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ABSTRACT
Decoding motor imagery (MI) brain responses from multimodal neural information
sources, including electroencephalography (EEG) and functional near-infrared
spectroscopy (fNIRS), has the transformative potential to advance brain-computer
interface (BCI) research. To date, these systems fall short of their users’ expectations
due to their modest performance improvement attributed to the lack of computational
frameworks that exploit the discriminative electrical-vascular features both on unimodal
and multimodal levels.
The major goal of this dissertation is to propose a multimodal EEG-fNIRS data
fusion framework to decode MI neural responses for an optimized BCI classification
performance. We first investigate the feasibility of relying solely on EEG to control BCI
systems for ALS patients. We explore the spatio-spectral-temporal dynamics of the
EEG sensorimotor oscillations during MI for ALS and healthy controls using state-ofthe-art

neural

signal

analysis

techniques

including

time-frequency

based

decompositions, and topographic correlation analysis. Our findings revealed potential
disease-specific alterations in MI electrophysiological responses for ALS highlighting
the importance of investigating alternative neuroimaging modalities in BCI research.
Then, we investigate the ability of patients with ALS, to utilize fNIRS-based
hemodynamic responses to efficiently control an MI-based BCI for the first time. We
quantify subject-specific spatio-temporal characteristics of ALS patients' MI
hemodynamic responses, and investigate the feasibility of using these responses as a
means of communication. For this purpose, the generalized linear model (GLM)
analysis is conducted to statistically estimate and evaluate individualized spatial

activation and selected channel sets are statistically optimized for classification.
Subject-specific discriminative features, and optimized classification parameters are
identified and used to further evaluate the performance using various classification
methods including linear support vector machine (SVM) classifier. Our findings
indicate a promising application of fNIRS-based MI hemodynamic responses to control
a binary BCI by ALS patients and highlight the primary role of subject-specific datadriven approaches for an optimized BCI performance.
Finally, we propose a multimodal data fusion framework to decode MI neural
responses that expands the information content beyond single modalities, then adopts a
fused feature selection strategy to identify the most discriminative fused features. We
hypothesize that exploiting the nonlinear dynamics underlying the MI neural response
complements the traditionally combined EEG-fNIRS features for an enhanced hBCI
performance. The nonlinear dynamics underlying the MI responses are quantified by
extracting graph-based recurrence quantification analysis (RQA) features to
complement the classical spectral EEG features and statistical fNIRS features. The highdimensional multimodal features are given to a feature selection algorithm that relies on
least absolute shrinkage and selection operator (LASSO) for fused feature selection and
linear SVM is used to evaluate the proposed framework. The proposed graph-based
framework improves the conventional hybrid BCI (hBCI) performance with a
substantial increase in the contribution of EEG features to the total number of selected
features when introducing the nonlinear dynamics. These findings suggest that
introducing new tools that rely on graph-based nonlinear analysis can increase the
synergy between EEG and fNIRS modalities for hBCI performance improvement.
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CHAPTER 1 INTRODUCTION

1.1. MOTIVATION
The human brain remains the fascinating creation of divinity. This well-interconnected structure of billions of neurons engaged in a continuous synchronized electrical
firing dialogue has always inspired interdisciplinary research in numerous fields including medicine, neuroscience, and engineering in order to analyze, understand and decode
its complex underlying mechanisms.
Neuroimaging modalities allow clinicians and researchers to investigate structural and functional alterations related to various neurological conditions. Within the
past few decades, brain imaging techniques have been revolutionizing clinical and communication applications for people suffering from severe motor neuron diseases
through brain-computer interface (BCI) systems [1]. These systems are able to extend
the frontiers of human communication to the neural level by encoding discriminative
features of brain responses during certain mental tasks into control signals that can be
used for communication with the external environment. Moreover, BCI systems offer
invaluable clinical insights that have been contributing to both diagnosis and therapy
of many complex brain disorders [2,3].
Motor imagery (MI) has been naturally adopted as a BCI mental task suitable for
people with severe motor neuron diseases. Patients imagine moving a limb, as they are
incapable of performing any voluntary motor execution (ME) task. Probing the brain
during a MI task has become one of the main BCI protocols as the cognitive execution
of movement has been proven to activate brain areas and induce brain responses overlapping with actual motor execution (ME) [4,5] Moreover, MI neural responses can be
1

triggered endogenously, as they do not rely on any external visual or auditory stimulus
to be evoked. This is vital in advanced stages of disability, when patients lose most
voluntary muscle control, including eye-gaze control. MI is, therefore, a great candidate
for BCI systems, as it offers intentionally-generated, decodable brain characteristics
that can be independently controlled by users.
MI tasks for BCI systems offer a wide range of potential clinical applications, as
they offer a non-muscular neurorehabilitation technique through the direct activation of
MI neural circuits in order to enhance motor and cognitive recovery for patients with
severe neuromuscular disorders and brain injuries [6]. These clinical research areas further provide insight into pathological neural markers, corresponding to complex neuromuscular diseases such as amyotrophic lateral sclerosis (ALS), Parkinson’s disease
(PD), cerebral palsy and stroke, which may advance diagnosis and treatment techniques. Moreover, clinical insights and disease-specific signatures of MI neural responses can also complement and improve BCI research through guiding an optimized
design of the BCI system towards a practical assistive technology for the end-users (i.e.,
patients).
To date, Electroencephalogram (EEG) has been the most extensively researched
non-invasive neuroimaging modality in MI-based BCI systems, primarily due to its
non-invasiveness, low-cost, portability, and instantaneous direct measure of neural activity [7]. However, despite existing promising results, many studies have shown that
MI-based BCI end-users do not consistently achieve satisfactory performance levels,
especially without extensive training [8] and successful uses of MI-based BCIs in advanced stages of disability are rarely reported [9,10]. The unsatisfactory MI-based BCI

2

performance remains an open research with few studies investigating the pathological
electrophysiological correlates using experimental tasks involving motor functions
[11–13] and far fewer studies directly quantifying the neural signatures of MI [14]. This
raises questions about relying solely on electrophysiological signatures to control BCIs
for patients’ cohorts.
Functional near-infrared spectroscopy (fNIRS) is another noninvasive neuroimaging modality that has been recently emerging in the BCI domain. fNIRS relies on
optical technology, using near-infrared spectrum light to monitor the hemodynamic vascular responses evoked by neural activity and was found to correlate with the blood
oxygen level-dependent (BOLD) signal recorded through functional magnetic resonance imaging (fMRI) [15]. As fNIRS offers a unique trade-off between EEG’s high
temporal resolution and fMRI’s high spatial resolution, its portability, low cost, metabolic-based specificity, and robustness to various types of artifacts when compared to
EEG, it is a good candidate for many BCI applications. In addition, fNIRS allows for a
less restrictive natural setting that does not necessarily require patients to lay flat or to
be exposed to loud fMRI noises. Therefore, fNIRS represents an important neuroimaging technique with the potential to particularly advance BCI research towards improved
efficacy and a better understanding of the underlying pathological brain functionality.
Strikingly, most of the research effort devoted to the enhancement of fNIRS MIbased BCIs is primarily devoted to healthy individuals rather than end-users who need
these systems the most. Considering a severe neurodegenerative disease such as ALS,
to date, there are no study confirming that patients can use their MI-hemodynamic re-
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sponses (MI-HR) to control a BCI. In order to advance research in clinical BCI applications, research should investigate the feasibility of using various neuroimaging modalities such as fNIRS to decode characteristic hemodynamic signatures related to MI
tasks and investigate the ability of the patients to use these responses to control a MIbased BCI related to MI tasks.
The motivation of this research stems from the persistent need to fully capitalize
on the capacity of advanced neuroimaging modalities on a fused level in order to
achieve a more integrative multimodal representation of the underlying complex neural
dynamics related to motor imagery neural responses. The research proposed in this
study is based on a simultaneous EEG-fNIRS recording and classification of MI neural
responses of healthy individuals and patients suffering from ALS. The integration of
both electrophysiological and vascular signatures of MI responses will develop a novel
characterization of brain activity that will advance the efficacy of neurorehabilitation
methods, guide the optimization of sophisticated BCI systems currently needed to help
millions of people worldwide, and ultimately contribute to ALS biomarker research.
1.2. THE HUMAN BRAIN
The human brain contains about 100 billion neurons connected by about 100
trillion synapses according to the consensus of the neuroscience community [16], which
are anatomically organized over multiple space scales and functionally interact over
multiple time scales. Therefore, exploring the brain and revealing the neural mechanism
of brain activities have been a challenging scientific problem [17]. The brain functions
are highly localized. However, it is being realized that brain can be modeled as a complex network, thus, functions are determined not only by a single neuron or a single

4

brain region independently, but also by interacting neural circuits between brain regions.
The human brain consists of two paired cerebral hemispheres covered with the
cerebral cortex, further divided into four major lobes, each of which is responsible for
certain functions: frontal, parietal, occipital, and temporal lobes. The motor cortex is
the region of the cerebral cortex involved in the planning, control, and execution of
voluntary movements. Classically the motor cortex is an area of the frontal lobe located
in the posterior precentral gyrus immediately anterior to the central sulcus. The motor
cortex can be divided into three areas [18]:
The primary motor cortex (M1): is the main contributor to generating neural impulses that pass down to the spinal cord and control the execution of movement. However, some of the other motor areas in the brain also play a role in this function. It is
located on the anterior paracentral lobule on the medial surface.
The premotor cortex (PM): is responsible for some aspects of motor control, possibly including the preparation for movement, the sensory guidance of movement, the
spatial guidance of reaching, or the direct control of some movements with an emphasis
on control of proximal and trunk muscles of the body. Located anterior to the primary
motor cortex.
The supplementary motor area (SMA): has many proposed functions including
the internally generated planning of movement, the planning of sequences of movement, and the coordination of the two sides of the body such as in bi-manual coordination. Located on the midline surface of the hemisphere anterior to the primary motor
cortex.

5

The brain hemispheres control the body in a contralateral way. Signals from the
motor cortex cross the body’s midline to activate skeletal muscles on the opposite side
of the body, meaning that the left hemisphere of the brain controls the right side of the
body, and the right hemisphere controls the left side of the body. Every part of the body
is represented in the primary motor cortex, and these representations are arranged somatotopically as shown in Figure 1-1. The amount of brain matter devoted to any particular body part represents the amount of control that the primary motor cortex has
over that body part. The primary somatosensory cortex plays an important role in processing afferent somatosensory input and contributes to the integration of sensory and
motor signals necessary for skilled movement. The primary somatosensory cortex is
located just posterior to the central sulcus, in the postcentral gyrus, in the parietal lobe.
Similar to the primary motor cortex, tactile representation is somatotopically organized
from the toe (at the top of the cerebral hemisphere) to mouth (at the bottom). However,
some body parts may be controlled by partially overlapping regions of cortex and each

Figure 1-1 Motor regions of the brain with performance of each region [19].
6

Figure 1-2 Motor regions of the brain with performance of each region [19].

cerebral hemisphere of the primary somatosensory cortex only contains a tactile representation of the contralateral (opposite) side of the body.
The brain response varies according to various types of stimulus (e.g., visual,
auditory, etc.), or different mental and cognitive experiences. It is also highly influenced
by the pathological condition of the brain, as complex neurological diseases may alter
the brain both on the structural and functional levels. These responses can be detected
using various invasive or non-invasive neuroimaging modalities and are being increasingly used for understanding the brain functionality both on the anatomical and network
levels, especially for the characterization of the neuropathological effects of complex
neurological diseases as well as developing cutting-edge assistive and neurorehabilitation technologies.
1.3. BRAIN-COMPUTER INTERFACES (BCIs)
A BCI is a communication system relying solely and directly on the brain activity
without passing through its normal output pathways of peripheral nerves and muscles.
To date, BCI research opened an alternative communication channel for intention
through decoding characteristic brain responses and translating them to messages
and/or control commands that are revolutionizing assistive technologies for the severely
disabled people such as amyotrophic lateral sclerosis (ALS), spinal cord injuries, and
brainstem stroke patients. BCI systems have also numerous clinical applications as it
provides a tool to analyze various pathological neural responses to advance clinical
neuroscience. Furthermore, BCI systems can be used to direct input into the cerebral
cortex in order to electrically stimulate brain regions for clinical treatment purposes.
BCI systems can be categorized according to numerous factors, including the
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brain activity signal acquisition (i.e., invasive vs. non-invasive), the type of neuroimaging modality used to acquire the input (i.e., electrophysiological vs. vascular), the
type of task/stimulus employed to induce the brain activation response (i.e., visual, auditory, or tactile) stimulus evoked response known as exogenous BCI vs. Internally
generated mental task known as endogeonous), etc. However, the scope of this dissertation is limited to non-invasive BCI systems, measuring the brain response from the
scalp surface, that rely on intentionally generated mental tasks (i.e., endogenous), particularly motor imagery (MI).
We define a general framework for MI-BCI considered in this dissertation involves four
basic elements as shown in Figure 1-2:


Data acquisition: according to the recording neuroimaging modality, special electrodes are mounted on the surface of the scalp in standard locations. The locations
are chosen in order to detect the brain activity in the cortical areas corresponding to
the motor functions or any other area of interest, i.e., the pre/frontal, premotor, motor and sensorimotor cortical areas. The brain activity is acquired, digitized and then
amplified if needed.



Signal pre-processing: the first step of acquiring usable signals after amplification
(if needed) is by applying spatial and/or temporal filters in order to enhance the
spatial localization of the activity and reduce instrumental noise and physiological
artifacts of the input signals respectively.



Translation algorithm: this step comprises feature extraction which extracts the
most discriminative signatures from the processed input, and feature classification
which classifies the features into usable output for the BCI application.
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Figure 1-2 Basic elements of a mental task BCI system.


Application: The classified brain responses are used as a control signal for various
types of clinical and/or communication applications (i.e., on-screen cursor control,
spelling, wheel chair control, neurorehabilitation, signature detection for clinical
applications, etc.).

