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ABSTRACT

Sensorimotor integration is defined as the capacity of the central nervous system to
integrate different sources of stimuli and transform such inputs in motor actions. Traditional
approaches to measure sensorimotor dynamics are based on sensorimotor rhythms detected by
Electroencephalography (EEG), such as the Event-Related Desynchronization (ERD) and
Event-Related Synchronization (ERS). However, it is still not clear what are the underlying
cortical dynamics involved in voluntary movements, and there is a lack of understanding of
the temporal flow patterns related to a task. Although the models for motor decoding have
improved considerably over the past decade, Brain-Machine Interfaces (BMIs), such as those
attempting to control upper-limb prostheses, are still far from the goal of reaching naturalistic
and dexterous control like our natural limbs.

In this thesis, a model using connectivity estimators on EEG signals is proposed, with
the aim of mapping cortical dynamics involved in sensorimotor integration while performing
motor tasks. Here, special focus is given to wrist movements, since they are extremely
important for proper handling of objects and have not been adequately explored in current
literature associated with neural and standard control models used for upper-limb prosthesis.
After initial screening, Mutual Information (MI) was chosen as the connectivity strategy for
the aforementioned task. To estimate the most important channels and connectivity pairs of
MI, a preliminary analysis based on the differences between resting and execution was
performed. After the selection, MIs were estimated at higher temporal resolution, and
separated in alpha and beta bands, from which a set of features was extracted and used as
input for a Support Vector Machine (SVM) classifier to estimate the motor tasks (wrist
pronation and wrist supination). For validation, we also estimated motor tasks using a
conventional method for sensorimotor analysis, extracting significant ERD components and
classified the data using SVM.

The results showed higher accuracies when using the proposed model in beta band and
MI features (89.65%). Alpha band resulted in 73.68% accuracy. On the other hand, using
ERD, the accuracy of the classifier was 60.73% and 62.49% for alpha and beta bands,
respectively. We conclude that the proposed method using functional connectivity and a
proper model for the selection of important pairs over specific frequency bands has better
response in identifying wrist movements. This strategy could be potentially applied in BMIs

that control prosthetic devices at various levels.



Keywords: Brain Connectivity, Mutual Information, Motor task, Electroencephalography,

Event-Related Desynchronization, Brain-Machine Interfaces.
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dDTF — direct Directed Transfer Function
DTF — Directed Transfer Function

DTI - Diffusion Tensor Imaging

ECog — Electrocorticography

EEG — Electroencephalography

EOG — Electrooculogram

ERD — Event-Related Desynchronization
ERS — Event-Related Synchronization
ERSP — Event-Related Spectral Potential
FES — Functional Electric Stimulation
fMRI — Functional Magnetic Resonance Imaging
fNIRS — Functional Near-Infrared Spectroscopy
GCI — Granger Causality Index

ICA — Independent Component Analysis
ITR — Information Transfer Rate

JPD — Joint Probability Distribution



LFP — Local Field Potential

M1 — Primary Motor Cortex
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MI — Mutual Information

MIm — Motor Imagery

MRI — Magnetic Resonance Imaging
MVAR — Multivariate Autoregressive
MUA — Multi-Unit Activity

NIRS — Near-Infrared Spectroscopy

NMI — Normalized Mutual Information
PDC — Partial Directed Coherence

PLV — Phase-Locking Synchronization
PMC — Premotor Cortex

PPC — Posterior Parietal Cortex

RSS — Repetitive Tactile Stimulation

S1 — Primary Somatosensory Cortex

SCP — Slow Cortical Potentials

SCI — Spinal Cord Injury

SEP - Somatosensory Evoked Potentials
sDTF — short-time Directed Transfer Function
SL — Synchronization Likelihood

SMA — Supplementary Motor Area

SMC — Sensorimotor Cortex

SMR — Sensorimotor Rhythm

SNR — Signal-to-Noise
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TC — Total Correlation

TE — Execution Time

TMS — Transcranial Magnetic Stimulation
TV-DBN — Time-Varying Bayesian Networks

VA — Ventral Anterior Nuclei
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1. INTRODUCTION

In the last decades, we have seen an explosion in research attempting to explain
how the brain executes and coordinates the various tasks it deals with, from complex
cognitive functions to the contraction of a muscle, to speaking and understanding
language, etc.

In the 19th century, there were two main study streams of thinking and
researching brain function, localizationists and connectionists [1]. Localizationists
researchers believed that specific functions are attributed to gray matter brain areas, and
impairments occur due to lesions in these areas. Historical examples of localizationist
points of view are the findings of Broca and Wernicke, that related speech production
with specific cortical areas, and the work of Brodmann, that proposed a map of 46
cortical regions (known as Brodmann Areas) and their functionality [2,3]. According to
the connectionists, the neurons are the central processing element of the brain, and large

numbers of neurons operate simultaneously and integrate to process the information [4].

Currently, those standpoints are complementary and are incorporated in what we
now call functional specialization and functional integration. Functional specialization
implies that a cortical area is responsible for some cognitive and functional aspects and
can be anatomically segregated within the cortex. Thus, the brain supports functions
related to sensory information, memory, learning, and perception by integrating many
of those specialized areas, with the coordinated activity of interconnecting neurons,
characterizing the so-called functional integration [1,5].

It is known that the integration between sensory and motor systems is essential
for motor control. Thus, the so-called sensorimotor integration is defined as the
capability of the central nervous system to integrate different sources of stimuli and to
transform such inputs in motor actions [6].

The neural processes involved in the coordination of the voluntary movement
are divided into three sequential phases: perception of the external environment and the
individual itself, the use of the external information to decide the necessary action
(cognitive process); and, the execution of the chosen motor plan [7].

Another example of sensorimotor integration is when an individual reads a
written word out loud. First, light (visible electromagnetic waves) reaches the eyes;

then, the photoreceptors from the retina convert these waves into electrochemical
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signals, which are sent to the brain. The Primary Visual Cortex is the first stage of
cortical processing of visual information, and it is responsible for decoding the data. For
speech production, visual information is transmitted to the posterior language area,
including Wernicke's area, travels to Broca's area, and then to the Primary Motor Cortex
[8,9].

The areas of Wernicke and Broca generate the necessary motor control for
breathing, vocalization, and articulation of speech; thus, body parts, such as lips,
tongue, jaw, vellum and the larynx must have precise and simultaneous movements so

that the sound does not get distorted [8].

Another example of the coordinated activity of cortical areas is when we reach
and hold a glass of water. First, the subject identifies the target (glass) in space. In a
simplified description, the aim (move the arm and open hands to get the glass) is
identified by the Posterior Parietal Cortex, which receives input from somatosensory,
visual, vestibular, and auditory systems, to construct the sense of the body position
concerning the target. This information travels to the Supplementary Motor and
Premotor Areas, where movement is planned. In this stage, the required muscles, the
series of contractions, and the required force and trajectory are planned. Lastly, the
motor plan is transmitted to the Primary Motor Cortex, which is responsible for the
execution of the voluntary movement. From there, neural information is sent to
descending pathways and, finally, to interneurons, motor neurons, and muscles [7,10].

It is assumed that the nervous system has an internal model to predict the
environmental changes that result from a motor action. This model is part of the
sensorimotor learning process, in which the individual can learn behavioral abilities or
learn new skills, e.g., move the cursor of the screen to the desired position, play an
instrument, or stop the car on the right moment [11].

The internal models can be classified in inverse or forward model [11]. Given a
desired future state, the inverse model generates the motor command that is necessary
for this state to happen. In other words, in this model, the nervous system determines
the motor command that will reach the target state. The forward model is used by the
nervous system to estimate the next state of the motor system and the sensory stimuli
that result from a motion. Any difference between this and the feedback received may
be used by the motor system to adjust motor control in real-time, as it is required for

complex and fast motor activities [12].



Sensorimotor dynamics can be measured through Neuroimaging techniques,
such as functional Magnetic Resonance Imaging (fMRI) [13], functional Near-Infrared
Spectroscopy  (fNIRS) [14], and Electrophysiological methods, such as
Electroencephalography (EEG) [15] and Electrocorticography (ECoG) [16].

Neuroimaging techniques have an advantage of high spatial resolution and the
possibility to capture the activity in subcortical areas. Although methods such as fMRI
have high spatial resolutions (3-4 mm), the temporal resolution is limited by the
hemodynamic response time [17]. Typically, it has a width of ~3 s and a peak occurring
~5-6 s after the onset of a neural stimulus. Thus, it is not the best alternative for
detecting the temporal changes in sensorimotor integration that occur on a scale of

milliseconds (ms) [25].

Electrophysiological methods can be invasive and non-invasive. The most used
non-invasive macroscopic recording is EEG, in which the electrodes are placed on the
scalp. Mesoscopic invasive methods are ECoG, in which electrodes are placed on the
exposed cortex, and Local Field Potential (LFP) recording, where voltage is recorded by

a microelectrode inserted in the neuronal tissue [25].

A typical adult human EEG signal is about 10 pV to 100 pV in amplitude and
frequency range of 0-100 Hz when measured from the scalp. EEG can be seen as a
spatiotemporally smoothed version of the local field potential (LFP), with 50 mm of
spatial resolution and with ~1-3 ms of temporal resolution [18]. Also, it is not directly
associated with the firing patterns of individual neurons, due to the attenuating effects

of the tissues between the current source and the recording EEG electrodes.

The recently introduced high-density EEG, in combination with source
modeling, improved the spatial resolution significantly [19]. The spatial and temporal
resolution of the ECoG is higher than EEG (i.e., <1 cm/<l ms, respectively), with a
higher signal-to-noise ratio, and it is less susceptibility to artifacts than EEG [20].
Nevertheless, ECoG requires a craniotomy, a risky delicate procedure, and may result in
tissue rejection and infection. In that sense, most of the current research groups prefer

the use of EEG for research and rehabilitation [21].

EEG has been used in various attempts to better understand the process of
sensorimotor integration. Some studies have suggested that the EEG gamma band is
responsible for the communication between cortical areas during the performance of

sensorimotor integration tasks. These findings indicate that gamma plays an essential



role in the early stages of information processing and of sensorimotor integration
process [22]. Oscillations in gamma can be related to cortical operation during
recognizing of familiar objects and to the efficiency of forthcoming of sensory
information in the relevant sensory cortical areas. Thus, coordinated sensory gamma
oscillations play an essential role in direct interactions, cognitive processes involved in
the perception and comparison mechanisms related to stored memory content. Also,
phase synchronization can promote communication between sensory cortices [23,24].
Alpha and beta bands also play an important role in sensorimotor integration.
Verhagen et al. (2012) associated EEG and time-frequency analysis of alpha and beta
bands to verify the cortical dynamics of sensorimotor integration during grasp planning
[25]. Jenson et al. (2014) examined real-time event-related spectral perturbations, i.e.,
event-related synchronization and event-related desynchronization, within alpha and

beta bands for the comprehension of speech perception and production [26].

Alterations in sensorimotor integration in healthy aging were studied by Brown
et al. (2018). Initially, the authors evaluated the baseline neurophysiology of
sensorimotor integration using Somatosensory Evoked Potentials (SEPs). Sensorimotor
integration was tested in two ways. First, by pairing a hand muscle vibration with single
and paired-pulse Transcranial Magnetic Stimulation, to enable a direct comparison
between motor circuitry alone and somatosensory influences on motor circuitry. Other
techniques such as short-latency afferent inhibition, afferent facilitation, and long-
latency afferent inhibition were measured from median nerve stimulation with TMS. In
the second experimental session, it was designed a block of sensory training to
modulate sensorimotor integration that preceded this neurophysiological assessment.
The results suggest that there is a differential aging-related modulation of sensorimotor
integration, based on the type of afferent information. Additionally, sensorimotor
integration is modifiable with a single session of sensory training, and this ability for
neuroplastic change is retained with healthy aging [27].

Despite all these findings and the research related to sensorimotor integration,
they according to Tam et al. (2019), although motor decoding performance is
improving, we are still very far from the goal of reaching naturalistic and dexterous
control of prosthetic limbs in the same manner as we control our natural limbs [28].

A mathematical technique that has been used to study the functional integration

of brain areas is based on the use of functional and effective connectivity [4]. Functional



connectivity consists of correlations (statistical dependencies) between spatially
distributed neurophysiological time series. On the other hand, effective connectivity
refers to the estimation of how two or more brain regions causally influence each other.
Effective connectivity is activity-dependent, and provides a model of interactions or

coupling between brain time series [4,29,30].

Brain connectivity analysis can be applied to study the effects of a neurological
injury and its intrinsic characteristics, elucidating how neurons and neural networks
process information. In so doing, it may be possible to contribute towards the
development of treatment and monitoring strategies for various neurological
dysfunctions caused by Parkinson, Alzheimer's disease, Spinal Cord Injury (SCI),
Huntington diseases, and other pathologies or injuries [31,32,33,34]. Thus, this
technique enables us to verify the cortical networks involved with sensory, motor, and
cognitive functions and explain sensorimotor integration [35]. Other fMRI studies
analyzed the brain structure and functional connectivity of sensorimotor integration
between known sensory and motor structures within typically developing children and

those with Autism Spectrum Disorder (ASD).

EEG-based brain connectivity models have been studied by various researches.
Chung et al. (2017) used this approach to find how beta-band activity and connectivity
within and between cortical regions are coordinated to enhance motor performance [36].
Freyer et al. (2012) investigated the impact of passive sensory stimulation on the
resting-state functional connectivity in the human brain [37]. Additionally, a study from
Peterson et al. (2019) investigated cortical connectivity during perturbed balance, since,
until now, little information is known about the cortical flow of signals for balance [38]

and other movement dynamics [39].

Strategies using EEG-based brain connectivity were also applied for the
improvement of Brain-Machine Interfaces accuracy. Daly et al. (2012) mapped phased
synchronization levels for EEG channels and achieved higher levels of classification
with functional dynamics in relation to traditional features used in the classification of a
finger tap BMI [40]. Xu et al. (2020) used EEG connectivity features for affective BMIs
in which five types of emotions were discriminated (disgust, fear, sadness, happiness,
and neutrality), showing that EEG connectivity combined eye movement data could be
used to represent an emotion. Also, the proposed method outperformed the state-of-art

ones for emotion classification [41]. In a review of Hamedi et al. (2016), it was
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mentioned that most motor imagery (MIm) BMIs are based on temporal, spectral, and
spatial single channel features. Nevertheless, there is still not a successful
communication for a completely locked-in subject. Thus, since brain connectivity
provides cortical dynamic information, it has been considered a promising strategy to

improve MIm-BMIs performance [42].

Some important variables related to BMI control signals are the Information
Transfer Rate (ITR), the number of possible choices and the requirement of training.
ITR is the combination of speed and accuracy of a BMI to determine the amount of
information. Sensorimotor Rhythms (SMR) and Slow Cortical Potentials (SCP) do not
require an external stimulus (endogenous BMI), but they have less number of choices
(possible mental states with reasonable accuracy are 2 or 4 for SCPs and around 2 to 5
for SMRs), lower ITR and requirement of training, differently to the ones that require
external stimulus, such as P300 evoked potentials and visual evoked potentials

(exogeneous BMI) [21].

Although the great advantages of exogenous BMlIs, they require that the user
stand in front a screen and keep the eyes fixed on one point to manipulate the BMI,
causing fatigue to the user [21]. Thus, due to the fact SMR are readily detectable in
healthy as well as individuals with motor impairments, like SCI, amyotrophic lateral
sclerosis (ALS), and stroke [43], they are the most common EEG methods implemented
for BMIs, especially for imagery of movement [44].

