioned problems posed by both the intrinsic data associ-
ation measures — poor frequency localisation in IPS and loss of time information
in ICoh — a highly localised time-frequency data association measure is therefore
proposed. It is achieved based on the combination of NA-MEMD, and STFT-based
SST and MSST (F-M/-SST) algorithms. The NA-MEMD is first employed to ob-
tain physically meaningful intrinsic oscillations of a given multivariate signal. Due
to the resolution and noise problems in the CWT-based SST and MSST, the STFT-
based SST and MSST algorithms are employed here to generate highly localised
time-frequency representations of signal dependence between the intrinsic oscilla-
tions produced by the NA-MEMD. This procedure is referred to as the intrinsic

synchrosqueezing coherence (ISC).

However, for certain scenarios, in the presence of
e collaborative tasks which take place over a long period of time,

e physically meaningful and straightforward to interpret trends in the level of

cooperation during long and complex events being of interest,

e prior knowledge on periods of trends for physically meaningful and straight-

forward interpretation being unavailable,

it is imperative to have a data-driven, data-association measure which empirically
quantifies intrinsic trends, whereby only those components which contain physically
meaningful and straightforward interpretation can be combined. To this end, an
extension to the standard IPS is proposed and is referred to as the nested intrin-
sic phase synchrony (N-IPS), which further decomposes time series of synchrony
between data channels calculated using sliding windows in the standard IPS into

multiple scales of synchrony; then only certain scales which admit straightforward
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and meaningful physical interpretation are combined, without any prior knowledge

on the frequencies of such scales.

The aim of this study is to build upon the enhanced discrimination capability of the
intrinsic synchrosqueezing coherence and nested intrinsic phase synchrony data as-
sociation metrics, in order to precisely identify physiological synchrony in frequency
and time, using the ISC, and to empirically quantify physically meaningful intrinsic
trends in the level of cooperation associated with events during the course of long
cooperative tasks, using the N-IPS. The intrinsic synchrosqueezing coherence is em-
ployed to precisely reveal the synchronised respiratory and HRV frequencies among
a subset of bass singers of the Eric Whitacre Choir during 4-minute and 40-second
rehearsal and performance of the same musical score. The nested intrinsic phase syn-
chrony is employed to empirically estimate physically meaningful trends in the levels
of cooperation of: (i) subsets of soprano and bass singers of the Imperial College
Chamber Choir during a 1-hour evensong performance through trends of synchrony
in their respiratory and HRV signals, and (ii) three pairs of catheterisation labo-
ratory team members (cardiology consultant, cardiology registrar and physiologist)
during a 2-hour invasive coronary procedure through trends of synchrony in their

HRV signals.

4.2 Algorithms and Background

The proposed intrinsic synchrosqueezing (ISC) and nested intrinsic phase synchrony

(N-IPS) algorithms are described below.

4.2.1 Intrinsic Synchrosqueezing Coherence (ISC)

The proposed intrinsic synchrosqueezing coherence (ISC) is a data association mea-
sure which exhibits precise time and frequency localisation for the analysis of cou-
pled nonlinear and non-stationary multivariate signals. This is achieved through

the combination of NA-MEMD, FSST and F-MSST algorithms. The NA-MEMD

is first employed to decompose a given multivariate signal into a set of physically
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meaningful narrowband intrinsic oscillations (IMFs). The FSST is next employed
channel-wise to generate multiple univariate multicomponent time-frequency (TF)
planes with high localisation in both time and frequency. The F-MSST is then used
to construct multivariate highly-localised TF representations. These univariate and
multivariate TF representations are subsequently employed to generate TF repre-
sentations of signal dependence (synchrony) in IMF's; see Algorithm 4.1 for detail of
the proposed intrinsic synchrosqueezing coherence (ISC). The synchrosqueezing co-
herence index (SCI) ranges between 0 and 1, with 1 indicating perfect synchrony and
0 a non-synchronous state. For the implementation of F-MSST, FSST is employed
instead of SST in Step (1) of Algorithm 2.6.

Algorithm 4.1: Intrinsic synchrosqueezing coherence (ISC)

1. Given a P-variate signal x(¢), obtain multivariate IMFs via NA-MEMD, c,(¢),
where £k =1,2,..., K, and K is the number of IMFs.

2. For each channel p, combine the IMFs corresponding to the frequency band of

interest, IMF,.

3. Apply FSST channel-wise to the combined IMFs, I M F,,, to generate P univari-
ate STFT-based synchrosqueezing transform coefficients, T4rpr(f,t), where

p=12,...,P.

4. Apply F-MSST to the combined IMFs between channels ¢ and 7, IMF; and
IMF;, where t =1,2,...,P, 7 =1,2,..., P, and 7 # j, to generate multivari-
ate STFT-based synchrosqueezing transform coefficients of the two channels,

TSi%FT(f7 t)'

5. Time-frequency representation of the degree of signal dependence (synchrony)
in frequency and time between channels ¢ and j is then determined via the

synchrosqueezing coherence index (SCI), given by

‘TéTFT(f’t_)|'|TgTFT (f,t)l
1 Tgtpr (f:1)]

|T§TFT(f7t) ‘ ) ‘TgTFT(f)t)l
ma. .
Fo (\/ )]
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6. Perform 30 realisations of NA-MEMD!, repeat steps (1)—(5) for each realisa-
tion, and average the 30 time-frequency representations of signal dependence
between channels i and j, SCI,; ;(f,t), in order to obtain a highly localised

representation of synchrony.

The rationale behind Eq. 4.1 is as follows: the multiplication of univariate TF
representations, that is, instantaneous amplitudes and frequencies, of channels 7 and
4, which are respectively represented by |Téppr(f,t)| and |Tdpep(f,1)], is performed
in order to reveal instantaneous frequencies which exist in both the channels at
the same time instants. However, if there exists smearing in both the univariate
TF representations, the resulting multiplication also exhibits such smearing. This
can be removed by dividing the resulting multiplication with the multivariate TF
representation of both the channels, |Tatpr(f,1)|. If the resulting division is not a
number (infinitiny) due to a value of zero of the denominator, |Tgipy(f, )|, which
indicates the non-existence of smearing, it must be replaced by zero. Finally, SCI

values in the range 0 to 1 are obtained by dividing the numerator with its maximum

value across the whole time and frequency considered.

4.2.2 Nested Intrinsic Phase Synchrony (N-IPS)

The intrinsic phase synchrony (IPS) was originally proposed in the so-called intrinsic
multi-scale analysis framework in [8] and generalises standard phase synchrony by
equipping it with the ability to operate at the intrinsic scale level. It employs

NA-MEMD to decompose a given multivariate signal into its narrowband intrinsic

In order to reduce the ‘leakage’ effect in the input channels, which is caused by artificial WGN
channels while performing NA-MEMD, additional multiple realisations of WGN are recommened
and must be averaged out across the realisations to obtain the ‘true’ IMFs [58]. This study has
empirically found that performing 30 realisations of NA-MEMD is computationally time permitted
and is sufficient to reduce the leakage effect. To exemplify computational time required to perform
a single realisation of NA-MEMD), a single realisation of NA-MEMD was performed on a personal
computer with an 8-core processor running at the speed of 3.4 GHz, with 32 GB of RAM, to
decompose 2-channel 1-minute-long synthetic data with a sampling frequency of 1 kHz, where both
the channels consisted of 100 Hz sinusoids, using 5 additional WGN channels. The computational
time required for this NA-MEMD operation was 11 minutes. In general, computational time
required for each realisation of NA-MEMD depends on the numbers of data channels and data
points.
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oscillations (IMFs), which makes it possible to quantify the temporal locking of the

phase information in IMFs using the standard phase synchronisation index (PSI).

An extension of the IPS is introduced here and is referred to as nested intrinsic
phase synchrony (N-IPS), for the empirical quantification of physically meaningful
and straightforward to interpret trends in phase synchrony. The N-IPS first employs
the conventional IPS to quantify intrinsic phase relationship in IMFs, and further
decomposes the resulting time series of intrinsic phase synchrony into multiple scales,
whereby only certain scales which contain physically meaningful and straightforward
to interpret information are then combined, as outlined in Algorithm 4.2. Note that
trends in synchrony obtained using the N-IPS algorithm can be negative, since IMF's
of synchrony which contain a positive offset in the raw PSI values can be neglected.
In such circumstances, the baseline for the trends in synchrony obtained using N-
IPS is an imperative, since it is used to judge whether the trends in synchrony are

significant or not — they are deemed significant if above the baseline.

Algorithm 4.2: Nested intrinsic phase synchrony (N-IPS)

1. Given a P-variate signal x(t), obtain multivariate IMFs via NA-MEMD, ¢, (¢),
where k, = 1,2,..., K,, and K, is the number of IMFs.

2. Calculate phase synchrony between channels i and j, 7;,(t), using the IPS
algorithm (see Algorithm 2.3), where ¢ = 1,2,...,P, j = 1,2,..., P, and
i # 7.

3. Obtain IMFs of the phase synchrony between channels ¢ and j, v;;(t), via
NA-MEMD, ¢, .k, ky = 1,2,..., K, and K, is the number of IMFs of the

phase synchrony.

4. Combine certain IMFs of the phase synchrony, c,, ; &, which contain physically

meaningful and straightforward interpretation.
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4.3 Applications

Applications of the proposed ISC algorithm shall now be demonstrated, which in-
clude: (i) estimating degrees of synchrony in a linear bivariate signal; (ii) estimating
degrees of synchrony in a nonlinear narrowband bivariate signal; and (iii) the precise
identification of physiological synchrony among choir members. Applications of the
N-IPS algorithm in large scale analyses for the empirical quantification of the levels
of cooperation in (i) choir singing and (ii) performing a surgical procedure are also

demonstrated.

4.3.1 Estimating Degrees of Synchrony in a Linear Bivariate

Signal

The utility of the proposed ISC algorithm, a combination of NA-MEMD and STFT-
based M/-SST (F-M/-SST) algorithms, is demonstrated over the task of estimating
degrees of synchrony in a linear bivariate signal against the standard intrinsic phase
synchrony (IPS) algorithm, which is a combination of NA-MEMD and phase syn-
chrony, and other five combinations of algorithms for performing Steps (1)—(4) in

Algorithm 4.1. These combinations are:

FIR band-pass filter (BPF) & CWT-based M/-SST (W-M/-SST)

FIR BPF & STFT-based M/-SST (F-M/-SST)

IIR BPF & CWT-based M/-SST (W-M/-SST)

IIR BPF & STFT-based M/-SST (F-M/-SST)

NA-MEMD & CWT-based M/-SST (W-M/-ST)

To resemble real-world physiological signals, which typically contain 1/f noise and

a low frequency trend [93], the linear bivariate signal consisted of sinusoidal oscil-
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lations corrupted by additive 1/f noise? and a low-frequency trend of magnitude A

oscillating at 0.01 Hz, Ag 1, given by

z1(t) = Ap o1 + kcos(2m f(t)t+¢) + ny(t),

fi;t=0s,...,1.667s

f(t) =9 fort = 1.667s,...,3.334s

fa;t=3.334s,...,5s
)

ki;t=0s,...,1.667s

k=< kot =1.667s,...,3.334s

ks;t = 3.334s,...,5s
\
T9(t) = Ao.or + kcos(2m f(t)t+¢) + na(t),

fi;t=0s,...,1.667s
ft) =
fa;t=1.667s,...,5s

ki;t =0s,...,1.667s

ky;t = 1.667s,...,5s

where Ag01=5, f1=5 Hz, fo=11 Hz, f3=18 Hz, k1=1, ky=0.5, k3=2, k4,=0.1 and the
sampling frequency f,=200 Hz. The SNR of the first channel corrupted by additive
1/f noise n; was 10 dB, while the SNR of the second channel governed by 1/f noise
ny was set at 0 dB, 5 dB and 10 dB. For each combination of the algorithms 30
realisations were performed, whereby different values of phase ¢ were set in different
realisations, ranging from 0 to 2, that is, ¢ = %(2%), where ¢ is the realisation
number. It must be noted that this simulation aimed to demonstrate straightfor-

ward comparisons between the combinations of algorithms in: (i) removing 1/f noise

2The 1/f noise was generated using the ‘pinknoise’ Matlab script downloaded from
https://uk.mathworks.com/matlabcentral/fileexchange /42919-pink-red—blue-and-violet-noise-
generation-with-matlab-implementation?focused=7825006&tab=function, whereby a time series
of white Gaussian noise (WGN) is first generated, and the fast Fourier transform (FFT) is then
applied to the artificial WGN. Next, to obtain the -3dB/octave characteristic of 1/f noise (the
power is proportional to the frequency by a factor of 1/f, that is, the amplitudes are proportional
to \/LT)’ each spectral component of the WGN in the real part is multiplied by ﬁ, where u is
the spectral component index. The imaginary part is then the symmetric copy of the real part.
Inverse FFT is finally applied to all the modified spectral components to construct a time series
of 1/f noise.
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and trend, which typically govern physiological signals, using the standard filtering
techniques and NAMEMD, essentially acting as a dyadic filterbank; and (ii) most
importantly, estimating degrees of synchrony. This simulation, therefore, did not
introduce other non-biological or physiological artefacts, such as electrical motor
noise, mechanical ventilator noise, respiration, eye blinks, and muscle movement,
which often overlap with physiological signals of interest in both spectral and tem-
poral domains such that it becomes difficult to use a simple filtering technique for
the removal [94]. Efficient detection and removal of such artefacts require further
sophisticated signal processing schemes, such as independent component analysis
(ICA) [95, 96, 97], artificial neural network (ANN) [98, 99, 100], and support vector
machines (SVM) [101, 102, 103], which are beyond the scope of this thesis.

Figure 4.1 shows the spectrograms of the clean linear bivariate signal without the
low-frequency trend estimated using the standard STFT. In this bivariate signal,
there was strong synchrony between the two channels at 5 Hz from 0s to 1.667s, and
weak synchrony at 18 Hz from 3.334s to 5s. Figure 4.2 shows the corrupted bivariate
signal, the means and the variances of both the channels. The means and the
variances were calculated using 0.2-second sliding windows with 0.1-second overlap
(0.1-second increment). The time-varying means and variances indicate that the
signal was not WSS. The bivariate signal was decomposed using NA-MEMD with 10
additional WGN channels. Three IMFs of each of the two channels which governed
the frequency band of 4-19 Hz were combined and averaged over 30 realisations
of NA-MEMD. Alternatively, the bivariate signal was band-pass filtered using an
FIR BPF of order 50 with the passband set to 4-19 Hz, a bandwidth similar to the
combined IMFs. A Butterworth IIR BPF of order 3 with the same passband was also
applied to the bivariate signal. The different filtered bivariate signals obtained using
the NA-MEMD, FIR BPF, and IIR BPF were then fed into the W-M/-SST and F-
M/-SST algorithms to generate TF representations of signal dependence (synchrony)
calculated using Eq. 4.1 in Algorithm 4.1. Phase synchrony estimation was also
employed to estimate phase relationship in the filtered bivariate signal obtained
using NA-MEMD, that is, intrinsic phase synchrony, and TF representations of

phase synchrony were obtained using the Hilbert transform.
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Figure 4.1: Standard TF spectrograms of the clean linear bivariate signal.
(a) First channel consisted of 3 sinusoids of frequencies 5 Hz, 11 Hz, and 18 Hz. (b)
Second channel consisted of 2 sinusoids of frequencies 5 Hz and 18 Hz. There were
therefore both strong and weak signal dependence at 5 Hz and 18 Hz at different
time instants. Observe smearing due to frequency swithches from 5 Hz to 11 Hz in
the first channel, and from 5 Hz to 18 Hz in the second channel (see the ellipses).
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Figure 4.2: The corrupted bivariate signal, the means and the variances
of both the channels. (a) The corrupted first channel. (b) The corrupted second
channel. (¢) Means of the corrupted first channel. (d) Means of the corrupted
seconds channel. (e) Variances of the corrupted first channel. (f) Variances of
the corrupted seconds channel. The means and the variances were calculated using
0.2-second sliding windows with 0.1-second overlap (0.1-second increment).
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Figures 4.3 & 4.4 show TF representations of degrees of synchrony in the linear
bivariate signal estimated by averaging over 30 realisations of the different combina-
tions of algorithms considered. The W-M/-SST combined with either FIR BPF, IIR
BPF, or NA-MEMD, produced noticeable spurious synchrony (see first and third
rows in Figure 4.3, and first row in Figure 4.4), since CWT introduced mathemat-
ical artefacts (noise)?, and consequently they were localised by the joint frequency
estimator in W-MSST. Since the 0.01 Hz trend added to the signal was not fil-
tered out completely using the FIR BPF and the remaining trend was localised
by F-M/-MSST, the SCI values at this frequency consequently dominated the TF
representations of degrees of synchrony (second row in Figure 4.3). Undesired syn-
chrony at fy was produced by the combination of IIR BPF & F-M/-SST (see fourth
row in Figure 4.3). This is because the IIR BPF introduced artefacts to the filtered
second channel at f5, thus resulting in undesired F-SST coefficients of the filtered
second channel at f, and consequently undesired synchrony between the channels at
f2. Using IPS (last row in Figure 4.4), the degrees of synchrony estimated at f; were
not highly localised, spreading around f;, and the estimation of weak synchrony at
f3 was not achieved. The proposed ISC algorithm (NA-MEMD & F-M/-SST, sec-
ond row in Figure 4.4) produced less spurious synchrony, yielded desired synchrony
at f1, and achieved the estimation of weak synchrony at f3 at high SNR. Note that
smeared synchrony produced by the ISC around the 2nd second (see the ellipse)
was generated due to the frequency swithches from f; to f, in the first channel, and

from f; to f3 in the second channel.