1.4. ELECTROENCEPHALOGRAPHY (EEG)
Electroencephalogram (EEG) provides a non-invasive direct measure of neural
activity by recording electrophysiological signals of the brain using metal electrodes
and conductive media. EEG reflect the accumulated synchronized activity of synaptic
potentials in the dendrites of the cortical neurons [158]. It is a functional clinical assessment tool for various neurological conditions and it has been the first and most
extensively investigated neuroimaging modality for BCI research.
The electrophysiological signals generated within the brain are scattered through
the layers between the actual flow site and the recording electrodes: Because of this

9

scattering effect known as the volume conduction, the spatial resolution of EEG recordings is very limited, but the temporal resolution is considered very high, in the range of
milliseconds.
In order to standardize the electrode placement methodology, international standard systems (i.e., 10-10, 10-20, and 10-5) are adopted. The system's name derives from
the equal spacing of electrodes of the distance between skull landmarks. The “20,”
“10,” and “5” refer to inter-electrode intervals 20%, 10%, or 5% of the total nasioninion or the left-right span of the head. The smaller the inter-electrode interval, the
higher the system’s resolution.
EEG amplitude is very small, in the order of millivolts, thus the signal needs
amplification and is highly vulnerable to various types of artifacts of both physiological
and non-physiological origins. Physiological artifacts include eye blinks, electrooculogram (EOG), muscular artifacts, i.e., electromyography (EMG), and respiratory artifacts. Non-physiological artifacts may result from electromagnetic interference from
nearby instruments, electrical power line interference and improper electrode attachment.
EEG signals are typically described in terms of oscillatory rhythms primarily
divided into four standard frequency bands: delta (1 − 4 𝐻𝑧) , theta (4 − 7 𝐻𝑧) , alpha (7 − 12 𝐻𝑧), and beta (12 − 30 𝐻𝑧). A sensorimotor task-related µ rhythm is defined in the same frequency range as the alpha band is typically observed in sensory
and motor cortical regions strongly associated with motor tasks.
1.5. FUNCTIONAL NEAR-INFRARED SPECTROSCOPY (fNIRS)
Functional near-infrared spectroscopy (fNIRS) is a noninvasive neuroimaging
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modality that relies on optical technology, in which near-infrared spectrum light is projected through the scalp and the skull into the brain and the intensity of the light that is
diffusely refracted is recorded. This allows the monitoring of the vascular (i.e., hemodynamic) responses evoked by neural activity which causes changes in cerebral blood
flow (CBF) and cerebral blood volume (CBV) due to metabolically and functionally
active neuron’s increasing oxygen consumption [20]. Changes in light intensity can be
related to changes in relative concentrations of hemoglobin through the modified Beer–
Lambert law (mBLL) [21]. Due to neurovascular coupling, these changes are reflected
in the variation of oxygenated hemoglobin (HbO2) and deoxygenated hemoglobin
(HbR) concentrations from the cortical surface [22]. fNIRS has been validated for
measuring cerebral functioning non-invasively by correlation with the blood oxygen
level-dependent (BOLD) signal recorded through functional magnetic resonance imaging (fMRI) [15].
fNIRS is measured using light emitting diodes (LED), i.e., emitter optodes
/sources that are positioned on the scalp surface to emit NIR light which penetrates the
surface of the skull on a banana-shaped path (like a parabolic path) through the cortex
then receiver optodes (i.e., detectors) receive the attenuated light that reaches the skin
[23]. Figure 1-3 shows the path of the light through the cortex.
fNIRS use is growing rapidly in clinical settings and research, particularly in
work involving the assessment of cerebral functioning during motor tasks [159]. As
fNIRS offers a unique trade-off between EEG’s high temporal resolution and fMRI’s
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Figure 1-3 Graphical representation of the NIR light path through the cortical surface [24].
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whendemographic
compared to
EEG, it is a good candidate for

many BCI applications. In addition, fNIRS allows for a less restrictive natural setting
that does not necessarily require patients to lay flat or to be exposed to loud fMRI
noises. Therefore, fNIRS represents an important neuroimaging technique with the potential to particularly advance BCI research towards improved efficacy and understanding of the underlying brain functionality.
Figure
Graphical representation of the NIRAND
light HEMODYNAMIC
path through the cortical surface [24].
1.6.1-4
ELECTROPHYSIOLOGICAL

CHARACTERISTICS OF MOTOR IMAGERY (MI) NEURAL
RESPONSES
MI brain responses are generated during the imagination of a limb movement
instead of the actual movement execution. These responses are of particular importance
not only as a naturally adopted BCI input for people with severe motor disabilities,
including ALS, who are incapable of performing any voluntary ME tasks but because
they are being triggered endogenously without relying on any external input. This is
considered vital in some cases such as advanced ALS, when patients lose most voluntary muscle control, including eye-gaze control. Moreover, MI responses offer a wide
range of potential clinical applications, as they offer a non-muscular neurorehabilitation
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technique whether through the direct activation of underlying motor neural circuits in
order to enhance motor and cognitive recovery for patients or by using the corresponding brain responses for electrical muscle stimulation. They also might provide pathological insights specifically related to motor neuron diseases.
Synchronization variations in EEG sensorimotor oscillations in the µ (8–12 Hz)
and β (12–30 Hz) frequency bands are considered a hallmark of several motor-related
components including motor planning, ME, and MI [25]. These oscillatory modulations
are known as event-related desynchronization (ERD) and event-related synchronization
(ERS) [4,26]. Time-locked but not necessarily phase-locked µ and β amplitude suppression (ERD) and enhancement (ERS) linked to imagination onset have been successfully translated to several areas including brain–computer interfaces (BCI) for nonmuscular communication and control purposes to enhance quality of life for ALS patients [25,27,28]. An important characteristic of these frequency specific variations is
that their dynamics are closely related to the functional state of the underlying cortical
neural networks.
As for MI fNIRS response, during cortical activation, local concentrations of
HbO2 increase and HbR decrease are typically observed [29]. Light intensity modulation during the MI task is usually compared with that during a baseline event or rest in
which no task is performed. The observed change relative to the baseline provides information about the hemodynamic response to MI brain activation.
1.7. RESEARCH OBJECTIVES
The major goal of this dissertation is to decode and characterize MI neural responses from various neural information sources including EEG, fNIRS, both on a unimodal and an integrated multimodal level using state-of-the-art neural signal analysis
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techniques including time-frequency based decompositions, statistical parametric mapping, and recurrence quantification analysis (RQA). The quantified EEG and fNIRS
neural signatures are used to classify MI tasks through a computational data fusion
framework that exploits the synergistic aspects of EEG and fNIRS simultaneously
based on selection of discriminative fused features and a cutting-edge machine learning
process. This study contains four major research objectives as follows:


Exploring the electrophysiological signatures of ALS during MI tasks: our first
objective is to quantify the spatio-spectral-temporal dynamics of MI neural response for ALS and to compare them with heathy controls (HC) in order to investigate potential disease-related variations that influence BCI performance for this cohort.



Investigating the hemodynamic signatures of ALS and the feasibility of using
fNIRS responses to control a MI-based BCI for ALS patients: our second objective is to explore the spatio-temporal characteristics of ALS patients’ vascular hemodynamic responses to MI tasks measured using fNIRS in order to guide an optimized BCI design for patients in this cohort. To address the challenge of inter-individual variabilities in fNIRS hemodynamic responses, we propose a subject-specific data-driven approach that identifies discriminative features and classification
parameters for the patients’ individual hemodynamic responses in order to guide an
optimized BCI design.



Comparison of different classification methods towards an optimized hybrid MIbased BCI: our third objective is to evaluate the influence of the classification algorithm on the performance optimization of MI-based BCI systems for ALS patients.
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We compare the classification of the optimized subject-specific hemodynamic features obtained throughout our research using four classifiers, namely, linear discriminant analysis (LDA), support vector machine (SVM), K-nearest neighbor (KNN),
and binary decision tree (BDT).


Multimodal fusion of electrophysiological and hemodynamic signatures of MIbased neural responses: our fourth aim is to explore the effect of integrating both
electrophysiological and hemodynamic signatures of MI-based neural responses in
a multimodal fused decoding and classification framework for the enhancement of
BCI performance. We propose to expand the information content beyond single modalities, then adopt a fused feature selection strategy to identify the most discriminative fused features. We investigate the nonlinear dynamics underlying the MI
neural response to complement the traditionally combined EEG-fNIRS features for
an enhanced hybrid MI-BCI performance.
The outcomes of this research will contribute to an integrated understanding of

the underlying dynamics of the MI neural responses in a multilevel approach, i.e., both
on the unimodal level of analysis and on the multimodal integrated level. This will
ultimately advance the MI-based BCI research by guiding more sophisticated and datadriven optimized design approaches for better performance. Moreover, this could open
new perspectives for the clinical applications of BCI through investigating the pathological abnormalities associated with complex neuromuscular disorders, such as neurorehabilitation and biomarker research.
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CHAPTER 2 AN EXPLORATION OF NEURAL DYNAMICS OF MI FOR
PEOPLE WITH ALS
2.1 BACKGROUND
Few studies have investigated the electrophysiological correlates of ALS using
experimental tasks involving motor functions [11–13]. However, tasks involving direct
ME may not always be plausible for patients with ALS, who eventually lose all voluntary muscle control. MI is generally associated with ERD/ERS patterns similar to those
associated with ME but with reduced magnitudes [30,31]. To date, far fewer studies
have directly quantified the neural features of MI in patients with ALS. In a study by
Kasahara et al [14], the authors identified significantly smaller ERD patterns for ALS
patients than in healthy controls (HC). Other studies relying on ME reported incongruous results. For example, Riva et al [11] reported no change in the ERD amplitudes for
ALS patients during actual movement but a significant reduction in post-movement
ERS in the β frequency band. Bizovičar et al [12] investigated a ME task and reported
no significant difference for µ ERD but a significant weakening in β ERD during preparation for ME in ALS. A magnetoencephalography (MEG) study [13] reported increased β desynchronization for patients during motor preparation and execution, which
contradicts with EEG results. Previous studies have also investigated correlations between clinical measures of ALS progression including the upper limbs and respiratory
functions with ERD/ERS amplitudes. Only significant negative correlations between
ERD amplitude and disease duration in addition to bulbar functions were reported [14].
Neural oscillatory impairments during MI, however, are not yet understood for patients
with ALS, who will eventually need to rely on MI rather than ME due to their progressive loss of executive motor functions. Quantification of MI-sensorimotor rhythms and
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their associations with clinical scores may introduce possible motor and cognitive
markers in ALS which may support enhanced diagnostic and prognostic techniques.
This chapter explores ERD/ERS alterations associated with ALS during MI. We
quantified ERD/ERS dynamics in time, frequency, and space to explore spatio-spectraltemporal signatures of MI in the cortical areas involved in motor preparation and imagination tasks. We investigated features of µ and β ERD/ERS, testing the hypothesis
that ALS patients have significantly weaker ERD/ERS responses relative to HC in MIrelated tasks. Furthermore, we hypothesized that ALS patients might have delayed ERD
onset as a possible pathological signature related to the inefficiency in the neural circuitry underlying motor planning. Localization of MI activity in µ and β frequency
bands were also compared between HC and ALS groups to investigate potential disease-related variations in their topographical maps. Finally, correlations between the
quantified ERD/ERS features and relevant ALS clinical scores were analyzed. Correlations with bulbar functions, evaluated with the bulbar subscore of the ALSFRS (ALSFRS-R-B), and disease duration were analyzed based on results from Kasahara et al
[14]. Similarly, cognitive functions were evaluated using the ALS cognitive behavioral
screen (ALS-CBS) test [32,33] and analyzed for potential associations with quantified
ERD/ERS features.
2.2 METHODS
2.2.1 PARTICIPANTS
Seventeen subjects participated in this study; six patients diagnosed with ALS (5
males, age: 57.0 ± 15.7 years) with varying degrees of disability assessed using the
ALSFRS-R (mean 12.3 ± 8.9, range (0–23), out of 48) and eleven age-matched HC (4
males, age: 62.0 ± 9.7), with no reported history of neurological or psychiatric disease.
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Half of the patients were completely dependent on mechanical ventilation (MV), one
of whom, the youngest (ALS-1), was in a late-stage locked-in state (LIS). All participants were right-handed except for one ALS patient (ALS-6). For the cognitive functions evaluation, due to bulbar and limb dysfunction and communication difficulties,
the information and retrieval (fluency) section of the ALS-CBS test could not be used
effectively, and so only the three portions of the CBS test corresponding to attention,
concentration, and tracking were evaluated. Three of the ALS participants (ALS-1,
ALS-2, and ALS-4) had very poor ALSFRS-R scores (ALSFRS-R from 0 to 7) and did
not have any verbal communication. In order to overcome communication difficulties
in the CBS test for these patients, the one participant (ALS-1) who was in the late-stage
locked-in state, (ALSFRS-R = 0) could not reliably use the eye tracking system, but
could use a P300 speller application through the BCI2000 software [34] to answer the
questions using his residual eye gaze control. The P300 speller allows ALS patients to
select from a matrix of letters with randomly flashing rows and columns by focusing
on the desired letter, and requires minimal eye gaze control. Two other ALS participants
(ALS2 and ALS4) who retained fine eye gaze control could reliably communicate using
an eye-tracking system (Tobii EyeX). A computer-based automated CBS test was developed in the NeuralPC lab at the University of Rhode Island (URI) for this purpose,
and the test was used successfully by these patients in order to evaluate their cognitive
functions. In addition, communication with patients was also required following the
task performance to verify their level of attention and engagement. While ALS participants 2 and 4 (ALS-2 and ALS-4) could reliably communicate through the eye tracking
system (although the communication with ALS-4 required some engagement on the
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part of his caregiver), ALS participant 1 (ALS-1) was completely dependent on his
caregiver for communication. For this patient, the caregiver could identify his engagement level through his residual eye movement in response to yes/no questions. All patients were right-handed except ALS-6 who was left-handed. Table 2-1 shows the patients' demographics and related clinical information for all ALS participants. The study
protocol was approved by the institutional review board (IRB) of URI and written informed consents were provided directly by each subject or patient's caregiver.
2.2.2 DATA ACQUISITION AND EXPERIMENTAL PROTOCOL
A single cap mounting both EEG electrodes and fNIRS optodes recorded both
signals, simultaneously. In the following, we will focus on EEG recording for the purpose of this chapter. EEG signals were recorded from 13 Ag/AgCl electrodes referenced
to the left earlobe. The electrodes covered the pre-motor (FC3, FC4), primary motor
(C1, C3, Cz, C2, C4), sensorimotor (CP1, CP3, CP2, CP4), and parietal (P3, P4) areas
of the brain according to the 10–20 system. An additional electrode was placed at FCz
as the ground electrode (Fig.2.1-left). Data acquisition was handled by BCI2000 software [34].
Table 2-1 Participant’s demographic information
Participant
No.
ALS-1
ALS-2
ALS-3
ALS-4
ALS-5
ALS-6
Mean
(±SD)