It is important to consider that long-term stability of BMI performance can be
affected due to user-related factors, such as aging, lack of motivation or neuropathic
pain, and to hardware and technological factors, such as montage difficulty and
algorithms for decoding of motor intention [45,46,47,48]. In addition, most BMIs have
methods developed mainly in healthy subjects, and it is evident the difficulty in
translating them to injured patients [49,50].

Several motor BMI studies are also focused in hand movement. In Cordella et al.
(2016), it was shown that around 98% of upper limb prosthetic users are demanding
various improvements in the design of those devices, such as to feel the force applied
and the temperature of the object been handled by the prosthesis, and also the ability
performing additional and more complex movements such as moving individual fingers
and increased wrist range of motion and control (flexion/extension and

pronation/supination) [51].
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Wrist movements are especially important, since they allow for better
manipulation of objects and contribute to the mobility of the arm/hand system. In spite
of this, most robotic and prosthetic research studies are focused on the development of
end effectors/terminal devices (hands, grippers, etc.), and not much has been done to

improve and perfect wrist control [52].

Therefore, as shown in literature, brain connectivity could be used potentially as
markers of brain activity sensorimotor integration, since it can distinguish and depict
temporarily correlated regions and/or causal relations between brain regions, providing
richer cortical information for BMIs, despite the user conditions. However, there is not
a gold-standard of what is the most appropriate technique and protocol for each kind of

analysis well established, such as sensorimotor rhythms.

Additionally, despite the great importance of wrist movements, they are not well
explored in prosthetics, with lower classification accuracy in comparison to hand
movements. A great difficulty in the classification of these movements is due to the fact
they are coordinate by cortical regions very close together.

We hypothesize that, since functional connectivity provides information on how
a brain region is temporally correlated to others, it is possible to create an EEG-based
strategy to characterize sensorimotor integration, based in the most temporally relevant
connections for similar movements, such as wrist movements, without an external
stimulus and with a reduced number of electrodes and window of analysis.
Consequently, with the proposed strategy, we argue that it can be possible to increase

ITR and the accuracy of BMIs.

1.1 Objectives

This work proposes to create a sequential strategy to characterize sensorimotor
integration dynamics based on EEG connectivity estimators in order to discriminate
similar movements. To do so, the following specific objectives will be pursued in this

thesis:

e Define the most suited connectivity technique for cortical activity analyses
during the performance of motor tasks.
e Apply the selected connectivity strategy and obtain the neural dynamics

during the execution of motor tasks (pronation and supination).
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Devise a model for select the most relevant connections (dimensionality

reduction).

Evaluate the performance of the proposed connectivity strategy using a

standard decoder (supervised classifier).

Compare the performance of the proposed connectivity strategy with

conventional models.
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2. CORTICAL AREAS RELATED TO HUMAN
MOTOR CONTROL

This chapter will present an overview about the cortical areas related to human
motor control. For this PhD thesis, cortical response will be mapped by connectivity
methods in order to decode motor tasks.

The human motor system can perform different voluntary and non-voluntary
motor tasks. For voluntary movements, the process is expressed in a sequential flow of
information: Idea — Plan — Select — Move. In this context, the start of movements occurs
with the idea, or the goal to be reached, then, this is converted to a plan directing the
best way to achieve it; later, muscles are selected to execute the movement. However,
this simplified flow does not consider that these elements can be performed in parallel,
in time and space, known as brain functional integration. Generally, the areas that
comprise the motor system can be organized in hierarchical levels of control, in which
the lowest levels are located in primary sensory and motor cortices and higher levels are
located at increasing synaptic distance from the periphery summarized as follows [53]:

e Somatosensory system

e Association cortex

e Motor cortical areas

1. Primary motor cortex

ii.  Dorsal premotor cortex
iil.  Supplementary motor area

e Basal ganglia

e (Cerebellum

e Midbrain

e Brainstem

e Pathways of the brainstem

e Spinal cord

The integration between those various levels involves various control
mechanisms, such as feedback and feedforward. When the brain alters the ongoing
movement based on an outcome, for corrective actions, this is called feedback control.

The feedforward control consists of sending signals in advance to prepare the control
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region for incoming activity. The main areas responsible for receiving sensory
information from ascending pathways are influenced by two subcortical systems: Basal
Ganglia and Cerebellum, which connect to the cortex by the thalamic nuclei [54].

Figure 2.1 represents this hierarchical organization of the motor system [55].

Premotor and
______ Supplementary
Motor Control

L

***** Motor Cortex -

v

***** Brainstem

v
Spinal Cord <__.3

v

Peripheral
Nerves

v

Muscles

Figure 2.1 — The main levels responsible for the control of the motor system [55].

The motor impulses required for voluntary movement are mainly generated in
the primary motor cortex and in the adjacent cortical areas. The motor impulses travel
through a descending pathway, especially the corticobulbar and corticospinal tracts,
passing by the brainstem and down the spinal cord to the anterior horn of the medulla,
where they make synaptic contact with the second motor neuron. Other cortical areas,
such as the premotor cortex, and subcortical nuclei, especially the basal ganglia,
participate in the control of the movement. These areas form feedback loops with one
another and with the primary motor cortex and cerebellum; they exert an influence of
the anterior horn cells by means of several distinct fiber pathways in the spinal cord,
modulating movement and regulating muscle tone [56].

According to Lent (2010), it is possible to classify the structures involved in the
motricity. The muscles responsible for movement execution are called effectors. The
motor neurons located in the spinal cord, neural regions of brainstem and motor cortex
are denominated coordinators, with the function of transmitting to muscles the

commands for action. The basal ganglia and cerebellum are considered controller
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structures because they check frequently if the system is working as desired, ensuring
that the commands are correct, and if the movement is performed properly. Finally,
specific regions of the cortical cortex are called planners, responsible for programing or
planning the motor act, creating an ordered and detailed sequence of instructions that

the coordinators transmit to the muscles [57].

2.1 Somatosensory System

The somatosensory system deals with proprioceptive and cutaneous events,
providing information about bodily sensations, such as touch, temperature, pain,

position in space, and movements of the joints [58].

The motor system and the somatosensory system are interrelated at all levels of
the nervous system. For example, at the level of the spinal cord, sensory information
contributes to motor reflexes; in the neocortex, skilled movements elicited by the motor
regions of the frontal lobes require information about actions that have just taken place
and about objects that have been or could be manipulated. To produce the movement, it
is necessary the integration between both systems, in which motor cortex “decides”

what should be done, and the sensory cortex “knows” what has been done [59].

2.1.1 Somatosensory Receptors

The somatosensory system consists of two main elements: somatosensory
receptors, found in all parts of the body, and the neurons from these receptors that carry
information to the spinal cord. Within the spinal cord, there are two sensory pathways
projected to the cortex and, finally, to the somatosensory cortex [59].

The cells that interpret information from the environment can be classified as
[60]:

e Free nerve endings: with dendrites embedded in tissue that would receive
a sensation, such as pain and temperature receptors in the dermis of the
skin;

e Encapsulated ending: the sensory nerve endings are encapsulated by
connective tissue that enhances their sensitivity — neurons that respond to

pressure and touch;
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e Other specialized receptors: such as the cells of the retina that respond to

light waves.

The somatosensory receptors in the human body are classified into three groups,
according to the type of perception they enable: nocioception, hapsis, and
proprioception.

Nocioception consists of the perception of pain and temperature. Free nerve
endings characterize nociceptors. Thus, when these endings are stimulated, they release

chemicals that stimulate the production of action potentials [59,61].

Hapsis is the perception of fine touch and pressure. These receptors are found in
superficial and deep layers of the skin and are attached to body hairs as well. These
receptors consist of a dendrite encased in a capsule of connective tissue. Mechanical
stimulation of the capsule activates special channels on the dendrite of the neuron,

which in turn initiates an action potential [59,61].

Proprioception is characterized as the perception of the location and movement
of the body. Proprioception receptors consist of encapsulated nerve endings that are

sensitive to stretch of muscles and tendons and the movement of joints [59].

Sensory receptors and the neurons related to those sensations can also be
classified into rapidly and slowly adapting types, in which rapidly adapting (phasic)
receptors respond maximally, but briefly to stimuli, with the response decreasing fast
with time. On the other hand, slowly adapting (tonic) receptors keep firing as long as

the stimulus is maintained [62].

Dorsal-root ganglion neurons are somatosensory neurons that reside in ganglions
on the dorsal root of the spinal cord. The axons of the dorsal-root ganglion enter the
spinal cord, originating the spinal cord’s dorsal roots. In the spinal cord, these axons can
make synapses with other neurons or continue to the brain, dividing into two main
pathways.

The information from haptic-proprioceptive axons reaches the brain by a three-
neuron relay in a pathway called posterior column-medial lemniscus. The first synapse
is made by the terminals of dorsal root ganglion cells onto neurons in the brainstem
nuclei. The axons of these second-order neurons synapse on third-order neurons of the
ventral posterior nuclear complex of the thalamus, that send their axons to the primary

somatic sensory cortex.
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Sensory information about nociceptive pain and temperature takes a different

course; the anterolateral system [62]. The anterolateral system, also known as the

spinothalamic tract (Figure 2.2), is a sensory pathway that initiates on the skin and runs

to the thalamus. When the sensory information reaches the ventral posterolateral

nucleus in the thalamus, it is projected up to the somatosensory cortex of the postcentral

gyrus [63].
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Figure 2.2— Ascending pathways to the Somatosensory Cortex [64] - under CC BY 3.0 attribution license.

2.1.2 Somatosensory Cortex

The somatosensory system is composed by three main cortex areas: primary

somatosensory cortex (S1), secondary somatosensory cortex (S2) and somatosensory

association cortex.
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S1 is in the postcentral gyrus, adjacent to the primary motor cortex, and consists

of the Brodmann's areas 1, 2 and 3 (‘a’ and ‘b’). Brodmann areas (BA) can be seen in

Figure 2.3.

Lateral
surface

= = = |ateral prefrontal cortex
. medial prefrental cortex
MEdIaI ventral prefrontal cortex

Figure 2.3 — Brodmann areas in lateral and medial views [65] - under CCO 1.0 attribution license.

These areas report about proprioceptive and cutaneous events, such as the

position of the limb and contact with objects, in which area 1 receives input from

rapidly adapting receptors, area 2 receives input from deep tissue receptors (pressure,

joint, position), area 3a receives input from slowly and rapidly adapting skin receptors,

and area 3b receives input from deep tissue receptors (muscle stretch receptors) [7].

S1 is somatotopically organized, i.e., specific body part receptors are all grouped

and project to a particular region of the cortex. The sensory homunculus includes the

cortical representation of the body based on the degree of sensory innervation.

The premotor cortex utilizes the sensory information about the position of the

body in the three-dimensional space relative to external objects and organizes

appropriate movements.
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The secondary somatosensory cortex is located in the parietal lobe, behind S1.
S2 includes parts of the Brodmann areas 40 and 43.

The somatosensory association cortex (areas 5 and 7), also known as posterior
parietal cortex (PPC), is located posterior to the sensory cortex in the superior parietal
lobes. It integrates somatosensory information with visual information, offered by the
occipital lobe, to provide spatial awareness. This area also communicates with the

premotor cortex and supplementary motor area, as shown in the Figure 2.4.

» Cortical Input and Output Pathways

Areas of secondary Posterior parietal
motor cortex association cortex

Dorsolateral
prefrontal
association

Somatosensory 5 —— Auditory
cortex 3 cortex

Figure 2.4 — Posterior parietal association cortex representation [66] - under CC BY-SA 3.0 attribution
license.

2.2 Motor Cortical Areas

The motor areas are interconnected with each other and send axons to the spinal
cord. Those areas consist of the primary motor area (Brodmann’s area 4); premotor
cortex (lateral area of Brodmann’s area 6), which is usually subdivided into dorsal and
ventral; supplementary motor area (medial part of Brodmann’s area 6) and three regions
of the cingulate cortex ventral to the supplementary motor area (SMA), and the
prefrontal cortex (Figure 2.5) [56].

The function of the prefrontal cortex is to plan complex behaviors, i.e., the goal
towards which movements should be directed. For completion of the target, the
prefrontal cortex sends instructions to the premotor cortex, which plans the necessary

sequence for the accomplishment of the movement. Finally, the primary motor cortex
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(M1) specifies the details of how each motion should be carried out and is the main

contributor in generating neural impulses to control the execution of movement [59].

Premotor Primary motor cortex

cortex Primary somatosensory
cortex

Posterior
parietal
cortex

Figure 2.5 — Cortical Motor areas representation [67] - under CC BY-SA 3.0 attribution license.

There is a topographical representation of the different body parts in the primary
motor cortex (located on the precentral gyrus), in an arrangement called motor
homunculus. In this, the area representing the throat and larynx is located at the inferior
end of the primary motor cortex; and regions that represent the face, upper limbs, trunk,
and lower limbs are located above it. The homunculus represents the contralateral side.
It means that the primary cortex in the right cerebral hemisphere controls the motor
activity of the left side of the body and vice-versa. The different body sizes presented in
the motor homunculus are related to the density of receptors for various parts of the
body [56,57].

The postcentral gyrus, located posteriorly to the central sulcus, includes the
somatosensory cortex, which involves the Brodmann’s Areas 1, 2 and 3. The
topographical representation of the sensory cortex (somatosensory homunculus) shows
the tactile representation of the contralateral side, as shown in Figure 2.6. Also, the

different sizes of the homunculus reflect the density of receptors for various parts of the

body.
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Figure 2.6 — Representation of somatosensory cortex homunculi [64] - under CC BY 3.0 attribution

2.3 Concluding Remarks
Considering what was presented in this chapter, we focused on the analysis of
EEG electrodes related to cortical areas that strongly contributes to sensorimotor

integration areas and reachable with EEG, those are primary motor cortex, posterior

parietal cortex and primary somatosensory cortex.
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3. PROBING BRAIN ACTIVITY

In this work, we propose to map cortical patterns related to motor movements
and discriminate their stages using brain connectivity estimators. This technique is often
used in several applications, such as to improve the accuracy of BMIs and help on the
understanding of how neurological disorders affect the mobility of individuals at the
cortical level. We will present the alternatives for probing brain activity and the reasons

why EEG was chosen.

In general, brain activity can be detected by two types of strategies:
electrophysiological and hemodynamic response. The hemodynamic response is
characterized as a process in which active neurons have increased blood when compared
to an area of inactive neurons. The most common techniques to measure this response
are fMRI and fNIRS [21].

fNIRS is the use of infrared light to detect fluctuations in cerebral metabolism
during neural activity. The infrared light penetrates the skull to a depth of approximately
1-3 cm below its surface. According to the intensity of the light, it is possible to
measure alterations in oxyhemoglobin and deoxyhemoglobin concentrations. The
spatial resolution is around ~5 mm, and temporal resolution around ~1s [21,68]. The

equipment is exemplified in Figure 3.1.

Figure 3.1 — Example of {NIRS equipment setup [69]. - under CC BY-SA 4.0 attribution license.

The main advantage of fMRI over fNIRS is the higher spatial resolution (3-4

mm [17] However, those techniques have similar temporal resolution, since both

23


https://creativecommons.org/licenses/by-sa/4.0/

measure hemodynamic response, being a little bit lower in fMRI. fMRI’s temporal
resolution is typically the ~3 s and a peak occurring ~5—6 s after the onset of a brief
neural stimulus [17]. A possible disadvantage is that current fMRI devices required a

much larger structure, are very expensive and not at all portable [21,70] (Figure 3.2).

Figure 3.2 — Example of fMRI equipment setup [71] - under CC BY 3.0 attribution license.

The electrophysiological activity consists of electrochemical transmitters
exchanging information that can be measured through invasive and non-invasive
techniques. Invasive methods can be exemplified by intracortical recordings and
electrocorticography, = and  non-invasive by  electroencephalography  and

magnetoencephalography techniques [72].