3Mathematical artefacts (additional noise) are produced by CWT, because wavelet functions
are time limited, thus when performing time convolution (i.e. spectral windowing), accurate local-
isation of both time and frequency by the CWT cannot be achieved at the same time.
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Figure 4.3: TF representations of the degrees of synchrony in a synthetic
linear bivariate signal in Figure 4.1 estimated using four different com-
binations of algorithms. The TF representations are shown in logarithmic scale.
The SNR of the second channel governed by 1/f noise was set to 0 dB, 5 dB and
10 dB (left, centre and right panels, respectively). Observed mathematical artefacts

produced by CWT and exemplified in the red boxes.
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Figure 4.4: TF representations of the degrees of synchrony in a synthetic
linear bivariate signal in Figure 4.1 estimated using three different com-
binations of algorithms. The TF representations are shown in logarithmic scale.
Observed mathematical artefacts produced by CWT and exemplified in the red
boxes. The ISC algorithm, NA-MEMD & F-M/-SST, performed the best due to no
spurious synchrony and the identified weak synchrony at 18 Hz (see the synchrony
in the green box). Smeared synchrony produced by the ISC around the 2nd second
(see the ellipse) was generated due to the frequency swithches from f; to fo in the
first channel, and from f; to f3 in the second channel.
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4.3.2 Estimating Degrees of Synchrony in a Nonlinear Nar-

rowband Bivariate Signal

The performance of the seven combinations of algorithms was next evaluated in the
task of estimating synchrony in a nonlinear narrowband bivariate signal extracted
from a nonlinear wideband bivariate AM/FM signal corrupted by additive WGN,
given by

(t) = ((1 4+ Maps cos(27 frnt+¢)) A1)

sin(27 fot + (AyMpasin(27 frnt+6))) + n(t),
(1 4+ Maps cos(27 frut+¢)) As)-
(

sin(27 fet + (A2 Mpasin(27 frt+¢))) + n(t),

(4.3)

x1(t
(1)
where M 4, denotes amplitude modulation index, Mgy, frequency modulation index,
f. carrier frequency, f,, baseband frequency, A; and A, scalars which define signal
magnitude, and n(t) the added WGN. In this example, M4y = 0.5, Mgy = 20,
fe = 500 Hz, f,, = 11 Hz, Ay = 1, Ay = 0.5, and the sampling frequency f; =
1 kHz. The SNR of both the channels was set at 3 different values (0 dB, 5 dB
and 10 dB). For each combination of the algorithms 30 realisations were performed,
whereby different values of phase ¢ were set in different realisations, ranging from 0
to 27, that is, ¢ = %(2%), where ¢ is the realisation number. The NA-MEMD was
employed to extract a narrowband bivariate signal of 7-15 Hz (f,,, £ 4 Hz) from the
corrupted wideband bivariate signal. The corrupted signal was also alternatively
band-pass filtered to 7-15 Hz by FIR and IIR BPFs with the same orders as in the

previous example. The degrees of synchrony in the filtered narrowband bivariate

signals were then estimated as previously described.

Figures 4.5&4.6 show TF representations of degrees of synchrony in the nonlin-
ear narrowband bivariate signal estimated using the different combinations of algo-
rithms. Using W-M/-SST combined with either FIR BPF, IIR BPF, or NA-MEMD,
there exist noticeable spurious synchronies outside the band of interest (see first and
third rows in Figure 4.5, and first row in Figure 4.6). This is because there still ex-

isted a considerable (FIR BPF) and a small (IIR BPF and NA-MEMD) amount
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of noise — the nonlinear signal outside the band of interest — after applying the
FIR BPF, IIR BPF and NA-MEMD, which were consequently localised by the joint
frequency estimator in the CWT-based MSST, which is sensitive to noise [70]. Syn-
chrony in the band of interest was not exhibited using the combination of FIR BPF
& F-M/-SST (second row in Figure 4.5), and was poorly estimated using the com-
bination of IIR BPF & F-M/-SST (see fourth row in Figure 4.5). The proposed ISC
algorithm (NA-MEMD & F-M/-SST, second row in Figure 4.6) did not produce
spurious synchrony outside the band of interest, and exhibited high concentration

of synchrony around 11 Hz (f,,), outperforming IPS (last row in Figure 4.6).

Figure 4.7 shows average SNRs of the TF representations of synchrony produced
by the seven combinations previously shown in Figures 4.3-4.6. The degrees of
synchrony estimated at the frequencies f; & f3 in the linear bivariate signal and
those in the band of interest in the nonlinear bivariate signal were deemed ‘signals’,
and the degrees of synchrony outside these were deemed ‘noise’. The proposed
ISC algorithm had respectively 4.33 dB and 5.71 dB higher SNRs than the second
best combination, which is the IIR BPF & F-M/-SST, in estimating degrees of
synchrony in the synthetic linear and nonlinear bivariate signals. The ISC algorithm
outperformed the others in both of the tasks, because essentially it did not produce
spurious synchrony, its performance increased with SNR, and it exhibited highly
localised synchrony at the frequencies of interest, making it the most reliable among
them. It should also be noted that: (i) both FIR and IIR filters generally introduce
several problems, such as group delay and nonlinear phase response (see Section 2.2
Phase Response of a Filter); (ii) these filters are not data-driven and not designed
specifically for nonlinear and nonstationary signals as opposed to NA-MEMD; and
(iii) CWT produces mathematical artefacts which degrade the performance of W-
MSST.
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Figure 4.5: TF representations of the degrees of synchrony in a synthetic

nonlinear bivariate signal estimated using four different combinations of
algorithms. The TF representations are shown in logarithmic scale. The SNR of

the second channel governed by WGN noise was set to 0 dB, 5 dB and 10 dB (left,
centre and right panels, respectively).
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Figure 4.6: TF representations of the degrees of synchrony in a synthetic
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algorithms. The TF representations are shown in logarithmic scale. The ISC algo-

rithm, NA-MEMD & F-M/-SST, performed the best due to the identified synchrony
in the band of interest and no spurious synchrony outside of this band.
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Figure 4.7: Average SNRs of TF representations of signal dependence es-
timated using different algorithms. (a) Average SNRs of TF representations
of synchrony in the synthetic linear bivariate signal. (b) Average SNRs of TF rep-
resentations of synchrony in the synthetic nonlinear bivariate signal.

4.3.3 Highly-localised HRV- and Respiration-based Choral

Synchrony Analysis

Heart rate variability (HRV) represents variations of the cardic cycle caused by
the interplay between the sympathetic (SNS) and parasympathetic (PNS) nervous
systems. The low frequency (LF) band of the HRV, 0.04-0.15 Hz, is linked to the
interaction of the SNS and PNS, while the high frequency (HF) band, 0.15-0.4 Hz,
primarily reflects the activity of PNS. The previous chapter has shown that during
choral singing, HRV and respiration of a subset of five singers synchronised during
both the rehearsal and the performance. That study, however, examined the average
level of cooperation by averaging the PSI of the respiratory and HRV signals of 3
different voices (1 tenor, 1 soprano and 3 bass singers) over time. This did not allow
for the quantification of the level of cooperation of specific voices and at different
time instants where the tempo of the musical score varied. In addition, a highly
localised TF representation of synchrony in the respiration and HRV signals was not

available.

To this end, IPS was employed to reveal the degrees of time-varying synchrony in
HRV and respiration among only the 3 bass singers, since as the same voice they

performed long- or short- inhalation or exhalation almost exactly at the same time
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over the course of the 4-minute and 40-second rehearsal and performance. This
time-varying synchrony estimated using IPS was next used to verify patterns of
temporal dynamics and time localisation of the TF representations of synchrony in

the bass singers’ HRV and respiration, obtained using the proposed ISC algorithm.

This study included respiratory and ECG signals of 3 bass singers (Members 1, 3
& 4, see Chapter 3) of the Eric Whitacre’s Choir during 4-minute and 40-second
periods of a rehearsal and a public performance at Union Chapel, London, UK.
(The same scenarios as in the previous chapter.) The respiratory and ECG signals
were recorded as described in the previous chapter. The respiratory signals were
downsampled to 4 Hz using the ‘resample’ function in Matlab, whereby the ‘P’ and
‘Q’ values for the resample function were set to 1 and 250 respectively (new sampling
frequency = original sampling frequency * P / Q). The HRV was estimated from
the ECG data using the MF-HT algorithm.

The respiratory (or HRV) signals of the 3 bass singers during both the rehearsal and
performance were used to form 3-channel data which was decomposed using NA-
MEMD with 10 adjacent WGN channels. The IMFs with indices 3-6 produced by
the NA-MEMD of the 3-channel multivariate HRV (or respiratory) signal of the bass
singers contained the physically meaningful frequency range 0.04 Hz to 0.4 Hz, that
is, exactly the LF/HF frequency band of HRV. The full band of interest in both the
HRV and respiration data was produced by summing up the corresponding IMF's,
in order to obtain the desired scale in data. The time-varying PSI values among
the singers were obtained by averaging PSI values calculated from 3 combined-IMF
pairs of the 3 data channels (pair 1: first and second bass singers, pair 2: first and
third bass singers, pair 3: second and third bass singers), whereby the PSI values for
each pair were computed using 20-second sliding windows with 18 seconds overlap (2-
second increment) for the respiratory signals, and 40-second sliding windows with 36
seconds overlap (4-second increment) for the HRV signals. The PSI indices between
the combined-IMF's of the noise channels were also estimated in order to provide

the PSI of random signals as a baseline.

The ISC was performed on each of the same 3 combined-IMF pairs of the 3 data

channels of the respiratory (or HRV) signals to obtain 3 TF representations of syn-
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chrony in each of the signals for all the pairs. The 3 TF representations were next
averaged in order to obtain a TF representation of synchrony in the respiratory (or

HRV) signals among the bass singers.

Figures 4.8(a) & 4.9(a) show the timings of long or short exhalation of the bass
singers when they performed in unison, and when they remained silent or inhaled.
Figures 4.8(b) & 4.9(b) show degrees of synchrony in respectively the respiratory
and HRV signals during the rehearsal and the performance, estimated using IPS
with 30 realisations of NA-MEMD. Observe that the respiratory synchrony in both
situations (see Figure 4.8(b)) reached their peaks approximately during a series of
long exhalation, while the HRV synchrony during the performance (see the broken
line in Figure 4.9(b)) reached its first and last peaks during a series of relatively
long inhalation (approximately at the 50th and 220th seconds). The increased syn-
chrony in HRV was presumably due to synchronised acceleration of heart rates of
the singers. Figures 4.8(e-f) & 4.9 (e-f) show TF representations of respectively res-
piratory and HRV synchrony during the rehearsal and the performance estimated
using the proposed STFT-based ISC. In both situations, the respiratory synchrony
(see Figure 4.8(e-f)) was highly localised at 0.1 Hz due to a series of long exhala-
tions they had to perform in unison. This exemplifies that the singers were heavily
demanded by the musical score to breath in unison at a very slow rate of 6 breaths
per minute (breaths per minute = 60 * breathing frequency). This rate is slower
than the normal breathing rate in adults which varies between 12 and 15 breaths
per minutes (0.2-0.25 Hz) [87]. The HRV synchrony (see Figure 4.9(e-f)) was dom-
inant in the LF band of HRV, 0.04-0.15 Hz. This conforms with the finding in the
previous chapter, where ICoh revealed a large proportion of coherence in the HRV

signals in the LF band.

The sums of SCI values across frequencies as a function of time of the respiratory and
HRV signals during both the rehearsal and the performance are respectively shown
in Figures 4.8(c-d) & 4.9(c-d) (see thin dotted lines). Observe that the sums of SCI
values of both the signals varied dramatically during both situations, indicating that
the proposed ISC algorithm effectively yielded highly localised time-varying respi-

ratory and HRV synchrony. To perform straightforward verification of patterns of
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Figure 4.8: Intrinsic synchrony in respiratory signals among the bass
singers during the rehearsal and the performance estimated using IPS
and STFT-based ISC. (a) Singing timing of the bass singers. (b) The PSI of the
respiratory signals. (¢) The sum of SCI values across frequencies of the respiratory
signals during the rehearsal, and its reconstruction from IMFs with indices 8-13.
(d) The sum of SCI values across frequencies of the respiratory signals during the
performance, and its reconstruction from IMFs with indices 8-13. (e) The SCI of
the respiratory signals during the rehearsal, shown in logarithmic scale. (f) The
SCI of the respiratory signals during the performance, shown in logarithmic scale.
For brevity, the sum of SCI values are denoted by Sum., and the reconstruction of
the sum of SCI values from IMFs with indices 8-13 by Recon. of Sum. Observe:
(i) similar patterns of temporal dynamics between the Recon. of Sum. and the
corresponding PSIs; and (ii) time instants of peaks in the Recon. of Sum. are close
to those of the peaks in the corresponding PSIs.
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Figure 4.9: Intrinsic synchrony in HRV signals among the bass singers
during the rehearsal and the performance estimated using IPS and STFT-
based ISC. (a) Singing timing of the bass singers. (b) The PSI of the HRV signals.
(¢) The sum of SCI values across frequencies of the HRV signals during the rehearsal,
and its reconstruction from IMFs with indices 8-13. (d) The sum of SCI values across
frequencies of the HRV signals during the performance, and its reconstruction from
IMFs with inidices 8-13. (e) The SCI of the HRV signals during the rehearsal,
shown in logarithmic scale. (f) The SCI of the HRV signals during the performance,
shown in logarithmic scale. For brevity, the sum of SCI values are denoted by Sum.,
and the reconstruction of the sum of SCI values from IMFs with indices 8-13 by
Recon. of Sum. Observe: (i) similar patterns of temporal dynamics between the
Recon. of Sum. and the corresponding PSIs; and (ii) time instants of the peaks in
the Recon. of Sum. are close to those of the peaks in the corresponding PSIs.
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temporal dynamics and time localisation of the relatively ‘faster’ temporal dynamics
of the sums of SCI values against the ‘slow’ temporal dynamics of the corresponding
PSIs shown in Figures 4.8(b) & 4.9(b), the sums of SCI values of both the signals
during both situations were used to form 4-channel data which was decomposed
using MEMD. It was empirically found that the multivariate IMFs with indices
1-7 of the 4-channel data could be deemed ‘fast oscillatory components’, while the
multivarite IMFs with indices 8-11 ‘slow oscillatory components’, and that the com-
binations of the multivariate IMF's in the latter set yielded the reconstructions of
the sums of SCI values which exhibited: (i) ‘slow’ temporal dynamics similar to the
‘slow’ temporal dynamics of the corresponding PSIs for both the signals and in both
situations; and (ii) time instants of peaks in the reconstructions of the sums of SCI
values of both the signals and in both situations being close to those of the peaks
in the corresponding PSI in Figures 4.8(b) & 4.9(b). Observe similar patterns of
temporal dynamics and close positions of the peaks between: (i) the solid lines in
Figures 4.8(b) & 4.8(c); (ii) the thick broken lines in Figure 4.8(b) & 4.8(d); (iii)
the solid lines in Figures 4.9(b) & 4.9(c); and (iv) the thick broken lines in Figures
4.9(b) & 4.9(d).

The degrees of synchrony in the bass singers’ respiratory and HRV signals during
both the situations using CWT-based ISC, which combines the conventional CW'T-
based SST and MSST algorithms, was also examined, as shown in Figure 4.10
(a-d). Since the joint frequency estimator in the CWT-based MSST is sensitive
to noise [70] and CWT produced mathematical artefacts (additional noise), the
TF representations produced by the CWT-based ISC exhibited noticeable spurious

synchrony at several frequencies.

4.3.4 Large Scale HRV- and Respiration-based Choral Syn-

chrony Analysis

In addition to Section 4.3.3 where the degrees of synchronisation in the respiratory
and HRV signals were highly localised in frequency and time using the proposed ISC

algorithm, it is equally important to establish a measure which provides physically
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Figure 4.10: Intrinsic synchrony in respiratory and HRYV signals among the
bass singers during the rehearsal and performance estimated using CWT-
based ISC. The TF representations are shown in logarithmic scale. (a) The SCI of
the respiratory signals during the rehearsal. (b) The SCI of the respiratory signals
during the performance. (¢) The SCI of the HRV signals during the rehearsal.
(d) The SCI of the HRV signals during the performance. Observe mathematical
artefacts shown in the red boxes. They are introduced by the CWT.

meaningful and straightforward interpretation of the level of cooperation in the sce-
narios where physiological responses are acquired from a long period of time. To this
end, the proposed N-IPS algorithm was employed to empirically quantify physically
meaningful and straightforward to interpret trends in the degrees of synchronisation

in physiological signals of choir singers while performing an evensong.