RespSS ALSFRS(out of R-B (out
12)
of 12 )

Age

Sex

ALSFRSR
(max 48)

29
55
70
67
69
52

M
M
M
M
F
M

0
4
14
7
23
22

4
11
8
2
11
3

0
4
1
9
12
10

0
0
5
5
11
12

ALSCBS
score
(%)
100
93.8
93.3
86.6
80.0
89.1

-

11.7±9.6

6.5±4.0

6.0±5.0

5.5±5.2

90.5±6.9

57±15.7
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Disease
Duration
(years)

The signals were amplified using a g.USBamp amplifier (g.tec medical engineering), digitized at 256 Hz and zero-phase bandpass filtered (1–45 Hz). The impedance
of the EEG electrodes was kept below 5 KΩ. Data recording from ALS patients was
performed in their own homes or care centers. An adjustable holder was used to allow
patients to view the monitor in bed or in their wheelchair at their desired angle. Recording sessions from healthy controls were carried out in the NeuralPC Lab. The subjects
sat comfortably in an armchair and were instructed to relax their arms and avoid movement.
The task was designed using the BCI2000 stimulus presentation module for MI
[34]. Participants attended two EEG data recording sessions in separate days. Each ses-

Figure 2-1 Left: the EEG-fNIRS montage. Right: Overview of task blocks and timing. Note
that at each imagination block, only one of the pictures of right and left hand was depicted
for subjects.

sion consisted of three runs separated by approximately 5 min of rest. During each run,
the subject was instructed to respond to three types of visual cues presented on-screen
and respond accordingly with three types of mental activities: (a) left-hand motor imagery (LMI) when the cue appears on the left side of the screen, (b) right-hand motor
imagery (RMI) when the cue appears on the right side of the screen, and (c) resting
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when the cue appears in the middle of the screen (Figure 2-1-Right). The imagination
cue was the image of a hand, and participants were instructed to imagine moving their
own hand, for example, to imagine squeezing a stress ball. The resting cue was a green
circle positioned in the middle of the screen to help them relax and not think about any
movement.
A total of ten trials for each type of MI task per run randomly alternated with rest
trials in between. We followed a simple alternation between rest and imagination, where
the participant was intuitively pacing and preparing for the next imagination task at the
end of each preceding rest block. None of the participants had previous BCI experience.
However, the first session was used for subjects to become familiar with the MI task,
while the data recorded from the second session was used for the data analysis. Two
healthy subjects could not attend a second session due to their availability, and data
from their first recorded session therefore was used for data analysis.
2.2.3 DATA ANALYSIS
2.2.3.1 SIGNAL PROCESSING
Offline preprocessing and analysis were performed in MATLAB (MathWorks
Inc.). The data were spatially filtered using a common average referencing (CAR) filter
[35]. CAR was chosen instead of Laplacian transformation as the latter is highly dependent on the number of channels [35] while only 13 channels were used in this study.
CAR involves re-referencing the data to the average of all the channels in order to filter
out any global artifacts appearing simultaneously in all of the channels. Eye movement
artifacts and noise due to mechanical ventilation (in the case of ALS patients) were
removed using the extended Infomax Independent Component Analysis (ICA) algorithm [36,37]. The artifactual components were identified by visual inspection of the
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independent components' spatial topographies in addition to the spectral analysis of
their time courses. The artifact-free EEG signal was then reconstructed after removing
the predominant artifactual components and the data was segmented into 10 s trials
synchronized with the appearance of the visual cues (Rest/LMI/RMI).
2.2.3.2 TIME-FREQUENCY ANALYSIS
In order to characterize the dynamics of the oscillatory activity associated with
MI, time-frequency analysis of the EEG data was performed via complex Morlet wavelet convolution, according to the following equation:
−𝑡2

𝑤=

𝑒 2𝑗𝜋𝑓𝑡 𝑒 2𝜎2

2.1

where w is the complex Morlet wavelet defined as the product of a complex sine wave
and a Gaussian window, 𝑗 is the imaginary operator, 𝑓 is the frequency in Hz, and 𝑡 is
𝑛

the time in seconds, centered at 𝑡=0, 𝜎 is the width of the Gaussian defined as 𝜎 = 2𝜋𝑓,
and 𝑛 is number of cycles. A wavelet family was created ranging from 𝑓 = 3 𝑡𝑜 40 Hz
in 38 linear frequency steps and a variable number of cycles (i.e., 𝑛= 4 to 10) to compromise between time and frequency resolution based on the uncertainty principle [38].
Individual 10 s trials were convolved with the set of complex wavelets, normalized with
uniform scale energy. The time-frequency power maps for each channel were obtained
by squaring the magnitude of the convolution result for each individual trial. Averaging
the time-frequency maps over trials for each task (Rest/LMI/RMI) gives the total timefrequency power, which includes both phase-locked and non-phase-locked activities.
A common conception is that ERD/ERS power modulations reflect band-limited,
oscillatory activity non-phase-locked to an external stimulus, as opposed to phaselocked EEG activity which results from an event-related component [25,39]. In order
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to disambiguate the non-phase-locked oscillatory (induced) component from the phaselocked component (evoked), the procedure in Cohen et al [40] was adopted. Before
applying the time-frequency analysis as described before, the non-phase-locked power
was obtained by subtracting the time-domain trial average i.e. the event-related potential (ERP) corresponding to each task (Rest/LMI/RMI) from the time-domain EEG signal of each individual trial corresponding to the same condition [41]. Then the oscillatory activity was analyzed as described for the total power in the previous paragraph.
After averaging the time-frequency maps corresponding to individual trials with the
evoked responses removed, the induced time-frequency power maps 𝑇𝐹𝑀(𝑡, 𝑓𝑠) were
obtained for each subject and used for further analysis. The mean power for each frequency from the pre-stimulus rest period −5 to −2 s before the imagination cue onset
was used for baseline normalization separately for each frequency band (𝐵(𝑓)).
In order to compute ERD/ERS time courses for further quantification, the timefrequency power spectra at the subject-specific frequency, or the most task-influenced
frequency band within each of the µ (8–12 Hz) and β (13–25 Hz) bands [31], were
extracted from the time-frequency power maps of each MI task for each subject. Subject-specific frequencies were calculated using correlation analysis for each MI task
being defined as the frequency associated with the highest Pearson correlation value of
the corresponding MI (RMI/LMI) task versus rest. Further details are explained in the
following sections.
The paradigm consisted of alternating 10 s rest trials and 10 s imagination
(LMI/RMI) trials. The last 5 s of the pre-stimulus rest trials, the 10 s imagination
(LMI/RMI) trials, and the first 5 s of the post-imagination rest trials were concatenated
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to form 20 s rest-imagination-rest ERD/ERS time courses.
The final ERD/ERS data for each subject represents the relative change of instantaneous power values in the averaged data in relation to the mean baseline power,
calculated for a subject-specific frequency according to the following equation:
𝐸𝑅𝐷/𝐸𝑅𝑆 (𝑡) (%) = (𝑇𝐹𝑀(𝑡, 𝑓𝑠) − 𝐵(𝑓𝑠))/𝐵(𝑓𝑠) × 100

2.2

where 𝑓𝑠 is the subject-specific frequency, 𝑡 is the time (−5 to 15 s), 𝑇𝐹𝑀 (𝑡, 𝑓𝑠) represents the time course of spectral power values defined at the subject-specific frequency 𝑓𝑠 extracted from the induced time-frequency power map and 𝐵 (𝑓𝑠) the mean
of the spectral power during the baseline period (−5 to −2 s) used for normalization.
The final ERD/ERS time course was downsampled to 8 Hz for further interpretation of
the results.
2.2.3.3 ERD/ERS FEATURE QUANTIFICATION
In order to quantify the dynamics of the ERD/ERS patterns and identify discrepancies between the participants with ALS and HC, four ERD/ERS features were extracted from 𝐸𝑅𝐷/𝐸𝑅𝑆(𝑡)(%) time course corresponding to subject-specific frequencies within both µ and β bands. The ERD/ERS features were defined within three taskrelevant activities: preparation (−2 to 0 s), imagination (0 to 10 s), and post-imagination
(10 to 15 s). The ERD/ERS features consisted of the ERD onset latency (ERDonset), the
mean activity (ERDmean), the minimum (ERDmin), and the maximum (ERSmax) activities
according to the interval of interest. For feature extraction, we considered the two seconds immediately preceding the imagination cue as the preparation interval (−2 to 0 s)
[25] and the first five seconds of the imagination task (0 to 5 s) as the imagination interval. We did not consider the full (10 s) time course of the imagination activity as the
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first five seconds were hypothesized to be the interval of optimum subject engagement
in the task. During each of the preparation and imagination intervals, the ERDmin and
ERDmean were calculated, whereas for the post-imagination interval (10 to 15 s) the
ERDmean and ERSmax values were computed. The maximum was considered instead of
the minimum as the post-imagination interval is when we expect the ERS relative power
to increase [28]. Similarly to Zhang et al [42] and [43], the ERD onset latency was
calculated as the time point at which the power first decreased steadily below 15% of
the baseline period (−5 to −2 s). Starting from the preparation interval (−2 to 0 s), the
onset was measured as the latency at which the percent power started to decrease steadily below 15% of the baseline period (−5 to −2 s).
2.2.3.4 TOPOGRAPHIC CORRELATION ANALYSIS
In order to compare MI-related topographic activities between ALS and HC, we
conducted correlation analysis following the study by [31]. Using the squared Pearson
correlation coefficient (r2) at frequencies within both the µ (8–12 Hz) and β (13–25 Hz)
bands for all electrodes, the associations between two paired conditions of LMI versus
Rest and RMI versus Rest (30 trials for each pair) were calculated. For further analysis,
subject-specific frequencies were selected as those corresponding to the highest correlation values for both MI task conditions within each of the µ and β bands. The r2 value
was used as a measure for the proportion of variance of the EEG power accounted for
by the MI task versus rest, which reflects activity localization. Averaged scalp topographies of r2 values were compared between the two groups to investigate potential localization differences in the topographic maps of MI activity in both µ and β bands.
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2.2.3.5 STATISTICAL ANALYSIS
Nonparametric permutation testing was used to test the statistical significance
(p < 0.05) of power changes relative to the baseline (−5 to −2 s) in each of the aforementioned time intervals of interest (i.e. preparation, imagination, and rest) on the timefrequency maps within each group (i.e. ALS, HC). To do so, relative power changes
were computed at each time-frequency point through 1000 iterations, where the time
points were temporally shifted by a random offset in each iteration and at each frequency bin to form a resampled distribution of differences relative to the baseline. Then,
subthreshold (i.e. p ≥ 0.05) points were set to zero to obtain clusters of significant
changes formed by the remaining points. In order to account for multiple comparisons,
all the clusters were then corrected with map-level thresholding at p < 0.05.
The between-group analysis was performed for each quantified ERD/ERS feature
(ERDmin/ERSmax, ERDmean/ERSmean, and ERDonset) value within each of the aforementioned time intervals of interest and the two main frequency bands (µ and β) for all the
channels. Statistically significant differences were analyzed using the nonparametric
Mann–Whitney U-test. Correlations between ERD/ERS features and ALS clinical
scores (i.e. disease duration, ALSFRS-R-B and ALS-CBS) were tested using the Spearman correlation coefficient (rho). The upper limb (ALSFRSul) subscore was not considered for correlation as all patients had ALSFRSul scores of zero. A statistical significance threshold of p < 0.05 was used in all analyses. In order to account for multiple
comparison corrections, the false discovery rate (FDR) adjusted p -values (p < 0.05)
were computed and reported [44].
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2.3 RESULTS
2.3.1 TIME-FREQUENCY ANALYSIS RESULTST
Figure 2-2 illustrates the averaged time-frequency maps across all HC (left) and
all participants with ALS (right) for representative EEG channels for the hand area [45]
over the primary motor cortex (i.e. C3 (top) and C4 (bottom)), during both left- and

Figure 2-2 Averaged time-frequency maps (decibel change relative to baseline) for controls and
patient participants. Data shown are for C3 and C4 channels contralateral to right- and left-hand
MI respectively (RMI and LMI) during the time interval (−5 to 15 s) relative to the imagination
cue onset. The clusters of time-frequency points with significant power changes relative to the
baseline are determined by black solid border lines. Dashed lines illustrate the task intervals
(i.e. preparation, imagination, and post-imagination).
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right-hand MI respectively. The black solid line indicates the borders of cluster areas
formed by time-frequency points with significant power changes (i.e. p < 0.05) relative to the baseline. For HC, we observed that during RMI (0 to 10 s), 100% of timefrequency points at the contralateral channel (C3) were significantly (i.e. p < 0.05) decreased relative to the baseline (−2.79 ± 1.11 dB) in the µ band, while 67% of total
time-frequency points were significantly decreased (−2.14 ± 1.58 dB) in β band. However, during the post-imagination interval (10 to 15 s), the reduction rate observed was
not as profound as the reduction observed during imagination in either µ or β bands for
HC. 29% of total time-frequency points were significantly decreased relative to baseline (−1.37 ± 0.91 dB) in the µ band while only 10% of total time-frequency points
were significantly decreased (−1.22 ± 1.07 dB) in the β band during the same interval
(see Figure 2-2 top, left). No statistically significant power changes were observed at
this same contralateral channel (C3) in ALS participants (see Figure 2-2, top, right).
On the other hand, during LMI (0 to 10 s) for HC, the contralateral channel (C4)
showed significantly (p < 0.05) decreased µ band power changes relative to the baseline at 97% of time-frequency points (−2.31 ± 1.48 dB), while 71% of total time-frequency points showed significantly reduced β band power relative to baseline
(−2.13 ± 1.27 dB). However, no substantial difference of power was observed during
the post-imagination interval (10 to 15 s) for HC. 6% of the total time-frequency
points were significantly decreased relative to baseline (−1.17 ± 0.81 dB) in µ band
while only 3% of total time-frequency points were significantly decreased
(−1.08 ± 0.76 dB) in β band during the same interval (see Figure 2-2 bottom, left). No
statistically significant power changes were observed at this same channel (C4) in ALS
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participants (see Figure 2-2, bottom, right).
2.3.2 ERD/ERS FEATURE QUANTIFICATION RESULTS
ERD/ERS time courses corresponding to each subject-specific frequency within
the µ (8–12 Hz) and β (13–25 Hz) bands during the time interval (−5 to 15 s), relative
to the imagination cue onset, were averaged within each group and compared.
Figure 2-3 shows the averaged ERD/ERS time courses for two representative
channels C3 and C4 during both left- and right-hand MI. While ERD/ERS patterns were
clearly observed for all the subjects (ALS and HC) in both frequency bands and all the
channels, the reduction of the relative power changes were more pronounced for the

Figure 2-3 Grand average time courses of event-related desynchronization (ERD) and
synchronization (ERS) for each subject-specific µ band (8–12 Hz, top) and β band (13–25 Hz,
bottom) for HC and patients with ALS during Left/Right hand MI (Rest-LMI/RMI-Rest)
from −5 to 15s. The shaded bands represent the standard deviation within each group of healthy
and patients.
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HC in comparison with the patients across all the channel locations. We observed a
significant (p < 0.05) delayed ERD for RMI in only two channel-frequency combinations; in the µ band, ERDonset-CP1 (HC: −0.5 ± 0.8 s; ALS: 0.9 ± 1 s; p = 0.02) and in
the β band, ERDonset-FC4 (HC: 0.3 ± 1 s; ALS: 1 ± 1.5 s; p = 0.01). However, these
delays were not significant after FDR correction.
Figure 2-4 shows the scalp topographies of the adjusted p -values for the mean
ERD/ERS activity difference between HC and ALS calculated during the pre-specified
intervals: preparation (−2 to 0 s), imagination (0 to 5 s) and post-imagination (10 to
15 s) in both the µ and β bands specifically for the RMI task. Overall, for the RMI task,
patients had a significantly reduced mean ERD relative to HC during the preparation
and MI intervals. For the µ band, the mean ERD during the preparation interval was
significantly (p < 0.05) reduced in patients compared to HC in only the left hemisphere

Figure 2-4 Adjusted p -value maps derived from the statistical comparison (ALS versus HC) of
the mean activity (ERDmean) during preparation, imagination and rest for right-hand MI task
(RMI) in both µ and β bands. Note: for LMI, only Cz showed the significant difference during
MI which is not illustrated here.