Intracortical recordings use needle like electrodes that penetrate the brain tissue
to measure the activity of multi- (MUA) and single-unit activities (SUA), and local field
potentials (LFPs). As described, this technique achieves high temporal resolution
(~0.003s) and high spatial resolution (~0.5mm LFP, ~ 0.1 mm MUA and ~0.05mm
SUA). MUA and SUA use special signal processing techniques separate the activity of
single or multiple units and contain a higher frequency spectrum when compared with
LFPs, which are extracted by low-pass filtering (<300Hz) and are the result of the

average activity of many neurons in the vicinity of the electrode [21,73].
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A disadvantage of intracortical electrodes is limited longevity and a reduction of

signal quality with time due to the low biocompatibility of current devices [74].

Another invasive acquisition method is electrocorticography (ECoG) that
consists of an intraoperative recording of electrical activity directly over the exposed
cerebral cortex, and differently from intracortical recordings, it measures activity
underneath the scalp on the surface of the brain, without penetration of brain tissue [28].
The electrodes are implanted subdural, resulting in a high signal-to-noise ratio, high
temporal resolution (~0.003 s) and a slightly lower spatial resolution (~1 mm). In the
high gamma frequency band, ECoG amplitudes bring relevant information about a task-
related activity, such as motor execution and planning, auditory processing, and visual-
spatial attention [75]. Since it is an invasive technique, there are also concerns about

time rejection and electrode longevity.

Electroencephalography (EEG) is a non-invasive method that captures the sum
of electrical fields generated by postsynaptic potentials of neural tissues in the brain on
the surface of the scalp with lower spatial in comparison with neuroimaging techniques
but provides a high temporal resolution (Figure 3.3). The main disadvantages of EEG
are that the skin, skull, dura-matter and cerebrospinal fluids located between the brain
and the EEG electrodes attenuate the electrical signal, resulting in low amplitudes and
limited bandwidth, typically under 150 pV with frequencies below 100 Hz [15]. The
spatial resolution is around ~50 mm and temporal resolution from 1-3 ms [18]. Recent
“high density EEG” systems, in combination with source modelling, can significantly
improve the spatial resolution [19]. It is also important to highlight that, similarly to all
other methods; one single current source can spread to several electrodes due to the
volume conduction effect. As such, for precise measurements, special source location

methods may be applied to properly define the origin the EEG signals [76].

EEG electrodes are commonly placed on the scalp according to the International

10-20 system, standardized by the American Electroencephalographic Society [77].
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Figure 3.3— Example of Electroencephalography setup [78] - under CC BY-SA 4.0 attribution license.

Magnetoencephalography (MEG) is

a non-invasive electrophysiological

technique with better spatial resolution (~5 mm) compared to EEG, but differently from

the others electrophysiological strategies, it has the lowest temporal resolution (~0.05 s).

It is characterized by the measurement of the magnetic field generated by the electrical

activity of neurons [79]. Table 3.1 presents the main characteristics about each strategy

to measure the dynamic of brain activity presented in this chapter, in order to base the

chosen strategy for this PhD thesis.

Table 3.1 — Summary of the main characteristics presented in this chapter.

Type Temporal Spatial
Technique (hemodynamic or | Portable (Y/N) Resolution (s) Resolution
electrophysiological)
fMRI Hemodynamic N 3 3-4 mm
fNIRS Hemodynamic Y 1 5 mm
ECoG Electrophysiological Y 0.003 1 mm
MEG Electrophysiological N 0.05 5 mm
(~0.5 mm LFP,
Illitercz:)cr(:;it;;:l Electrophysiological Y 0.003 Nagal~%$5hfnlﬁ
SUA
EEG Electrophysiological Y 0.001-0.003 50mm
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3.1 Concluding Remarks

As described, hemodynamic techniques give useful spatial information.
However, they require non-portable equipment, in applications such as BMIs, and have
a low temporal resolution in comparison to electrophysiological techniques. We argue
that, for applications devoted to rehabilitation and BMI, -electroencephalography
provides the best tradeoff, being non-invasive, portable, and offering good temporal and
spatial resolution. As such, for this work, EEG has been selected as the brain activity

detection model.
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4. EEG-BASED SENSORIMOTOR INTEGRATION
STUDIES — STATE OF ART

This chapter aims to explore the existing strategies in literature used to
understand the sensorimotor integration. The most found technique will be used to
compare with the method proposed in this thesis to verify the accuracy of both in
classifying two types of fine movements.

EEG signals can provide useful information of sensorimotor processing and
support frameworks like embodied cognition, common coding, and sensorimotor
contingency, that do not sequentially separate sensory and motor brain processes [15].

Sensorimotor rhythms (SMRs) have been used to measure sensorimotor
integration in EEG signals. SMRs are commonly identified by the occurrence of peaks
at ~10 Hz (alpha) and ~20 Hz (beta) across the sensorimotor cortex [80]. It has been
observed a reduction of the signal power in the band of 8-13 Hz when a subject is
executing an actual or imagined movement. Power alterations can also be found in the
lower beta band (12-22 Hz), while the mu-rhythm tends to focus on the bilateral
sensorimotor area, and the beta rhythm concentrates mainly on the vertex [28]. The
reduction of power coinciding with an event is called Event-Related Desynchronization
(ERD). When there is an increase, it is called Event-Related Synchronization (ERS)
[81].

ERD and ERS are typically calculated with respect to a reference period, usually

when the subject is wakefully relaxed and not executing any task [73]:

ERD = RR%A * 100% @.1)

where, R is the band power during the reference period, and A is the band power during
the period of interest. This formula is similarly applied to ERS.

Verhangen et al. (2012) also used ERS/ERD with combined Transcranial
Magnetic Stimulation (TMS) interference and psychophysical methods to test anterior
Intraparietal Sulcus (alPS) causal contributions to sensorimotor integration and
characterize the dynamics of those contributions during motor planning. It was shown
that the aIPS contributes to the initial planning stage, incorporating both spatial and

pictorial evidence into a motor plan, and can even store knowledge of familiar object
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configurations. However, it remains to be investigated if these observed effects are
exclusively properties of alPS or if they are shared across a dorsolateral parieto-frontal
network (including ventral premotor areas) [82].

In the same year, Nakayashiki et al. (2014) investigated the effect of changes in
kinematics and kinetics on resulting ERD during repetitive hand grasping movements. It
was found that time differentiation in kinematics (change of hand posture) is correlated
with the strength of mu/beta-ERD. However, the maintenance of the current
sensorimotor state (i.e., keeping the hand posture in the same condition) was related to
the mu/beta rebound [83].

Jenson et al. (2014) evaluated the sensorimotor integration in speech production
and perception by examining ERS/ERD and Independent Component Analysis (ICA)
associated with Event-Related Spectral Potential (ERSP) patterns in quiet and noisy
discrimination conditions. It was observed that ICA successfully identified p
components in speech perception and production. Time-frequency analyses using ERSP
showed real-time changes in alpha/beta power that provided indication of premotor
cortex/sensorimotor contributions to speech-based dorsal stream activity [80].

The use of ICA and ERSP has also been explored by Cuellar et al. (2016) who
intended to map the temporal dynamics of sensorimotor integration relative to the
strength and timing of muscular activity during swallowing. It was found that by
applying ICA to the whole EEG data successfully resulted in the identification of event-
related components during swallowing [84]. Another research investigated the
fluctuations of sensorimotor processing in migraine, in which the EEG-activation to
non-painful motor and sensorimotor tasks in the different phases of the migraine cycle
was found to be longitudinally related to beta event-related desynchronization (beta-
ERD) [85] .

A study by Mazurek et al. (2020) combined high-density EEG and motion
capture technology with the interaction of objects involving complex sensory stimuli to
assess sensorimotor integration. The EEG analysis was also based in Event-Related
Potentials, with additional kinematic analysis to detect wrist rotation during the task.
The findings indicate that the strategy of object interaction can provide information on
how different areas of the brain communicate when different sensory information
(visual and auditory stimuli, in the implicit or explicit way) is presented, or different

actions are performed [86]. In addition, the authors point out that effective connectivity
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techniques could provide information on the flow of sensory information to the motor
cortex based on neural recordings [86].

Lau et al. (2014) measured effective connectivity of cortical activity during
human standing and walking. The authors used high-density EEG and Granger
Causality, and observed that connections involving sensorimotor clusters were weaker
for walking than standing, which suggests that cortical involvement during standing is
greater than during walking and, also, that these techniques could be used to study gait
disorders [87].

Anwar et al. (2016) investigated effective connectivity of cortical sensorimotor
networks during finger movement tasks using simultaneous fNIRS, fMRI, and EEG.
The analysis showed significant bi-directional information flow between the
Contralateral Sensorimotor Cortex (SMC), Contralateral Premotor Cortex (PMC), and
Contralateral Dorsolateral Prefrontal Cortex (DLPFC) as determined by the EEG, fMRI
and fNIRS modalities for all motor tasks [88]. It was observed that source-level EEG
provides the strongest means to characterize the directionality of neural communication
within cortico-cortical sensorimotor networks, since the information data flow acquired
with source-level EEG showed the largest GCI amplitude values compared to other
techniques. Also, this study highlights that linear and nonlinear GCI did not show
significant differences in performance. In other words, the less complex linear GCI can
detect and quantify changes in coupling strength and direction of activation between
different cortical regions [88].

Beta-band activity and connectivity in sensorimotor and parietal cortices were
investigated by Chung et al. (2017). High-density EEG and elbow flexor and extensor
neuromuscular activity were measured during ballistic movements to verify how visual
information could affect movement error. The effective connectivity was measured by
direct Directed Transfer Function (dDTF), which revealed that visual gain affected the
directional connectivity across broadband frequencies (theta, alpha, and beta frequency
bands) from parietal to sensorimotor cortex, but not from sensorimotor cortex to parietal
cortex, suggesting the importance of sensorimotor and parietal cortex for accurate motor
performance. It was also found that movement errors were reduced, and the number of
zero-crossings increased with enhanced visual information [89].

Freyer et al. (2012) evaluated passive Repetitive Tactile Stimulation (RSS) that
consists of an alternative to balance the sensory decline after neurological disorders and

physiological aging, to improve perceptual abilities without the need for active
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participation. The study included healthy human subjects and analyzed resting-state
EEG functional connectivity patterns before and after RSS using Imagery Coherence
(IC), a functional connectivity estimator. Differently from absolute coherence, phase
locking, or synchronization likelihood, this technique does not measure spurious
interactions with zero-time lag that occurs due to common references, crosstalk, and
volume conduction [37]. This study concludes that 30 min of RSS have significant
coherency changes in mu-rhythm, showing that functional connectivity measures
provide tools for assessing network interactions in the human brain, and may thus be
used to study efficacy of different sensory and motor training paradigms.

Another study from Stefano Filho et al (2017) used graphs connectivity matrices
(calculated using the motifs’ synchronization method [90]) and ERD and ERS to
investigate linear correlations between the synchronization patterns induced by MI. The
authors concluded that ERSP performed better for distinguishing hands’ MI tasks than
only using the functional connectivity matrix and recommend exploiting other graph
metrics, besides similarity [91].

Brain connectivity has also been applied by Pichiorri et al (2018) to find an EEG
index of sensorimotor interhemispheric coupling after unilateral stroke, since these
coupling changes have been related to the extent of damage in the corticospinal tract
(CST) and thus, to motor impairment. Effective Connectivity estimation was assessed
by means of Partial Directed Coherence, and the coupling index was estimated for each
patient and each frequency band on the whole network and in three sub-networks
relative to the frontal, central (sensorimotor) and occipital areas. It was found that the
interhemispheric coupling, as expressed by the index on the whole network, was
significantly higher in patients with preserved CST integrity in beta and gamma bands.
The authors claim that this index could be applied to evaluate the effects of training
focused on re-establishing interhemispheric balance and eventually encourage the
design of future connectivity-driven rehabilitation interventions [92].

Peterson et al (2019) studied source-localized electrocortical effective
connectivity of healthy subjects, on walking and standing conditions with visual and
physical balance perturbations. The main purpose of the research was to quantify
differences in group-level corticomuscular connectivity responses to the perturbations.
The connectivity estimator used was direct Directed Transfer Function, and the results
show that it could effectively expose the network differences following perturbation

[38].
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4.1 Concluding Remarks

As shown, only a few EEG-based studies investigated sensorimotor integration
with connectivity estimators. Furthermore, we still need more studies to find out which
estimator (functional/effective) is the most adequate to describe the sensorimotor
integration, i.e., the one that provides relevant information about the dynamics and flow
of the process. Also, there is not a standard protocol about how to use these techniques
in BMIs, besides some studies have shown that it could improve their accuracy
[40,42,41].

Considering what was presented in this chapter, the most used technique for
sensorimotor integration analysis is sensorimotor rhythms (ERD/ERS). This strategy
will be used to estimate similar movements (wrist pronation and supination). The results

will be compared with the proposed connectivity strategy in this PhD thesis.
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5. BRAIN CONNECTIVITY ESTIMATORS

This chapter will describe several types of brain connectivity estimators and a
brief theory of each technique. At the end, the chosen connectivity method to be used in

this thesis will be selected.

5.1. Types of Connectivity

Neuroanatomical connectivity refers to the existence of fibers pathways
connecting different brain areas (i.e., white matter tracts that connect different cortical
regions). The structural networks of the human brain have not yet been fully mapped.
Nevertheless, they can be studied by noninvasive methodologies, such as Magnetic
Resonance Imaging (MRI) and specially Diffusion Tensor Imaging (DTI), that can
discriminate fibers tracts over extended regions of the brain [93,94]. For this work,
anatomical connectivity estimation will not be considered, only functional and effective

connectivity to measure cortical reorganization patterns.

Functional and effective connectivity try to establish the function of a cortical
area, considering the dependence of cerebral activity on underlying connections. Studies
in this area started in the 19" century with Friedrich Goltz (1869), who performed many
electrical stimulation experiments in dogs’ and monkeys’ cortices. Goltz (1869) found
that the excitation method generated inconclusive results, since the movements elicited
could have been originated in other related pathways, or the electrical current could

have spread to other centers [94] .

Despite the advances over the past centuries, the questions related to the
existence of functional segregation or functional integration has not yet been properly
answered. In this scenario, novel functional and effective connectivity techniques were
developed to better understand the neurophysiological processes [94].

Functional connectivity consists of the statistical dependencies between different
brain regions among remote neurophysiological events, i.e., associations between
spatially remote neurophysiological events. For example, associations can result from
stimulus-locked transients evoked by a common afferent input, at the level of multiunit
micro-electrode recordings, or reflect stimulus-induced oscillations; and phasic coupling

of neural assemblies, mediated by synaptic connections [95,94]. On the other hand,
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effective connectivity refers to the influence that one neural system (either a synaptic or

population level) exerts over another.

It is important to emphasize that effective connectivity does not necessarily leads
to functional connectivity. As an example, in cases of neuromodulatory inputs from
ascending aminergic neurotransmitter systems or thalamocortical afferents, the temporal
correlations are not related to causality. Usually, in case when we notice correlations
between effective and function connectivity this is due indirect effects, e.g.,

polysynaptic relays through multiple areas.

5.2. Classification of Connectivity Estimators

Connectivity estimators can be classified according the quantity of analyzed
temporal series (EEG electrodes’ signals), being multivariate if consider the analysis of
all electrodes or bivariate, if it is considered only two pairs of electrodes. Other possible

classification is if the method applied is linear or non-linear [96].

Various works compared the performance of bivariate and multivariate
estimators of connectivity. In general, in systems with more than two channels
interrelated, bivariate methods can result in misleading information, providing
information if there is a link between two signals, and none if one structure drives
another or if there is a feedback between these structures.