The ECG and respiratory data recordings were conducted at St Martin-in-the-Fields
church, London, UK, in July 2016 under the ethics approval ICREC_12_1_1, Joint
Research Office at Imperial College London. Written consents of the subjects who
participated in these studies were obtained, and they were not paid for the partici-
pation. Five soprano choir singers and four bass choir singers of the Imperial College
Chamber Choir participated in the recordings of their physiological signals during
10 minutes before an evensong performance, 1 hour of an evensong performance,
and 10 minutes after the performance. The data were acquired in the same manner

as in Section 3.3
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The respiratory signals were downsampled to 4 Hz using the ‘resample’ function in
Matlab, whereby the ‘P” and ‘Q’ values for the resample function were set to 1 and
250 respectively (new sampling frequency = original sampling frequency * P / Q),

and HRV was estimated from the ECG data using the MF-HT algorithm.

Figures 4.11-4.14 show respectively respiratory signals, ECG signals, SNRs of both
the signals, and HRV signals of the subset of soprano and bass singers. Respiratory
signals of soprano singer numbers 2 and 5, and bass singer number 2 (second, fifth
and seventh rows in Figure 4.11) exhibited a number of spikes (see the ellipses)
which were subsequently found to hamper NA-MEMD decomposition, producing
same oscillatory components in several IMFs — mode splitting. These signals were
thus excluded from this study, while SNRs of the respiratory signals of the other
singers were high (> 13 dB, see Figure 4.13 (a)), and were therefore included in this
study. The ECG signals of all the singers exhibited high SNRs (> 9.9 dB, see Figure
4.13 (b)), consequently resulting in successful extraction of HRV as shown in Figure
4.14. Figures 4.15-4.18 show means and variances of the included respiratory and
HRV signals. The means and the variances were calculated using 10-second slid-
ing windows with 5-second overlap (5-second increment). The time-varying means
and variances indicate the signals were not WSS and that NA-MEMD should be

employed in the analysis.

The respiratory (or HRV) signals of the soprano and bass singers were used to form
multi-channel data which was decomposed using NA-MEMD with 10 adjacent WGN
channels. The IMFs which were produced by the NA-MEMD with indices 3-6 of the
multivariate HRV (or respiratory) signal of the singers and contained the physically
meaningful frequency range 0.04 Hz to 0.4 Hz (the LF/HF frequency band of HRV)
were then summed up to obtain the desired scale in data. The PSI estimation
was next performed in the same manner as in Section 4.3.3. The time-varying
PSI indices between the combined-IMFs of the signal and noise channels (baseline)
were next used to form multi-channel data which were further decomposed using
NA-MEMD with 10 adjacent WGN channels. Certain IMFs of the multivariate
synchrony produced by the NA-MEMD which exhibited physically meaningful and

interpretable trends in synchrony were then combined.
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Figure 4.11: Respiratory signals of the soprano and bass singers. For brevity
each soprano singer is denoted Sopx, with x denoting the singer number, and each
bass singer is denoted By, with y denoting the singer number. Respiratory signals of
Sop2, Sopb, and B2 exhibited a number of spikes (see the ellipses), severely affecting
the NA-MEMD decomposition.
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Figure 4.12: The ECG signals of the soprano and bass singers. For brevity
each soprano singer is denoted Sopx, with x denoting the singer number, and each
bass singer is denoted By, with y denoting the singer number.
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Figure 4.13: The SNRs of the respiratory and ECG signals of the soprano
and bass singers. (a) The SNRs of the respiratory signals. (b) The SNRs of the
ECG signals. For brevity each soprano singer is denoted Sopx, with x denoting
the singer number, and each bass singer is denoted By, with y denoting the singer
number. Note that the respiratory signals of Sop2, Sop5, and B2 were excluded
from this study.

Figure 4.19 (a-d) shows physically meaningful trends in synchrony in the sopra-
nos’ and basses’ respiratory and HRV signals, estimated from 30 realisations of
NA-MEMD. Observe that all the ‘raw’” synchrony obtained using the standard TIPS
algorithm (solid thin lines) varied dramatically during the course of events (singing
and pausing), thus being less amenable to physical interpretation. Trends in the
synchrony obtained using the proposed N-IPS algorithm, on the other hand, ex-
hibited smooth variations of synchrony during the events, and smooth transitions
between them. This offers more physically meaningful and interpretable results,
that is, the levels of cooperation markedly increased during most of the songs (de-
picted by the upward pointing arrows), and decreased during the long pauses (the
downward pointing arrows). Variations in the degrees of synchrony (levels of co-
operation) were because the breathing rhythms, and by virtue of RSA the cardiac
activities too, of the singers were modulated by the pieces of music performed, thus
exhibiting stronger dynamic coupling reflected in increases in the synchrony of their
physiological responses. During the pauses, however, their breathing rhythms were
not dictated by any piece of music, thus resulting in decreases in the synchrony. It
must be emphasized that the empirical quantification of physically meaningful and
straightforward to interpret trends in synchrony is focused on here, which is a first

step towards prediction.
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Figure 4.14: The HRV signals of the soprano and bass singers. For brevity
each soprano singer is denoted Sopx, with x denoting the soprano singer number,
and each bass singer is denoted By, with y denoting the bass singer number.
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Figure 4.15: Means of the respiratory signals of the soprano and bass
singers. For brevity each soprano singer is denoted Sopx, with x denoting the
singer number, and each bass singer is denoted By, with y denoting the singer
number. The means were calculated using 10-second sliding windows with 5-second
overlap (5-second increment). Note that respiratrory signals of Sop2, Sop5, and B2
were excluded from this study.

117



—
o
)
n
N
o
)
n
o
o
@)
n
1 1 1
2200 2400 2600 2800 3000 3200
<t
o,
@)
n
—~ 650
oy £ 600
Q' ~
(% @ 550
= 500 ‘ ‘ ‘
2200 2400 2600 2800 3000 3200
—
aa)
’g 700
[@\] ~
M o 600
= 500
% 650
o <600
M o
£ 550
F 500
__700
[%2]
-+ &
(0]
m 2 600
}_
1 | 1 1
2200 2400 2600 2800 3000 3200
Time (s)

Figure 4.16: Means of the HRV signals of the soprano and bass singers.
For brevity each soprano singer is denoted Sopx, with x denoting the singer number,
and each bass singer is denoted By, with y denoting the singer number. The means
were calculated using 10-second sliding windows with 5-second overlap (5-second
increment).
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Figure 4.17: Variances of the respiratory signals of the soprano and bass
singers. For brevity each soprano singer is denoted Sopx, with x denoting the singer
number, and each bass singer is denoted By, with y denoting the singer number. The
variances were calculated using 10-second sliding windows with 5-second overlap (5-

second increment). Respiratrory signals of Sop2, Sop5, and B2 were excluded from
this study.
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Figure 4.18: Variances of the HRYV signals of the soprano and bass singers.
For brevity each soprano singer is denoted Sopx, with x denoting the singer number,
and each bass singer is denoted By, with y denoting the singer number. The variances
were calculated using 10-second sliding windows with 5-second overlap (5-second
increment).
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Figure 4.19: Time-varying synchrony in the sopranos’ and basses’ respira-
tory and HRYV signals. (a) Respiratory PSI among the sopranos. (b) HRV PSI
among the sopranos. (¢) Respiratory PSI among the basses. (d) HRV PSI among the
basses. Degrees of raw synchrony (thin solid lines) and the corresponding baselines
(thin broken lines) were estimated using IPS. Trends of the raw synchrony (thick
solid lines) and the corresponding baselines (thick broken lines) were estimated using
N-IPS. Time instants when the singers sang during the 9 songs (S1-S9) are depicted
by the shaded areas. Observe increases in the synchrony of their physiological re-
sponses during most of the songs depicted by the upward pointing arrows. These

are due to their breathing rhythms and HRV being modulated by the demands of
pieces of music.

121



4.3.5 Large Scale HRV-based Surgical Synchrony Analysis

The performance of interventional cardiology is dependent on seamless collaboration,
as well as on effective teamwork as well as technical skills. These non-technical skills
rely on cooperation, leadership, problem solving and situation awareness. It has
been widely recognised that effective teamwork is crucial to patient safety in the
operating room. Suboptimal team performance is at the heart of adverse events and
near misses [104, 105, 106]. Good teamwork relies on responsible leadership and
communication. Breakdowns in communication and teamwork have been shown to
underlie harmful events occurring during invasive procedures. It has been shown
that pitfalls in the operating room are associated with significant morbidity. Up to
60% of all adverse effects take place in the operating room, with up to 33% of these
resulting in permanent disability and up to 13% resulting in death [107]. Glitches
are defined as problems and faults that may hinder, impede, or delay successful

accomplishment of the procedure.

Understanding team dynamics in the operating room or interventional suite, how
teams function, and the factors that facilitate or impede teamwork is critical to
the achievement of high-quality care and patient safety. A large body of evidence in
psychology and growing numbers of surgical studies suggest that excessively high lev-
els of intraoperative stress are disadvantageous to performance, and, consequently,
to patient care [108, 109, 110]. In technically challenging tasks, an appropriate
level of stress is important for performance, however, greater levels of stress and
mental strain may impair both nontechnical skills and operative performance, po-
tentially leading to an adverse impact on patient safety and outcomes [104, 111].
Multi-disciplinary interventional cardiology catheterization laboratory (Cath Lab)
teams are composed of an interventional cardiology consultant, a cardiology regis-
trar, a nurse, a physiologist and a radiographer, each with different background in
terms of training and competencies. These team members are expected to work and
function together to achieve an optimal outcome. Close cooperation between physi-
cians performing the procedure (cardiology consultant and cardiology registrar) and
physiologist outside the suite recording and monitoring pressures during coronary

intervention is essential.
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The ECG signals were recorded from a Cath Lab team starting 10 minutes before
and during a percutaneous coronary intervention (PCI) procedure, which was 1
hour and 56 minutes long, and was carried out in the Cath Lab at Hammersmith
Hospital, Imperial College Healthcare NHS Trust, London, in August 2016 under the
ethics approval ICREC_12_1_1, Joint Research Office at Imperial College London.
Written consents of the subjects who participated in these studies were obtained,
and they were not paid for the participation. During the procedure, team members
were closely observed by an independent observer, who noted times and types of
any glitches that occurred. Based on the published literature, possible glitches have

been divided into 15 categories [112] as follows:

1. Absence — absence of theatre staff member when required (e.g. circulating

nurse not available to obtain equipment)

2. Communication — difficulties in communication among team members (e.g.

repeat requests, incorrect terminology, and misinterpretations)

3. Distractions — anything causing distraction from the task (e.g. phone calls or

bleeps and loud music requiring to be turned down)

4. Environment — aspects of the working environment causing difficulties (e.g.

low lighting or variable temperature causing difficulties)

5. Equipment design — issues arising from equipment design that would not oth-
erwise be corrected with training or maintenance (e.g. compatibility problems

with different implant system and equipment blockage)

6. Maintenance — faulty or poorly maintained equipment (e.g. battery depleted

during use and blunt equipment)

7. Health and safety — any observed risk to the personnel (e.g. mask violations

and food or drink in the theatre)

8. Planning and preparations — instances that may have otherwise been avoided
with appropriate prior planning and preparation (e.g. insufficient equipment

resources and staffing levels and planning)
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9. Patient related — issues related to the physiological status of the patient (e.g.
difficulty in extracting previous implants and unexpected anatomically related

surgical difficulty and anaphylaxis)

10. Process deviation — incomplete or reordered completion of standard task (e.g.

unnecessary equipment opened)
11. Slips — psychomotor errors (e.g. dropped instrument)

12. Training — repetition or delay of operative steps due to training (e.g. consultant

corrects assistant operating technique)

13. Workplace — equipment or theatre layout issues (e.g. de-sterilising of equip-

ment and scrubbed staff on environment)
14. Change of the personnel during procedure

15. All staff present during WHO check (yes/no).

The electrode placement for ECG recordings, data acquisition, HRV estimation,
and PSI estimation were carried out in the same manner as in Section 3.3. Figures
4.20 and 4.21 show respectively the ECG and HRV signals, and SNRs of the ECG
signals. Observe that the ECG signals exhibited high SNRs (> 13 dB). Figure
4.22 shows means and variances of the HRV signals. The means and the variances
were calculated using 10-second sliding windows with 5-second overlap (5-second
increment). The time-varying means and variances indicate that the signals were
not WSS and that NA-MEMD should be employed in the data analysis. After
applying IPS to quantify degrees of synchrony in the HRV signals, the time varying
PSI indices between IMFs of the HRVs and noise channels (baseline) were used to
form multi-channel data, which was further decomposed using NA-MEMD with 10
additional WGN channels. The IMF's produced by the NA-MEMD with indices 10—
12 of the multivariate PSI values were combined to produce trends in the synchrony;,
since these combinations best represented changes in trends of the synchrony in
response to gliches. Figure 4.23 shows trends in synchrony in HRV data during the
recorded procedure, which exhibited cooperation and responses to glitches between

the following pairs: (i) cardiology consultant — cardiology registrar, (ii) cardiology

124



consultant — physiologist, and (iii) cardiology registrar — physiologist. Note that
no specific types of glitches were expected to be observed during the procedure.
Recorded glitches during the procedure included the following groups: (i) group 3
— distractions — anything causing distraction from task (phone calls/bleeps, loud
music, alarms), and (ii) group 5 — equipment design — issues arising from equipment
design that would not otherwise be corrected with training or maintenance (e.g.

compatibility problems with different implants or wires, or equipment failure).
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Figure 4.20: The ECG and HRYV signals of the cardiologists and physiolo-

gist. (a) The ECG signal of the cardiology consultant. (b) The ECG signal of the

cardiology registrar. (c¢) The ECG signal of the physiologist. (d) The HRV signal of

the cardiology consultant. (e) The HRV signal of the cardiology registrar. (f) The

HRYV signal of the physiologist.

125



14.1
% 14|
x
Z 139
13.8
oo(\. &Cy ‘(\*%'
S S Q
§ o
? O

Figure 4.21: The SNRs of the ECG signals of the cardiologists and physi-
ologist. For brevity Card. con. = cardiology consultant, Card. reg. = cardiology
registrar, and Phys. = physiologist.

Figure 4.23 shows that physiological responses of pairs of professionals responded to
the recorded glitches with increased synchrony in HRV. Observe that the first glitch
at the 27th minute caused immediate negative deflections (increases) in trends of
HRV synchrony between (i) the cardiology consultant and the physiologist (thin solid
line) and (ii) the cardiology consultant and the cardiology registrar (thick broken
line). Also, the third glitch at the 72nd minute caused another immediate negative
deflection (increase) in a trend of HRV synchrony between the cardiology registrar
and the physiologist (thick solid line). These findings suggest these glitches were

impeding the procedure and may affect procedural duration as well as outcome.

A growing body of literature suggests that shared knowledge and understanding of
each others roles and objectives during the invasive and high risk procedures in turn
facilitates team cooperation and coordination. For a team to function efficiently, its
members should share a ‘mental model” of the team’s tasks, objectives, means and
environment [113, 114, 115]. Tt is hoped that this prospective research will help to
facilitate better training programme across UK hospitals in order to deliver better

care to the patients.
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Figure 4.22: Means and variances of the HRV signals of the cardiologists
and physiologist. (a) Means of the HRV signal of the cardiology consultant. (b)
Means of the HRV signal of the cardiology registrar. (¢) Means of the HRV signal of
the physiologist. (d) Variances of the HRV signal of the cardiology consultant. (e)
Variances of the HRV signal of the cardiology registrar. (f) Variances of the HRV
signal of the physiologist. The means and variances were calculated using 10-second
sliding windows with 5-second overlap (5-second increment).

4.4 Summary

A data association measure with high frequency and time localisation, termed in-
trinsic synchrosqueezing coherence (ISC), has been introduced for the analysis of
coupled nonlinear and non-stationary multivariate signals. This has been achieved

through the combination of multivariate signal analysis using NA-MEMD and the

127



=== = Cardiology consultant - Cardiology registrar
= Cardiology consultant - Physiologist
mm Cardiology registrar - Physiologist

x1 [)'3 5 3 3 3 | == Baseline

Pre-surgery T T T

5E—> — i
-_— / = ~
E 0 - Rl P N \‘

N L~ ~
5 N e
| | |
60 70 80 90 100 110

Time (minute)

Figure 4.23: Trends in synchrony in the cardiologists’ and physiologist’
HRYV data. Baseline of the degree of synchrony (broken thin line). Trend in the
degree of synchrony between a cardio-consultant and a cardio-registrar (broken thick
line), a cardio-consultant and a physiologist (solid thin line), and a cardio-registrar
and a physiologist (solid thick line). The trends were estimated using the N-IPS
algorithm, whereby 40-second sliding windows with 36 seconds overlap (4 second
increment) were used in the PSI estimation. Two groups of glitches were recorded
during the procedure: group 3 (distractions) and group 5 (equipment design). The
recording was 116 minutes long.

generation of highly localised time-frequency univariate and multivariate representa-
tions of the multivariate intrinsic oscillations using the STFT-based SST and MSST
algorithms. The proposed measure has enabled precise identification of physiologi-
cal dependence in both frequency and time. The performance of the proposed ISC
algorithm has been evaluated against other combinations of algorithms in the tasks
of estimating synchrony in linear and nonlinear bivariate signals. The proposed
[SC algorithm has been shown to outperform the other combinations of algorithms
and exhibit higher average SNR of TF representations of signal dependence. An
application of the ISC algorithm to the quantification of inter-channel dependence
in respiratory and HRV signals has been demonstrated. The proposed algorithm
has highly exhibited localised synchrony in the respiratory and HRV signals among
a subset of 3 bass singers of a choir during both a rehearsal and a performance.
The proposed STFT-based ISC algorithm has been shown to outperform CW'T-
based ISC, which was built upon CWT-based SST and MSST, in the localisation of

synchronised frequencies in respiratory and HRV signals.