30 between HC and ALS during the preparaTable 0-2 Comparison of Mean ERD percentage
tion interval of the RMI task (−2 to 0 s)

contralateral channels as shown in Figure 2-4. For the β band, the mean ERD during
the preparation interval was significantly (p < 0.05) reduced in patients compared to
HC but the reduction was more bilateral in both hemispheres as shown in Figure 2-4.
Table 2-2 Comparison of Mean ERD percentage between HC and ALS during the preparation
interval of the RMI task (−2 to 0 s)
Frequency
band
µ-band

Channel
HC (ERD%)
FC3
−7.2 ± 18.3
FC4
−7.1 ± 9.7
C1
−5.7 ± 16.5
Cz
−2.4 ± 12.3
C2
−6.3 ± 10.9
C3
−9.7 ± 10.5
C4
−6.5 ± 8.0
CP1
−10.0 ± 8.6
CP2
−5.1 ± 16.8
CP3
−7.6 ± 5.8
CP4
−7.1 ± 15.7
P3
−4.8 ± 9.4
P4
−3.3 ± 21.1
β-band
FC3
−5.0 ± 10.1
FC4
−5.1 ± 4.5
C1
−3.9 ± 8.0
Cz
−5.3 ± 6.1
C2
−5.8 ± 4.6
C3
−5.3 ± 7.5
C4
−3.6 ± 4.2
CP1
−4.9 ± 5.2
CP2
−3.8 ± 8.3
CP3
−4.3 ± 7.6
CP4
−5.9 ± 7.1
P3
−4.6 ± 7.2
P4
−7.5 ± 6.6
a
adjusted-p<0.05. badjusted-p<0.005

ALS (ERD%)
1.9 ± 6.4
4.5 ± 7.9
3.1 ± 7.5
1.2 ± 8.0
4.0 ± 14.3
4.4 ± 9.3
1.2 ± 8.8
7.6 ± 10.6
4.4 ± 10.4
7.6 ± 5.0
0.4 ± 5.1
5.3 ± 6.7
−3.3 ± 6.1
−1.8 ± 3.6
0.5 ± 5.15
5.0 ± 10.1
2.9 ± 10.4
0.8 ± 4.4
4.0 ± 5.0
2.9 ± 7.8
2.7 ± 4.9
2.4 ± 3.6
2.0 ± 4.7
1.9 ± 6.4
−2.8 ± 2.6
0.4 ± 4.7

p -value
0.11
0.11
0.11
0.61
0.21
0.03a
0.15
0.02a
0.15
0.008b
0.11
0.03a
0.37
0.34
0.11
0.11
0.13
0.03a
0.07
0.11
0.03a
0.03a
0.13
0.11
0.73
0.04a

Table 2-2 shows the mean ERD % during the preparation interval for the RMI
task for both HC and ALS and the corresponding adjusted p -values.
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Similarly, during the imagination interval for the RMI task, the mean ERD was
significantly (p < 0.05) reduced for patients in the µ and β bands as shown in Figure
2-4. The reduction was localized in the premotor, sensorimotor and parietal areas in
both frequency bands. The mean ERD% and the adjusted p -values corresponding to the
imagination interval for both frequency bands are reported in Table 2-3. As for the post-

Table 2-3 Comparison of Mean ERD percentage between HC and ALS during the
imagination interval of the RMI task (0 to 5 s)
Frequency
band
µ-band

Channel
HC (ERD%)
FC3
−32.5 ± 18.4
FC4
−33.7 ± 17.9
C1
−34.4 ± 19.9
Cz
−32.5 ± 17.4
C2
−39.4 ± 14.9
C3
−37.4 ± 17.2
C4
−34.1 ± 16.9
CP1
−36.6 ± 15.8
CP2
−34.1 ± 18.2
CP3
−40.4 ± 14.6
CP4
−33.6 ± 19.3
P3
−36.9 ± 10.9
P4
−28.1 ± 21.8
β-band
FC3
−29.1 ± 11.5
FC4
−28.0 ± 12.7
C1
−28.5 ± 14.2
Cz
−29.1 ± 15.6
C2
−30.5 ± 11.4
C3
−33.1 ± 16.1
C4
−28.9 ± 14.4
CP1
−29.9 ± 14.7
CP2
−29.0 ± 10.1
CP3
−30.5 ± 16.7
CP4
−26.9 ± 11.9
P3
−28.9 ± 11.5
P4
−26.2 ± 13.5
a
b
adjusted-p<0.05. adjusted-p<0.005

ALS (ERD%)
−12.9 ± 18.8
−7.2 ± 9.2
−15.7 ± 13.9
−13.0 ± 9.4
−13.7 ± 19.3
−16.0 ± 21.3
−14.0 ± 14.8
−11.8 ± 13.5
−10.1 ± 17.9
−14.3 ± 12.9
−15.5 ± 15.6
−13.2 ± 5.0
−14.1 ± 14.6
−14.7 ± 12.0
−12.4 ± 11.4
−17.7 ± 12.3
−18.8 ± 14.0
−13.1 ± 10.8
−14.5 ± 11.3
−12.6 ± 11.1
−11.3 ± 13.1
−11.1 ± 13.2
−13.0 ± 11.1
−10.9 ± 12.2
−13.7 ± 9.7
−14.1 ± 9.3

p -value
0.09
0.03a
0.11
0.08
0.03a
0.13
0.06
0.03a
0.03a
0.03a
0.09
0.004b
0.18
0.07
0.06
0.13
0.15
0.03a
0.03a
0.06
0.03a
0.06
0.06
0.08
0.03a
0.09
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Table 0-4 Comparison of Mean ERD percentage between HC and ALS during the
imagination interval of the RMI task (0 to 5 s)

imagination interval, the mean ERS activity did not vary significantly between patients
and HC for either RMI or LMI in both µ and β bands.
The minimum value of ERD was also compared between the two groups. It was
significant (p < 0.05) only for the RMI task in both µ and β bands in both the preparation and imagination intervals. As for the maximum value during the post-imagination
interval (ERSmax), no significant difference between HC and patients was observed.
For the LMI task, no significant differences between patients and HC were observed for any of the ERD/ERS features except during the imagination interval, when
only one channel showed significantly (p < 0.05) reduced mean ERD in the µ band for
patients

prior

to

FDR

correction:

ERDmean-Cz

(HC: −37.1 ± 14.4%;

ALS: −21.5 ± 10.4%; p = 0.04). The difference did not remain significant following
FDR correction.
2.3.3 TOPOGRAPHIC CORRELATION ANALYSIS RESULTS
Figure 2-5 illustrates averaged MI scalp topographies of the r-squared (r2) values
for each MI task (LMI/RMI) versus rest within the µ and β bands to compare the topographical activation of MI task relative to rest condition for each group (ALS and HC).
Higher correlation values reflect higher MI activity. Generally, higher activity was observed for both LMI and RMI for HC compared to ALS. For HC, MI topography illustrated bilaterally localized patterns for RMI and more central activity with contralateral
localization for LMI in the µ band. For the β band, more diffused patterns with bilateral
activity in motor and sensorimotor channels were observed for both RMI and LMI tasks.
The activity was slightly more profound in the contralateral channels for all MI tasks in
both bands. For ALS, MI activity was reduced in all channels with the exception of C3.
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Figure 2-5 Averaged topographies of r2 for the µ and β band motor imagination (MI) activity
(i.e. averaged over frequencies within each band respectively). (A) Left- and right-hand MI
versus rest for controls. (B) Left- and right-hand MI versus rest for ALS.

MI r-squared correlation topography showed bilateral activity in µ band more promiTable
0-5 Pearson
correlationfor
values
over
motor
premotor
nent on the
ipsilateral
hemisphere
LMI.
For
the and
β band,
the channels
activity was more

centrally focused, where Cz was a focus of activity for both LMI and RMI. Table 2-4

Table 2-4 Pearson correlation values over motor and premotor channels
Frequency
band

Condition

Channel

HC (r2)

ALS (r2)

µ-band

Right

C3

0.17

0.09

Right

C4

0.17

0.08

Right

Cz

0.14

0.08

Left
C3
0.14
0.16
Figure 2-6 Averaged topographies of r2 for the µ and β band motor imagination (MI) activity
Left within each
C4band respectively).
0.16
(i.e. averaged over frequencies
(A) Left- and0.12
right-hand MI
versus rest for controls. (B)
Leftand
right-hand
MI
versus
rest
for
ALS.
Left
Cz
0.17
0.12
β-band

Right

C3

0.19

0.06

Right

C4

0.16

0.04

Right

Cz

0.16

0.11

Left

C3

0.17

0.12

Left

C4

0.20

0.05

Left

Cz

0.16

0.13
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shows the correlation values for representative motor channels (C3, Cz, C4) for both
HC and ALS in both the µ and β bands.
2.3.4 CORRELATIONS BETWEEN ERD FEATURES AND ALS CLINICAL
CHARACETRISTICS
Correlations between the quantified ERD/ERS features (i.e. ERD min/ERSmax,
ERDmean/ERSmean, and ERDonset in both µ and β bands) and the analyzed ALS clinical
scores (i.e. disease duration, ALSFRS-R-B and ALS-CBS) were examined. Overall, for
the RMI task, particularly in the β band, during motor preparation, ERDmin-C2 was significantly negatively correlated (rho = −0.94; p = 0.03) with ALS-CBS scores (i.e. worse
cognitive function is correlated with less reduction in ERD). Similarly during motor
preparation β band ERDmean-CP1 and ERDmean-CP2 were both significantly negatively correlated, respectively (rho = −0.88; p = 0.03) and (rho = −0.85; p = 0.04), with the
ALSFRS-R-B (i.e. worse bulbar dysfunction is correlated with less ERD reduction during preparation). During motor imagination, β band ERDmin-CP4 was significantly negatively correlated (rho = −0.97; p = 0.01) with the ALSFRS-R-B, in addition to ERDmean-CP4

(rho = −0.88; p = 0.03) and ERDmean-FC3 (rho = −0.85; p = 0.04) in the same

band which also were significantly negatively correlated (i.e. worse bulbar dysfunction
is correlated with less ERD reduction during imagination). No significant correlations
were observed within the µ band or during the post-imagination interval.
For the LMI task, significant correlations were mainly observed in the β band.
During motor preparation, ERDmean-C3 and ERDmin-C3 were both significantly positively
correlated, respectively, (rho = 0.98; p = 0.005) and (rho = 0.92; p = 0.02), with disease duration (i.e. longer disease duration is correlated with less ERD reduction during
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the preparation period). During motor imagination, ERDmean-FC4 was significantly negatively correlated (rho = −0.97; p = 0.01) with ALSFRS-R-B, in addition to ERDmeanC3

(rho = −0.85; p = 0.04), ERDmean-CP2 (rho = −0.97; p = 0.01), ERDmean-CP4

(rho = −0.97; p = 0.01), ERDmean-P4 (rho = −0.85; p = 0.04), and ERDmin-CP4
(rho = −0.85; p = 0.04) which also were significantly negatively correlated (i.e. worse
bulbar dysfunction is correlated with less ERD reduction during imagination). As for
the cognitive functions, there were no significant correlations between any of the
ERD/ERS features with the ALS-CBS for LMI. Figure 2-6 illustrates correlations between the representative feature ERDmean and the bulbar subscore (ALSFRS-R-B) for
both RMI and LMI tasks and for four representative channels (FC3, FC4, CP1, and CP4)
in which the correlations were significant, although the significant values did not
survive after FDR correction.