In other words, bivariate estimations cannot provide robust information if the
dependencies between two signals do not come from the influence of a third channel
[97,98]. It was demonstrated that when N electrodes are measuring the activity from a

certain source, bivariate estimators will detect those N true connections, will also result

in a larger number of false connections ([N(A;_l) — N]) [99].

Blinowska et al. (2004), Kus et al. (2004) and Kaminski (2005) compared
bivariate and multivariate methods for directionality estimation. In the referenced
papers, with the use of simulations and experimental signals, it was verified that
bivariate measures can generate misleading results, with directionality in the reverse
propagation [97,100,101].

In 1960, a research using linear brain connectivity estimation started using the
measure of pairwise Cross-Correlation to investigate the similarity and time delay

between two signals, in which higher correlations consist of stronger functional
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relationship between two brain regions. Linear estimation can also be performed in the
frequency domain using Coherence, which allows the measurement of correlation in
different bands; however, it is sensitive to change in power or phase [95]. Coherence
has been used for assessing functional coupling, information interaction, temporal
coordination between cortical regions in healthy subjects, and for characterizing
synchronization between oscillatory cortical motor and muscle activity in the beta band
[102,103,104,105,106].

When the main interest of the analysis is to verify waveform and time coupling
between two signals, Correlation is the most recommended estimator. On the other
hand, if the main objective is to analyze the stability of coupling in relation to power
asymmetries and phase, Coherence is more appropriate. However, since strong or abrupt
power asymmetries do not occur under normal physiological conditions, the influence
of power asymmetry on Coherence can be considered negligible. As such, Correlation
and Coherence usually lead to similar results, providing relevant information about the
interdependence between those two signals [107]. Nevertheless, those methods measure
mainly bivariate linear connectivity. Since neural connectivity can be due to nonlinear
and multivariate factors, they can still be insufficient for the study of complex

neurophysiological data [102].

Additionally, a study compared bivariate and multivariate synchronization
functional methods for EEG studies. Interestingly, it has shown high correlations
between many of bivariate or multivariate synchronization measures for EEG signals
indicating that they similarly estimate the same synchronization phenomenon. Thus, in
terms of output, multivariate measures do not have superiority over bivariate ones for
this kind of connectivity measures [108].

As the name implies, linear measures detect the linear relations between signals,
as such, they cannot detect nonlinear connections between them. However, before
disregarding linear estimators, we must first answer the question of how often we deal
with nonlinearities and how they can affect or improve the results.

Traces of nonlinearity were found during certain stages of epileptic in EEG
studies [109], and in neonatal electroencephalogram burst/suppression patterns, where
nonlinearities occur in 90% and 87% of bursts and suppression, respectively [110].

Stepien (2002) suggests that the EEG signal, in rest with eyes closed, of a

healthy person is generated by a linear stochastic process that can be not be rejected for
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most of the subjects. However, nonlinearities were found in frontal channels. Hence, the
author proposes the use of nonlinear modeling to clarify the existence of weak nonlinear

components in EEG signals [111].

Nonlinear methods were designed to measure the dynamics of time series based
on deterministic chaos to provide complementary information to linear methods. The
emergence of these techniques was motivated by the fact that many neural processes
have nonlinear features, as described before. The developments started in the 1980s,
within the concept of synchronization, i.e., adjustment of rhythms of oscillating objects
because of their weak interaction [95]. It has been shown that, nonlinear dynamics
methods can provide good results in pathological states like epilepsy or coma; or can be
used for the assessment of a therapy by comparing the recordings before and after the

therapy, as well as for diagnosis, to differentiate pathological cases from normal ones.

Several studies compared the performance of linear and nonlinear methods,
David et al. (2014) analyzed various measures on the simulated data generated by
populations of neurons using different connection patterns, types, and strengths. This
work concluded that in most cases, the coupling could be detected by both linear and
nonlinear methods; however, the sensitivity may be lower in linear measures, which
may lead to missing flows, but not to nonexistent flows [98,112].

Another study confirmed that nonlinear methods are very sensitive for
identifying complex correlations between nonlinear systems in noiseless situations.

Nevertheless, linear methods were proved more robust to noise [113].

5.3 Functional Connectivity Estimators

In this topic, it will be presented the selected functional connectivity estimators,
for signals derived from noninvasive techniques, such as EEG.

Among a range of functional connectivity estimators, we selected those that
have been the choice of most impactful researches published over the past few years
[114,115,116] and that have bivariate and multivariate approaches: Correlation,
Coherence, Mutual Information (MI), Phase-Locking Synchronization (PLV), and
Synchronization Likelihood (SL).
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5.3.1 Correlation

The analysis of Pearson’s correlation is one of the most common correlation
coefficients used as a functional connectivity method to capture linear and time-domain
dependencies between two signals. Thus, signals from two anatomically separated brain
regions could be temporally correlated, indicating that the areas are functionally
connected. However, it is important to consider that a strong correlation between two
signals does not imply a functional connection of the underlying neurons, e.g., it may
have a considerable correlation of neuronal activity of two regions under the influence

of external or equal inputs [117].

The result of correlation estimation has a value between +1 and —1, in which +1
is a total positive linear correlation, 0 corresponds to no linear correlation, and —1

implies in total negative linear correlation. The definition of Pearson’s correlations (7y,)

for two paired data {(xy, y1), ..., (¢, V) } with n pairs [118]:

n xi—i=y)
=1
J2?=1(xi—x>2 \/zzgl(yi—y)z

T'xy =

(5.1)

where, n is the sample size, x; and y; are the individual sample points and X is the

sample mean.

5.3.2 Coherence

Coherence coefficient is a method used to quantify phase synchronization
between a pair of signals. It is equivalent to the frequency domain of the time domain
cross-correlation (CC) function [119]. CC is defined by two discrete time series

obtained simultaneously, x,, and y,,, where n = 1, ..., N [120]:

1 —T7 X=X\ Vitr—Y
ny(T) = EZ?I:J ;—x) (H;—Ty) (5.2)

where, X and o, denote mean and variance, and T is a time lag.
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It is a symmetric measure (Cy, (T) = Cyx(T)) and its value ranges from zero to

one, in which zero corresponds to no synchronization and one corresponds to maximum
synchronization. Extracting the Fourier Transform of the cross-correlation is obtained

the sample cross spectrum as follows [120]:
Cry(w) = (Fx)(w)(Fy) * (w) (5.3)

. . . . N
where, Fx is the Fourier Transform of x, and w are the discrete frequencies (— S <0<

%) and * is the complex conjugation. Thus, the coherence function can be obtained by:

|<ny(w)>|

Tyy(w) =
Y Cox (@) [(Cyy (@)

Coherence is a measure of linear synchronization in function of the frequency w.

(5.4)

It is used when the measure of synchronization is limited by a frequency band, as in
EEG signals. The interpretation of the phase difference spectrum in terms of a temporal
delay (and consequently as an indicator of directionality) is only valid under rather ideal
conditions, in which the connection is predominantly unidirectional and well-
represented under the assumption of linearity. In non-ideal circumstances, the phase

difference spectrum is not recommended to assign directionality [119].

5.3.3 Mutual Information

Mutual information is a higher-order information-theoretic measure of temporal
synchrony that has been used to measure information encoding in stimulus-response
experiments [121]. Nonlinear dynamical analyses of EEG have been found to be useful
for detecting relative changes between different brain states that cannot be detected
using conventional analytic techniques, such as waking/deep sleep state and to analyze
cortical differences between patients with Alzheimer’s disease and healthy controls

[122].
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As the name implies, MI measures the mutual information between two
variables, by quantifying the information that can be obtained from a random variable
when observing another variable. This technique is based on probabilistic distributions,
sensitive to second and higher-order correlations. However, MI does not offer causal
coupling information because it lacks directional and dynamic information [123].

MI provides a dimensionless quantity with units of bits, and it is understood as
the reduction in uncertainty of one random variable within the knowledge of another.
High value of mutual information implies on a large reduction in uncertainty; and low
mutual information indicates a small reduction; and zero mutual information between
two random variables means the variables are independent [120].

Supposing a discrete random variable X with M possible outcomes 1,...,X;, ,
obtained, e.g., by a partition of X into M bins. Each outcome has a probability pi, i =
1,...,M, with pi > 0 and ) pi = 1. First, consider pi = ni /N, where ni is the number
of occurrences of Xi after N samples. Then, Shannon entropy can be defined as

[113,120]:

I(X) = — XL, pilogpi (5.5)

If there is a second discrete random variable Y, whose degree of synchronization

with X we want to measure. The joint entropy is defined as:

I(X,Y) ==X ;p;] logp]}’ (5.6)

where pij is the joint probability of X = Xi andY =Yj . Independent variables will
have p;;’ = p¥.py, then I(X,Y) = I1(X) + I(Y).

Thus, MI will be obtained as follows:
MIX,Y)=1X)+1(Y)—-I(X,Y) (5.7)

MI(X,Y) corresponds to the amount of information of X we obtain given the

knowledge of Y and vice versa. If both variables are independent, MI(X,Y) = 0.
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Otherwise, it will assume positive values with a maximum of MI(X,X) = I(X) for
identical signals. Importantly, MI is a symmetric measure, i.e., MI(X,Y) = MI(Y, X).

There is no upper limit for MI(X,Y), thus to facilitate interpretation and
comparisons between parameters, a normalized version of I(X, Y ) that ranges from 0 to

1 is preferable. There are several normalization strategies based on the observation that:

MI(X,Y) < min(1(X),1(Y)) (5.8)

Some Normalized Mutual Information (NMI) methods are listed in the Table

5.1, with their respective references.

Table 5.1 — Main methods of mutual information normalization.

NMI Expression References
2.MI(X, Y)
Ml 09 +100) e
NMIL; MIKX, Y) 125
joint W [ ]
NMI MI(X,Y) 1241
max max {(I(X), [(Y)}
o JIGOIY)
MI(X,Y)
NMlin [124]

min {(I(X), I(Y)}

As observed in Table 5.1, normalized use the arithmetic or geometric mean of
I(X) and I(Y).
Extensions of pairwise Mutual Information to multivariate networks of more

than two random variables exist in the literature. The first extension has been described
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by Watanabe (1960) and Timme et al. (2014) as a total correlation (TC). TC is defined

in terms of the entropies of n random variables (X1, X5, ..., X;,) [127].

Another multivariate extension of mutual information called Multiple Mutual
Information (MMI), elaborated by McGill (1954), says that the quantity may be
expressed as the alternating sum/difference of permutations of joint entropies of the

random variables, as shown in Eq. (5.10) [121]:

MM](X1; Xz; ---;Xn) = 2:1(_1)k+1ZME{l,...,n}h(XMl:XMZ: ---rXMn) (5-10)
|M|=k

where, the interior sum is taken over all possible indices formed from integer subsets
of{1, ..., n} of cardinality k.

Ball et al. (2017) proposed a normalization of TC called Normalized Multi-
information (NMI) that consists of a scalar measure that estimates shared information
content in a multivariate network, and it is characterized by being robust to changes in

network size. For n random variables, the normalized multi-information is defined as

[121]:

NMI(X3; Xg; oo Xn) = — TC(X1, Xz, o, Xi,) (5.11)

NMI(Xy; Xp5 3 Xp) = — [Z h(X) — h(Xy, Xo0 o X)] (5.12)

n-1
5.3.4 Phase-Locking Synchronization Index (PLSI)

The analysis of the synchronization phenomena has been used for studying
cortical activity with EEG, providing relevant information about the communication
process between different brain regions. Different distributed brain areas communicate
to provide integration of sensory information and to support functions related to
learning, memory, information processing, and perception [128]. Therefore, phase

synchronization between two regions indicates correlations of neural excitability and
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spike timing. It was found that phase synchronization in the gamma band supports two
major functions, neural communication, and plasticity. Nevertheless, it is still unclear
how phase synchronization supports memory-related processes and other functions
simultaneously without interference [129].

Phase synchronization is a functional connectivity technique that can be
estimated in two steps: extraction of instantaneous phase and quantification of the phase
synchronization index. The instantaneous phase extraction from a time series can be

performed by Hilbert Transform or by Complex Wavelet Transform [112] [130].
1) Hilbert Transform

The instantaneous phase of a narrowband signal can be properly extracted by
Hilbert Transform. Considering a continuous signal in time x(t), it is possible to define
an analytic signal Z,(t), in which Z,(f) = 0 for f < 0, where Z,(f) is the Fourier
Transform of Z,(t). An analytic signal is the one in which the imaginary part is the

Hilbert Transform of the real part [131].
Z.(t) = x(t) + ix(t) = AH(t)e 7 ® (5.13)

where X(t) is the Hilbert Transform of x(t):

20 =2p.v 7 Xar (5.14)

- t—-1

and, p.v is the principal Cauchy value for the improper integral. In a similar way,

another continuous signal can be defined as:

Z,(t) = Al (t)e™ 10/ ® (5.15)

For these signals, the phase synchronization index (y) for two instantaneous

phases, 6, and 6, is defined as:

Y = |<e—i(n9x—m9y>| € [0’1] (5.16)
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where m and n are integers and generally n = m = 1 and (.) refers to the average in
time.
The estimated index (y) can vary between 0 (two cortical regions do not present

a degree of synchronization) and 1 (maximum synchronization).
2) Wavelet Transform

Another phase synchronization estimator is by Wavelet Transform (y,,,), where
the instantaneous phase is obtained with the convolution of each signal with a Complex

Wavelet function, (t) [120]:

2.2

P(t) = (e‘i“’ot e E ).e‘tz/(zaz) (5.17)

where w, is the center frequency of the wavelet and ¢ indicates its rate of decay and its

frequency span.

The convolution of a pair of signals x(t) and y(t) with ¥(t) results in two

complex time series of wavelet coefficients:

W, (t) = (Wox) ) = [W(t)x(t' — )dt' = AY (t).e 0% ® (5.18)

W, (t) = (Woy) @y = [ W(E)y(t' — t)dt' = AW (£). e © (5.19)

The phase synchronization index between two signals is given by the difference

of the phases:
oY, = oY — oy (5.20)

The estimated PLSI (y,,) varies from 0 to 1, and just as the previous method, 0
indicates nonexistent synchronization and one indicates that both regions have

maximum synchronization.
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The bivariate phase synchronization is suitable for the analysis of pairs of

signals, but they become less efficient as the number of pairs is increased.

5.3.5 Synchronization Likelihood

Synchronization likelihood (SL) is a functional connectivity method based on
the concept of generalized synchronization and detects nonlinear coupling between
multivariate signals (two or more simultaneously recorded time series). It is
characterized as a measure of synchronization between nonstationary signals without
the influence of dimensionality and other properties such as system complexity. In this
method, the similarity of the states in a common temporal window to a reference state is
computed. Thus, the number of coincidences of the states in different trajectories
determines how much they are synchronous. An overall synchronization is obtained
sliding the window and averaging the synchronization in all windows [132].

The synchronization likelihood Sy ; describes how strongly a channel k is
synchronized with other M — 1 channels at time i. This measure ranges between the
values pref and 1. When Sy; =pref, the M time series do not show any
synchronization, and when S ; = 1, the time series are synchronized. The value of
pref can be a low value set arbitrarily and does not depend on the properties of the time
series [133].