In addition to the ISC algorithm, an extension of IPS has been proposed and is re-
ferred to as nested intrinsic phase synchrony (N-IPS) as a meaningful and straight-
forward to interpret data association metric for trends in the level of cooperation.
This is achieved by first employing the standard IPS to quantify intrinsic phase re-

lationship between data channels, and then further decomposing time series of the
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multivariate degrees of phase synchrony into multiple scales, whereby certain intrin-
sic scales which contain physically meaningful and straightforward interpretation
are then combined. This algorithm allows for empirical quantification of physically
meaningful and straightforward to interpret trends in phase synchrony. Two appli-
cations of the N-IPS algorithm to the empirical quantification of physically mean-
ingful trends in the level of cooperation through the empirical estimation of trends
in synchrony in respiratory and HRV signals have been demonstrated. The N-IPS
algorithm has effectively quantified physically meaningful increases and decreases in
trends in levels of cooperation among subsets of soprano and bass singers of a choir
during a 1-hour evensong performance. It has also revealed significant increases in
trends in levels of cooperation between pairs of cardiologists and physiologist when
certain types of glitches occurred during a surgery. This is a first attempt to em-
pirical quantification of intrinsic, physically meaningful and interpretable trends in

the level of cooperation of long collaborative tasks.
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Chapter 5

Ear-EEG for Detecting Neuronal
Synchrony in Continuous
Cooperative Multi-person

Scenarios

5.1 Introduction

While performing cooperative activities, neuronal synchrony between the partici-
pants’ brains has been observed through the so-called hyperscanning method, whereby
cerebral data from two participants are acquired simultaneously. An fMRI de-
vice was employed for data acquisition in the first hyperscanning study [16], but
due to its several limitations, including the size and cost, hyperscanning studies

nowadays typically measure neuronal activity by recording electroencephalography

(EEG) [17, 6, 4, 18].

The electroencephalogram refers to an electrical response which can be non-invasively
recorded from the scalp with multiple electrodes placed on different locations ac-
cording to the 10-20 system [19]. It is commonly evaluated in five frequency bands:
delta 0-3 Hz, theta 3—7 Hz, alpha (mu) 7-13 Hz, beta 13-30 Hz, and gamma 30-40
Hz [20]. Recent EEG hyperscanning studies have shown that the theta and alpha
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bands are synchronised between the brains (inter-brain synchronisation) during so-
cial interaction, and they can be recorded over the right hemispheres of participants,

dominating in the right centroparietal regions [24, 17, 20].

Inter-brain synchronisation was also observed between other brain regions, and is
typically identified through changes in power in EEG frequency bands common to
the participants’ brains [4, 5, 6] and phase synchrony [80, 17]. The right inferior
frontal gyrus cortices is known to show common increases in power in the theta band
during the Prisoner’s Dilemma game [20]. Couples of pilots performing different
phases of a flight reproduced in a flight simulator exhibited increases in power in
the theta band over the frontal lobes and decreases in power in the alpha band over
the parietal lobes during the takeoff and landing which were the most demanding

phases [6].

The work in [17] revealed increases in phase synchrony in the alpha band between
the right centroparietal regions during spontaneous imitation of hand movements.
The identification of brain connectivities using the first approach (common power
changes), however, loses time information. Using phase synchrony for brain connec-
tivity estimation leads to ambiguous interpretation for the true underlying dynamics
of EEG power, since it takes only phase information into account. For example, since
the power of mu rhythm decreases while performing a motor task (event-related
desynchronisation, ERD), the increased phase synchrony during the imitation of
hand movements shown in [17] does not explicitly show whether the increased phase
synchrony was in fact associated with a decrease in the power of mu rhythm (ERD)
or a possible increase in the power of the alpha band as a result of social cognitive

functions of the brains.

During social interaction, there also exist several cognitive functions within each
participant, and they can be joint between the participants. Knowing the associa-
tions of such intra-brain cognitive functions with the dynamics of EEG frequency
bands offers a better understanding on occurrences of inter-brain synchronisation.
The theta and alpha bands, the most relevant bands to inter-brain synchronisation,
comprise two subbands: lower (35 Hz) and upper (5-7 Hz) theta bands, and lower
(7-10 Hz) and upper (10-13 Hz) alpha bands. Suppression in power (power desyn-
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chronisation) in the lower theta and alpha bands is believed to be associated with
attention [26, 27|, while power desynchronisation in the upper alpha band reflects
semantic memory processes [28, 26]. Increased coherence in the theta band, particu-
larly the upper portion, between hippocampal and rhinal cortices is correlated with

successful encoding of new information into episodic (working) memory [28, 29, 30].

As mentioned in Section 1.3, the capability of a novel EEG recording concept, termed
ear-EEG, as an alternative, practical data acquisition approach to the hyperscan-
ning technique has not been explored. The aim of this study is, therefore, to employ
the enhanced discrimination capability of the intrinsic synchrosqueezing coherence
data association metric, in order to evaluate the performance of ear-EEG against
on-scalp EEG as an alternative. This provides a practical data acquisition approach
for the hyperscanning method in the task of identifying the unknown, most robust
EEG subbands for neuronal synchrony detection for cooperative multi-player gam-
ing. For a full control over the experiment, a cooperative multi-player game has
been developed. It was designed to encourage the participants to highly collabo-
rate. While playing the game, the participants’” EEG signals were simultaneously
recorded with both on-scalp and in-the-ear (ITE) electrodes. Synchrony in their
brain activities was then estimated using intrinsic synchrosqueezing coherence, and
a comparison between the two EEG recording modalities was performed, a first step

towards fully wearable EEG outside of a lab.

5.2 Methods

5.2.1 Experimental Design

A cooperative multi-player game — Bar Balancing — was developed in order for the
brains of six couples of participants to synchronise as a result of their cooperation
while playing the game. The couples” EEG signals were simultaneously recorded
using on-scalp and I'TE electrodes, and neuronal synchrony was estimated using the

intrinsic synchrosqueezing coherence.

The experiment consisted of three 5-minute trials for the participants to play the
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game, which comprised 5 levels of difficulty, ranging from 1 (easiest) to 5 (hardest).
Before starting each level, the subjects were instructed to pause playing for 10
seconds. After a level started, the wooden bar was rotating around the pivot point,
whereby its rotating speed was determined by the net virtual momentum calculated
from the number of bricks hanging on both sides of the bar and their positions,
that is, the more net virtual momentum, the faster the bar rotated. The amount
of net virtual momentum increased from levels 1 to 5 — the wooden bar rotated
faster in harder levels. Two separate keyboards were provided to each couple. To
complete each level, the subjects were instructed to use pre-defined keys to move
the hand further away from or closer to the centre, and to push the bar up or down
in order to keep the bar inside the designated area for 20 seconds. For each trial,
they were given 5 minutes to complete as many levels as they could. During the first
trial, Subject 1 was instructed to play the game alone, while Subject 2 was resting,
listening to relaxing music and wearing a blindfold to prevent the firing of mirror
neurons’, which causes undesired neuronal synchrony. The tasks were next swapped
in the second trial. The purpose of these two trials was to establish a baseline in
neuronal synchrony when no cooperative tasks were performed. During the third
trial, a couple were instructed to cooperatively balance the bar and complete as
many levels as they could together. Since the levels 4 and 5 were designed to be
very difficult to accomplish by a single person, these were the situations in which a
couple were expected to highly cooperate, thus resulting in synchrony in their brain

activities. Figure 5.1 (a) shows a screenshot of the game.

5.2.2 Data Acquisition

The EEG signals were recorded from six couples of subjects (11 males and 1 fe-
male) aged between 24 and 38 years old at Imperial College London in December
2016. Ethics approval was obtained from the Joint Research Office at Imperial
College London, reference ICREC_12_1_1. Written consents of the subjects who
participated in these studies were obtained, and they were paid for the participa-

tion. The EEG signals of each couple were simultaneously recorded with C4, CP4,

!Mirror neurons represent a distinctive class of neurons that discharge both when an individual
executes a motor act and when he observes another individual performing the same or a similar
motor act [25].
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(b)

Figure 5.1: Screenshot of the cooperative game and experimental setup.
(a) Screenshot. (b) Setup. The hand on the left was controlled by Subject 1, while
the hand on the right was controlled by Subject 2. The red circle dots indicate the
positions where the hands can be moved to. The bar was pushed harder if the hand
was further away from the centre. The subjects had to repeatedly push the bar either
up or down in order to balance it in the designated green area. The subjects sat
in front of a computer screen and were given two separate keyboards for controlling
the game. Their on-scalp EEG and ear-EEG were simultaneously recorded with
electrodes placed over the right centroparietal regions and ITE electrodes inserted
into the right ear canals. The electrodes were connected to a 16-channel medical
grade biosignal amplifier.

P4 on-scalp g.LADYbird active ring electrodes, and ITE electrodes inserted into the
right ear canals. The on-scalp active electrodes for each subject were powered by
g.GAMMADbox, an active electrode driver box. These on-scalp electrode positions
were chosen because they are located over the right centroparietal regions, which
were expected to synchronise while the couples were cooperating and were the best

possible ground truth for the evaluation. All the electrodes were connected to a gtec
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(c) (d)

Figure 5.2: Recording setup. (a) Equipment used in the EEG recordings. (b)
Positions of the electrodes viewed from the back. (¢) Positions of the electrodes
viewed from the left. (d) Positions of the electrodes viewed from the right. For
each couple two sets of on-scalp and ITE electrodes were used. For on-scalp EEG
recordings of each subject, three g.LADYbird active ring electrodes (the red ring
electrodes) were placed on an EEG cap on the C4, CP4, and P4 positions, and were
powered by g. GAMMADbox, an active electrode driver box. A yellow ring electrode,
located on the Cz position, and a blue clip electrode, which would be attached to
the subject’s left earlobe (see (c¢)), were used respectively for the ground and the
reference for on-scalp EEG recordings. For ear-EEG recordings of each subject, an
earpiece was inserted into the right ear canal (see (d)), and two standard gold-cup
electrodes which were placed on the right earlobe and behind the right ear were used
respectively for the ground and the referl%%ce.



g.USBamp, a 16-channel CE-certified and FDA-listed biosignal amplifier. Generic
earpieces used for the in-the-ear recording were made of a medium-density memory
foam and conductive cloth electrodes [39]. Figure 5.1 (b) shows a couple playing the
game while their EEG signals were simultaneously recorded, and Figure 5.2 shows

the recording setup.
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Figure 5.3: Ear-EEG signals of Couple 2, the means, and the variances.
(a) Ear-EEG signal of Subject 1. (b) Means of the ear-EEG signal of Subject 1.
(c¢) Variances of the ear-EEG signal of Subject 1. (d) Ear-EEG signal of Subject 2.
(e) Means of the ear-EEG signal of Subject 2. (f) Variances of the ear-EEG signal
of Subject 2. The means and the variances were calculated using 2-second sliding
windows with 1-second overlap (1-second increment).
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Figure 5.4: On-scalp EEG signals of Couple 2 from CP4 electrodes, the
means, and the variances. (a) On-scalp EEG signal of Subject 1 from CP4
electrode. (b) Means of the on-scalp EEG signal of Subject 1. (¢) Variances of the
on-scalp EEG signal of Subject 1. (d) On-scalp EEG signal of Subject 2 from CP4
electrode. (e) Means of the on-scalp EEG signal of Subject 2. (f) Variances of the
on-scalp EEG signal of Subject 2. The means and the variances were calculated
using 2-second sliding windows with 1-second overlap (1-second increment). The
time-varying means and variances indicate that the signals were not WSS.
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5.2.3 Neuronal Synchrony Estimation

The EEG signals of each couple were downsampled from 1200 Hz to 120 Hz using the
‘resample’ function in Matlab, whereby the ‘P’ and ‘Q’ values for the resample func-
tion were set to 1 and 10 respectively (new sampling frequency = original sampling
frequency * P / Q). Figures 5.3&5.4 show respectively ear-EEG and on-scalp EEG
signals, together with the means and the variances, of Couple 2. The means and
the variances were calculated using 2-second sliding windows with 1-second overlap
(1-second increment). The time-varying means and variances indicate that both the
ear-EEG and on-scalp EEG signals were not WSS. The EEG signals from all the
considered electrodes were combined into 10-channel data which were decomposed
using NA-MEMD with 10 additional WGN channels. The IMFs produced by the
NA-MEMD with indices 2-5 of the 10-channel multivariate EEG signal contained
the physically meaningful frequency range 3 to 13 Hz, that is, the theta and alpha
bands of EEG. The full band of interest in the EEG data was produced by summing
up these IMFs, in order to obtain the desired scale in data. For SCI estimation,
frequency resolution of both the univariate and multivariate STFT-based synchro-
squeezing transforms was set to 0.05 Hz instead of having its value determined by the
data length as originally proposed in [68, 70], which makes both the univariate and
multivariate synchrosqueezing transforms of long data computationally prohibitive.
Since EEG signals typically exhibit 1/f frequency-domain characteristics, where a
large amount of power is contained in lower frequencies, and the IMFs which con-
tained both the theta and alpha bands were chosen, peaks in the theta band could
be considerably larger than peaks in the alpha band, resulting in a biased SCI es-
timation (see Eq. 4.1, whereby the maximum value is used in the calculation).
Therefore, in order to achieve un-biased, reliable SCI estimation, SCI values for the
theta and alpha bands were estimated separately, and outliers — any values which
were higher than 10 standard deviations? and could cause unreliable estimation —

were also removed from the numerator and de-nominator in Eq. 4.1.

2The threshold of 10 standard deviations was employed since it was empirically found to reliably
detect very large spurious peaks or spikes (i.e. artefacts) in the estimated SCI values of the EEG
signals.
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5.3 Results

5.3.1 Time-frequency Representations of Neuronal Synchrony

Figure 5.5 (a-b) respectively show SCI values for the single-player and cooperative
trials between Couple 1 estimated from ear-EEG recordings, and Figure 5.5 (¢)
shows the timings of the levels played by Couple 1. Note that Couple 1 finished
level 5 within the 5 minutes given, so they played levels 1 and 2 again. In the coop-
erative trial, observe two clusters (see the two solid ellipses) of decreased SCI values
in the lower theta band in levels 4&5 (the hard tasks requiring cooperation). This
was due to the suppression of power in the lower theta band in both the subjects
(power desynchronisation, synchronous decreases in power), suggesting synchronous
increases in the levels of attention between them when performing the cooperative
tasks. Also, during level 4 a cluster of increased SCI values can be observed in the
upper theta band (see the broken ellipse). This was presumably because working
memory also played a role in cooperation, that is, each of the participants subcon-
sciously memorised their actions — the timings of pressing the keys for moving the
bar up or down — and adjust them so as to successfully cooperate with the other to

keep the fast moving bar inside the designated area.