Figure 2-6 Significant correlations between representative ERD/ERS features in the β band and
clinical measures of ALS progression.
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2.4 DISCUSSION
The first aim of this chapter investigated the impact of ALS on the functional state
of the cortical sensorimotor areas involved in MI by exploring abnormalities in the magnitude and timing of ERD/ERS oscillations in the µ (8–12 Hz) and β (13–25 Hz)
rhythms. Due to the deterioration of muscle control in ALS patients, and considering
the importance of their motor dysfunctions, more studies are required to quantify the
features of MI rather than focusing on the characteristics of ME. In this study, ERD/ERS
features of MI tasks (ERDmin, ERDmean, ERSmax, and ERDonset) were extracted to quantify the dynamics of ERD/ERS oscillations over the scalp using thirteen channels covering the premotor and sensorimotor areas while the experimental paradigm consisted
of three main MI task-related intervals including preparation, imagination, and postimagination. Our results show that ALS patients have an overall reduced mean and minimum ERD during the preparation and imagination activities in both the µ and β bands
compared to HC. However, our results did not identify significant differences in postimagination ERS activities between the two groups for both RMI and LMI in either the
µ or β bands. There were also no significant differences between the two groups during
preparation for the LMI task. The ERD reduction for ALS patients is consistent with
previous studies on ERD during MI in ALS patients [14]. Previous studies involving
direct ME reported inconsistent results. Riva et al [11] reported no changes in ERD
amplitudes for ALS patients during ME but a significantly reduced post-ME ERS in the
β frequency band. Bizovičar et al [12], reported significantly reduced ERD in β frequency band only during the preparation of ME which contradicted a study by Proudfoot
et al [13] in which an increased β desynchronization for patients during actual motor
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preparation was observed. Nevertheless, it is difficult to directly compare the result reported in Proudfoot's study with previous EEG findings as this MEG study adopted a
'Go-NoGo' ME protocol [46] to study motor preparation, which may bias the observed
patterns given associations between β band modulation during motor preparation and
the response uncertainty and inhibitory control involved in this type of protocol [47,48].
Another factor might be considered in this respect is that the sample of ALS patients
considered for this study had an average disease duration of 6.5 years, longer than the
23.7 months in Proudfoot et al [13]. This might suggest that the observed reduced ERD
in this study may be a feature related to later stages of the disease in contrast with earlier
enhanced ERD observed in Proudfoot et al [13]. Longitudinal studies with ALS patients
are ultimately required to verify this hypothesis though.
In general, large µ band amplitudes have been assumed to be associated with deactivated cortical areas that are 'idle' or not currently involved in sensory, motor, or
cognitive information processing [49–51]. Hence, the µ ERD (the decrease or blocking
of the µ band) of the underlying neural populations has been interpreted as an increase
of cortical excitability and an indicator of the functional recruitment of the cortical areas
involved in the processing of sensory, motor, and cognitive information [52] [53]. In
this context, reduced ERD for ALS patients may be interpreted as a signature of reduced
cortical activation during MI due to motor cortical degeneration. Furthermore, a dysfunction in imagery-specific cortical synchronization may be explained by a dysfunction in sensory-motor coupling in the somatosensory cortex [54]. This is consistent with
previous functional magnetic resonance imaging (fMRI) results [55] where ALS patients showed reduced cortical activation during MI tasks. Their study concluded that
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ALS-specific cortical reduction during MI can be attributed to potential cognitive deficits that might make the MI tasks more challenging for these patients. However, they
did not report cognitive evaluation for the ALS patients, only that all subjects found the
task straightforward and had no attentional problems during the task. Another explanation they offered for the reduction of ERD during MI was the potential disruption of the
prefrontal-parietal network involved in the MI due to the ALS extra-motor pathology
that involves prefrontal regions according to neuroimaging and neuropathological studies [33,56–59]. However, they did not report any clinical correlations with the decrease
of cortical activity during the MI task.
In another study by Kasahara et al [14], it was suggested that ERD decrease in
ALS may be due to neuronal loss from the progression of the disease based on a quantitative EEG (QEEG) study in the resting state. Their study reported that ALS bulbar
deficits were significantly correlated with smaller ERD magnitudes. The authors speculated that this might be due to a possible correlation between bulbar deficits and cognitive dysfunction due to fatigue and lack of attention. However, the study did not include a cognitive evaluation for the ALS patients to verify this potential relationship
and its effect on the reported ERD patterns in these patients.
In this study, we found the minimum ERD (ERDmin) and the mean ERD (ERDmean)

were significantly negatively correlated with the bulbar subscale (ALSFRS-R-B)

for participants with ALS in the β band during imagination in the premotor, motor, and
sensorimotor areas for both RMI and LMI tasks, which is consistent with the study conducted by Kasahara et al [14]. However, interestingly, we did not find any significant
correlation between the bulbar subscale (ALSFRS-R-B) and cognitive test scores (ALS-
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CBS). In fact, the patients with most bulbar dysfunction (ALSFRS-R-B = 0) had the
highest ALS-CBS scores. Hence, we could not verify that our observed ERD abnormality and the associations with the bulbar dysfunction are due to cognitive issues such as
attention and concentration that might arise from the bulbar deficits in our ALS sample
group. Moreover, our patients reported no difficulties or attentional problems during the
task. Hence, the relationship between bulbar dysfunction and reduced ERD in ALS
needs further investigation. However, a plausible explanation may be based on the neuropathological features of bulbar deficits in ALS. Evidence from recent studies [60] [61]
suggests that brain regions which are highly associated with speech and language deficits (i.e. Broca and Wernicke areas) in bulbar-onset ALS also play a functional role in
the human 'mirror neuron system' (MNS) [62] which may be also activated throughout
MI [63,64]. It also has been demonstrated that Broca's area contains a motor representation of hand actions [65]. We speculate a potential involvement of MNS deficits in the
reduced ERD patterns, especially for ALS patients with bulbar dysfunction. MNS system impairments have been discussed in relation to various neurological disorders (i.e.
autism spectrum disorders, schizophrenia, Alzheimer's and Parkinson's disease) [66–
69]. However, research in mirror neuron network activation for ALS patients is scarce
[70]. Nevertheless, interestingly, it has been proposed that suppression of both the µ and
β frequency bands can be used to index the human mirror neuron system [71] [72],
which may support our interpretation.
The contrast between MI and ME results remains controversial. One possible explanation of why significantly reduced ERD was observed during preparation of ME
and MI but not during ME might be related to the fact that ME preparation and motor
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imagination activate the same cortical areas and underlying neural networks [30] [73].
Comparisons between ME and MI of hand movements suggest a partial overlap of neural networks associated with both while concluding that these networks may be partly
distinct [74]. This distinction could lead to speculation that ERD reduction is only observed in ME preparation and MI-task related activities (i.e. preparation and imagination) in ALS due to a potential disruption in the underlying cortical neural networks
associated with ME preparation and MI versus ME.
Moreover, we verified the hypothesis that ALS patients have delayed ERD onset.
Our results indicated a significantly delayed ERD onset latency for µ band in the contralateral sensorimotor area to the MI and β band in the ipsilateral premotor area to the
MI. However, these results did not retain significance after FDR correction for multiple
comparisons. Further validation of the hypothesis is therefore required with larger sample size. Delayed ERD onset has been studied and consistently found over the sensorimotor regions contralateral to self-paced movement in other motor neuron diseases
such as Parkinson's disease (PD). In multiple sclerosis (MS), delayed ERD onset latency
was significantly correlated with more severe measures of brain damage suggesting that
MS-related pathology disrupts the underlying neural connections of preparation for ME
[43]. The latency of ERD is generally accepted to reflect the dysfunction of cortical
networks involved in motor preparation [75].
Our results indicate significantly decreased ERD patterns for ALS patients versus
HC and consider the dynamics of these discrepancies over space and time in three MI
task-related intervals (i.e. preparation, imagination, and post-imagination). As mentioned, the underlying neural networks and cortical activations of ME preparation and
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MI are similar [73], but we also consider the preparation for MI which occurs before
the imagination cue onset. During MI preparation, the significant decrease of µ ERD
was only in the contralateral hemisphere. This topography is consistent with the ERD
dynamics during ME preparation which begin contralaterally around two seconds before movement onset [25]. In the β band, the significant decrease of ERD is bilateral
over the sensorimotor and parietal regions during preparation. During imagination, the
significant ERD decrease shifts bilaterally towards the premotor-parietal areas in both
frequency bands. Interestingly, these dynamics are consistent with other neuroimaging
studies (i.e. fMRI and magnetoencephalography [MEG]) investigating the neural networks underlying MI [74,76]. These studies highlight prefrontal and premotor-parietal
MI networks, lateral premotor activation during MI, and consistent activation of the
parietal cortex largely prevailing in the left hemisphere. These neural dynamics reflect
higher cognitive functions during MI such as preparation, intention, and adjusting postural representations during imagination. The spatio-temporal dynamics of the significant ERD reduction of ALS suggest that these patients have a disruption in the underlying MI neural networks activated throughout two main stages of the task (preparation
and imagination); no significant changes were found for the post-imagination interval.
Another interpretation of the involvement of the parietal regions could be related to the
fronto-parietal ERD patterns observed for elderly subjects as opposed to more central
patterns for younger ones, though this pattern was reported in ME rather than MI [77].
It should be noted that the most significant differences between ALS and HC were found
for the RMI task in our patient samples. For LMI, the significant difference was central
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in the motor area and only during the imagination activity. Whether this could be explained by the underlying MI network being predominant in the left hemisphere requires
further investigation.
Comparison of the time-frequency maps of MI for HC versus ALS patients reflected a significant power reduction relative to the baseline, in both the µ and β bands
during the imagination period in HC. However, despite an overall relative power reduction in ALS, this pattern was not significant for these patients. This can explain our
findings of reduced suppression of ERD patterns for ALS patients relative to HC. Worth
noting is that no appreciable ERS was observed for either HC or ALS patients. This
may be explained by the fact that ERS is generally more consistent for ME rather than
MI. It has been speculated that post-ME ERS is related to the deactivation of primary
motor cortex neurons, which are argued to be more involved in ME rather than MI [30].
Comparisons between MI topographic activities illustrated more prominent activity for healthy participants, bilaterally localized in the µ band and more contralateral
in the β band. For ALS, the activity was reduced in almost all the channels with an
ipsilateral localization in the µ band and a slight central localization in the β band. It has
been previously reported that sensorimotor ipsilateral activity is more prominent for
ALS patients during ME tasks compared to HC, but this was not observed for MI tasks
[78].
Our analysis also revealed significant correlations between the considered clinical scores (i.e. disease duration, ALSFRS-R-B, and ALS-CBS) and the extracted
ERD/ERS features. In general, reduced ERD were correlated with worse bulbar func-
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tions (ALSFRS-R-B), worse cognitive functions (ALS-CBS) and longer disease duration. Interestingly, the correlations were found in the β band, which highlights the potential relevance of this band to ALS-specific abnormalities. As discussed before, our
results were consistent with the previous study regarding correlation with bulbar functions. For RMI, worse cognitive functions were correlated with less preparatory ERD.
This might emphasize the effect of ALS on MI preparation and/or ME preparation as
previously discussed. These results indicate that ERD features are sensitive to ALS disease progression and highlight the importance of quantifying the neural dynamics of MI
for these patients particularly when investigating the unsatisfactory MI-based BCI performance for these patients. Considering our outcomes which indicate significantly reduced oscillations in ALS patients, the presence of these dynamics raise questions about
the feasibility of relying solely on EEG to control the BCIs for these cohorts and should
be taken into account in future MI-BCI studies. In Chapter 3, we explore fNIRS MIbased BCI system for ALS patients as a potential solution to compensate for the effect
of the observed disease-specific abnormalities on the performance of these systems.
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CHAPTER 3 AN FNIRS-BASED MI BCI FOR ALS: A SUBJECT-SPECIFIC
DATA-DRIVEN APPROACH