Therefore, considering M time series recorded simultaneously, x ;, in which k
indicates the channel number (k = 1,...,M), and i refers to the discrete time (i =
1,..,N), and taking each one of the M time series, it is possible to build a vector X ;

that represents the state of signal X at time i:

Xii = (oo X i 1s Xig ik 200 -+ 0 Xt i+ (m=1)1) (5.21)

where [ corresponds to the time lag, and m is the embedding dimension.
The probability that embedded vectors are closer to each other within a certain

distance &, for each time series k and each time i, is defined as:
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e -1 yN X, — X .
Pk,i - 2.(Wy—w7) ZW <|]i=11-|<w 9(5 |Xk,1 Xk,]D (5-22)
1<|l— 2

where |.| is the Euclidean distance and 6 is the Heaviside step function (8(x) =
0,forx <0 and 8(x) = 1, for x > 0). In Eq. (5.22), w;and w, are two windows; w;
is the Theiler correction for autocorrelation effects and should be at least of the order of
the autocorrelation effects and should be at least of the order of the autocorrelation
time; w, is chosen such that w; < w, < N, and sharpens the time resolution of the

synchronization measure.

For each pair k/i, the critical distance can be determined by Py ;=pref, in which
pref < 1. Thus, for each discrete pair in the window (w; < |Xk’i — Xk’j| < wy), the
number of channels H; ; can be estimated in which the vectors X ; and X, ; are closer

than the critical distance & ;:
Hij = Yi=10(c — | Xii — Xi ) (5.23)
The values of H;; varies between 0 and M — 1 and elucidates how many
embedded signals are like each other. Therefore, it is possible to estimate the

synchronization likelihood Sy ; ; for each channel k and each discrete timer pair (i, j) as:

Hi,j—l

if|Xk,i - Xk,jl < Ekit Skij = (5.24)

M1
if | Xii = X j| 2 €t Skij = 0 (5.25)

The synchronization likelihood Sy ; is finally obtained by averaging all j [133]:

1
Ski=———23X" o1 Skij (5.26)

2.(wz—wy) .
wi<|j—il<w,

where Sj; is a measure which describes how strongly channel k at time i is
synchronized to all the other M — 1 channels. Values can range between pref and 1,

and Sy; = pref (set at an arbitrarily low level) corresponds with the case where M
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time series are uncorrelated and Sy ;= 1 corresponds with maximal synchronization of M

time series.

5.4 Effective Connectivity Estimators

Effective connectivity is defined as the impact that one neural system exerts over
another, showing causal influence between regions [4]. In this topic, linear, multivariate
effective connectivity estimators will be presented, for signals derived from noninvasive

techniques, such as EEG.

5.4.1 Autoregressive Model

Most linear effective connectivity methods are based on autoregressive models
(AR), that represent a random process in which the output result depends linearly on its
previous values and on a stochastic term. Thus, an AR model can be defined by a group

of k-channels recorded simultaneously, as [134]:
X(t) =X ANX(t - )+ E®) (5.27)

where X(t) = [X1(t), X(¢t), ..., X, (£)]T is a vector of k samples recorded at time ¢,
E(t) = [EL(£),E;(b), ..., E(£)]T is a vector of k white noises in time t and A(j) is
defined as a matrix of parameters of the model, in which A(j) =
<A11(j) v A ()

A1) o Ak ()

and the value of p is the order of the model.

), where j = 1, ...,p and A(0) is considered the identity matrix

AR can be written in the frequency domain as:

E(f) = A(f).X(f) (5.28)
X(f)=ATY(N).E(f) = H().E(f) (5.29)
H(f) =YP _,A(m) exp(—j2 nfAt)~? (5.30)
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As shown in Eq (5.29) in the frequency domain, the model can be considered as
a linear filter with white noises E (f) on its input and the signals X(f) on its output. The
matrix of filter coefficients H(f) is called the transfer matrix of the system, and it

contains spectral and phase information [98].

5.4.2 Granger Causality Index

The Granger Causality Index (GCI) analysis provides effective connectivity
estimation without spurious connections [98]. In 1956, Norbert Wiener introduced the
concept of causality: one variable is causal to another when the ability to predict the
second variable is enhanced by including information about the first. The
implementation of this concept was introduced in 1969 by Clive Granger, with linear
autoregressive models of stochastic processes [135].

The advantage of GCI is that it allows a researcher to point directional
influences of certain regions on another, without necessarily any a priori hypothesis
regarding which areas are involved in particular subnetworks [136].

In statistics, explained variance measures the proportion to which a
mathematical model represents the dispersion of a given data. The unexplained
(residual) variance is the complementary part of the total variation. A causal influence
could help to improve the prediction of the driven process when the driving process is
observed. Thus, the existence of a causal influence from x;(n) to x,(n) in the time
domain occurs when a measurable reduction in the unexplained variance of the driven
process (x,(n)), results from the inclusion of the causal (driving) process ((x;(n)) in

linear autoregressive modeling. Hence, pairwise linear GCI is defined as [137]:

Ee ox, = (21/27) (5.31)
where X, is the unexplained variance (prediction error covariance) of x,(n) in its own
autoregressive model, and X,is the unexplained variance when a joint AR model for
both x; (n) and x,(n) is constructed. When x; (n) influences x,(n), it is expected that
F¢,~x, > 0, and when there is no influence, it is expected that £ _,,, = 0. Generally,

Fy¢,-x, 18 compared to a threshold value.
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Bivariate causal analysis does not distinguish direct and indirect influences in
more complex connectivity schemes, such as trivariate networks. Bivariate Granger
causality can only be assessed by Eq. (5.31), if the pairwise time series have all relevant
information and the source of activities. Therefore, in the neurophysiology context, two
channels are not suitable for this requirement, due to the influence of other cortical
regions over a certain region [ 138].

Hence, to address inference in this scenario, a series of “leave-one-out” can be
performed using the multivariate extension of the linear GCI. For example, in a neural
data where p is the number of recording channels, the direct influence exerted by x,,, on

Xy, can be given by [137]:

an|x1...'xm—1'xp

(5.32)

Ftoxy = l
an|x1...'xp

5.4.3 Directed Transfer Function

Directed Transfer Function (DTF) is a multivariate spectral method that gives
pairwise directional information from one autoregressive model fit to a larger number of
channels. DTF is a linear estimator of connectivity that has a very robust performance to
noise [98]. A number of researches using DTF can be found in the literature in areas
such as localization of epileptic foci, estimation of EEG propagation in many sleep
stages and wakefulness and estimation of cortical connectivity [139,140,141].

Considering the transfer matrix of a system (H(f)), defined in Eq (5.30), the
non-normalized DTF from channel j to channel i, representing the causal influence

from j to i, is defined as:

0%(f) = |Hy (| (5.33)

The normalized DTF is defined as the ratio of influence of channel j in channel i

to the joint influences from all the other channels in channel i:
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|Hij(f)|2
YK i Him ()2

V() =

(5.34)

where yizj (f) has a value between 0 and 1 [142].

DTF is not able of distinguishing direct and indirect connections between the
signals, i.e., in case of propagation 1 — 2 — 3, it only shows the propagation 1 — 3.

To differ indirect and direct flows, the direct Directed Transfer Function (dDTF)
has been developed [143]. The dDTF (X;;(f)) is defined as a multiplication of a
modified DTF by the partial coherence:

XZL(f) = FA().C5(f) (5.35)

|Hij(f)|2
Yk Him (P12

F5(f) =

(5.36)

in which, C 12] (f) is the partial coherence, and when both functions Fl%- (f) and C sz (f) are

non-zero values, there exists a direct causal relation between channels j — i.

5.4.4 Partial Directed Coherence

Partial Directed Coherence (PDC) is a measure of effective connectivity in the
frequency domain of multivariate processes developed by Baccala and Sameshima
(2011), which shows only the direct flows between channels. It is a method based on the

autoregressive model showed in Eq. (5.27) and can be defined as [98]:

Aij(f)
\[z’kLlAi,-(f)Ak,-*(f)

T[ij(f) =

(5.37)

This measure is normalized so that 0 < |7rij(f)|2 <1 and ZﬁV=1|nij(f)|2 =1,
for all values 1 < j < N. A;;(f) is the Fourier Transform of the multivariate AR model
coefficients A(t), shown in Eq. (5.29) and Aj;(f) represents the conjugate transpose of
Ay (f).

The main differences between PDC and DTF is that PDC represents a ratio

between the outflow from channel j to i in respect to all outflows from j, whereas DTF

49



is a ratio related to all inflows to i. Also, PDC does not involve an inversion of the
matrix A, which has computational advantages and increase its ability to distinguish

direct and indirect connections [144].

5.4.5 Time-Varying Effective Connectivity Estimators

There are also time-varying effective connectivity estimators that aim to explore
the dynamics in the effective connectivity, such as Short-time DTF and Time-Varying

Dynamic Bayesian Networks.

5.4.5.1 Short-time DTF

Short-time DTF (SDTF) is the time-varying version of DTF, providing the
dynamic changes of propagation, based on the application of a short sliding data
window and ensemble averaging over realizations that are obtained by repetition of an
experiment. First, the non-stationary data should be divided into short time windows (of
Ng data points); this division needs to be short enough, so that the data within the
window is considered quasi-stationary.

The estimation of Multivariate Autoregressive (MVAR) coefficients is based on
the calculation of the correlation matrix R;; of k signals X; from a multivariate set. The
correlation matrix between channels is calculated for each trial separately, then, it is

averaged over Ny trials. The resulting correlation matrix can be defined as [98]:

~ 1 @N ) _ 1 oNy 1 Ns (1) Q)
Rij(s) - N_Tzrlei; (5) _N_Tzrle_s t=S1Xir (t) Xjr (t + S) (538)

5.4.5.2 Time-Varying Dynamic Bayesian Networks

Time-Varying Dynamic Bayesian Networks (TV-DBN) models the directed
time-evolving network structures subjacent in non-stationary biological time series
[145].

A Bayesian Network (BN) is a graph model describing the statistical relationship
of n random variables X = {X;};—1. . A BN is composed of a directed acyclic graph G
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and a distribution parameter @, in which G has n nodes corresponding to random
variables X (X4, X5, ..., X;;), and their edges represent the direct dependencies between
these variables. BN represents a joint probability distribution (JPD) over a set of
random variables V [146].

The nodes of a Directed Acyclic Graph (DAG) represent random variables and
are usually described in graphs as circles labeled by the variable names. The edges
correspond to direct dependences between variables and are represented by arrows
between nodes. For example, an edge from node X; to node X; represents a statistical
dependence between both variables, i.e., if it is possible to affirm that X; influences X;,
thus X; is referred to as a parent of X; and, similarly, X; is referred to as the child of X;
[147].

The second component of BN, @, denotes the set of parameters of the network.
This set contains the parameter 6y, = Pg(x;|m;) for each realization x; of X;
conditioned on m;, the set of parents of X; in G. BN defines a unique JPD over V,

namely [147]:

Py (X1, X2, ., Xn) = ?:1 Py (X;|m;) = H?=1 9xi|m‘ (5.39)

A Dynamic Bayesian Network (DBN) is the extension of a BN for temporal
processes. In DBN, a set of random processes are represented by the X = {X;};—1. n,
and X;[t] is the random variable of process X; at discrete time t. The network structure
G in DBN is defined by the dependency between variables over a period as well as
those within the same time epoch. The processes X are Markovian, causal and the
conditional distributions are assumed to be stationary. A C node in a graph G can be
linked to other nodes in the same or in the previous epoch, ie., Pa(X;[t] c
{X[t — 1], X[t]}). The parameter O is defined similarly as in BN. In addition, G and ©
are kept constant over time, because of the assumption of stationarity. Thus, it is

possible to conclude that:

p(X[t + 1]1X[0:t]) = p(X[t + 1|X[tDe=0,1.2.. (5.40)
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The assumption of stationarity cannot always be applied in biomedical signal
analyses. Therefore, a time-varying dynamic Bayesian network (TV-DBN) approach
has been developed. Here, the network structure G and the parameter @ vary as the
distribution of temporal sequence changes, being modeled as G[t] and O]t],
respectively.

At each time epoch t, there are n parameters nodes: @[t] = {0[t]}i=1_»- Each
0;[t] determines its conditional distribution jointly with other data nodes linked to it.

Therefore, in TV-DBN, the parents of a data node X;[t] are defined as:

Pa(X;[t]) = {Pa(X;[t]), 6;[t]} (5.41)

where, Pa(X) is the set of data nodes that are linked to X. The linkage between data

nodes, i.e., their probabilistic dependency, is determined by the network structure G [t]:

G[t]  {ejeli,j = 1..1}) (5.42)

where, ej; corresponds to an edge pointing from X;[t] to X;[t], and ej; is an edge
pointing from X;[t — 1] to X;[t].
As required by Markovian property, nodes at time ¢t — 1 and ¢ are considered as

the potential parents of X;[t]. Given G[t], we can retrieve the non-parameter parents of

X;[t] as:

Pa(x;[t]) = {X;[t]le;; € G[t]} U {X;[t —1]|e’;; € G[t]} (5.43)

The dependency of X;[t] on @[t] is fixed and will not be eliminated over time.
To model the changing processes of @[t] and G[t] in TV-DBN we adopt a first order
Markov model p(@[t + 1], G[t + 1]|0]t], G[t]) as the joint transition distribution. For
a given structure G[t], we can assume that each parameter 0;[t] transits independently,

as follows [145]:

p(O[t +1],G[t + 1]|0[¢], G[t])
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= p(G[t + 1]|G[tDp(@[t + 1]|0[t], G[t + 1])
= p(G[t + 1]|G[e]) [Tizy p(6:[t + 1]16;[¢], G[t + 1) (5.44)

It is possible to see a dependency of @[t + 1] on G[t + 1] and G[t] since the

dimension of the distribution parameter is affected by network structure.

5.5 Concluding Remarks

We search the literature for possible connectivity methods capable of providing
meaningful information on cortical flow during motor tasks. Various studies have
shown that effective connectivity models, such as Granger Causality [88], direct
Directed Transfer Function [89], Imagery Coherence [37], Partial Directed Coherence
[92] can provide information on the flow of sensory information to the motor cortex
[86]. The main advantage of effective techniques is to provide information about
causality and define which brain regions have indirect/direct connection to others.
However, functional connectivity models related to sensorimotor integration has not
been well explored. As discussed in this chapter, there are two types of functional
connectivity techniques, linear and nonlinear. According to some researchers, although
nonlinear methods are more robust to properly detect the connections when compared to
linear methods [98,112], they can be very sensitive for identifying complex correlations
between nonlinear systems in noiseless situations, not a real issue for most EEG setups
[113].

As such, for this study, we propose the use of a nonlinear functional
connectivity, MI, to assess sensorimotor integration. MI has been shown to be capable
of measuring the encoding of stimulus within the behavioral information from
individual neurons. Timme et al. (2018) showed this feature by using simulations of
simple models of neurons, and analyzing the stimulus encoding trough time using MI in
four types of stimulus (on/off, weak/strong, delayed stimulus and nonlinear filter). The
spike count during the pulses was compared using the MI to the spike count during a
period without pulses. The same strategy was applied to weak/strong stimulus and to the
other two. In all cases, large amounts of mutual information were observed between the

spike counts and the stimuli state, but not when there were not stimuli [127].
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The implementation of the normalized pairwise method for MI is described in
topic 5.3. For this work, it was chosen NMI,,, that has been used for clustering
ensemble analysis [126]. In this normalization, since I(X) = MI(X, X), it is used the

geometric mean due to the analogy with a normalized inner product in Hilbert space,

i.e., it is analogous to the correlation coefficient p = Cov(X; Y)/\/ Var(X)Var(Y),
where cov is the covariance and var is variance [126].

NMIgq+(X,Y) varies from 0 to 1, in which when variables are identical
NMI(X,Y) = 1, and when they are totally independent NMI(X,Y) = 0 [126].