5.3.2 Frequency-averaged, Time-varying Neuronal Synchrony

In order to compare ear-EEG for detecting neuronal synchrony against on-scalp
EEG, average SCI values were calculated from 10-second sliding windows with 5-
second overlap (5-second increment) in each of the subbands (see the red rectangles
in Figure 5.5 (b)) for both ear-EEG and on-scalp EEG recorded during the same
cooperative trial. For each sliding window, the Z-test at a significance level of 0.01
was performed, in order to reveal statistical differences in the SCI values between
that window and the whole corresponding subband in the single-player trial. Since
the subjects must be more attentive while cooperating, power desynchronisation,
i.e. synchronous decreases in power, in the lower alpha and theta bands, to a dif-

ferent extent, was expected. Therefore, SCI wvalues in the lower alpha and theta
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Figure 5.5: Time-frequency neuronal synchrony between Couple 1 esti-
mated from ear-EEG recordings. (a-b) The SCI between Couple 1 respectively
for the single-player and cooperative trials. (¢) Time intervals for the 5 levels played
in the cooperative trial. The couple finished level 5 within the 5 minutes given, so
they played levels 1&2 again. Observe power desynchronisation, i.e. synchronous
decreases in power, in the lower theta band during levels 4&5 in the cooperative trial
(solid ellipses), and power synchronisation in the upper theta band during level 4 in
the same trial (broken ellipse). Sliding windows of 10 seconds with 5-second overlap
(5-second increment) were used to calculate average SCI values in each subband of
the cooperative trial. These average SCI values were statistically tested against SCI
values for the whole corresponding subband in the single-player trial.

bands for the cooperative trial were deemed statistically significant — significant SCI
values — if they were statistically lower than the SCI values for the corresponding
subbands in the single-player trial. Working memory to an extent was also related
to the cooperation, increases in power and SCI values in the upper theta bands were
therefore deemed significant — significant SCI values — if they were they statistically
higher than those for the same subband in the single-player trial. Since verbal com-
munication was prohibited during the experiment, semantic memory had no role in
the cooperation and the significant SCI values in the upper alpha band — the ones
that were statistically lower than those in the single-player trial — do not have any

implication on the comparison between ear-EEG and on-scalp EEG.
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Figure 5.6 shows average SCI values estimated from the 4 subbands of ear-EEG
and on-scalp EEG recordings of Couple 1. Clusters of significant SCI values (black
dots) for both the ear-EEG and on-scalp EEG recordings can be observed in levels
4&5 (the hard tasks requiring cooperation) in the lower theta band (see the two
solid ellipses) and in level 4 in the upper theta band (see the broken ellipse). These
conform with the visual observations on the clusters of decreased and increased
SCI values for ear-EEG from Figure 5.5 (b). Figure 5.7 shows average SCI values
estimated from the 4 subbands in ear-EEG and on-scalp EEG recordings of Couple
2. Clustering in both the recording modalities can also be observed from this couple
(see the 3 ellipses), and is similar to the clustering of SCI values in the hard tasks
for Couple 1. For Couple 3 (see Figure 5.8), however, clusters of significant SCI
values for both the modalities cannot be observed; significant SCI values were mostly
detected through the ear-EEG recording only. Similar clustering for both recording
modalities in the lower theta band can also be observed in Couples 4-6. Clustering
of significant SCI values in the lower and upper theta bands in the hard tasks was
presumably due to synchronous increases in the levels of attention and working

memory of the couples while cooperatively playing the game.

5.3.3 Correlation in Time-varying Neuronal Synchrony be-

tween the Modalities

Figure 5.12 shows average correlation coefficient (p) in time-varying neuronal syn-
chrony in the 4 subbands between the ear-EEG and on-scalp EEG recordings av-
eraged over the six couples. The highest correlation in time-varying SCI values
between the two recording modalities can be observed in the lower theta band, asso-
ciated with attention, and the lowest correlation in the upper alpha band, associated
with semantic memory. Both the recording modalities were most correlated in syn-
chrony detection in the lower theta band. Figure 5.13 shows correlation coefficient
in time-varying neuronal synchrony in the 4 subbands between the recording modal-
ities of each couple. For most of the couples the lower theta band exhibited the most
correlation between the recording modalities, except for Couple 4, where both the

recording modalities were most correlated in the lower alpha band, the other EEG
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Figure 5.6: Time-varying neuronal synchrony between Couple 1. (a) The
SCI of upper alpha band. (b) The SCI of lower alpha band. (¢) The SCI of upper
theta band. (d) The SCI of lower theta band. For brevity each level is denoted Lx,
with x denoting the level number. Time instants when the couple played each level
are depicted by the shaded areas. Significant SCI values are shown in dots. Observe
clusters of significant SCI values in the lower theta band during levels 4&5 (solid
ellipses) and in the upper theta band during level 4 (broken ellipse) for both the
recording modalities. These conform with the visual observations from Figure 5.5

(b)

frequency band associated with attention. The highest correlations between the
recording modalities in the lower theta band was presumably due to synchronous
increases in the levels of attention of the couples while cooperatively playing the
game, manifested itself in most similar patterns of time-varying neuronal synchrony

in the lower theta band.

5.3.4 Proportions of Significant Neuronal Synchrony De-
tected

Figure 5.14 (a-d) respectively shows average proportion of the number of significant
SCI values detected (i.e. observed) in each level in the lower theta, upper theta, lower
alpha, and upper alpha bands of all the ear-EEG and on-scalp EEG recordings of the

six couples. The proportion was calculated by dividing the number of detected (i.e.

142



o)

50
Time (s)

a
o
o
o
N
o
(=)

~3

n

D

250

Figure 5.7: Time-varying neuronal synchrony between Couple 2. (a) Upper
alpha band. (b) Lower alpha band. (¢) Upper theta band. (d) Lower theta band.
For brevity each level is denoted Lx, with x denoting the level number. Time instants
when the couple played each level are depicted by the shaded areas. Significant SCI
values are shown in dots. Observe clusters of significant SCI values in the lower
theta band during levels 4&5 (solid ellipses) and in the upper theta band during
level 5 (broken ellipse) for both the recording modalities. These are similar to the
clusters in Figure 5.6, where the clusters can be observed in the hard tasks (levels

4&5).

observed) significant SCI values in that level® by the number of possible SCI values in
that level*, and the proportion was averaged over the six couples. In the lower theta
band the proportion of significant SCI values detected was highest in levels 4&5 (the
hard tasks) for both the ear-EEG and on-scalp recordings (approximately 64%—-72%,
see the solid ellipse) compared to only approximately 36%-51% in levels 1-3 (the
easy tasks, see the broken ellipse). This distinct discrimination between the easy and
hard tasks was exhibited by both the ear-EEG and on-scalp EEG recordings. For the
other subbands, however, similar discrimination by both the recording modalities
cannot be observed. Figure 5.15 shows proportion of the number of significant SCI
values detected in each level of both the recording modalities of each couple. Due

to low numbers of detected significant SCI values and possible SCI values in each

3The number of detected or observed significant SCI values in that level is the number of
significant SCI values for each level in the cooperative trial which were found to be statistically
lower, in the lower theta and alpha bands, or higher, in the upper theta band, than SCI values for
the same subband in the single-player trial.

4The number of possible SCI values in that level is the number of SCI values calculated for
each level in the cooperative trial. For example, by using 10-second sliding windows with 5-second
overlap (5-second increment) to calculate the frequency-averaged, time-varying SCI values, 13 SCI
values were obtained within a period of 65 seconds.

143



Figure 5.8: Time-varying neuronal synchrony between Couple 3. (a) Upper
alpha band. (b) Lower alpha band. (¢) Upper theta band. (d) Lower theta band.
For brevity each level is denoted Lx, with x denoting the level number. Time instants
when the couple played each level are depicted by the shaded areas. Significant SCI
values are shown in dots. Clusters of significant SCI values for both the recording
modalities in the hard tasks cannot be observed from this couple. Significant SCI
values were mostly detected through ear-EEG only.

|— Ear-EEG  — On-scalp EEG]

Figure 5.9: Time-varying neuronal synchrony between Couple 4. (a) The
SCI of upper alpha band. (b) The SCI of lower alpha band. (¢) The SCI of upper
theta band. (d) The SCI of lower theta band. For brevity each level is denoted Lx,
with x denoting the level number. Time instants when the couple played each level
are depicted by the shaded areas. Significant SCI values are shown in dots. Observe
clusters of significant SCI values in the lower theta band during level 4 (solid ellipse).
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Figure 5.10: Time-varying neuronal synchrony between Couple 5. (a) The
SCI of upper alpha band. (b) The SCI of lower alpha band. (¢) The SCI of upper
theta band. (d) The SCI of lower theta band. For brevity each level is denoted Lx,
with x denoting the level number. Time instants when the couple played each level
are depicted by the shaded areas. Significant SCI values are shown in dots. Observe
clusters of significant SCI values in the lower theta band during level 4 (solid ellipse).
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Figure 5.11: Time-varying neuronal synchrony between Couple 6. (a) The
SCI of upper alpha band. (b) The SCT of lower alpha band. (¢) The SCI of upper
theta band. (d) The SCI of lower theta band. For brevity each level is denoted Lx,
with x denoting the level number. Time instants when the couple played each level
are depicted by the shaded areas. Significant SCI values are shown in dots. Observe
clusters of significant SCI values in the lower theta band during level 5 (solid ellipse).
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Figure 5.12: Average correlation in neuronal synchrony between the
recording modalities averaged over the six couples. The ear-EEG and on-
scalp EEG recordings were most correlated in the lower theta band, associated with
attention, and least correlated in the upper alpha band, associated with semantic
memory.
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Figure 5.13: Correlation in neuronal synchrony between the recording
modalities of each couple. (a) Couple 1. (b) Couple 2. (¢) Couple 3. (d)
Couple 4. (e) Couple 5. (f) Couple 6. For brevity LT=lower theta, UT=upper
theta, LA=lower alpha, and UA=upper alpha. The ear-EEG and on-scalp EEG
recordings were most correlated in the lower theta band for most of the couples,
except for Couple 4.

level for each couple, distinct discrimination between the easy and hard tasks in the
lower theta band in both the recording modalities can be distinctly observed in only
Couples 2 and 4. The average proportion shown in Figure 5.14 obtained by taking

all the couples into account, therefore, exhibited the more distinct discrimination.
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Figure 5.14: Average proportion of the number of significant SCI values de-
tected in each level from ear-EEG and on-scalp EEG recordings averaged
over the six couples. (a) Lower theta band. (b) Upper theta band. (¢) Lower
alpha band. (d) Upper alpha band. For both the recording modalities neuronal
synchrony estimated from the lower theta band exhibited distinct discrimination
between the easy and hard tasks.
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5.3.5 Time-averaged Significant Neuronal Synchrony

In addition to considering the proportion of significant SCI values detected, time-
average significant SCI values were calculated for the easy and hard tasks in each
subband of both the recording modalities, as shown in Figure 5.16 (a-b). For each
subband and recording modality, the Z-test at a significance level of 0.05 was per-
formed, in order to reveal statistical differences in the SCI values between the easy
(levels 1-3) and hard (levels 4&5) tasks. For the lower and upper theta bands of
both the recording modalities, the hard tasks respectively exhibited significantly
lower and higher SCI values than the easy tasks (see the solid and broken ellipses).
Figure 5.17 shows time-average significant SCI values of each couple. Observe lower
and higher average SCI values in the hard task in the lower and upper theta bands
respectively. Robust statistical relevance, however, cannot obtained due to the low

numbers of significant SCI values.

5.3.6 Power of EEG Activities in the Lower Theta Band

In order to verify the occurrences of power desynchronisation, i.e. synchronous
decreases in power, of EEG activities and, thus, lower SCI values, in the lower theta
band, the average power of EEG activities of each couple in this subband during each
pause and level in the cooperative trial (i.e. the desired activities) was calculated
and was compared against the average power of instrumentation noise in the same

subband. To obtain instrumentation noise, sensing electrodes were connected to the

147



Lower theta Upper theta Lower alpha Upper alpha

100 100 100 100
—

L R 50 ® 50 X 50 ® 50

N

=}
Q
@)

0 0 0 0

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Level Level Level Level
100 100 100 100

Couple 2
%
3
%
3
%
g
%
3

N
N
w
IN
3}
N
N
w
IN
o
N
N
w
IS
3}
N
w
IN
S

Level Level Level Level
100 100 100 100

Couple 3
%
3
%
3
%
g
0/0
3

0 0 0 0
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Level Level Level Level
100 100 100 100
<t
L R 50 ® 50 ® 50 ® 50
o
=}
Q
&
0 0 0 0
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Level Level Level Level
100 100 100 100
L0
L R 50 X 50 X 50 ® 50
o
=}
Q
@)
0 0 0 0
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Level Level Level Level
100 100 100 100
NeJ
L R 50 ® 50 X 50 ® 50
o
[}
o
@)
0 0 0 0
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
Level Level Level Level

—Ear-EEG —On-scalp EEG

Figure 5.15: Proportion of the number of significant SCI values detected
in each level from ear-EEG and on-scalp EEG recordings of each couple.
Distinct discrimination between the easy and hard tasks in the lower theta band
in both the recording modalities can be observed in only Couples 2 and 4 due to
low numbers of observed and possible significant SCI values in each level for each
couple.
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Figure 5.16: Average significant SCI values in the easy and hard tasks
estimated from each subband of ear-EEG and on-scalp EEG recordings
averaged over the six couples. (a) Ear-EEG. (b) On-scalp EEG. Neuronal syn-
chrony in the lower theta band between the couples statistically decreased from the
easy tasks to the hard tasks for both the recording modalities, while it statistically
increased in the upper theta band for both the recording modalities.
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corresponding grounds and references, and a 1-minute recording was performed using
g.USBamp. Figure 5.18 shows the average power of EEG activities of each couple in
the lower theta band for both the recording modalities during the cooperative trial,
compared to the power of the instrumentation noise. Observe: (i) the powers of EEG
activities during the cooperative trial of both the recording modalities typically
exhibited similar patterns — increased during pauses and decreased during levels
and (ii) the powers of ear-EEG and on-scalp EEG activities of all the couples were
all higher than the corresponding powers of the instrumentation noise. Both the
observations strongly suggest that the reduction in powers of both the ear-EEG and
on-scalp EEG activities in the lower theta band while performing the cooperative

tasks truly existed.
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Figure 5.17: Average significant SCI values in the easy and hard tasks
estimated from each subband of ear-EEG and on-scalp EEG recordings
of each couple. For brevity LT=lower theta, UT=upper theta, LA=lower alpha,
and UA=upper alpha. Note that average significant SCI values in the hard task for
the upper theta band of on-scalp EEG recording of Couple 2 cannot be calculated,
since there were no significant SCI values in this task and EEG frequency band of
this recording modality of this couple. Observe lower and higher average SCI values
in the hard task in the lower and upper theta bands respectively.
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Figure 5.18: Average power of EEG activities in the lower theta band of

both the recording modalities of each couple during the cooperative trial
compared to the power of instrumentation noise. For brevity each level is
denoted Lx, with x denoting the level number, and each pause between two levels is
denoted Py-z, with y and z denoting two consecutive levels. Observe that both the
recording modalities exhibit similar patterns, and that the powers of ear-EEG and
on-scalp EEG activities of all the couples were all higher than the corresponding
powers of the instrumentation noise.
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5.4 Summary

A novel time-frequency data association measure, termed intrinsic synchrosqueez-
ing coherence, has been employed in order to evaluate the performance of ear-EEG
against on-scalp EEG as an alternative, practical real-world approach for the hy-
perscanning technique in the task of identifying the unknown, most robust EEG
frequency band for neuronal synchrony detection for cooperative multi-player gam-

ing.

On-scalp EEG recordings were obtained with conventional EEG electrodes placed on
the brain regions which were expected to synchronise during the cooperation of six
couples of subjects. Ear-EEG signals were acquired at the same time, and intrinsic
synchrosqueezing coherence (ISC) was then employed to estimate neuronal syn-
chrony between the subjects through both the ear-EEG and on-scalp EEG record-
ings. Through unambiguous physical interpretation of neuronal synchrony produced
by the ISC algorithm, both the recording modalities have effectively exhibited power
desynchronisation (synchronous decreases in power) in the lower theta band of EEG
which associates with attention. It should be noted that an EEG subband which
exhibits distinct neural synchrony can vary from task to task, depending upon the
cognitive demands. For the Bar Balancing game, the cooperation was presumably
mediated by joint attention and, to an extent, adaptive working memory of the par-
ticipants, reflected respectively by the synchronous decreases and increases in power
and, thus, SCI values in the lower and upper theta bands for both the recording
modalities. This study also has exhibited that through both the recording modalities
the lower theta band was the most robust neuronal marker for brain synchronisa-
tion during such a cooperative task, since: (i) it exhibited the highest correlation
in neuronal synchrony between the modalities, (ii) in this subband the average pro-
portions of significant neuronal synchrony detected in the easy and hard tasks yield
enhanced discrimination ability by both the modalities, and (iii) in this subband
the average values of significant neuronal synchrony for both of the tasks were sta-
tistically different in both the modalities. It should be noted that the differences in
performances of both the recording modalities in detecting neural synchrony could
be caused by different sources of variation, such as different pairs of subjects and

different days of recordings.
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Chapter 6

Adaptive-projection Intrinsically

Transformed MEMD
(APIT-MEMD) in Cooperative
Brain-computer Interface

Applications

6.1 Introduction

Physiological signals often contain power imbalances or inter-channel correlation due
to different electrode impedances and adjacent locations of the electrodes. Despite
recent progress in computationally efficient MEMD for unbalanced data, a solu-
tion for the general multivariate case was still lacking. In addition, as cooperative
brain-computer interfaces (BCIs) typically use a number of data channels of cerebral
data to acquire ‘coupled’ information from multiple users to enhance information
transfer rate (ITR), an analysis approach which would adapt to the dynamics of the
multichannel data and would be capable of revealing ‘intrinsic and correlated’ inter-
channel information with physically meaningful interpretation would be of great im-

portance. To this end, this work extends NS-TEMD to introduce adaptive-projection
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Figure 6.1: Uniform and nonuniform projection vectors. (a) Uniform pro-
jection vectors based on a low-discrepancy Hammersley sequence. (b) Nonuniform
projection vectors for NS-TEMD when accounting for inter-channel dependence.

intrinsically transformed MEMD (APIT-MEMD), which caters for power imbalances
and correlations in multichannel data. Similarly to the standard MEMD, the pro-
posed APIT-MEMD accommodates nonlinear and non-stationary signals. It is also
capable of alleviating mode mixing for unbalanced data. This work also introduces
applications of intrinsic multiscale analysis [8] using noise-assisted APIT-MEMD
(NA-APIT-MEMD) to cooperative BCI applications based on SSVEP and P300

responses.