3.1 BACKGROUND
The feasibility of using fNIRS as a BCI control signal was first tested by Coyle
et al. [5], who used a simple threshold technique (i.e., mean HbO2) to classify MI vs.
Rest with 75% average accuracy. Sitaram et al. [29] confirmed fNIRS as a promising
BCI neuroimaging modality, using mean HbO2 and HbR amplitude changes to distinguish left-hand MI (LMI) from right-hand MI (RMI) patterns, with an average offline
accuracy of 73% and 89% with support vector machines (SVM) and hidden Markov
models (HMM), respectively. The first online fNIRS MI-based BCI, “Mindswitch,”
was presented as a basic binary BCI system allowing users to control an “On/Off”
switch in approximately one minute per selection. In this study, users modulated variations in mean HbO2 over their motor cortices by imagining squeezing and releasing a
softball, controlling the system with an online accuracy of 50%-85% [79]. Various levels of complexity in MI tasks were investigated by Holper et al. [80]. Through a crossvalidation process, and using Fisher’s linear discriminant analysis (FLDA), subjectspecific optimal feature sets were selected involving the best performing channel, the
best analysis time interval, and a set of up to four features including mean HbO2 signal
amplitude, variance, skewness, and kurtosis. Simple and complex MI tasks were successfully distinguished, with an average classification accuracy of 81%. Naseer et al.
[81] showed that including the HbO2 signal’s slope along with mean HbO2 can significantly increase accuracy, as can restricting the classification window to [2-7] sec relative to the imagination onset within a 10-sec task interval. The authors discriminated
LMI from RMI responses with an average accuracy of 87% using linear discriminant
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analysis (LDA). Nasser et al. demonstrated the feasibility of adding mental arithmetic
(MA) to LMI and RMI tasks in a three-class BCI and thereby increase the number of
independent commands. They recorded fNIRS from the prefrontal cortex in addition to
the motor cortex during a 10-sec task interval. Their multiclass LDA discriminated between the three classes, with an average offline accuracy of 75.6% using the reduced
time window [2-7] sec after imagination onset.
Research investigating the performance of fNIRS-based BCIs in ALS patients is
scarce. Naito et al. [82] were the first to investigate fNIRS-based BCI for ALS in 2007.
MA and mental singing cognitive activities were used to answer a series of “yes/no”
questions by inducing brain activity variations reflected in cortical blood volume
changes detected with near-infrared light. To assess patients’ ability to modulate cerebral blood volume changes with intentional activity, their detected light intensity signals
were analyzed for the separability of “yes” and “no” patterns, i.e., patients were categorized into two groups, based on the separability of their responses. The average classification accuracy was almost 80% for patients in the higher separation group but did
not exceed 42% for other ALS patients who did not have sufficient separation between
their responses. However, the proposed system only reached acceptable accuracies for
70% of ALS participants who were not in the late stages of the disease, and 40% of the
locked-in patients. One possible explanation for the limited applicability of their approach is a lack of subject-specific features. The authors employed the same features
for all ALS subjects and did not accommodate for possible inter-individual hemodynamic response variabilities. Similar results were demonstrated in a case study of a
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completely locked-in syndrome (CLIS) patient with ALS [83] by classifying hemodynamic responses to correct and incorrect statements, with classification accuracy significantly above chance.
This chapter quantifies subject-specific spatio-temporal characteristics of ALS
patient’s hemodynamic responses to MI tasks measured using fNIRS and assesses the
feasibility of using these responses to control a binary BCI in these cohorts. Subjectspecific data-driven approaches were proposed, and the individualized spatio-temporal
characteristics of hemodynamic responses were explored to optimize BCI performance.
The fNIRS-measured cortical activation was statistically estimated and evaluated using
a generalized linear model (GLM). Seeking discriminative features that accommodate
atypical responses using the subject’s individual patterns, rather than prior assumptions
about their responses, we further proposed a data-driven estimated coefficient obtained
from GLM as a novel feature for MI classification tasks. The performance was evaluated through 5-fold cross-validation using SVM classifier.
3.2 METHODS
3.2.1 PARTICIPANTS
In addition to the six ALS patients who were recruited for our previous study
(see Chapter 2), two additional patients were recruited for the current fNIRS study,
resulting in a group of eight ALS patients in total (age: 57.9 ± 13.8 years, two females),
with varying degrees of disability, assessed using the ALS functional rating scale-revised (ALSFRS-R: 18.2 ± 14.6) on a 48-point scale [32]. The aim of this study is to
assess the feasibility of using fNIRS responses to control a MI-based BCI for ALS patients, hence, only ALS patients were considered for analysis. The two newly recruited
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patients did not have a familiarization recording session similar to the previously recruited subjects. ALS-7 was right right-hand dominant; she could use her hand in a
normal way (Age=54; ALSFRS-R=30). She was diagnosed two years before participating in the study. ALS-8 was right-hand dominant, but he could write with both hands.
3.2.2 DATA ACQUISITION AND EXPERIMENTAL PROTOCOL
fNIRS data were simultaneously recorded with EEG following the same experimental protocol as previously explained (see Chapter 2). The recording was performed
using NIRScout (NIRx Inc.), with two near-infrared light wavelengths (760 nm and 850
nm) to acquire HbR and HbO2 responses, respectively. The signals were digitized at
15.6 Hz, and the optode montage was configured using 16 probes, eight sources, and
eight detectors mounted on a standard EEG cap, with a separation distance of ~3 cm to
maintain acceptable signal quality and sensing depth. The probe-layout resulted in 14
channels, as shown in (Fig. 2-1-left), following previous research, which commonly
reports the engagement of the pre/frontal cortex in addition to the primary motor cortex
in MI-related tasks [84]. As depicted in Fig. 2-1-left, for simplicity, we used source (S)
and detector (D) numbers to illustrate our probe-layout. The sources were located according to the 10-5 electrode placement system as follows—AF3 (S1), AF4 (S5),
FCC5h (S3), FCC1h (S2), FCC2h (S6), FCC6h (S7), CCP3h (S4), and CCP4h (S8)—
while the detectors were placed at AFF1 (D2), AFF2 (D6), F5 (D1), F6 (D5), FCC3h
(D3), FCC4h (D7), CCP1h (D4), and CCP2h (D8). Four fNIRS channels covered the
pre/frontal cortex (CH1, CH2, CH8, and CH9) associated with the pre/supplementary
motor area (pre/SMA), involved in motor preparation. In the proximity of the primary
motor cortex, ten channels (CH3, CH4, CH5, CH6, CH7, CH10, CH11, CH12, CH13,
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and CH14) were positioned to surround the standard C1, C2, C3, and C4 areas as reference points for hand MI-related activation of the motor cortex.
3.3 DATA ANALYSIS
3.3.1 SIGNAL PREPROCESSING
The modified Beer-Lambert Law was used to calculate changes in the concentrations of HbO2 and HbR using recorded alterations in the reflected light attenuation
[21]. fNIRS data were then band-pass filtered at 0.01-0.09 Hz to eliminate physiological noises caused by respiration (~0.3 Hz), cardiac activities (~1 Hz), and Mayer waves
(~0.1 Hz). As fNIRS signal quality can be heavily compromised by the poor coupling
of optodes to the head, by optical interference from dense and heavily pigmented hair,
the quality of the signal was automatically evaluated through the signal-to-noise-ratio
(SNR) of each channel using NIRScout. Further, an exclusion criterion was considered
based on a correlation threshold between HbO2 and HbR, indicating a high level physiological motion artifact [85]. The running correlation between HbO2 and HbR was
calculated for each channel, and if it exceeded an 0.5 threshold, or was strictly -1, the
channel was discarded. Data was initially segmented into 10-sec trials of LMI, RMI,
and Rest, according to the stimulus presentation time. To discriminate MI-HR from
Rest-HR, trials were combined to form two sets, with 60 trials for each condition of
MI-HR and Rest-HR, representing the two classes. Individual MI tasks that contained
artifacts were automatically rejected based on subject-specific thresholds. To analyze
the spatio-temporal characteristics of the complete hemodynamic response pattern, MI
trials were concatenated to the following Rest trials in a single MI-Rest trial (10 sec
LMI/RMI, followed by 10 sec Rest) to form a total of 60 MI-Rest trials. Due to fNIRS
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oscillatory nature, MI task data was then down-sampled by a factor of 8.6 to account
for serial autocorrelations that could impact further hemodynamic response analysis
[86].
3.3.2 THE GENERALIZED LINEAR MODEL (GLM) FORMULATION
An estimation of individualized cortical activation for each MI-Rest trial was
performed by fitting the measured hemodynamic response (mHR) corresponding to the
MI-Rest trial to a generalized linear model (GLM) using a robust regression algorithm
[87]. The GLM was formulated according to [87] using the following equation:
𝑚𝐻𝑅𝑗𝑖 = 𝛽𝑗𝑖 . 𝑑𝐻𝑅 + 𝜓𝑗𝑖 . 1 + 𝜀𝑗𝑖

3.1

where 𝑚𝐻𝑅𝑗𝑖 𝜖 𝑅 𝑁×1 is the measured hemodynamic response, corresponding to the 𝑗th
MI-Rest trial at each channel 𝑖 , and 𝑁 is the size of the fNIRS data (𝑁=36 samples for
the down-sampled segments of 10 sec MI and 10 sec Rest). 𝑚𝐻𝑅 is modeled as a linear
combination of the desired (ideal) hemodynamic response (𝑑𝐻𝑅), 𝛽 is the unknown
regression coefficient quantifying the 𝑑𝐻𝑅 magnitude, 𝜓 is a coefficient to compensate for the baseline drift, 1𝜖 𝑅 𝑁×1 is the constant term to model the baseline, and 𝜀 is
the “error” or “residual” term minimized in fitting the measured 𝑚𝐻𝑅 to the 𝑑𝐻𝑅.
Cortical activation was evaluated based on the statistical comparison of the 𝑚𝐻𝑅
to the 𝑑𝐻𝑅. The 𝑑𝐻𝑅 is typically modeled as a linear time-invariant system, computed
by convolving the stimulus pattern, defined as a boxcar-shaped function, 𝐵𝑜𝑥(𝑘) ,
where 𝑘 references time samples (i.e., 10 sec MI task and 10 sec Rest), with the canonical hemodynamic response function (𝑐𝐻𝑅) as follows:
𝑑𝐻𝑅(𝑘) = ∑∞
𝑛=−∞ 𝐵𝑜𝑥(𝑘) . 𝑐𝐻𝑅( 𝑘 − 𝑛)

50

3.2

𝐵𝑜𝑥(𝑘) = {

0, 𝑖𝑓 𝑘 𝜖 𝑅𝑒𝑠𝑡
1, 𝑖𝑓 𝑘 𝜖 𝑀𝐼

The 𝑐𝐻𝑅 is a specific time series shape generated by a statistical parametric mapping
(SPM) consisting of a linear combination of two gamma functions (𝛤) as shown below
[88]:
𝑘

𝑐𝐻𝑅(𝑘) = (

𝛼1 −1 𝛼1
.𝛾1

. 𝑒 −𝛾1 𝑘
𝛤(𝛼1 )

−𝑐

𝑘

𝛼2 −1 𝛼2
.𝛾2

. 𝑒 −𝛾2 𝑘
)
𝛤(𝛼21 )

3.3

where 𝛼1 =6 sec represents the delay of the hemodynamic response relative to the MI
onset, 𝛾1 = 𝛾2 = 1 sec respectively represent the dispersion of hemodynamic response
and the undershoot, 𝛼2 = 16 sec represents the delay of the undershoot relative to MI
onset, and 𝑐 = 1/6 represents the amplitude ratio of the undershoot to the peak response. The gamma function (𝛤 ) acts as a normalization parameter, and our kernel
length is 20 sec. Robust regression estimates of 𝛽 weights were obtained to indicate
𝑑𝐻𝑅 activity strength and used in further analysis. Note that the 𝑐𝐻𝑅 parameters followed previous studies [87].
Based on the main patterns of the fNIRS hemodynamic responses for motor tasks
in healthy individuals, two main responses could be identified: a typical response of a
delayed increase in HbO2, and a slower, lower amplitude decrease in HbR [24], and/or
an inverted response, characterized by a decrease in HbO2 and/or an increase in HbR
[89]. As the MI-hemodynamic responses (MI-HR) characteristics of ALS and the respective inter-subject variability are still under evaluation, we performed a temporalresponse evaluation prior to the GLM analysis, where each trials’ MI-HR pattern was
evaluated to determine whether the HbO2 response was typical or inverted. Following
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this evaluation, the GLM was applied based on the conventional 𝑐𝐻𝑅 for the typical
response, or an inverted 𝑐𝐻𝑅 for the inverted response. In this way, we ensured that our
GLM was built based on subject-specific cortical activations for both response shapes,
highlighting individualized differences.
3.3.3 BRAIN ACTIVATION MAPS
A key factor in designing a robust BCI based on MI responses is to detect a satisfactory level of cortical activation in response to the task and to investigate its consistency across trials. In this study, a statistical t-value comparison between the measured data for each MI-Rest trial and the 𝑑𝐻𝑅 was adopted based on the estimated
𝛽 weights obtained from our GLM model. The t-value was defined as the ratio of the
regression coefficient to its standard error [87], as shown follows:
𝑡𝑗𝑖 =

𝛽𝑗𝑖
𝑆𝐸(𝛽𝑗𝑖 )

3.4

where 𝑆𝐸 is the standard error of the estimated coefficient to measure the size of the
difference between the 𝑚𝐻𝑅𝑗𝑖 of channel 𝑗 and the 𝑑𝐻𝑅 relative to the variation of a
specific MI-Rest trial 𝑖. The t-values were calculated for individual MI-Rest trials and
used to create brain activation maps to illustrate the statistically significant active channels across trials. A highly positive t-value indicates that the channel is active, i.e.,
highly correlated with the 𝑑𝐻𝑅, whereas a negative t-value indicates an inactive channel. To illustrate the activity for each MI-Rest trial, brain activation maps were created
using the obtained t-values for HbO2 responses. Significantly active channels were defined by t-values higher than the critical t-value (tcrt=1.69), computed based on the degrees of freedom for the data (𝑁-1=35) and the statistical significance level (𝛼= 0.05).
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3.3.4 CLASSIFICATION PROCEDURE
SVM, commonly used to classify hemodynamic responses, were used to evaluate
the performance of each subject and the ability to discriminate between their MI-HR
and Rest-HR responses using 5-fold cross-validation. For channel selection, the t-valuebased channel selection approach explained in section 3.3.3, was adopted, where at
most eight out of fourteen significantly active channels (t>tcrt) were considered for classification [90]. The t-value-based channel optimization used only the training set to
avoid biased estimation. For each training set, the t-values obtained from the GLM
analysis were averaged across the training trials to determine the overall significantly
active channels, selecting from one to eight significant channels. Only the significant
channels were considered for further analysis.
In order to distinguish MI-HR from the Rest-HR condition, eight discriminative
features commonly used in fNIRS-BCI studies were extracted from each HbO2 and
HbR response, corresponding to MI and Rest trials. The features included signal mean
(MeanHbO2, MeanHbR), signal maximum (MaxHbO2, MaxHbR), signal slope (SlopeHbO2,
SlopeHbR), signal variance (VarHbO2, VarHbR), signal skewness (SkewHbO2, SkewHbR), signal kurtosis (KurtHbO2, KurtHbR), and the difference between the mean and the minimum
(DMMHbO2, DMMHbR). In addition, as the MI-hemodynamic response (MI-HMR) for
ALS is still under evaluation, and considering individual MI-HR differences [91], an
additional feature was proposed to account for subject-specific hemodynamic characteristics instead of typical 𝑐𝐻𝑅. This was inspired by promising prior results in which
the 𝛽 coefficients were adaptively estimated for real-time fNIRS imaging and used as
features for classification [92]. For the estimated data-driven 𝛽 coefficient (𝑑𝑑𝛽) fea-
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ture, the GLM model formulation was built based on subject-specific, data-driven hemodynamic responses (𝑑𝑑𝐻𝑅) within a 10 sec period (i.e., only the MI period), instead
of the typical 20-sec period used in the 𝑑𝐻𝑅. The subject-specific 𝑑𝑑𝐻𝑅 was defined
as the overall average MI-HR activation across all the MI trials in the training set to
specifically capture individual hemodynamic patterns. Estimated 𝑑𝑑𝛽 regression coefficients for each trial were then used as additional features representing the cortical
activation strength for each channel.
Features were optimized for each subject through the 5-fold cross-validation iterative procedure to ensure that the subject-specific combination of features that contains the most discriminative information was properly identified. To do so, all possible
combinations of two to eight of the eight features (246 possible combinations, i.e.,
(82) + (83)+. . . +(88), possible one- to eight- channels selected based on the previously
explained t-value brain activation procedure, and time-windows ([0-10] sec, and [2-7]
sec), were considered for each subject’s HbO2, HbR, and combined HbO2 and HbR
fNIRS responses. If both HbO2 and HbR data were used, the feature combinations were
created and concatenated from both signals. The choice of time windows was guided
by promising results from previous studies, reporting that confining the time window
to [2-7] sec post-stimulus within the overall 10 sec MI task period improves classification performance, as typical hemodynamic responses lag the neuronal event by ~2 sec
and take ~5 sec to reach peak value [81]. Notably, the subject-specific 𝑑𝑑𝐻𝑅 necessary
to estimate the 𝑑𝑑𝛽regression coefficients was calculated by averaging the MI trials for
each training set over the selected significantly active channels. Results are reported for
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optimal subject-specific classification outcomes out of all possible classification problems for each subject (3 fNIRS response combinations, 246 feature combinations, 2
time-windows, and up to 8 possible sets of selected channels). The performance was
evaluated using 2 metrics: accuracy (Acc) and the F-score.
3.3.5 CORRELATION ANALYSIS
Correlation between classification accuracies corresponding to each ALS patient
and their clinical scores (ALSFRS-R) was performed using the Spearman correlation
coefficient (rho) with a significance level of 𝛼= 0.05. This analysis assessed the effect
of patients’ disability levels on BCI performance.
3.4 RESULTS
In order to show the consistency of MI-HR cortical activation across trials, GLM
analysis results are displayed in Fig. 3-1, which shows brain activation maps for ten
representative MI-Rest trials, and the averaged map showing overall activation across
the ten trials, for each participant. The brain activation maps show the normalized tvalues within the range of 0-1, for illustration only. The normalized t-values represent
the level of activation of each channel, encoded by color intensity. The numbers in the
maps refer to channel numbers. We observed consistent significant (t>tcrt) cortical activation for all subjects across most trials, which indicates the reliability of MI-HR as a
control signal for a single trial BCI for ALS patients. However, cortical activation topographies were not consistent between subjects, except for primary motor cortex activation. This indicates variable spatial characteristics of MI-HR across ALS subjects,
and highlights the importance of determining subject-specific active channels for an
improved BCI performance.
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Figure 3-1 Brain activation maps for ten representative MI-Rest trials for all subjects to show
consistency of MI activation for ALS patients across trials. The channel locations are displayed as numbers on the plots. The maps show the normalized t-values based on the GLM
analysis, and the color bar shows the level of brain activation. The last column on the right
represents the averaged brain activation map across the ten trials for each subject.