In this PhD thesis, the dynamics of MI connectivity over time will be evaluated,
and in addition, we will verify how this is relevant to compare two types of similar
movements. Besides the great advantages of multivariate measures, it was chosen a
bivariate technique, since a study has shown high correlations between many of
bivariate or multivariate synchronization measures, such as PLSI and MI, indicating that

they similarly estimate the same synchronization phenomenon [108].
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6. MATERIALS AND METHODS

This thesis presents a proposal to create an EEG-based strategy to characterize
sensorimotor integration, based in the most temporally relevant connections for similar
movements, such as wrist movements, without an external stimulus and with a reduced
number of electrodes and window of analysis. As mentioned in Chapter 5, the chosen
strategy to reach this objective is the normalized MI. Next, the selected method is to
apply a sequential strategy to extract MI from EEG signals acquired from healthy
individuals while performed motor tasks, to verify the neural dynamics. Finally, the

proposed method is compared to traditional methods (ERD).

6.1 Using MI to Decode Motor Tasks

6.1.1 Dataset

We used a set of EEG data from the BNCI horizon 2020 open-access database
entitled “Upper limb movement decoding from EEG” [148,149]. The data set consists
of EEG signals from 15 healthy subjects aged between 22 and 40 years, with mean age
of 27 + 5 years. From all, nine subjects were female, and except by Subject 1, all were

right-handed.

6.1.2 Experimental Design

EEG data were acquired for 61 channels, placed on the volunteers scalp
according to the 10/05 system, with a sampling frequency of 512 Hz.
Electrooculographic (EOG) signals also were acquired, and the information about elbow
flexion/extension, forearm supination/pronation, and hand open/close was monitored by

encoders and simultaneously acquired during the experiments.

The subjects were seated on a chair, with the right arm fully supported by an
exoskeleton with anti-gravity support to avoid muscle fatigue. A screen was positioned

in front of the participant to indicate which movement to perform. The volunteers were

55



required to perform six types of movements with the right upper limb: elbow
flexion/extension, forearm supination/pronation and hand open/close.

The data were acquired from each subject in two sessions, in different days, but
no more than a week apart. In the first section, the subjects performed motor execution
(ME) tasks, and motor imagery (MIm) in the second session. The movements started
from a neutral position: hand half-open, lower arm extended to 120 degrees and thumb
on the inner side (neutral rotation). A rest class was also recorded, in which the subjects
were instructed to avoid any movement and to stay in the starting position.

Figure 6.1 describes the sequence used for the experimental paradigm. At time
equal to 0 second, a beep was released, and a cross appeared on the computer screen.
After 2 seconds, a cue was presented on the screen, indicating the class of movement (or
rest) to be executed. At the end, the subjects moved the limb back to the starting

position.
<) N
—|— movement execution/i maglnatlon
0 1 2 3 4 5 t[s]

Figure 6.1 — Diagram of a trial sequence used in the motor-task experiments [149] - under CC BY 4.0
attribution license.

To the purpose of this thesis, we considered only the data related to forearm
pronation and supination - for each movement there were six trials per run, 24 trials per

subject.

6.1.3 Preprocessing

The preprocessing phase consisted of two mains steps: removal of eye

movement artifact and filtering.
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1) Eye Movement Artifact Removal

Independent Component Analysis (ICA) was chosen for the removal of eye
movement artifact removal. Figure 6.2 exemplifies how ICA works, in which the

mixture signal passes through an unmixing process and the results are the extracted

Second extracted
signal (y;)

________________

Second mixture
signal (x)

components.
Mixture signals (X) Unmixing process  Extracted signals (Y)
| Firstmixture | | ¢ o tRlstexiacted) |
\  signal (x;) . : ICA : . signal (y,) .
[} ¥ L] IH—| :
SV, WYV, W A umiang! ¢+ [V :
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Figure 6.2 — Representation of ICA functionality [150] - under CC BY-NC-ND 4.0 attribution license.

The EEG signals were visually inspected. If during the unmixing process was
observed that one or more of the source components were similar to undesired signals

(EOG signal), they were eliminated, and the artifact-free EEG was reconstructed [151].

Figure 6.3 shows a fragment of ICA components extracted from the EEG data
from one of the volunteers. The ellipsis denotes the component (purple color) removed

due to its similarity with blinking behavior.
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Figure 6.3 — Fragment of the ICA components where it can be observed possible blinking trend marked
by an ellipsis.

After the reconstruction of the EEG signal without the corresponding

component, we obtained a signal without the blinking patters exposed in Figure 6.4.

Figure 6.4 — Fragments of EEG signals without blinking artifacts.
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2) Bandpass Filtering

After removing eye artifact, the next phase was to limit the frequency range of
the signal and remove power line interferences. A third order 50Hz notch Butterworth
filter was used to removed 50Hz artifacts (data acquisition performed in Europe).
Second, a third-order bandpass Butterworth filter (1-40Hz) was applied to select the
frequencies of interest (delta, theta, alpha, beta). Figure 6.5 represents an example of

filtered signal.

sl

| [ I 1

Figure 6.5 — Representation of fragments of EEG signals after EOG artifact removal and bandpass
filtering.

6.1.4 Delimitation of EEG Electrodes

In line with the main aim of this research, which is to investigate sensorimotor

integration, among all 61 channels we chose those closely related to the activity of the
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M1 (Broadman Area (BA) 4), PPC (BA 5 and 7) and S1 (BA 1, 2 and 3), as described

in Chapter 2. A total of 20 channels were selected, as shown in Table 6.1.

Table 6.1 — EEG electrodes corresponding to Brodmann areas [152].

Brodmann Areas Left Hemisphere Right Hemisphere
1 C3, Cl1, CP3, CP1 C4, C2, CP4, CP2
2 C3, Cl1, CP3, CP1 C4, C2, CP4, CP2
3 C3, Cl1, CP3, CP1 C4, C6, CP4, FC4
4 C3, FC3, Cl1, FC1 C4, FC4, C2, FC2
5 C1,CZ, CP1, CPZ C2, CP2, CPZ, CP4
7 P1, CP1, P3 PZ, P2, CP2, P4

For processing, a 4-second window was chosen, starting 1 s before the cue and

finishing 3 s after, as shown in Figure 6.6.

Figure 6.6 — Representation of how the epochs of processing were defined based on the cue of the
movement.

6.2 Proposed Method

The proposed method aims to characterize sensorimotor integration EEG-based
using MI, using less electrodes, time for training and smaller window of analysis. Thus,
we propose a method that firstly, it is responsible for the screening of the most relevant
connections, secondly, the relevant connections are selected. At last, NMI with higher
temporal resolution is extracted from these connections and the features from the
proposed method are compared with the traditional ones. Figure 6.7 represents the

sequential stages that were applied.
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Figure 6.7 — Block diagram that represent the proposed method of this PhD thesis.

6.2.1 Screening Relevant Connections

For the estimation of MI connectivity, the preprocessed signal is filtered in alpha
(8-12 Hz) and beta (13-30 Hz) bands, for both types of movement (hand pronation and
hand supination).

Bearing in mind that, even with only 20 channels, MI results in a very large
number of pairwise connections (20x20), and many of them may not carry important
information, we first set to investigate if it was possible to select those that were really
more relevant, with a given bonus of reducing the dimensionality of data for the

classifier.

To do so, MI was initially processed over 10 non-overlapping windows of 200
ms, in the time range of -600 ms to 1400 ms. The aim was to find which connections
show relevant differences between rest and execution of movement, or between the first
stages of movement and the end of the movement.

For each subject, MI estimation is performed for each electrode in relation to all
other electrodes, resulting in a 20x20 matrix for each window of time, for each trial. The
window of time of 200 ms was chosen since it includes both alpha and beta information.

Furthermore, the process will be repeated for both frequency bands (alpha and beta) and
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each class of movement (pronation / supination). All 24 trials performed by a subject

are analyzed in a similar fashion, as shown in Figure 6.8.
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Figure 6.8 — Tables representing how MI estimation is applied over 10 windows of 200ms for all EEG
electrode pairs. This procedure is repeated for alpha and beta bands.

6.2.2 Selection of Relevant Connections

As described before, to be able to separate distinct movements using
connectivity, it is necessary to select the most relevant pairs of MI connectivity for each
band and class of movement. The idea is to see which MI connectivity pairs change
significantly over the chosen time windows. These are considered the relevant pairs for

each class of movement for alpha and beta bands. To do so, the results were assessed by

means of statistical measures.

The first requirement is to verify if the variables have normal distribution. The
Shapiro-Wilk test is used and depending on the results a parametric or non-parametric

technique will be applied to evaluate which MI pairs show significant changes along the

time.
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6.2.3 Feature Selection

Once the most relevant pairs are found, MI connectivity is calculated again for those
pairs, with higher temporal resolution (moving windows of 50 ms each, with
overlapping of 1 ms), to verify the dynamics of the specific connections over time
(Figure 6.9). The results are a set of time series showing how the connectivity of each

electrode pair changes over the time, for each frequency band.

Verify the pairs that
change each 200ms
(p<0,31)

Important pairs
Alpha Pronation

Important pairs Important pairs Important pairs
Alpha Supination Beta Pronation Beta Supination

| | l

Estimation of Ml with higher temporal resolution
-600ms Cue 1.4s

| 1ms |

1ms

50ms

Figure 6.9 — High temporal resolution MI connectivity estimation over the longer time window (-600 ms
to 1.4 s). MI measures are calculated over windows of 50 ms, with 1 ms overlap.

Finally, the various “MI connectivity temporal series” of the relevant pairs are

used as inputs to the classifier.

6.3 Validation and Comparative Analyses

After obtaining the average connectivity matrices for each class of movement per
volunteer, we verify if connectivity information can be more relevant to decode the
motor tasks when compared with conventional techniques. We also evaluate if there are

specific regions of the connectivity temporal series that can provide better classification
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accuracy for predicting class of movement. This is done by using optimization tools

aiming to reduce the dimensionality of the data fed to the classifier (see item 2, next).

1) ERD Estimation

The method used for ERD/ERS estimation was based in Pfurtscheller et al.

(2001). For this, the estimation consists of the following steps [153]:

1. Bandpass filtering: limit the bandwidth of all event-related signals;
2. Obtain the power of the samples: square the amplitudes;
3. Average the power samples across all trials;

4. If necessary, the power samples over time samples can be averaged to smooth

the data and reduce variability.

Finally, it is obtained the percentage values for ERD/ERS. ERD or ERS is
defined as the percentage of power decrease or increase given a reference period,
respectively (see Eq. 4.1). For the display of the time course of ERD/ERS, a scale
displaying either power changes with 0% in the reference period or relative power with

100% in the reference period is recommended.

An ERD/ERS map can be generated for better visualization of increase and
decrease of amplitude. It consists basically of a matrix whose rows correspond to
ERD/ERS calculations for specific frequency bands. To improve the clarity of the maps,
it is also important to display only significant patterns [154].

The problem with selecting the most significant patterns is that majority of
statistical techniques assume that the size of the set of sample values is sufficiently large
so that asymptotic results can be applied, i.e., it assumes that it is possible (in principle)
to continue collecting more data, thus the sample size grows infinitely. Thus, under this
assumption, many results obtained are unavailable for samples of finite size [155]. In
the case of ERD/ERS calculations, the probability distribution is not known, and the
number of trials can be rather limited, thus standard statistical methods to calculate the

significance of the ERD estimates may not bring appropriate results.
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As an alternative to asymptotic methods for estimating ERS/ERD, we adopted in
this PhD thesis the Bootstrap techniques described by Davision and Hinkley et al
(1997). This technique consists of substituting the unknown population distribution with
the known empirical distribution. Other advantage of this strategy is that it is not
necessary to assume Gaussian or other parametric distributions on the data [154].

The percentile bootstrap applied to calculate confidence intervals for ERD/ERS

estimates are described below. Considering N be the number of trials, ¥; denotes the set
of all Y;; of the jth sample and of all trials, and B is the number of bootstrap resamples.
The sample mean and the sample variance of Y; are denoted by y,and sz, respectively.

Therefore, for each sample j:

1) Get N values from Y, in which each value is selected randomly, with

replacement. The N values are the bootstrap resample 17]

~

2) Calculate the mean ﬁyj and the standard deviation 69]. of all N values in ¥,.

3) Calculate the following: f; = (/fty}. =-yp/ 65,]..
4) The first three steps should be repeated to obtain B bootstrap estimates
Ajc1), - fjgy- B should be larger than 500.

5) To approximate the distribution of fi;, sort all estimates so that fi;) <
Aj) < = Bje)-

6) The 100(1-a)% confidence interval is determined by [y; — sjdjk,), Vj —

Siflj(,)], where ky = ﬁz—a andk, =8 —k; + 1.

ERD represents a decrease of the EEG signal amplitude and indicates the
activation of cortical motor and premotor areas that are related to motor tasks. It occurs
in mu and beta bands, in average about 1.5 s before the movement initiates, and can be
detected over the sensorimotor cortical areas contralateral to the movement, reaching a
maximum value at movement onset. This ERD has been observed before and during
self-paced voluntary movements, reaction time paradigms, passive movements, or
motor imagery [156]. ERS corresponds to an increase of amplitude of the EEG signal
after the movement is finished, indicating sensory reafferentation. Both ERD and ERS

are strongly used in literature for studying cortical processing and motor control [156].
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Since we are interested in the dynamics associated with movement planning and
execution, in this study we did not address ERS, as its power is higher only at late/end
stages of the movement. Therefore, we compare the decoding performance of the

classifier using MI features versus using ERD features.

2) Classification

Intending to verify which the set of features (connectivity or ERD) are more
relevant for identifying the classes of movement (pronation and supination) with higher

accuracy, the aforementioned set of features will be feed to a classifier, separately.

There are several well-known classifiers described in the literature such as,
Naive Bayes, Decision Tree, Logistic Regression, K-Nearest Neighbor, Artificial
Neural Networks and Support Vector Machine (SVM). In this study, it was chosen to
use SVM. The choice is due to its robust classification accuracies for this class of

problem, as reported by numerous studies [157,158,159,160].

SVM constructs a hyper-plane or a set of hyper-planes in a high or infinite-
dimensional space, and it can be used for classification, regression, for example. A good
separation of data is obtained by the hyperplane that has the greatest distance to the
closest points of training data of any class (functional margin). More about its
mathematical formulation can be found in Malon et al. (2008) [161].

The main steps applied for SVM classification are the separation of the group of
characteristics into training and testing sets, according to the 80%-20% Pareto Principle
- 80% of effects are due to 20% of the causes.

Training and testing data sets are usually scaled by Z-score to standardize the
distribution. After that, in the training data set, a 5 k-fold cross validation (CV) will be
applied. CV is used to estimate the ability of a learning model to predict unseen data. It
consists of using a limited sample to estimate how the model is expected to perform in
general, especially when used to make predictions on data not used during training. The

separation of the dataset is exemplified in Figure 6.10.
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Figure 6.10 — Representation of how the data was separated and final cross validation.

Afterwards, a sequential feature selection method selects the most significant
attributes. This technique contains an objective function (criterion), which seeks to
minimize the feasible feature subsets. The criterion for classification models is the
misclassification rate. It also contains a sequential search algorithm, that includes or
removes features from the subset while evaluating the criterion. The model is
advantageous, since it moves in only direction, growing or shrinking the set. Usual
optimization models perform the task by exhaustive comparisons - compare the

criterion for all 2" subsets of a n-elements data set [162].

Finally, within the selected features, a binary SVM model with radial basis
function kernel is trained using fitcsvm function from MATLAB [163], and the test set
is evaluated. At last, accuracy and Information Transfer Rate (ITR) are measured, in
order to see the efficiency of the proposed method for a BMI application. Accuracy is
measured by the total correctly predicted answers by the classifier in relation to all
predictions.