6.2 Algorithm

The NS-TEMD algorithm [65] enhances the performance of the conventional TEMD
by relocating the direction vectors, pre-generated using the conventional uniform
sampling scheme (see Figure 6.1 (a)), to their new positions on an ellipsoid (see
Figure 6.1 (b)), with the directions and relative powers determined by all the eigen-
vectors and eigenvalues, representing the directions of principal importance, of the
trivariate covariance matrix of the signal. In the case of multivariate signals, re-
locating the pre-generated n-dimensional uniform projection vectors to their new
positions on an n-dimensional ellipsoid using the above scheme is an exceptionally

complicated task, not least because the directions of global principal importance
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of the original input signal may not always align with the direction of local first
principal component of each sifting input, resulting in a suboptimal estimate of the

local mean.

To address this problem, a projection scheme is proposed, whereby the direction
of the first principal component reflecting the largest power imbalance and/or cor-
relation in the channels of the multivariate signal, is determined adaptively. For
a given multivariate sifting input, s(¢), with covariance matrix C = E{s(t)s’(t)},
where F{-} is the statistical expectation operator and (-)7 is the transpose operator,
the direction of the first principal component is determined via the eigendecompo-
sition of the covariance matrix, C = VAVT, where the matrix V corresponds to
the matrix of eigenvectors and the entries of the diagonal matrix A are the corre-
sponding eigenvalues. Subsequently, the first principal component, pointing in the
direction of the highest power imbalance, is used to construct a vector pointing in
the diametrically opposite direction. These two vectors are subsequently used to
relocate the direction vectors pre-generated by the conventional uniform projection
scheme. Each sifting operation then projects its multivariate sifting input along
these adaptive direction vectors, so as to estimate the local mean; see Algorithm
6.1 for detail of the proposed adaptive-projection intrinsically transformed MEMD
(APIT-MEMD).

Algorithm 6.1: Adaptive-projection intrinsically transformed MEMD
(APIT-MEMD)

1. Given a P-variate input signal to each sifting operation s(t), perform the
eigendecomposition of the covariance matrix, C = E{ss”} = VAV, where
V = [vy, Vg, ..., vp] is the eigenvector matrix, and A = diag{ A, A2, ..., \p} is
the eigenvalue matrix, with the largest eigenvalue A\; corresponding to eigen-

vector vy (first principal component).

2. Construct a vector pointing in the diametrically opposite direction to the first

principal component vector in P-dimensional space, vo; = —vy.

3. Uniformly sample a (P-1) sphere using the Hammerseley sequence to generate
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a set of () direction vectors {sefI}qQ:l.

4. Calculate the Euclidean distances from each of the uniform direction vectors

to Vi.

5. Half of all the uniform projection vectors, zf,ql, nearest to vy, are relocated

0
71 +avi

using 2\6,‘11 = where « is used to control the density of the relocated

[
2! +avi|’

vectors. The a values can be determined through the degree of power im-
balances between data channels, and a suggested range is from 0 (no power

imbalance) to 1 (high power imbalances).

6. The other half of all the uniform projection vectors, zszﬂ, nearest to v, are

0,
ZV‘(Z)I +avoel

bq

, where « is used to control the density of the
|z | +avor]

N
relocated using zy!, =

relocated vectors.

7. Perform local mean estimation according to the conventional MEMD algo-

. . . o N N
rithm, using the adaptive direction vectors zv} and z?,.

The « values can be determined through the degree of power imbalances between
data channels, and a suggested range is from 0 to 1. For a = 0, when power imba-
lances do not exist or are not accounted for, the APIT-MEMD operates similarly to
the standard MEMD — no adaptive projection is performed. Conversely, for a = 1,
the case with high power imbalances between data channels, the APIT-MEMD is

perfectly well equipped to deal with the importance-sampling of the signal space.

To illustrate the principle of APIT-MEMD and the adaptive direction of the first
principal component of the input to each sifing operation in a 3-dimensional space,
which consequently determines the positions of the relocated projection vectors, Fig-
ure 6.2 (a-c) shows the first, second and third channels, respectively, of a trivariate

signal, given by

x1(t) = ky cos(2m fit) + ky cos(27 fot) + n(t),
To(t) = ko sin(27 fot), (6.1)

x3(tn = ky sin(27 f1t),
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Figure 6.2: Input signal to the first sifting operation. (a-c) The three data
channels considered. (d) Scatter plot of the trivariate data, first principal component
and its diametrically opposite vector. (e-g) Projection vectors adapted according to
the proposed scheme using different o values (0, 0.5 and 1, respectively).
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Figure 6.3: Input signal to a sifting operation. (a-c) 3-channel data. (d)
Scatter plot of the 3-channel data, the first principal component and its opposite.
(e) Projection vectors adapted to first principal component and the opposite vector.

where n(t) denotes the added WGN and k; and ky are scalars which define the
degrees of power imbalances between the data channels. In this example, the signal
SNR of the first channel was 0 dB, k; = 0.25, ks = 0.75, f;=10 Hz and f,=30 Hz,
with a sampling frequency of 10 kHz. Figure 6.2 (d) shows the scatter plot of the
input signal in a 3-dimensional space, together with the first principal component,
vy, and the diametrically opposite vector, vo;. Figure 6.2 (e-g) shows the projection
vectors adapted to the direction of highest power imbalance, if,kl and if,’f) ., of the
input. The densities of the projection vectors were controlled by different o values
(0, 0.5 and 1). Observe that the relocated direction vectors, 2% and 2% . were
clustered around the corresponding ‘centroids’, v and v,;, and that the density of
the direction vectors increased with the a values. For the trivariate signal considered,
a = 1 was used in order for the APIT-MEMD to capture the directions of highest
power imbalances. The input data to the first sifting operation was then projected

along all the resulting adaptive projection vectors generated, to estimate the local

mean within the sifting algorithm.

After a number of sifting operations, several IMFs containing decomposed WGN and
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the higher frequency component in z; and z,, that is fy, were obtained, resulting
in the remaining lower frequency component in x; and x3, that is f;, as shown in
Figure 6.3 (a-c); the remaining 3-channel data was then fed into the next sifting
operation. Figure 6.3 (d) shows the scatter plot of the remaining signal, together
with the v; and v,;, and Figure 6.3 (e) shows projection vectors adapted to the

dynamics of the remaining signal.

6.3 Simulation Results

Performance of the proposed APIT-MEMD algorithm was evaluated using simula-
tions on multivariate signals with different channel powers with and without the

assistance of WGN, and real-world P300 responses measured via EEG.

6.3.1 Reconstructing Multivariate Data with Power Imba-

lances

To examine the effect of power imbalances, which in this simulation were introduced
to the channels containing the same sinusoidal oscillations as in the channels with
fixed powers, on the performances of APIT-MEMD and MEMD, both the algorithms
were employed to reconstruct sinusoidal oscillations in a 6-channel signal corrupted

by additive WGN, given by

x1(t) = cos(2m fit) + cos(2m fot) + ny (), x4(t) = 21 (t) — na(t) + na(t),
5o (t) = sin(2fot) + ma(t) ro(t) = at) — ma(t) + my(t), (6.2

x3(t) = sin(27m f1t) 4+ ns(t), x6(t) = x3(t) — ng(t) + ne(t),

where f1=10 Hz, f>,=30 Hz, and the sampling frequency f; =1 kHz. The SNRs
of the first, second and third channels corrupted by independent additive WGN
processes, ni, no and ng, were fixed at 20 dB, while the SNRs of the fourth, fifth
and sixth channels governed by n4, ns and ng, were varied between 0 dB and 20 dB.
The performance was measured using the mean square error (MSE) in the task of

reconstructing the f; and fs sinusoids in channel 4. The number of direction vectors
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for MEMD and APIT-MEMD was varied from 8 to 128 (low to high). The « value
for the APIT-MEMD was varied from 0.1 to 1. To evaluate the performance of the
APIT-MEMD and MEMD algorithms in alleviating the mode-mixing problem, a
novel performance measure is introduced, termed the Mode-Mixing Ratio (MMR),

given by o
MMR = & (6.3)

Pj
where Zzg w pi (K is the total number of IMFs) is the sum of the all the correlation
values between IMF index ¢, where ¢ # 7, which should not contain the desired
oscillations (f1 or f2), and the clean original oscillation (f; or fs), while p; denotes
the correlation value between the IMF index j containing the desired oscillation (f;
or fy) and the corresponding clean original oscillation (f; or fs). If mode mixing is
not present, there is correlation only between the information-bearing IMF and the
corresponding clean original oscillation, resulting in MM R = 0. However, if mode
mixing is present, besides the non-zero correlation between the information-bearing
IMF and the clean original oscillation, there are also non-zero correlations between

other IMF's and the clean original signal, resulting in M MR > 0.

Blue areas in Figures 6.4 & 6.5 illustrate the degrees of power imbalances where
the APIT-MEMD algorithm outperformed the MEMD algorithm — APIT-MEMD
exhibited lower MSE and/or MMR — in the tasks of reconstructing respectively the
f1 and f5 sinusoids in channel 4. The degree of power imbalances ranging from 0 dB
(no power imbalance) to 20 dB (very high power imbalance) inversely corresponds
to the SNR of the fourth channel varying from 20 dB to 0 dB. Observe that when
the degree of power imbalances was approximately 5-10 dB, the APIT-MEMD al-
gorithm outperformed the MEMD algorithm by using approximately only 8-40 (low
to moderate) direction vectors, and as the degree of power imbalances increased,
ranging approximately between 10 dB to 14 dB, the APIT-MEMD consistently out-
performed the MEMD by using the number of direction vectors as low as 40 and
as high as 128. However, MEMD gradually outperformed APIT-MEMD, as the «
value increased, at very high degrees of power imbalances between 15 dB to 20 dB,
as shown by the red areas. This suggests that the APIT-MEMD algorithm shall be

used with precaution, and the degree of power imbalances between data channels
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Figure 6.4: Performance comparison between APIT-MEMD and MEMD
in reconstructing the f; sinusoid using different o values. All performance
measures follow the format: ‘APIT-MEMD — MEMD’. Left panel: Mean square
error (MSE). Right panel: Mode mixing ratio (MMR). First row: a = 0.2. Second
row: o = 0.4. Third row: o = 0.6. Fourth row: o = 0.8. Fifth row: o = 1.
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Figure 6.5: Performance comparison between APIT-MEMD and MEMD
in reconstructing the f; sinusoid using different o values. All performance
measures follow the format: ‘APIT-MEMD — MEMD’. Left panel: Mean square
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Figure 6.6: Suggested o value and the number of direction vectors for
different degrees of power imbalances. (a¢) Minimum (Min.) and maximum
(Max.) degrees of power imbalance for a = 0.1,0.2,0.3. (b) Minimum (Min.) and
maximum (Max.) degrees of power imbalance for a = 0.4,0.5,0.6. (¢) Minimum
(Min.) and maximum (Max.) degrees of power imbalance for o = 0.7,0.8. (d)
Minimum (Min.) and maximum (Max.) degrees of power imbalance for a = 0.9, 1.
Higher o values are suggested for higher degrees of power imbalances.

must be taken into account for choosing an « value. Figure 6.6(a-d) shows an «
value and the number of direction vectors that shall be used for APIT-MEMD at
different degrees of power imbalances. From Figure 6.6 (a), for example, « = 0.1 and
8 direction vectors are recommended for a degree of power imbalances in the range
0-9 dB (minimum (Min.) to maximum (Max.) power imbalances), and o = 0.2 and
80 direction vectors are recommended for a degree of power imbalances in the range
7-14 dB. Observe that the increasing degrees of power imbalances require the higher
a values, that is, in principal, at a higher degree of power imbalances the adaptive
projection vectors shall be more clustered around the first principal component, vy,

and the diametrically opposite vector, v,;.
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6.3.2 Noise-assisted Signal Decomposition

The performance of the proposed APIT-MEMD algorithm in a noise-assisted mode
of operation was evaluated against MEMD. Both algorithms were employed to de-
compose 3-channel data, augmented with 5 adjacent WGN channels, where the

3-channel data were composed of sinusoids given by

x1(t) = cos(2m fit) + cos(2m fat),
xo(t) = sin(27 fot), (6.4)

x3(t) = sin(27 fit),

where f1=10 Hz, f5=30 Hz, the sampling frequency f;=10 kHz, while the channels
4 to 8 were WGN processes with constant power. The SNRs of the 3-channel data
relative to the noise channels were varied from 0 to 20 dB. The « value for the NA-
APIT-MEMD was 1. Figure 6.7 (a-b) shows the differences in MSE in reconstructing
the f; and fo sinusoids using NA-APIT-MEMD and NA-MEMD. Figure 6.7 (c-d)
shows the differences in MMR in reconstructing the f; and fy sinusoids using NA-
APIT-MEMD and NA-MEMD. All the results were obtained by averaging over
30 independent realisations. It can be seen that the performance of the proposed
algorithm in terms of the MSE was comparable to that of NA-MEMD. The proposed
algorithm, however, yielded lower MMR than NA-MEMD in the presence of power

imbalances between the signal and noise channels (relative SNR > 5 dB).

6.3.3 P300 reconstruction

Power imbalances and inter-channel correlation are typically found in multichannel
EEG due to different electrode impedances and adjacent locations — a perfect sce-
nario for APIT-MEMD to reconstruct multichannel real-world EEG data. The P300
response is a positive deflection in the EEG signal, elicited approximately 250-500

ms after the brain is exposed to an unexpected visual and/or auditory stimulus
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Figure 6.7: Performance comparison between APIT-MEMD and MEMD
in reconstructing signal with the assistance of noise. All performance mea-
sures follow the format: “APIT-MEMD — MEMD”. (a) Difference in MSE in recon-
structing the f; sinusoid. (b) Difference in MSE in reconstructing the fo sinusoid.
(c) Difference in MMR in reconstructing the f; sinusoid. (d) Difference in MMR in
reconstructing the fy sinusoid.

[116], the so-called oddball paradigm. Two male subjects participated in the exper-
iment and were exposed to randomly coloured boxes (non-target) and a box with
white background and red foreground (target) presented on an LCD screen, where
the time intervals between each of the target stimuli were randomised. The EEG
signals were recorded from the Fz, Cz and Pz electrodes of Subject 1 and from the
Fz, POz and Oz electrodes of Subject 2. The recorded signals were then band-pass
filtered to the 1-40 Hz range, averaged over 10 trials and combined to construct a
multichannel signal. Channels 1-3 contained the responses of Subject 1, channels 4—
6 contained the responses of Subject 2, while channel 7 contained WGN to facilitate
the noise-assisted mode of operation of both the APIT-MEMD and MEMD. Due to

low power imbalances (3 dB on the average) between the data channels, the a value
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Figure 6.8: P300 ground truth generated by performing APIT-MEMD and
MEMD on EEG data recorded from two subjects at different electrode
positions. (a) Subject 1, Fz electrode. (b) Subject 1, Cz electrode. (¢) Subject 1,

Pz electrode. (d) Subject 2, Fz electrode. (e) Subject 2, POz electrode. (f) Subject
2, Oz electrode.
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Figure 6.9: Mean square error of P300 responses of two subjects at different
electrode positions. (a) Subject 1, Fz electrode. (b) Subject 1, Cz electrode. (c)
Subject 1, Pz electrode. (d) Subject 2, Fz electrode. (e) Subject 2, POz electrode.
(f) Subject 2, Oz electrode.

of 0.1 and 32 direction vectors were used for NA-APIT-MEMD. The P300 ground
truths for each of the 6 electrodes were then constructed by averaging 1,000 P300-
IMFs (IMFs containing the maximum power were treated as IMFs containing P300)
obtained by applying 1,000 realisations of the NA-APIT-MEMD and NA-MEMD
to the multichannel data (see Figure 6.8 (a-f)).

The performance of both the algorithms for P300 reconstruction was examined as
described in [65]. By performing another 100 realisations (a small fraction of the

1,000 realisations of NA-MEMD applied to generate the P300 ground truths), the
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Table 6.1: Average MSEs of the NA-APIT-MEMD and NA-MEMD algorithms for
the two subjects at different electrodes.

Subject 1 Subject 2
Fz Cz Pz Fz POz Oz
NA-APIT-MEMD 9.36 x 107" 1.14 x 107" 521 x 107" 422 x 107" 271 x 107 5.04 x 1077

NA-MEMD 291 x 10712 2,66 x 1075 1.59 x 10712 7.79 x 10714 3.08 x 107 9.64 x 10713

performance of both algorithms was evaluated in terms of MSE in reconstructing
the P300 response with respect to the P300 ground truth of each electrode. Observe
from Figure 6.9 (a-f) and Table 6.1 that the proposed NA-APIT-MEMD algorithm
yielded significantly lower MSE compared to the NA-MEMD for every electrode
position of both subjects. Note that the differences were three orders of magnitude

for Fz and Pz electrodes of Subject 1.