Fig. 3-2 illustrates the averaged brain activation maps (actual t-values) across all
MI-Rest trials. Subject-specific significant activation patterns were observed for all
subjects, with different cortical activation patterns for each individual. ALS-1 showed
significant bilaterally diffused activation over the pre/frontal and motor cortex, with
most significant t-values occurring at CH8 (t-value=2.43), CH6 (t-value=2.36), CH1 (tvalue=2.37), CH2 (t-value=2.13), and CH12 (t-value=2.05). For ALS-2, the most
significant activation was localized in the dominant (left) hemisphere in the motor
cortex CH3 (t-value=4.80), CH5 (t-value=3.91), particularly the area for right-hand
movement (C1 and C3) and the pre/frontal cortex CH1 (t-value=4.82), and CH2 (tvalue=4.39). Slightly lower levels of activation were centered in the motor cortex
Figure 3-2 Brain
maps for ten representative
MI-Rest trials for
all subjects
to show
(surrounding
Cz)activation
in CH4 (t-value=3.45)
and CH11 (t-value=3.91).
ALS-3’s
activity
was
consistency of MI activation for ALS patients across trials. The channel locations are displayed as numbers on the plots. The maps show the normalized t-values based on the GLM
analysis, and the color bar shows the level of brain activation. The last column on the right
represents the averaged brain activation map56
across the ten trials for each subject.

Figure 3-2 Brain activation maps for each subject averaged over all of the MI-Rest trials to
show the overall subject-specific activation levels. The channel locations are displayed as numbers on the plots. The maps show the actual t-values (averaged over all the MI-Rest trials)
based on the GLM analysis, and the individual color bars show the averaged level of brain
activation for each subject (significant activation: t-value>tcrt=1.69).

bilaterally localized in both the pre/frontal and primary motor areas, where CH12 (tvalue=3.24), CH5 (t-value=3.10), and CH3 (t-value=2.44) surrounding the cortical
hand-areas in both hemispheres (C4 and C3, respectively) were the most activated areas.
ALS-3 also had the highest pre/frontal activation at CH1 (t-value=2.68) and CH8 (tvalue=1.93). For ALS-4, the most significant activation was observed in CH11 (tvalue=3.57), covering the central-right primary motor cortex (C2 and Cz) along with
Figure
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CH5 (t-value=4.93) surrounding the right-hand area (C1 and C3), in the dominant (left)

hemisphere, while in the pre/frontal cortex, CH8 (t-value=5.31), and CH9 (tvalue=5.28), covering the pre/frontal cortex in the opposite (right) hemisphere, were the
most activated locations in the right hemisphere. For ALS-6, the activity was more
localized in the left-hand area in the dominant (right) hemisphere, and more diffused in
the left hemisphere. Specifically, CH12 (t-value=5.02) was the most significantly
activated, along with CH4 (t-value=4.57), CH5 (t-value=4.21), and CH1 (t-value=4.05),
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in both the primary motor and pre/frontal cortex, respectively. For ALS-7, activity was
more diffused bilaterally in both the pre/frontal and the primary motor cortex, with
CH12 (t-value=3.88), CH10 (t-value=3.42), CH1 (t-value=3.46), CH5 (t-value=3.40),
CH2 (t-value=3.34), CH6 (t-value=3.21), and CH3 (t-value=3.00) showing the highest
activation levels. For ALS-8, the activity was mainly localized on the right primary
motor cortex in CH13 (t=4.55) and CH12 (t-value=3.75) surrounding the left-hand area
(C2 and C4). The right pre/frontal cortex also had a high activation level, primarily
located around CH8 (t-value=3.69).
Fig. 3-3 illustrates the overall normalized grand-average of HbO2 and HbR responses for each subject over all of the MI-Rest trials for representative significantly
active channels. The figure illustrates the responses starting 5 sec prior to the MI stimulus, followed by the 20-sec MI-Rest trial. In general, we observed a variability in the
temporal characteristics of hemodynamic responses both at the subject level (i.e., across
subjects) and at the channel level (i.e., within each subject).

Figure 3-3 Grand-averaged relative changes of the oxygenated (HbO2) and deoxygenated
(HbR) responses for representative significantly active channels (t>tcrt) during MI-Rest
task (10 sec MI and 10 sec Rest). Each plot shows the hemodynamic response for 5 sec
prior to the MI stimulus onset to 20 sec post-stimulus.
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Comparing subject-specific representative significantly active channels, individual variations in the temporal characteristics of the hemodynamic responses were observed in the onset of the rise and the peak time. For ALS-2, ALS-4, and ALS-6, the
HbO2 rise started ~2 sec after MI stimulus onset. For ALS-3 and ALS-5, the HbO2
response had a relatively early rise, starting almost 0.5 sec after MI stimulus onset.
However, for ALS-1 and ALS-7, the HbO2 rise was delayed, starting ~3 sec and ~4 sec,
respectively. These subjects’ fNIRS response, illustrated in Fig. 4, was a typical pattern
in which the HbO2 response was coupled with a decrease in HbR response at approximately the same time of the HbO2 rise. We further observed individual variations in a
few individuals’ HbO2 response peak times, starting ~5 sec (for ALS-4), ~6 sec (for
ALS-3, ALS-5, and ALS-6), ~8 sec (for ALS-1, and ALS-7), and ~9 sec (for ALS-2).
For almost all subjects, the HbR response reached its lowest level later than its peak
HbO2 response. The lowest HbR responses were ~8 sec (for ALS-5), ~11 sec (for ALS1), ~14 sec (for ALS-6), and ~15-sec (for ALS-2 and ALS-4), relative to MI stimulus
onset. For ALS-3 and ALS-7, the HbR response reached the lowest level ~ 7 and ~8
sec, respectively; however, their responses were extended along the Rest period (i.e.,
there was less difference between the response in the MI period and the Rest period).
For ALS-3, the HbR response maintained a slightly flat decrease, before both HbO2
and HbR responses slowly returned to baseline at the end of the Rest period. For ALS7, the HbO2 response had a second peak ~14 sec, while the HbR response reached
another low level ~15 sec after the MI stimulus onset. Finally, the observed hemodynamic response pattern for ALS-8 was inverted. His HbO2 response started decreasing
~2 sec prior to stimulus onset, reaching its lowest level ~1.5 sec, while the HbR started
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Figure 3-4 Grand-averaged relative changes of the oxygenated (HbO2) and deoxygenated
(HbR) responses to illustrate the observed inverted responses (decrease in HbO2 and/or increase
in HbR) for representative significantly active channels (t>tcrt) for four ALS subjects performing
a MI-Rest task (10 sec MI and 10 sec Rest). Each plot shows the hemodynamic response for 5
sec prior to the MI stimulus onset to 20 sec post-stimulus.

increasing around the stimulus onset, peaking ~5 sec, as illustrated in Fig. 3-3.

Table 3-1 Subject-specific optimized classification parameters, features and performance

Notably, we observed variability in response patterns (i.e., typical versus inverted) at the channel level for several subjects (ALS-1, ALS-2, ALS-3, and ALS-7),
while one subject (ALS-8) showed inverted responses in all channels, and three (ALS4, ALS-5, and ALS-6) had typical patterns in all channels.
Figure 3-5 Grand-averaged relative changes of the oxygenated (HbO2) and deoxygenated
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sentative significantly active channels. For ALS-1, and ALS-2, the HbR response
started increasing ~1.5 sec and ~2 sec after the MI stimulus onset, while their HbO2
response had a relatively early decrease, starting almost 2 sec before stimulus onset.
For ALS-3, HbR started increasing ~3 sec, while the HbO2 response maintained a
slightly flat pattern, below HbR, before both HbO2 and HbR responses slowly returned
to baseline at the end of the Rest period. For ALS-7, the HbR response started increasing around 5 sec, coupled with an HbO2 decrease around 7 sec relative to MI onset.
Individual variations were also observed in response peak and trough times. For ALS1, the HbR response peaked around 6.5 sec, and the HbO2 response reached its lowest
level about 2.5 sec after the stimulus onset. Similarly, for ALS-2, the HbR response
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peaked around 6.5 sec, while the HbO2 reached its lowest level around 1.5 sec poststimulus. For ALS-3 and ALS-7, a relatively late peak of HbR response appeared
around 11 sec and 17 sec, respectively. ALS-7’s HbO2 response reached its lowest level
around 16 sec. For both ALS-3 and ALS-7, the observed inverted response was extended along the Rest period, similar to their typical response, and differences between
responses during MI and Rest conditions are minimal for these two subjects.
Table 3-1 shows subject-specific optimized classification features, parameters,
and performance. For each subject, the optimal number of active channels (up to 8), the
optimal time window relative to the stimulus-onset ([0-10] sec, or [2-7] sec), the most
discriminative fNIRS responses (HbO2, HbR, or both), and the optimal feature combination (of 2 to 8 features) used to obtain the maximum classification performance are
displayed. The performance metrics used averaged 5-fold cross-validation classification accuracy and F-score.
The classification outcomes show that all participants in this study were able to
use their MI-HR to successfully reach an acceptable BCI performance. The performance metrics reported in Table II utilized subject-specific features, channels, and parameters related to each ALS patient’s individual hemodynamic responses.
Overall, ALS subjects achieved an average classification accuracy of
85.4%±9.8% and an average F-score of 0.87±0.09, reaching a maximum accuracy of
98.6% and an F-score of 0.99 (for ALS-4) using a [2-7] sec response window relative
to imagination onset, and only two features (Max and Slope). The minimum accuracy
reached was 73.8%, with an F-score of 0.83 for ALS-1, who was in late-stage LIS. It is
worth noting that using data from both HbO2 and HbR optimized the performance for
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Table 3-1 Subject-specific optimized classification parameters, features and performance.
Time
Subject Number of
Window
Number Channels
(sec)

fNIRS
Signal

Optimal
Feature
Combination

Acc (%) F-Score

1

5

0-10

HbO2

Kurt, DMM

73.8

0.83

2

8

0-10

HbO2

Slope, Mean,
Max, Kurt

88.6

0.89

3

5

0-10

HbO2, HbR

Skew, ddβ

74.4

0.74

4

8

2-7

HbO2, HbR

Slope, Max

98.6

0.99

5

3

0-10

HbO2, HbR

Mean, Kurt

95.0

0.95

6

6

2-7

HbO2, HbR

Slope, Max,
Skew

92.9

0.93

7

6

2-7

HbO2, HbR

Max, ddβ

76.4

0.74

8
Average

1
~5

0-10
-

HbO2, HbR
-

Mean, ddβ
-

83.3
0.88
85.4±9.8 0.87±0.09

almost all subjects (except ALS-1 and ALS-2). Similarly, confining the time window to
[2-7] sec post-stimulus within the 10 sec MI task period improved the classification
performance for three subjects (ALS-4, ALS-6, and ALS-7). In addition, a combination
of two features was sufficient to obtain a satisfactory performance for most subjects,
while the maximum number of features used was four (for ALS-2) out of all of the
possible combinations (i.e., sets of 2 to 8 features) investigated in this study. As for the
number of channels, the optimal subject-specific number of channels varied across subjects from a single channel (for ALS-8) to 8 channels (for ALS-2 and ALS-4).
Fig. 3-5 illustrates the discriminative ability of the features by comparing their
selection frequencies in the optimized subject-specific feature sets across all subjects.
Signal Max was selected as an optimum feature for half of the subjects (ALS-2, ALS62

4, ALS-6, And ALS-7), and Mean, Slope, Kurt, and 𝑑𝑑𝛽 were included in the combination for optimal performance for three subjects as shown in Table 3-1 and Figure 35. Signal Skew and DMM optimized the performance for two subjects (ALS-3 and
ALS-6) and a single subject (ALS-1), respectively.
Our Results did not identify any statistical correlation between the ALS patients’
classification accuracy and their ALSFRS-R score (rho=0.12, p=0.79). This is consistent with previous studies related to BCI performance evaluation for ALS patients
[93]. While the minimum classification accuracy in this study (73.8%) corresponded to
the subject with the lowest ALSFRS-R score (ALS-1), i.e., the highest level of disability, this did not hold for other subjects, such as ALS-4, who had a relatively high degree
of disability (ALSFRS-R=7), but achieved the highest accuracy in this study (98.6%).

Figure 3-5 Histogram showing the selection frequencies of the features in the optimized
subject-specific feature sets.