ITR consists of a measure of the amount of information that is conveyed by a
system’s output. Firstly, it is defined the mutual information between the selected
option (y) and the desired target (x), i.e., information transferred in bits per trial (B)

[164]:
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B = logN + PlogP + (1 — P)log =2 (6.1)

where, N is the number of targets and P is the classification accuracy, obtained by the
total number of classified commands. Then, to obtain the ITR, B is divided by the

average time (T) to select a single symbol.

ITR = BT (6.2)
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7. RESULTS

In this chapter, the results of the experiments designed to evaluate the hypothesis
of this work are shown. The results of the application of the MI to improve decoding

motor tasks will be described, followed by the comparative analyses with traditional

7.1 Windowing

After the preprocessing stages, the first step of feature extraction is windowing
the EEG signal according to the region of interest. The cues for movement are coded as
events in the dataset (Figure 7.1). In this figure, it was plotted the cues over the signal of
accelerometer from the exoskeleton used in data acquisition. Accelerometer data was
used to verify the average beginning of supination/pronation peaks (~1 s after the cue),
then the window of analysis. We defined the time of cue as zero. We selected the events

related to the tasks of pronation and supination of the wrist that lasted around 1.2

seconds.
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Figure 7.1 — Fragment of the signal corresponding to wrist pronation and supination in the dataset. The
onsets of movement are marked with an asterisk. In this case, there were six pronation and six supination
movements. The ascending signals correspond to pronation, and descending ones correspond to
supination.
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The EEG signal was windowed (main epochs) starting 600 ms before and ending
1.4 s after the movement. This period includes the stages of rest, motor planning, and

motor execution.

7.2 Proposed Method

7.2.1 Screening Relevant Connections

1) Non-normalized MI

Initially, non-normalized MI was estimated for ten consecutive windows 200 ms
within the main epochs. Figure 7.2 depicts box plots showing the density of the average
non-normalized MI values across all trials, for each frequency band for pronation and
supination movements, for one of the volunteers. In the figures, the windows of time
(horizontal axes) are defined as:

e  Window 1: -600 to 400 ms
e  Window 2: —400 to —200 ms
e  Window 3: 200 to 0 ms

e  Window 4: 0 to 200 ms

e  Window 5: 400 to 600 ms

e  Window 6: 600 to 800 ms

e  Window 7: 800 to 1000 ms

e  Window 8: 1000 to 1200 ms
e  Window 9: 1200 to 1400 ms
e  Window 10: 1400 to 1600 ms
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Figure 7.2 — Box plots representing the variability between the average density of non-normalized MI
values for all trials for each window of time. (A) represents the MI density for pronation in the alpha and
beta bands and (B) represents the MI density for supination in the alpha and beta bands.

It is possible to notice substantial variability of MI values across all windows,
making it very hard to pinpoint which level of MI would be a possible candidate to
select suitable MI connections (stronger pair). Furthermore, as explained in topic 5.3.3,
since there is not an upper bound value for MI, it is not simple to decide if a certain MI
values is significant or not. Therefore, a normalization approach has been applied to

allow for proper comparisons.
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2) Normalized MI

Normalized MI was estimated for ten consecutive windows 200 ms within the
main epochs. As explained, this first step was designed to select the relevant pairs of
connectivity.

Figure 7.3 and Figure 7.4 depict 3D histograms showing the density of the
average MI values across all trials, for the per frequency band for pronation and
supination movements, for one of the volunteers. In the figures, the sub-windows are
separated by color:

e Dark Blue: -600 to —400 ms
e Orange: -400 to —200 ms

e Yellow: -200 to 0 ms

e Purple: 0 to 200 ms

e (Green: 400 to 600 ms

e Light Blue: 600 to 800 ms

e Red: 800 to 1000 ms

e Dark Blue: 1000 to 1200 ms
e Orange: 1200 to 1400 ms

e Yellow: 1400 to 1600 ms
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Figure 7.3 — Histograms representing the average density of MI values for all trials for each window of
time. (A) represents the MI density for pronation movement in the alpha band, and (B) represents the MI
density for pronation movement in the beta band.
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Figure 7.4 — Histograms representing the average density of MI values for all trials for each window of
time. (A) represents the MI density for supination movement in the alpha band, and (B) represents the MI
density for supination movement in the beta band.

The histograms show the distribution of connectivity values for each period. It is
possible to notice that for supination and pronation in alpha and beta bands, the values
are distributed between 0.3 to 0.7. The values equal one corresponds to the connectivity
of the channel with itself, since MI is a symmetric and non-directed measure. As there

are 20 channels of analysis, this is the density of values equal to one.

Within the histograms, it was possible to notice that there were some changes in
connectivity values over time and that just visualizing it was not possible to estimate a

threshold or the changes patterns. To reinforce this idea of variability over time, it was

74



plotted box plot graphs for each type of movement and their corresponding band (Figure

7.5). The windows of time were defined in the same way as in Figure 7.2.
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Figure 7.5 — Box plots representing the variability between the average density of normalized MI values
for all trials for each window of time. (A) represents the MI density for pronation movement in the alpha

and beta band. (B) represents the MI density for supination movement in the beta band.

With the help of the histograms and the above box plots, we set out to

investigate which pairs of electrodes are more relevant.
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7.2.2 Selecting Relevant Connections

The most relevant pairs of MI connections, among all 400, are the ones that show
statistically significant changes over time (from rest to planning and the execution of the
movement), across the population.

For that, we evaluated the normality of our variables (pairs of connections for a
window of time) for each band (alpha and beta) and for each subject. The results
rejected the null hypothesis of normality. Therefore, a non-parametric test for related
variables was applied (Friedman’s test). This test is used to detect differences in
treatments across multiple test attempts, as in the example of Table 7.1. In our case,
each treatment is the window of time, and the blocks are the MI intensity of a pair of
electrodes. Therefore, k=1 to 10 (total of windows of time) and blocks = 1 to 24 (total of
observations of MI values from a pair of electrodes). The test will verify the windows of

time that had significant change for the corresponding MI pair.

Table 7.1 — Example of use of the Friedman’s test [165].

Treatments
Blocks
1 2 k
1 X11 X11 X1k
2 X21 X12 Xok
B Xp1 X1b Xkb

For each subject, each pair of electrodes was evaluated according to the frequency
band. We selected the pairs with p<0.31, which is equivalent to one standard deviation
for a Gaussian distribution. Furthermore, to discover which window of time showed
significant differences for a pair of electrodes, a multiple comparison test was chosen
and executed using the multcompare function from MATLAB [166].

The pairs of electrodes that had significative changes between any two windows
of time during the period of -600 ms to 1.4 s and for more than five subjects were
considered the most relevant pairs. Table 7.2 and Table 7.3 show the most frequent

pairs for supination and pronation, respectively.
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Table 7.2 — Pairs of EEG channels that showed significative changes across any two windows of time and
the number of subjects for whom that significance appeared, for supination in the alpha and beta bands.

Supination
Alpha Band Beta Band
Pairs of Channels Repetitions Pairs of Channels Repetitions
FC3 -FC4 6 C6-C2 5
FC3-C2 5 FC3 -P1 5
FC3-C4 5 FC3-PZ 5
FC3-CZ 5 FC3 -P2 5
C6 —FC4 5 CP3-C1 5
FC3 - P4 5 CP3-CZ 6
CP1-PI 5 CP2 -FC2 5
P1-PZ 5 C6 - CP1 5
CP3-CP2 5
C6 — CP4 5
CP1-PZ 5
P1-PZ 5
CPZ-P1 5
CP1-CP2 5
CPZ-PZ 5
CPZ-P2 5
CP4-P2 5
CP4-P3 5
CP4-PZ 5
CP1-CPZ 5
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Table 7.3 — Pairs of EEG channels that showed significative changes across any two windows of time and
the number of subjects for whom that significance appeared, for pronation in the alpha and beta bands.

Pronation
Alpha Band Beta Band
Pairs of Channels | Number of subjects | Pairs of Channels | Repetitions
FC3-C3 5 FC3 -FC4 6
C6 - FC4 5 FC3-CZ 5
FC3 -CPZ 6 C6-CZ 5
CP3-C3 5 FC3 -CP1 5
CP2 -FC1 5 CP3-FC2 5
CP2-C3 6 CP3 -FC4 7
CP3-CP4 5 CP3-C3 5
CP1-P2 5 FC3 -P1 5
CPZ-P4 6 CP4 - P4 5
CP2-CP4 6

Observing the above tables, it is possible to notice that for supination and
pronation there were relevant connections between primary somatosensory cortex (BA
1,2 and 3) and primary motor cortex (BA 4), and between primary somatosensory
cortex and posterior parietal cortex (BA 5 and 7), see Table 6.1 of Chapter 6 to check
corresponding electrodes (Figure 7.6). However, alpha band supination has different
relevant connections in number and hemisphere from alpha band pronation, and the

same is observed in beta band.
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Figure 7.6 — Plots of the relevant pairs of connections over a 2D representation of scalp.

7.2.3 High Resolution MI Connectivity Estimation

Once the most relevant pairs were found, the MI connectivity of these pairs were
estimated, now with improved temporal resolution using sliding windows of 50 ms with
overlapping of 1 ms. In other words, we are calculating the MI connectivity every 1 ms.
The aim was to assess the dynamics of connections over time (-1.0 sec to 1.3 sec).
Figure 7.7 and Figure 7.8 represent the resulting time series for the MI connections for

pronation and supination, for the alpha and beta bands, respectively.
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Figure 7.7—- Plots of the MI connectivity estimates for alpha band of pronation and supination movements
for Subject 1, with resolution of 1ms. Vertical lines represent the cue.
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Figure 7.8— Plots of the MI connectivity estimates for beta band of pronation and supination movements
for Subject 1, with resolution of 1ms. Vertical lines represent the cue.

Within the plots, it is possible to notice that between-subjects there was a trend of
the pairs of channels with higher and lower amplitude and that right after the cue some
pairs of channels had a decrease or increase of values. These represent the dynamic MI

from rest to execution of the movement.
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7.3 Comparative Evaluation

1) ERD Estimation

As described earlier, we will evaluate the performance of an SVM classifier
using features extracted by the MI method with the performance using a standard ERD
method. Since we are focused on the sensorimotor activity, the significant ERDs were
estimated for channels C3, Cz and C4. The estimations were calculated over time
windows within -1 s to 3 s (baseline from -1 s to 0 s), with frequency resolution of 1 Hz
and time resolution of 0.2s. Before ERD estimation, a Common Average Reference
(CAR) filter was applied using the mean of the entire electrode montage as the virtual
reference. Spatial filters, such as CAR, minimize volume conduction problems and
enhance highly focal distributions [167]. Figure 7.9 shows the obtained ERD maps for
channels C3, Cz and C4 during the execution of pronation and supination movements of

one of the volunteers.
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Figure 7.9 — Time-frequency maps of most significant ERD components for one subject. The blue vertical
lines indicate when the cue was presented. (A) ERD maps for pronation; (A) ERD maps for supination.
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As shown in literature, Mu/Beta ERD precedes voluntary motor movements,
mostly 1.5 s seconds before the movement execution (~one second after the cue). When
the cue is presented is possible to notice significant ERD in these frequency band, and
that the significant ERD (frequency bins) for pronation were different from the

supination.

7.4 Validation and Comparative Analyzes

7.4.1 SVM Classifier Using MI Features

For this analysis, the high-resolution MI connectivity series of the most relevant
pairs were used as the features to feed the SVM classifier. Those features were extracted
for all subjects using sliding 50 ms windows with 1 ms overlapping over the entire
period of 0 to 1 s after cue, as explained in item *“7.2.3 High resolution MI connectivity
estimation” (Table 7.4). This period was chosen because it should contain the most
relevant features related to motor planning and the onset of motion. EEG signals
collected during the experiments were averaged for all trials and all subjects to define

the onset of motion, around 1s.

Table 7.4 — Organization of rows and columns for SVM classification. The first row corresponds to

MI estimated for a selected connection A to B from 0 to 1 s, each with 1 ms resolution, using 50 ms

sliding windows. Pronation and supination were found to be better represented by distinct MI pairs,
even for the same band. Similar tables were developed for both alpha and beta bands.

Feature 1 Feature 2 Feature n Feature 512 Label
MI MI MI MI 0
(chA->chB)| (chA—-chB) | (chA—- chB) (chA - chB) L
(supination)
0-50 ms 1-51 ms n-(n +50) ms 1000-1000.05 ms
MI MI MI MI 0
(chC—-chD)| (chC—-chD)| (chC—chD) (chC —>chD) L
(supination)
0-50 ms 1-51 ms n-(n +50) ms 1000-1000.05ms
MI MI MI MI .
(chE »>chF) | (chE >chF) | (chE - chF) (chE - chF) (pronation)
0-50 ms 1-51 ms n-(n +50) ms 1000-1000.05ms
MI MI MI MI
(ch G 1
(¢chG—>chH)| (chG—chH) (chG - chH) .
- ch H) (pronation)
0-50 ms 1-51 ms n-(n +50) ms 1000 ms ~ 1000.05ms
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As shown in Figure 6.8, the number of possible features is very large (about

1000 features per MI pair), which would lead to very high processing time and even

overfitting of the classifier. A preliminary measure to counter those problems, a

sequential feature selection method, was used to select the most significant attributes.

The algorithm was set to choose an unlimited number of optimized features, if

necessary. This optimization led to a much lower number of MI features for both

frequency bands, as shown in Table 7.5.

Table 7.5 — MI features selected by the sequential feature selector for alpha and beta bands. Feature index
indicates the index in the high-resolution MI time series.

Alpha Band Beta Band
Feature Corresponding Feature Corresponding
index Window of time index Window of time
131 255.85ms ~305.85ms 3 5.8ms ~50ms

209 408.2ms ~ 458.2ms 86 167.96ms ~ 217.96ms
254 496.09ms ~546.09ms 130 253.91ms ~303.91ms
348 679.68ms ~ 729.68ms 184 359.38ms ~ 409.38ms
371 724.61ms ~774.61ms 248 484.38ms ~ 535.38ms
373 728.52ms ~ 778.52ms 332 648.43ms ~ 698.43ms
383 748.04ms ~798.04ms 409 798.82ms ~ 848.82ms
503 982.42ms ~ 1.03s 411 802.73ms ~ 852.73ms
428 835.94ms ~ 885.94ms

Head plots for the selected features can be seen in Figure 7.10 (alpha pronation),

Figure 7.11 (alpha supination), Figure 7.12 (beta pronation) and Figure 7.13 (beta

supination). Each selected feature represents normalized MI values of the relevant

connections for the corresponding window of 50 ms.
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Figure 7.10 — Head plots of the selected MI features by the sequential feature selector for alpha pronation.
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Figure 7.11 — Head plots of the selected MI features by the sequential feature selector for alpha
supination.
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Figure 7.12 — Head plots of the selected MI features by the sequential feature selector for beta pronation.
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Figure 7.13 — Head plots of the selected MI features by the sequential feature selector for beta supination.

The classification accuracy of the classifier was tested for the alpha and beta
bands separately. Before classification, the dataset was randomized, and a 5-fold cross-
validation was applied. The classification accuracies obtained for alpha and beta bands
are shown in Table 7.6. Accuracies were obtained by the ratio of the correctly predicted
class from all trials and for all of subjects by the number of trials available. As seen,
beta band features were able to separate both classes of movement with 89.65% of
accuracy. Alpha and beta features were tested separately to compare how well each

band describes the movement as sensorimotor rhythms.
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Table 7.6 — MI SVM classification accuracy using alpha and beta band features.