6.4 Applications of NA-APIT-MEMD in the In-

trinsic Multi-scale Analysis Framework

Intrinsic multiscale analysis framework [8] incorporates NA-MEMD with standard
data-association measures, such as phase synchrony, sample entropy and correlation,
in order to quantify intra- and inter-component dependence of a complex system
such as multiple synchronies and causalities. This work proposed to use NA-APIT-
MEMD for signal decomposition in the framework to optimally capture dynamics
of (i) unbalanced EEG data in order to enhance information transfer rate (ITR) for
cooperative brain-computer interface (BCI), and (ii) unbalanced financial data to

reveal systemic risk during financial crises.

6.4.1 Application of Intrinsic Phase Synchrony to Coopera-
tive SSVEP-based BCI

Information transfer rate (ITR) is an essential measure which indicates the per-
formance of a BCI system. In cooperative BCI systems, EEG data acquired from

multiple users simultaneously engaging in the same paradigm can provide joint and
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Figure 6.10: The PSD and time-frequency spectrogram of SSVEP stimuli
and brain responses. (a) The PSD of SSVEP stimuli presented to subjects 1
and 2 (sl and s2). (b) Time-frequency spectrogram of sl. (¢) Time-frequency
spectrogram of s2. (d) The PSD of SSVEP responses of subjects 1 and 2 (y1 and
y2). (e) Time-frequency spectrogram of y1. (f) Time-frequency spectrogram of y2.

collective information, which can effectively reduce the time required for data col-

lection, thus increasing the I'TR.

Steady-state visual evoked potential (SSVEP) is a natural response of the brain to
the visual stimuli operating in the frequency range of 5-60 Hz [117]. The SSVEP
responses are typically discriminated based on their frequencies, resulting in a lim-
ited ITR. Integrating phase information in SSVEP-based BCI systems promises a
higher number of possible targets and thus a higher ITR [118].

In this section, intrinsic phase synchrony was applied to differentiate between SSVEP
responses of two subjects simultaneously participating in an experiment. The 4-
minute SSVEP responses were recorded from two subjects seated next to each other
and attending two different SSVEP stimuli with similar power spectral densities
(PSDs), occupying the range 13-17 Hz (see Figure 6.10 (a)), but different phases
and generated with two separate LEDs. Subject 1 (y1) attended a chirp signal (s1)
with frequencies increasing from 13 Hz to 17 Hz over 2 minutes and decreasing from
17 Hz to 13 Hz over the following 2 minutes (see Figure 6.10 (b)), while Subject 2
(y2) attended a chirp signal (s2) with frequencies varying from 13 Hz to 17 Hz at
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Figure 6.11: Estimated PSI between SSVEP stimuli and brain responses.
(a) The PSI estimated using the standard approach. (b) The PSI estimated using
the intrinsic multiscale analysis.

twice the speed of s1 (see Figure 6.10 (¢)). The recorded signals were then band-pass
filtered to the range 10-20 Hz. The PSD and spectrograms of SSVEP responses of
the two subjects (y1 and y2), exposed to the corresponding stimuli, are shown in
Figure 6.10 (d-f). Observe from Figure 6.10 (d) that PSD of SSVEP response of
subject 1 (y1) was similar to that of subject 2 (y2).

Following the standard approach to phase synchrony estimation, PSI between each of
the two stimuli (s1 and s2), and each of the responses (y1 and y2) was estimated and
is shown in Figure 6.11 (a). Next, within our intrinsic multiscale analysis framework,
the stimuli and responses (sl1, s2, y1 and y2) were used to form 4-channel data which
was decomposed using NA-APIT-MEMD with 10 adjacent WGN channels. The
number of direction vectors was 64 and a was 1 for the NA-APIT-MEMD due to
acute power imbalances (over 90 dB) between the stimuli and responses. The IMF
with maximum power was treated as the information-bearing IMF (IMF containing
the required 13 Hz or 15 Hz oscillation). The PSIs between each of the information-
bearing IMF's of the stimuli and responses were then calculated from 30 realisations

of NA-APIT-MEMD as shown in Figure 6.11 (b).

Figure 6.11 (a) demonstrates a subtle difference in the PSI values between yl-sl
(0.5136) and y2-s1 (0.5109), implying that the standard approach could not effec-
tively discriminate between the phases of the SSVEP responses and stimuli, while
the results obtained using the proposed intrinsic multiscale approach in Figure 6.11
(b), indicate successful separation of the responses of the subjects, determined by

the Z-test at the significance level of 0.01.
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Figure 6.12: Examples of EEG signals with and without the P300 present.
(a): EEG signal with a P300 (two positive peaks, no negative trends). (b): EEG
signal without a P300 (negative trend, Z—; < 0.5).

6.4.2 Application of Intrinsic Correlation to Cooperative

P300-based BCI

The P300 brain response reflects the outcome of stimulus evaluation and internal
decision-making processes [119]; however, its presence after a person is exposed
to an expected stimulus (target) is not always guaranteed. The P300 used in BCI
applications, such as word spellers, is therefore typically obtained by averaging EEG
segments over a number of trials. For real-time applications, automatic detection
of a single-shot P300 is imperative and can lead to practical cooperative real-world
BCI applications. The EMD was applied in [120] to detect P300 in a single trial;
however, the average sensitivity (57.36%) and specificity (52.63%) were not high.
Intrinsic correlation is therefore employed here to detect single-shot P300 from a
pair of individuals to reduce the time and number of trials normally required to
establish an average P300, thus providing higher I'TR. This approach is based on an
assumption that P300 responses of two people simultaneously engaging in the same

oddball paradigm are intrinsically cross-correlated.

In order to evaluate the performance of the proposed detection algorithm, it is
essential to have prior knowledge of whether P300 of a subject was present after each
target in the recorded data. To this end, the following three criteria are proposed to
determine the presence of P300: (i) at least one positive peak must be present; (ii)
a negative trend must not exist; and (iii) if two or more positive peaks do exist, the
difference in the magnitude between the largest and second-largest peaks (d;) must

be higher than half of the difference in the magnitude between the largest peak and
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the ‘valley’ located between the largest and second-largest peaks (ds), Z—; > 0.5.

Figure 6.12 (a) shows an EEG signal with P300 where: 1) at least 1 positive peak is
present, 2) no negative trend exists, 3) the difference between the first and second

2nd

largest peaks (d; = 1% peak — peak) was larger than half the difference between

the first peak and the valley (dy = 1°% peak — valley), j—; = 0.641 > 0.5. Figure
6.12 (b) shows an EEG signal without P300 where: 1) a negative trend exists 2) the
difference between the first and second largest peaks (d;) was lower than half the

difference between the first peak and the valley (ds), Z—; =0.345 < 0.5.

The same experimental setting as in Section 6.3.3 (P300 reconstruction) was con-
sidered, except that EEG signals of Subject 1 were recorded from the Fz, POz and
Oz electrodes. The recorded signals of both subjects were band-pass filtered to the
range 1-20 Hz. The P300 ground truth of each subject was then constructed by
averaging the signals recorded from the three electrodes over 10 trials. The ground
truth was next used to determine the time span of P300 of each subject. The time
span of P300 of Subject 1 was between 200-400 ms, while that of Subject 2 was
between 300-500 ms. To detect the presence of P300 for both subjects and each
trial, the 3-channel data of Subject 1 between 200-400 ms after a target, and the
other 3-channel data of Subject 2 between 300-500 ms after the same target were
used to construct 6-channel data, which were decomposed using NA-APIT-MEMD
with 10 added WGN channels; 30 realisations of NA-APIT-MEMD were carried
out. The a value was 0.2, and the number of direction vectors was 16 due to low
power imbalances (less than 3 dB) between the data channels. Cross-correlation
values between the spatially averaged primary IMF's of the signal channels were sta-
tistically compared against those between the primary IMFs of the noise channels
(see Algorithm 6.2 for detail of the proposed two-person single-shot P300 detection
algorithm).

The performance of the proposed two-person single-shot P300 detection algorithm
was evaluated as described in [120]. By performing 30 realisations of this algorithm
on 6 EEG signals recorded from two subjects after 10 targets, the number of true
positive (TP, P300 was present in both subjects and detected), true negative (TN,
P300 was not present in both subjects and not detected), false positive (FP, P300
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was not present in both subjects but incorrectly detected), false negative (FN, P300

TP

7prrw) and specificity

was present in both subjects but not detected), sensitivity (

(TN

7npp) Wwere calculated, and shown in Table 6.2.
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Algorithm 6.2: Two-person single-shot P300 detection using intrinsic correlation

Input P-channel EEG data of subject 1, x,(t) = [z}(t), 23(t), ..., 27 (t)]", and R-
channel EEG data of subject 2, x5(t) = [z3(¢), 23(t), ..., 2%(t)]" with the time length

determined by the time span of P300 ground truth of each subject.

1. Construct (P4+R+10)-channel data from EEG of two subjects and 10 adjacent
WGN channels n(t) = [n!(t),n?(t),...,n'0)]". !

2. Perform NA-APIT-MEMD on the (P+R+10)-channel data.

3. Average primary IMFs (IMFs with maximum power) of P and R channels of
x1(t) and x5(t), respectively, to construct spatially averaged IMF's of subjects

land 2, IMF, and IMF5.

4. Split each spatially averaged IMF (IMF; and I M F;) of length 200 ms into 25

overlapping windows of length 85 ms with 75 ms overlap. 2

5. Calculate cross-correlation values between the window ¢ of IMF; and the
window j of IMFy, p!MPIME(j 5 1) where 1 = 1,2,...,25, j = 1,2,...,25

and 7 is the time lag.

6. Determine the maximum cross-correlation value of each pair of windows ¢ and

IMFy,IMF,

j’ Prmax (7'7j) :maX(pHWFleMFQ(

/l:7j77—))'

7. Determine the final maximum cross-correlation value across all window pairs,

IMFy,IMF,
final max

= max(p L0, )

8. The 10 noise channels give 45 noise pairs to determine the maximum cross-

correlation value.

!The number of adjacent WGN channels was 10, as this is sufficient to enforce the desired
quasi-dyadic structure and thus reduce the degree of overlap between the IMF spectra.

2Note that the P300 response is typically obtained by averaging EEG signals over a number
of trials, resulting in an average time span of P300 of approximately 150-200 ms. However, it
has been empirically found here that the P300 in a single trial has a relatively short time span
of approximately 85 ms, so that overlapping windows of length 85 ms were thus used in order to
capture the P300 in a single trial.
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10.

11.

12.

13.

14.

15.

16.

17.

Split the primary IMF (IMF with the same index as the primary IMF of subject
1) of each noise channel ¢, IMF,, into 25 overlapping windows of length 85

ms with 75 ms overlap.

Calculate cross-correlation values between window ¢ of primary IMFE of noise
channel ¢, IMF,, and window j of primary IMF of noise channel d, I M Fy,
ptMESIMEa(j 5 7Y where i = 1,2,...,25, 7 =1,2,...,25 ¢ =1,2,...,10 and
d=1,2,...,10;c # d.

Determine the maximum cross-correlation value between window ¢ of primary
IMF of noise channel ¢, IMF,., and window j of primary IMF of noise channel

d, IMFy, ptMFEIMFa(j 5y = max(p!MEeIMEa(j j 7)),

Determine the final maximum cross-correlation value across all window pairs

IMF.,IMF,

final max D 1 (Z’ ]))

of primary IMFs of noise channels c and d, p = max(py.

Average 45 final maximum cross-correlation values obtained from 45 pairs of

. N IMFc,IMFg
noise Pfinal max

noise channels ¢ and d, pho® = 15

IMFy,IMF,
final max

noise
ave

By performing Steps (1)-(13), two scalar values, p and p are

obtained.

Perform 30 realisations of NA-APIT-MEMD in order to assess the statistical
IMFy,IMF,

final max

noise
ave

relevance of p and p repeat Steps (1)—(13) for each realisation.

Perform the Z-test to determine a significant difference between 30 values of
IMFy,IMF,

final max

noise
ave °

and p

IMF),IMF>
final max

noise

e AL @

If 30 values of p are significantly higher than 30 values of p

significance level of 0.05, P300 is considered present in both subjects.

Table 6.2: Performance of the proposed two-person single-shot P300 detection algo-
rithm.

Present Not present
Detected TP =112 FP =61
Not detected FN =38 TN =89

Sensitivity = 74.67% Speci ficity = 59.33%
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6.5 Summary

An extension of the MEMD algorithm, termed APIT-MEMD, has been introduced,
in order to cater for power imbalances between data channels. This is achieved
through the assessment of the statistical structure of multivariate data, and subse-
quent resampling of the direction vectors to ensure that their density matches data
dynamics. The performance of the algorithm has been evaluated in terms of MSE
and MMR in decomposing unbalanced synthetic multivariate data with and without
the presence of adjacent WGN channels. It has been shown that the proposed al-
gorithm outperformed conventional MEMD for certain degrees of power imbalances
by using proper a values. The proposed algorithm has also been shown to outper-
form NA-MEMD in a noise-assisted mode of operation, for cases with significant
power imbalance between data channels. Simulations on EEG data have also shown
that NA-APIT-MEMD yielded substantially lower MSE in decomposing the P300,
compared to NA-MEMD.

Intrinsic multiscale analysis [8] using NA-APIT-MEMD has been applied to coope-
rative SSVEP- and P300-based BCI, and financial signal processing. Intrinsic phase
synchrony has been shown to effectively differentiate between SSVEP responses with
different parameters (frequencies or phases) of two subjects. A two-person single-
shot P300 detection algorithm has also been proposed. This approach employed
intrinsic correlation to determine whether the maximum cross-correlation between
EEG signals of two people was higher than that of noise, which can unveil the pres-
ence of P300 generated by two cooperating brains. Note that choices of parameters
in this algorithm have been set empirically in order to optimally match the nature of

P300 in a single trial, and that changes in parameter values might affect the results.

It has been observed that when performing either the APIT-MEMD or MEMD
algorithm in a noise-assisted mode of operation on SSVEP and P300 signals, the
number of WGN channels must be chosen cautiously, as [8] has shown that the
higher number of noise channels, the faster the roll-off of a filterbank structure.
For narrowband signals such as SSVEP, a filterbank structure with a fast roll-off

is required so that such signals are contained in a single IMF with as little mode

175



mixing as possible. However, for signals with a wider bandwith such as P300, which
are composed of several oscillatory components, a filterbank structure with slower
roll-off may be required to contain those oscillations within the same IMF index.
Finally, the APIT-MEMD is sensitive to parameter a which reflects the degree of

imbalances across the data channels.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

This thesis presents intrinsic data-association measures for quantifying physiological
and neuronal couplings in human collaborative tasks, and their applications. The
key motivator for this work is that such couplings are typically manifested at unique
temporal scales and thus require data-association measures which allow for physi-
cally meaningful interpretation. Drawing upon ideas in the intrinsic multi-scale anal-
ysis framework and novel algorithms for the analysis of nonlinear and non-stationary
signals, this thesis proposed several intrinsic data-association metrics which are suit-
able for quantifying inter-channel dependence in complex physiological and neuronal
signals. In the process, several applications of the proposed algorithms to real-world
data have been demonstrated, such as quantifying physiological couplings between
choir members and pairs of surgeons, and quantifying neuronal coupling between
participants while playing a multi-player cooperative game. In addition, an adap-
tive, data-driven algorithm for the analysis of unbalanced multivariate signals has
been proposed. This chapter presents a brief overview of the contributions of the

thesis and outlines the directions for future work.

e Chapter 1: Introduction.
In the first chapter, the importance of scale-wise signal coupling analysis was

first reviewed. Brief overview of the three proposed intrinsic data-association
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measures (ICoh, ISC and N-IPS) and the APIT-MEMD was next provided.
This chapter also reviewed relevant physiological and neuronal responses (HRV,
respiration and EEG), the hyperscanning technique and the ear-EEG record-
ing concept. The EMD and its variants were next introduced and linked to
their application to the intrinsic multi-scale analysis framework for quantify-
ing inter-channel dependence, where SST and MSST can also be employed
to enhance time and frequency localisation in TF representations of signal

coupling.

Chapter 2: Algorithms and Background.