MI SVM Accuracy
Alpha Band Beta Band
73.68% 89.65%

7.4.2 ERD Classification

ERD component with frequency resolution of 1 Hz were used to extract the

features to be fed to the SVM classifier. This frequency resolution was selected in order

to use a similar time window as that used when the SVM classifier processed MI

features. We selected the significant components for alpha and beta bands for pronation

and supination classes of movements, from -0.5 s to 1 s, since ERD component initiates,

in average, 1.5 seconds before the movement. As features for the classifier, it was

selected the significant component for each corresponding frequency bin, as shown in

Table 7.7.

Table 7.7 — Organization of the alpha band ERD dataset. A similar table was developed for the beta band,
with the difference that the beta band has 18 frequency bins from 13Hz to 30Hz.

Label
Feature

0 (supination) 1 (pronation)
Correspondent ERD time values | Correspondent ERD time values

st from -0.5 to 1s. from -0.5 to 1s.
Correspondent ERD time values | Correspondent ERD time values

o from -0.5 to 1s. from -0.5 to 1s.
Correspondent ERD time values | Correspondent ERD time values

108z from -0.5 to 1s. from -0.5 to 1s.
Correspondent ERD time values | Correspondent ERD time values

i from -0.5 to 1s. from -0.5 to 1s.
Correspondent ERD time values | Correspondent ERD time values

12H from -0.5 to 1s. from -0.5 to 1s.

As shown in Figure 6.8, the number of possible features is very large, which

would lead to very high processing time and even overfitting of the classifier. Similarly

to the procedure used for the MI classifier, a sequential feature selection method was

used to select the most significant attributes. The algorithm was set to choose an
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unlimited number of optimized features, if necessary. This optimization led to a much

lower number of ERD features for both frequency bands, as shown in Table 7.8.

Table 7.8 — Features selected by the sequential feature selector for alpha and beta bands.

Selected features
Alpha band Beta band
(Hz) (Hz)
8 13
9 14
10 15
11 16
17
18
19
20
21
22
23
24
25

The classification accuracy of the classifier was tested for the alpha and beta
bands separately. Before classification, the dataset was randomized, and a 5-fold cross-
validation was applied. The classification accuracies obtained for alpha and beta bands
are shown in Table 7.9. Accuracies were obtained by the ratio of the correctly predicted

class from all trials and for all of subjects by the number of trials available.

Table 7.9 — ERD SVM classification accuracy using alpha and beta band features.

ERD SVM Accuracy
Alpha Band Beta Band
60.73% 62.49%

Here, alpha and beta band presented similar accuracy values to distinguish both
classes. And similar as to M1, both bands were tested separately to verify how well each

one describes both bands.
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7.4.3 Information Transfer Rate

1) Proposed method — MI Connectivity measures

Experiments using the proposed method resulted in P = 89.65% when the SVM
classifier used beta features and P = 73.68% using alpha features with two targets
(pronation/supination). Processing required data extracted from of one second of EEG

data. Therefore, we can calculate ITR as follows:

e SVM using MI beta band features:

Bui_geta = 10g2 + 0.8965l0g0.8965 + (1 — 0.8965)log “——2  (7.1)

Bui peta = 10g 2 + 0.8965 log 0.8965 + 0.1035 log 0.1035 (7.2)

Bui peta = 0.1565 bits/trial (7.3)
Considering T =1 s:

ITRy1 peta =+~ = 0.1565 bits/s (7.4)

ITRy; Betq = 0.1565 bits/s x60 = 9.36 bits/min. (7.5)

e SVM using MI alpha band features:

Bui_aipha = 10g2 + 0.736810g0,7368 + (1 — 0.7368)log “——"2  (7.6)

Bui apha = 10g 2 + 0.736810g 0.7368 + 0.2632 log 0.2632 (7.7)

Bumi_aipha = 0.0507 bits/trial (7.8)
Considering T=1s:

ITRyi_aipha =~ = 0.0507 bits/s (7.9)

ITRy; apna = 0.0507 bits/s x60 = 3.042 bits/min. (7.10)
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2) Standard ERD features

Experiments using the proposed the ERD method resulted in P = 62.49% when
the SVM was fed with ERD beta features and P = 60.73% using alpha features, for two
targets (pronation/supination). Processing required data extracted from of 1.5 second of

EEG data. Therefore, we can calculate ITR as follows:

e SVM using ERD beta band features:

Biro seta = 1092 + 0.624910g0.8965 + (1 — 0.6249)log L2220 (7.11)

Berp Beta = 1082 + 0.624910g 0.6249 + 0.375110g 0.3751 (7.12)

Birp geta = 0.0137 bits/trial (7.13)
Considering T = 1.5 s:

ITRgrp_peta = o = 0.0091 bits/s (7.14)

ITRgrp peta = 0.0091 bits/s x60 = 0.546 bits/min (7.15)

e SVM using ERD alpha band features:

Biro_aipha = l0g2 + 0.607310g 0.6073 + (1 — 0.6073)log =272 (7.16)

Brro_aipha = log2 + 0.607310g 0.6073 + 0.3927 log 0.3927 (7.17)

Berp_aipha = 0.01 bits/trial (7.18)
Considering T = 1.5 s:

ITRgrp _atpha = ‘1’—;’15 = 0.0067 bits/s (7.19)

ITRgrp_aipha = 0.0067 bits/s x60 = 0.4 bits/min (7.20)
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8. DISCUSSIONS

This thesis aimed to verify the existing methods of evaluation of sensorimotor
integration and propose a new approach based on functional connectivity. The
importance of understanding sensorimotor integration is that with the comprehension of
motor planning and motor execution, it is possible to improve the accuracy of BMIs and
understand cortical reorganization after an injury.

According to Tam et al. (2019), although it is possible to intercept and decode
the motor intention at several points in the neuro-muscular control pathway and use that
information to drive a prosthetic device to restore movement, we are still far from the
goal of reaching naturalistic and dexterous control like our native limbs [28]. Thus, it is
still necessary to find strategies that could improve motor decoding and, consequently,
better BMIs. One of the main challenges that make it harder to use BMIs in the clinical
environment is the need for specialized hardware, such as dry electrodes, that should
also be comfortable to wear and easy donning beyond laboratories and hospitals.
Besides, BMI systems still have poor reliability for most applications, and another
important consideration is the tiredness caused by the training process [168].

Also, it is essential to mention that most neural prostheses do not offer wrist
motion of range. Wrist movements are important because they allow better
manipulation of objects and contribute to the arm/hand system's mobility. Cordella et al.
(2016) report that most of the prosthesis users (around 98%) long for improvements
such as to feel the force applied and the temperature of the object being handled by the
prosthesis, additional movements, such as pointing the index finger, moving individual
fingers and increased wrist range of motion (flexion and extension/ pronation and
supination/ radial and ulnar) [51].

A current review by Bajaj et al. (2019) shows that most robotic and prosthetic
research studies are focused on the development of end effectors/terminal devices
(hands, grippers, and others) over wrists [52].

One strategy that could help with the comprehension of sensorimotor integration
is the use of functional and effective connectivity analyses. Those strategies have been
extensively applied to study the effects of a neurological injury and its intrinsic
characteristics, elucidating how neurons and neural networks process information. Also,

those methods have provided contributions for the development of treatment and
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monitoring strategies for various neurological dysfunctions caused by Parkinson,
Alzheimer's disease, Spinal Cord Injury, Huntington diseases, and similar pathologies or
injuries [31,32,33,34].

Previous studies have shown that effective techniques could provide information
on the flow of sensory information to the motor cortex [87]. There were reports of
studies using effective connectivity for the understanding of sensorimotor integration
such as Granger Causality [89], direct Directed Transfer Function [90], Imagery
Coherence [37], Partial Directed Coherence [93].

However, in the literature on sensorimotor integration, we observed that the
nonlinear functional connectivity approach had not been widely explored. Functional
connectivity consists of statistical dependencies between different brain regions related
to distant neurophysiological events, i.e., associations between spatially remote
neurophysiological events [4].

Therefore, to investigate and decode information associated with the
sensorimotor system, we propose using a functional connectivity strategy, so-called
normalized pairwise Mutual Information, to decode motor activities during the motor
planning phase. MI is a nonlinear higher-order information-theoretic measure of
temporal synchrony that quantifies the information obtained from a random variable, by
observation of another [114]. MI has been used previously in attempts with BMIs [169],
but here we proposed a selection of MI features based on their changes over time.

As shown in the previous chapter, non-normalized MI features could not be used
since there is no upper bound for MI estimation. Also, as shown in Figure 24, all
windows of time have different scales and many outliers, making it harder to compare
different movements in various bands.

In this research, we were able to identify the normalized MI pairs of connections
that show significant change over time and used them to obtain the MI dynamic
changes. The estimation of the best pairs for alpha-band pronation was different from
alpha-band supination, and the same was observed for beta-bands. Since relevant
connectivity pairs were different for each movement, even though they represent the
same regions (posterior parietal cortex, primary somatosensory cortex, and primary
motor cortex), we hypothesize that the nonlinear functional connectivity measures could
have detected subtle differences between movements. For instance, alpha supination
showed a relevant connection between FC3 and FC4, with strong links between the

primary motor cortices of both hemispheres. Similar behavior was also found for alpha
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pronation, beta supination, and beta pronation. There is evidence that both brain
hemispheres are active during the execution of bimanual and unimanual movements,
supporting our findings [170].

Importantly, another example of a relevant connection found in alpha supination
was FC3 and C4, representing a connection between the primary motor cortex and the
somatosensory cortex. This finding is coherent with the literature. It is expected that
sensory information processed by S1 is sent to the prefrontal cortex, which in turn sends
instructions to the premotor cortex to plan the necessary sequence for the movement's
accomplishment. Finally, the premotor area and M1 carried out the final tasks to
generate neural impulses to control movement execution [10].

The posterior parietal cortex (PPC) is active during the planning of motor tasks
and can anticipate the visual consequence of the intended action during the planning
period, i.e., the stimulus-driven attention. As the dataset used in the experiments used
visual cues to indicate the movement's type, it was likely that relevant pairs related to
PPC areas were also found. Indeed, we found, for both classes (pronation and
supination) and bands, the presence of a relevant pair of connections to PPC areas, such
as P1 and Pz in beta supination and CPz and P4 in alpha pronation [171].

To evaluate if the proposed method could improve decoding of cortical activity
during motor tasks, we compared its performance against the performance of a
conventional sensorimotor integration Event-Related Desynchronization methods, in
which Mu/Beta ERDs are usually observed before and during voluntary movement
execution [26,84]. This comparative approach was chosen because sensorimotor
rhythms (SMR) are among the most common EEG methods implemented for BMIs,
especially for imagery of movement. MIm-BMIs have been used to control devices such
as orthosis, drones, wheelchairs, and software for communication. According to Neuper
et al. (2002), most of the neural activity related to fist movements is found in channels
C3, C4, and Cz [172]. The ERD was then estimated for these channels, and we
compared their results to the MI method.

Classification using SVMs showed that it is possible to separate pronation and
supination. When the classifier used only MI alpha-band features, we achieved
performances of up to 73.68%. Using only MI beta-band features, much higher
performance was achieved (89.65%). Using the conventional method (ERD), the
accuracy of the classification of the two classes of movement was 60.73% and 62.49%

for alpha and beta bands, respectively.
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In literature, some studies have also attempted to decode wrist movements based
on EEG signals. Khan et al. (2010) investigated single-trial EEG classification for wrist
movement imagery based on spatial filtering in the gamma band. The authors reported
accuracy of around 89%. However, their experimental procedure required the volunteer
to keep a sustained movement for 3 seconds. In this regard, an advantage of our study is
the use of the motor planning window, not execution. As such, a BMI using our
approach would not require tentative movements, and, consequently, the BMI would be
able to achieve faster and more natural control [173].

Kiguchi et al. (2013) proposed a method to identify pronation and supination
motion based on an artificial neural network. In this work, forearm angle, angular
velocity, or angular acceleration were estimated using a neural network. The authors
showed that higher motion frequency is correlated with higher error values, except in
the case of when the estimation is made based on angular acceleration. The smaller
error value obtained to estimate angular velocities was in the range of 2% for motions
with a frequency of 0.25 Hz [174]. Unlike our study, [174] estimated angular forearm
velocities based on the EEG signals. However, the sample was composed of only three
subjects, so it is not possible to assure the error values will be the same for a more
substantial population.

Ofner et al. (2019) proposed a strategy to decode upper limb movements based
on the low-frequency EEG time-domain. Their approach had a 61% chance of
predicting the correct pronation of the forearm. For forearm supination, the obtained
accuracy was only 57%. Higher accuracies were obtained for hand closing (84%) and
hand opening (79%) [150]. In contrast, our method provided accuracies of up to 89.65%
when classifying pronation and supination movements. Also, it is important to mention
that the study has found that movement vs. movement average classification became
significant between -0.56 s and 0.81 s (window size ~1.37 s). In our research, we
achieved higher results with a 1 s window size.

Besides high accuracy, the MI-based method also had higher ITR when
compared with the ERD method. Dynamic MI beta features could deliver ITR of 9.36
bits/min. On the other hand, ERD was only capable of achieving 0.546 bits/min. It is
crucial to point out that the performance of the MI-based method was achieved without
any training.

ERD is based on the average of the power samples across all trials, and it

considers the decrease of the amplitude existing for Mu/Beta bands. The statistical
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dependency between spatially distant electrodes is not taken into consideration. The
main drawback of ERD BMI-based is that it requires substantial training on the user
side to lead to the most precise and most distinct ERD/ERS. This type of BMI can
currently only be used with a maximum of 3 or 4 different tasks to guarantee maximal
performances; with more tasks, the decoding accuracy becomes even lower [21,175].

In our method, the selection of relevant connections based on time brought
information about how one channel is strongly related to other spatially distant over
time. It uses information theory to explain how a channel exerts influence over others
during the time. This dynamic may explain why the proposed method separated the
movements better than ERD. Also, we have evidence that the proposed method could
respond better to separate more types of tasks since that for each task; their specific
relevant connections will be estimated, being adjustable according to the task.

Finally, the possibility of decoding cortical information during the planning
phase can be valuable for real-time applications. Our research also provided evidence
that it is not necessary to use high-density EEG systems and large processing windows

to obtain acceptable accuracy and ITR for motor task decoding.
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9. CONCLUSIONS

In this PhD thesis, we presented a method for decoding cortical response during
wrist rotation motor-tasks based on functional connectivity. Our results overcome
conventional strategies (ERD). Therefore, it could potentially be used for achieving
better results in BMIs, due to the inclusion of dynamic information and selection of

relevant channels that could increase computational efficiency and accuracy.

The methods implemented in this research focused on the classification of wrist
movements, which are not well-explored motions in the neural prosthesis field. Good
accuracy in distinguishing this subtle movement could help the prosthesis’ user to have
the possibility of the wrist rotation while using the prosthesis for manipulating objects.

The main contribution of this work is the proposal and validation of functional
connectivity as the main feature for separating wrist movements. Besides, we provide a
method to select relevant connections based on the connectivity change over time, with
the intent to minimize the computational cost.

The main limitations of this study are associated with the low number of subjects
in our sample. Also, the volume conduction could have interfered with the results since
the most relevant pairs were close to each other. In addition, it was not measured how
the cross-talking could impact the connectivity results.

As future work, we could list the following:

e Verify the impact of volume conduction and use techniques to minimize it.

e (Comparison of this method with other kinds of wrist movements, such as,
radial/ulnar deviation and flexion and extension, and other hand/arm
movements.

e Comparison of the applied method with MI multivariate and other multivariate
methods.

e Comparison of the different kinds of normalization of MI, and to verify the
effects on the selection of relevant channels.

e Comparison of the relevance of other EEG bands (theta, delta and gamma) that
were not explored in this study.

e Comparison of the applied method with effective connectivity ones and verify if

the causal information could complement functional features.
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e To verify the effect of different windows of time and implement adaptive

windows.
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