This chapter first reviewed the concepts of stationarity of a random process
and phase response of a filter, and next provided necessary details of the algo-
rithms which were extensively employed in this thesis and are the foundations
to the algorithms proposed here for the analysis of coupled nonlinear and non-
stationary signals. Two adaptive, data-driven algorithms were elaborated for
the analysis of univariate (EMD) and multivariate (MEMD) nonlinear and
non-stationary signals. The NA-MEMD was also reviewed to show the noise-
assisted mode of operation for MEMD, where a pre-defined structure within
the IMF's is required, and was extensively employed in the thesis, since it pro-
duces multivariate IMF's with similar centre frequencies and bandwidths, thus
preserving the physical meaning of the coupling analysis. The IPS was next
described, since it is a novel intrinsic measure which was extensively employed
and has been extended to introduce the N-IPS algorithm in Chapter 4 for
empirically quantifying trends in synchrony which admit physically meaning-
ful and straightforward interpretation. The SST and MSST algorithms were
subsequently introduced in this chapter. These are algorithms for generating
highly localised time-frequency representations and have been extended to in-
troduce the ISC algorithm in Chapter 4 for generating precise time-frequency
representations of signal coupling. This chapter finally provided background on
the notions of bias and variance of an estimator, and background on matched
filtering, Hilbert transform, and the matched filtering and Hilbert transform
(MF-HT) algorithm for the extraction of HRV from ECG signals, extensively

used in this thesis.
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e Chapter 3: Quantifying Cooperation in Choir Singing: Respiratory
and Cardiac Synchronisation.
In this chapter, intrinsic phase synchrony and a data-association metric pro-
posed in this thesis, termed intrinsic coherence (ICoh), were applied to iden-
tify scale-wise couplings in HRV and respiratory signals of a subset of choir
members, the conductor and a subset of audience. The two measures have ef-
fectively revealed increases in synchrony in physiological responses (HRV and
respiratory signals) among the subset of choir members from the rehearsal
to the performance, especially in the HF band of the HRV signals. This is
a signature of increased coordination between the performers, and this is for
the first time that the involvement of physiological mechanisms mediating the

SNS and PNS in cooperative activities has been quantified.

e Chapter 4: Quantifying Team Cooperation Through Intrinsic Multi-
scale Measures: Respiratory and Cardiac Synchronisation in Choir
Singers and Surgical Teams.

This chapter introduced a novel data-association measure, termed intrinsic
synchrosqueezing coherence (ISC), and an extension of the IPS algorithm, re-
ferred to as nested IPS (N-IPS). The former algorithm is a combination of
NA-MEMD and STFT-based M/-SST algorithms. It allows for generating
highly-localised time-frequency representations of signal coupling. Its perfor-
mance was evaluated against other combinations of algorithms in estimating
degrees of synchrony in linear and nonlinear bivariate signals, and it exhibited
highest average SNRs of TF representation of synchrony — 4.33 dB (linear) and
5.71 dB (nonlinear) higher SNRs than the second best combination (IIR BPF
& F-M/-SST). It was next employed to produce TF representations of signal
dependence in HRV and respiratory signals in a subset of bass singers of the
same choir presented in Chapter 3. It has revealed distinct synchrony in both
the physiological responses around 0.1 Hz in the LF band, which conforms with
the finding in the previous chapter. The N-IPS was employed to empirically
quantify trends in synchrony, i.e. the level of cooperation, which are physically
meaningful and straightforward to interpret, of (i) subsets of soprano and bass

singers of another choir while performing a 1-hour evensong; and (ii) a surgical
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team during a 2-hour PCI procedure. The algorithm has effectively revealed
marked increases and decreases in synchrony in HRV and respiratory signals
of the soprano and bass singers respectively during songs and pauses. It has
also revealed marked increases in trends in levels of cooperation between pairs

of surgeons in response to certain types of glitches.

Chapter 5: Ear-EEG for Detecting Neuronal Synchrony in Contin-
uous Cooperative Multi-person Scenarios.

In this chapter, the ISC algorithm presented in Chapter 4 was employed to
evaluate the performance of a novel EEG recording concept, termed ear-EEG,
against on-scalp EEG as an alternative data acquisition approach for the
hyperscanning method in the task of identifying the unknown, most robust
EEG subbands for neuronal synchrony detection for cooperative multi-player
gaming. Both the recording modalities exhibited significant decreases and in-
creases in neuronal synchrony respectively in the lower and upper theta bands,
which are associated with attention and adaptive working memory. The lower
theta band also has been shown to be the most robust neuronal marker for
brain synchronisation, exhibiting: (i) the highest average correlation coeffi-
cient, p = 0.42, between the recording modalities, (ii) approximately 20%
difference in the average proportions of the number of significant SCI values
between the easy and hard tasks, and (iii) statistical difference in average sig-
nificant SCI values between the easy and hard tasks at a significance level of

0.05.

Chapter 6: Adaptive-projection Intrinsically Transformed MEMD
(APIT-MEMD) in Cooperative Brain-computer Interface Applica-
tions.

This chapter introduced an extension of MEMD referred to as APIT-MEMD,
which caters for power imbalances between data channels. Its sampling scheme
relocates projection vectors to their new positions adaptively determined by
the first principal component of each sifting input reflecting the direction of
the highest power imbalance. Its performance was evaluated against MEMD in
reconstructing multivariate data with power imbalances with and without the

assistance of WGN, and in P300 reconstruction, where its MSE was lower than
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that of NA-MEMD by up to three orders of magnitude. The proposed algo-
rithm exhibited lower MSE and MMR than MEMD in all the reconstructions.
Applications of NA-APIT-MEMD in the intrinsic multi-scale analysis frame-
works were demonstrated. The IPS using NA-APIT-MEMD was employed to
differentiate between SSVEP responses with different parameters (frequencies
or phases) of two subjects. The IPS effectively differentiated between SSVEP
responses with different phases and allowed for higher I'TRs. Intrinsic cor-
relation using NA-APIT-MEMD was applied to detect the presence of P300
generated by two cooperative brains, and a two-person single-shot P300 de-
tection algorithm was proposed, yielding enhanced sensitivity (74.67%) and
specificity (59.33%) for two-person single-shot P300 detection.

7.2 Future Work

Future work in this area will involve:

e Work on the ISC algorithm will focus on the development of Panorama!-
based SST and MSST algorithms in order to enhance the generation of TF

representations.

e The result of the surgical synchrony analysis is only preliminary, and the N-IPS
algorithm will be employed in the assessment of HRV changes in response to
glitches within different surgical teams, to show how team familiarity impacts
on patient outcomes, i.e. complications, reintervention rate, length of surgical

or endovascular procedures and length of postoperative hospitalisation.

e Further development of APIT-MEMD will include clustering direction vec-
tors into a number of different groups, depending on the number of principal
components in the data correlation matrix, and an automated selection of
this parameter based algorithm, e.g. on real-time tracking of the degree of

impropriety.

!The Panaroma is the Fourier transform of the autoconvolution proposed in [121] for the gen-
eration of spectral representations capable of detecting deterministic sinusoidal components in
correlated stochastic noise without knowledge of the sinusoidal frequencies or amplitudes.
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Further development of APIT-MEMD will include using all the principal com-
ponents in the data correlation matrix to determine the locations and the
number of clusters of direction vectors, and an automated selection of this
parameter based algorithm, e.g. on real-time tracking of the degree of impro-

priety.

Using the ISC algorithm to generate very precise TF representations of signal
dependence is highly computationally expensive. To mitigate this problem,
a post-processing technique will be employed to ‘sharpen’ moderately precise

TF representations generated using the ISC algorithm.

The performance of ear-EEG as an alternative for the hyperscanning technique
will be further evaluated, using the ISC or other algorithms, against on-scalp
EEG with as many electrodes on the scalp as possible to extensively justify

the performance of ear-EEG.

The APIT-MEMD will be employed to extract foetal ECG from mother’s
ECG, where power imbalances between ECG data channels will be determined

by electrode locations on the mother’s body.

The proposed data-association measures could be applied to quantify physio-
logical couplings in other group activities, such as rowing, team cycling and

synchronised dancing.

Neuronal couplings measured via ear-EEG between choir members and sur-

geons will be quantified using the proposed algorithms.

The bias and variance of the ISC measure will be estimated.
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Appendix A

Areal Density

Trends in synchrony obtained using the proposed N-IPS algorithm offer physically
meaningful and straightforward interpretation in signal dependence. This can also
be further simplified by calculating the areal density (AD) — an area between a
trend in synchrony and a corresponding baseline per unit of time. Figure A.1 (a)
shows areal densities of trends in synchrony in the respiratory and HRV signals of the
soprano and bass singers considered in Section 4.3.4. Observe that the areal densities
increased during the songs (Sx, where x represents the song number) and decreased
between 2 consecutive songs (Sx-Sy, where x and y represent the 2 consecutive
song numbers), except for only 2 circumstances: (i) during Songs 1 and 2 (S1-
S2), where areal densities of the trend in synchrony in the HRV signals of the
soprano and bass singers remained relatively high, and (ii) during Songs 6 and 7
(S6-S7), where areal densities of the trends in synchrony in the sopranos’ HRV
signals and the basses’ respiratory signals increased from the previous song (Song
6, S6). Note that ‘S7 (pause)’ represents the later period of Song 7 where several
pauses occurred, and consequently the trends and the areal densities of the trends
in synchrony decreased. For rigor, average areal densities of trends in synchrony in
both signals of the sopranos and basses were also calculated, as shown in Figure A.1
(b). The average areal densities exhibited distinct increases during the songs and

decreases between the songs.
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Figure A.1: Areal densities of trends in synchrony. (a) Areal density of trend
in synchrony in the sopranos’ respiratory signals (solid thick line), the sopranos’
HRYV signals (broken thick line), the basses’ respiratory signals (solid thin line), and
the basses” HRV signals (broken thin line). (b) Average areal density of trends in
synchrony in both signals of the sopranos (solid thick line), both signals of the basses
(broken thick line), the respiratory signals of both voices (solid thin line), the HRV
signals of both voices (broken thin line), and all the signals (dotted thick line).
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Appendix B

Supportive Performance Evaluation
of Ear-EEG

The performance of ear-EEG against on-scalp EEG in another cooperative multi-
player game called Ninjas has also been evaluated. The experiment consisted of 3
3-minute trials. During the first trial, Subject 1 was instructed to control a ninja
character to run as fast as possible in 3 minutes, while Subject 2 was resting, listen-
ing to relaxing music and wearing a blindfold. For the second trial, the tasks were
swapped between the subjects. After these two trials, both the subjects were in-
structed to cooperatively control the ninja characters to run at similar speed within
a limited distance and complete as many laps as they could. Data acquisition and
neuronal synchrony estimation were performed in the same manner as in Sections
5.2.2 & 5.2.3. Figure B.1 (a) shows a screenshot of the game, and Figure B.1
(b) shows correlation in neural synchrony between the ear-EEG and on-scalp EEG
recordings. For this game, correlation in neuronal synchrony between the two modal-
ities was highest in the subbands associated with attention — lower theta and lower
alpha bands. This supports the results from the Bar Balancing game; through SCI
estimation, both the recording modalities were capable of detecting joint attention

between the couples.

0.05

Lower Upper Lower Upper
theta theta alpha alpha

EEG frequency band

(b)

Figure B.1: Game screenshot and correlation in neuronal synchrony be-
tween the recording modalities. (a) Screenshot. (b) Correlation. Subjects 1&2
separately controlled the upper and lower ninjas to move back and forth. The EEG
subbands associated with attention (lower theta and lower alpha bands) exhibited
the highest correlation between the recording modalities.
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Appendix C

Application of Intrinsic Phase Syn-
chrony to Financial Signal Process-
ing

In human sciences, stress is defined as a non-specific neuroendocrine response [122].
In an analogy to the sympatho-vagal balance in human stress research, whereby the
sympathetic nervous system (SNS) accelerates body functions while the parasympa-
thetic nervous system (PNS) slows them down, the ‘biomarkers’ of financial stress
is considered here to be accelerations followed by recessions in stock indices. The
market expansions are therefore interpreted similarly to the effects of the SNS activ-
ity in humans, and are characterised by investors’ over-excitement, over-confidence,
and heuristic approaches. Market recessions are then analogous to the effects of the
PNS, whereby the financial slow-down is accompanied by a lack of confidence and

a decrease in market efficiency.

During a financial crisis — a period when the financial system exhibits high levels of
stress [123, 124, 125] — the term ‘systemic risk’ refers to a series of correlated de-
faults among financial institutions, occurring over a short time span and triggering
withdrawal of liquidity and a widespread loss of confidence in the financial system
as a whole. At the heart of the concept is the notion of ‘contagion’; a particularly
strong propagation of failures from one institution, market, or system to another.
Five different measures of systematic risk were proposed in [126], based on statistical
relations among the market returns of hedge funds, banks, brokers and insurance
companies. Using the correlations, cross-correlations, PCA, regime-switching mod-
els, and Granger causality tests, it was found that all the four sectors have become
highly interrelated and less liquid over the past decade, an indicator of increased
level of systemic risk in finance and insurance industries. These measures can also

identify and quantify financial crisis periods.

Intrinsic phase synchrony was used here for the quantification of inter-dependence
during financial crises, as financial systems often exhibit high levels of systemic

risk, that is, they are contagious and, to an extent, dependent on one another. Four
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stock market indices which represent the US economy over the last 25 years, between
Ist January 1991 and 31st August 2015 were considered: (i) Dow Jones Industrial
Average (DJIA), (ii) NASDAQ Composite, (iii) Standard & Poors 500 (S&P 500),
and (iv) Russell 2000. The DJIA comprises 30 of the largest companies in the
US across a range of industries except for transport and utilities; NASDAQ is an
indicator of the performance of stocks in technology and of the growth in companies;
S&P 500 consists of 500 large companies from a vast number of industries, each
having market capitalisation of more than $5 billion; and Russell 2000 comprises a

small-cap segment of the US equity market.

Five consecutive periods of different natures were identified, based on the interpreta-
tion of key geopolitical and socio-economic events which affected the US and world

economies [127], as follows:

e Period 1: 1-JAN-1991 to 31-DEC-1999. Economic boom, followed by the
‘dot-com’ boom from 1997 to December 1999.

e Period 2: 1-JAN-2000 to 31-DEC-2003. Internet bubble burst and the econ-
omy crisis further deteriorated due to the 9/11 terrorist attack and its after-

maths.

e Period 3: 1-JAN-2004 to 31-DEC-2007. Recovery due to huge investment in

undervalued stocks.
e Period 4: 1-JAN-2008 to 31-DEC-2011. Sub-prime mortgage and debt crises.

e Period 5: 1-JAN-2012 to 31-AUG-2015. Weak growth and recovery owing to
the uncertainty in fiscal policy (‘fiscal cliff’), increases in tax, and a slowdown

in the housing sector.

The four financial time series were combined into a single quadrivariate signal,
for which the intrinsic, data-adaptive scales were determined using the NA-APIT-
MEMD with 10 adjacent noise channels. The « value for the NA-APIT-MEMD
was 1 and the number of direction vectors was 64, to cater for high power imba-

lances (over 20 dB) between the four data channels. The PSIs between pairs of
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Figure C.1: Intrinsic synchrony between individual stock indices. The
graphs show phase synchrony (PSI) between stock indices across different time scales
(IMF index) for the five periods considered (black line), and the upper- and lower-
bounds of confidence intervals (red lines). The IMFs [1, 2], [3, 4], 5, 6, 7 correspond
respectively to the time scales of 1-5 days, 1 month, 1-3 months, 1 year, and 2 years.
(a) DJIA against NASDAQ. (b) DJIA against Russell 2000. (¢) DJIA against S&P
500. (d) NASDAQ against Russell 2000. (e) NASDAQ against S&P 500. (f) Rus-
sell 2000 against S&P 500. The PSI values outside the confidence intervals were
statistically relevant estimates of synchronisation. The PSI values at IMF index 7
of the fifth period could not be estimated as they were monotonic functions.

3 4 5 6 "1 2
IMF

the data channels at every IMF index were then calculated from 50 realisations of
NA-APIT-MEMD, and the confidence intervals at each IMF index were calculated
by benchmarking against the PSIs between pairs of noise channels (no synchrony).
The PSI values between the financial time series within these confidence intervals

were adjudged spurious.

Figure C.1 shows the PSI values between all pairs of stock indices at different IMF
indices, estimated from 50 realisations of NA-APIT-MEMD. Observe that PSI values
at IMF indices 6 and 7, which represent the periods of 1 and 2 years (long-term
trends), in all the five periods were always higher than 0.8, indicating that all the
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stock indices exhibited prominent synchrony in their long-term trends.

In all the five periods, the DJIA and the S&P 500 were also highly synchronised in:
(i) short-term trading (periods of 1-5 days, represented by IMFs 1-2); (ii) short-
term trends (periods of less than a month, represented by IMFs 3-4); and (iii)
medium-term trends (periods of 1-3 months, represented by IMF 5). Notice from
Figure C.1 that all the PST values at IMFs 1-2 (short-term trading) during the dot-
com bubble (19972000, the first period) and the Internet bubble burst (20002004,
the second period) (except for the DJIA - S&P 500) were relatively low (lower than
0.6). However, during the third period (2004-2007) all of the stock pairs exhibited
higher synchrony in short-term trading (IMFs 1-2) (all the PSI values were higher

than 0.6). This indicates pronounced short-term dependence.

Observe that during the sub-prime mortgage crisis (2008-2011, the fourth period)
all the PSI values (except for the DJIA - S&P 500) were, on the average, higher
than those for the recovery and weak growth periods (the third and fifth periods,
2004-2007 and 2012-2015). This indicates the presence of systemic risk, where the

markets are contagious and behave in the same way during the financial crisis.
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