3.5 DISCUSSION

Table 4-2 LDA Subject-specific optimized classification parameters, features and

The complex neurobiological substrates underlying ALS, along with the variabilities commonly identified in human fNIRS hemodynamic responses [89], can result
in potential subject-specific hemodynamic response changes, adding further challenges
to the practical design of fNIRS-based BCI systems for these patient cohorts. In this
chapter, we proposed a subject-specific data-driven approach to optimize fNIRS-based
performance.
Figure 3-6 Histogram showing the selection frequencies of the features in the optimized
subject-specific feature sets.
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BCI performance for ALS patients. Our findings demonstrated that regardless of their
disability levels, ALS patients can reach a satisfactory level of performance (>85%),
indicating an acceptable level of separability in a binary BCI.
Despite inter-individual variations, our findings showed overall consistent intraindividual cortical activation across trials. Relatively limited inconsistency in the cortical topographies was observed intra-individually, which can be attributed to general
hemodynamic variations commonly reported for fNIRS signals [94]. The observed consistency across trials demonstrated that MI-based hemodynamic responses can be utilized as a potential input signal for a practical MI-BCI system for end-users. Furthermore, an overall significant level of cortical activation was observed for all subjects,
regardless of their disabilities, indicating that hemodynamic responses evoked by MI
tasks can be identified in ALS patients using fNIRS signals. As expected, the overall
activation across all trials for each subject revealed individual cortical spatial distribution, with both the pre/frontal and primary motor cortices having significant bilaterallylocalized activation in almost all subjects. This is consistent with the previous fMRI
and fNIRS findings indicating pre-frontal [74] and primary motor cortex activation
[29,95] during motor imagery tasks that follow the same organization as motor execution, and is not due to muscle activity. Moreover, as reported by other studies [96], the
spatial distribution of hemodynamic patterns associated with MI tasks are more bilateral rather than contralateral when compared to ME, which is consistent with our results, showing bilateral spatial distribution of activation for most subjects.
Evaluating the individualized temporal characteristics of the MI-HR, our results
showed that the main pattern identified for most subjects was a typical hemodynamic
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response (i.e., increase in HbO2 and decrease in HbR) associated with the MI stimulus
onset. However, the observed temporal characteristics of the typical MI-HR varied
across subjects. It is worth noting that only one subject (ALS-8) had an inverted MIHR in all channels. This is consistent with previous fNIRS-based MI studies, observing
inverse oxygenation responses during ME and MI tasks [89,97,98], more likely associated with the imagination of movement rather than execution, as indicated in [89]. Interestingly, in our study, both typical and inverted patterns were observed in different
channels for some subjects (ALS-1, ALS-2, ALS-3, and ALS-7). This suggests fNIRS
response variability on the channel level, within the same subject, and emphasizes the
need for personalized feature sets, capturing subject-specific spatial hemodynamic variations across channels. Moreover, the inconsistency of hemodynamic patterns (i.e.,
typical or inverted) across channels might explain why some subjects who had more
consistent patterns across channels (e.g., ALS-5 and ALS-8) needed fewer channels for
optimized BCI performance than other subjects (see Table 3-1). However, this was not
the case for some subjects (ALS-4 and ALS-6), whose observed typical hemodynamic
patterns were also consistent across channels, but more channels were required to reach
their optimal performance. Whether this could be explained by additional variability in
the temporal hemodynamic characteristics across channels, or distinct spatial activations, requires further investigation.
Generally, fNIRS measures brain activity indirectly based on the cortical neurovascular coupling. In typical responses, the rise of HbO2 levels has been interpreted as
the result of the increase in cerebral blood flow (CBF) to active brain regions stimulated
by the increase in neural activity. Typically, this physiological response remains as long
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as the CBF overcompensates for tissues’ energy demand in the active areas. Hence the
typical response observed in several subjects in this study is explained by localized
changes in their cortical activities through blood oxygenation levels, before slowly returning to baseline upon task completion [24]. The physiological mechanisms underlying inverted hemodynamic responses have not yet been clearly explained. Holper et al.
[89] reported that the inverted response observed in some healthy subjects, during simple and/or complex MI tasks, is likely due to individual variations in the cognitive
mechanisms underlying simple vs. complex tasks. A behavioral interpretation was suggested in the context of the empirical relation [99] (i.e., the Yerkes-Dodson law) between attention (i.e., MI effort) and performance, speculating that the inverse response
might be related to the increased mental load of MI, to the point where the engaged
cortical area starts deactivating. The inverted hemodynamic patterns observed in five
subjects throughout this study (ALS-1, ALS-2, ALS-3, ALS-7, and ALS-8) support
these findings, and suggest a different spatial mechanism underlying their MI experiences. However, individual variations in fNIRS responses and their relationship with
underlying cognitive mechanisms and/or anatomic variability remains an issue in
fNIRS-based BCI studies, and requires further investigation. Another plausible interpretation is based on similar fMRI findings describing negative BOLD responses
[100,101], suggesting that the inverted response can also reflect local neural deactivation due to a decrease in CBF as a result of a decrease in neural activation. Considering
the comparison between fMRI and fNIRS, the increase of HbO2 and/or decrease of
HbR are commonly suggested to reflect hyper-oxygenation that explains a localized
increased cortical activity and, similarly, the decrease of HbO2 and/or increase of HbR
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reflects hypo-oxygenation during decreased cortical activity [89]. Although the deactivation process during ME and MI has been recently reported in fMRI studies [102,103],
the underlying mechanisms of the negative BOLD remains a matter of debate. Whether
the negative responses are of neural origins, or non-neural origins such as “blood steal”
phenomena [100,104], which occurs due to a decrease in CBF adjacent to active regions
with increased CBF, requires further investigation.
Our results showed that MI-HR-based BCI performance could be optimized using subject-specific feature sets and classification parameters. The optimal features fundamentally captured discriminative characteristics of morphological variations between
MI and Rest conditions from significantly active channels. Notably, the proposed datadriven approach for estimating the 𝑑𝑑𝛽 coefficient was comparable to the Mean and
the Slope features, and had a relatively high discrimination ability for some subjects
(ALS-3, ALS-7, ALS-8). Exploring temporal MI-HR characteristics for these subjects,
the difference between their hemodynamic response during MI and Rest period was
less prominent in comparison to other subjects. This might explain the reason why conventionally used features, such as maximum, slope, and mean, could not discriminate
between MI and Rest. However, modeling a subject-specific 𝑑𝑑𝐻𝑅 for these subjects
and using the 𝑑𝑑𝛽 to estimate the strength of the observed activity relative to this response could achieve a satisfactory performance for these subjects. This highlights the
importance of a subject-specific data-driven approach in fNIRS-based BCI design to
achieve acceptable performance, especially for atypical response patterns, potentially
altered by neurological diseases, including ALS. Considering the fact that the fNIRS
signal provides information about underlying hemodynamic activities which might be
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affected by neurological conditions, and the fact that the characteristics of MI-based
hemodynamic responses in ALS patients have not been yet thoroughly identified, it is
plausible that the hemodynamic response characteristics might not maintain a consistent pattern across ALS patients and/or overtime, within the same subject as their
disease progress. The empirical subject-specific data-driven approach proposed in this
study minimizes general assumptions about the expected hemodynamic responses, and
might represent a solution to this problem, specifically when observed hemodynamic
responses do not follow typically expected patterns. Our findings suggest that fNIRS
MI-based BCI systems are promising in terms of advancing BCI research for ALS. In
the next chapter, we explore the performance of different classification methods for
fnirs-based MI BCIs towards optimizing the performance on a unimodal level. Then,
we investigate the integration of fNIRS to EEG in a hybrid multimodal framework in
Chapter 5 where we explore the effect of the complementary synergetic aspects of
merging electrophysiological and hemodynamic signatures on the enhancement of hybrid MI-based BCI systems for both healthy and patients.
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CHAPTER 4 COMPARISON OF DIFFERENT CLASSIFICATION
METHODS FOR fNIRS-BASED MI BCI: A PRELIMINARY STEP TOWARDS
A HYBRID MI-BASED BCI SYSTEM

4.1 BACKGROUND
Previous fNIRS MI-based BCI studies primarily focused on investigating optimal
discriminative feature sets characterizing the MI-HR of healthy subjects for performance optimization [29,81,92,105]. The influence of the classification algorithm on the
MI-based BCI performance has not been yet fully assessed due to relatively few studies
comparing between several classification approaches of MI-HR for healthy individuals
and the fact that to date, there exist no study that compares the performance of various
classification algorithms of MI-HR for ALS patients.
Linear Discriminant Analysis (LDA) and Support Vector Machines (SVM) are
considered

the

benchmark

classifiers

for

MI-based

fNIRS

BCI

systems

[29,80,81,84,106]. Holper et al. [80] used Fisher’s linear discriminant analysis (FLDA)
to classify simple versus complex MI tasks with an average classification accuracy of
81%. Naseer et al. [81] discriminated LMI from RMI responses with an average accuracy of 87% LDA. In another study [106], Naseer et al. used LDA in a three-class BCI,
discriminating LMI from RMI and MA tasks with an average accuracy of 75.6%. Sitaram et al. [29] compared SVM and hidden markov models (HMM) for distinguishing
LMI from RMI patterns achieving an average offline accuracy of 73% and 89% respectively. In [84] H. Peng et al. compared SVM and LDA for the classification of MI in
four directions i.e., up versus down, and left versus right achieving an average classification accuracy of 70.43% and 68.7% respectively using LDA, in addition to 70.7% and
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73.05% classification accuracy using SVM. In [107] Wang et al. compared the performance of Naïve Bayes (NB), LDA, logistic regression (LR), non-linear SVM, and multilayer perceptron (MLP) in a MI versus ME discrimination task in order to gain insight
on the optimal classification performance for motor-based BCI systems. Their results
showed that LR classifier achieved relative higher average classification accuracy than
other classifiers, achieving 31.02%, 30.57%, 30.27%, 30.10%, and 28.45% for LR,
SVM, MLP, NB, and LDA respectively, suggesting that LR should be considered as
one of the promising candidates for fNIRS MI-based BVCI systems. More recently in
[108], Erdogan et al. compared between SVM, artificial neural networks (ANN) and
random forest (RF) for discriminating between hemodynamic patterns of MI versus
Rest, ME versus Rest and MI versus ME tasks of various right hand movements both
on a subject-specific level and on a group level by training the classifiers with features
from all the subjects. The classifiers achieved a comparably high classification performance (>93%) for all the conditions. The performance of K-nearest neighbor (KNN)
and binary decision tree (BDT) classification algorithms has not been yet evaluated for
fNIRS MI-based BCI systems.
This Chapter aims to evaluate the performance of different classification methods
for fNIRS-based MI BCI as a step necessary to explore the effect of various classification algorithms on improving the classification performance of these systems. Subjectspecific data-driven approaches proposed in the previous chapter (see Chapter 3) were
used to extract individualized discriminative features. The optimized performance of
LDA, SVM, KNN, and BDT classifiers was evaluated through 5-fold cross-validation
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and the corresponding subject-specific optimized classification parameters, features and
performance were evaluated and compared.
4.2 METHODS
4.2.1 FEATURE EXTRACTION
Features previously extracted from the MI fNIRS dataset recorded from ALS patients through our study were used for the following analysis (see Chapter 3). Subjectspecific discriminative features, including a proposed data-driven estimated coefficient
obtained from GLM (i.e., ddβ), and statistical features (i.e., Slope, Mean, Max, Var,
Skew, Kurt and DMM) fundamentally capturing the morphological characteristics discriminating between the MI and Rest conditions were used to evaluate the optimized
classification parameters for LDA, SVM, KNN and BDT.
4.2.2 CLASSIFICATION
4.2.2.1 LINEAR DISCRIMINANT ANALYSIS (LDA)
Linear discriminant analysis (LDA) is the benchmark method for identifying the
optimal separating hyperplane for a binary classification task [109] In addition, for its
simplicity and low computational requirements it is an excellent candidate for online
BCI systems. According to the linear hyperplane classification model, given data
{ 𝑥𝑖 }𝑛𝑖=1 , where 𝑛 is the number of samples and 𝑥𝑖 ∈ 𝑅 𝑑 is an appropriate feature vector.
In the training data, we have a class label 𝑦, e.g. 𝑦𝑖 ∈ ±1 for each sample point to represent one of two classes, 𝐶1 and 𝐶2 . LDA searches for an optimal projection direction
𝑤 ∈ 𝑅 𝑑 in the feature space, such that 𝑦 = 𝑤 𝑇 𝑥. This linear function of the input vector
𝑥 is known as a linear discriminant function that assigns the vector 𝑥 form unseen data
to class 𝐶1 if 𝑦 ≥ 0 and to Class 𝐶2 otherwise. LDA provides a robust classification
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that is optimal when both classes have a Gaussian data distribution along with equal
covariance matrices. LDA finds 𝑤 that maximizes the separability between classes by
maximizing the distance between the means of two classes and minimizes the interclass
variances according to the criteria firstly proposed by Fisher [110]:
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝐽(𝑊) =

𝑤 𝑇 𝑆𝐵 𝑤
𝑤 𝑇 𝑆𝑤 𝑤

4.1

Where 𝑆𝐵 and 𝑆𝑤 are the between-class scatter matrix and the within-class scatter matrix, respectively, which are defined as follows:
𝑆𝑤

=

𝑇
∑𝐾
𝑘=1 ∑𝑥𝑗 ∈ 𝑐𝑙𝑎𝑠𝑠 𝑘(𝑥 − 𝜇𝑘 )(𝑥 − 𝜇𝑘 )

𝑆𝐵

=

𝑇
∑𝐾
𝑘=1 𝑛𝑘 (𝜇𝑘 − 𝜇)(𝜇𝑘 − 𝜇)

4.2
4.3

Where 𝜇𝑘 is the sample mean of class 𝐶𝑘 , 𝐾 is the total number of classes (i.e., 𝐾 = 2),
𝜇 is the total mean of all samples, 𝑛𝑘 is the number of samples of class 𝐶𝑘 , and 𝑛 is the
total number of samples.
The Fisher criterion has a great intuitive appeal, and the solution to this optimization problem is simply the first eigenvector of 𝑆𝑤 −1 𝑆𝐵 , corresponding to the largest eigenvalue.
4.2.2.2 SUPPORT VECTOR MACHINES (SVM)
Linear support vector machines (SVM) finds the optimal separating hyperplane,
between two classes, 𝐶1 and 𝐶2 by maximizing the margin between them [111]. The
margin is defined as the distance between the hyperplane and the closest sample points
from both classes, known as the support vectors. Using the linear hyperplane classification model defined in the previous section, given data { 𝑥𝑖 }𝑛𝑖=1 , where 𝑛 is the number
of samples and 𝑥𝑖 ∈ 𝑅 𝑑 is an appropriate feature vector. SVM searches for an optimal

72

separating hyperplane, 𝑦 = 𝑤 𝑇 𝑥 + 𝑏, maximizing the margin 𝑚. which is formulated
according to the following equation:
2

𝑚 = ||𝑤||

4.4

where 𝑤 ∈ 𝑅 𝑑 is the vector of classification weights, b is the bias term, and ||.|| is the
norm operator. This formulation corresponds to the canonical hyperplane for which the
discriminant function 𝑦 is equal to 1 for the support vectors (after scaling the weight
vector 𝑤 and bias 𝑏). The problem of maximizing the margin is equivalent to the following optimization problem:
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐽(𝑤, 𝛾) = 𝐶 ∑𝑛𝑖=1 𝛾𝑖 +
𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

1
2

||𝑤||

2

4.5

𝑦𝑖 (𝑤 𝑇 𝑥𝑖 + 𝑏) + 𝛾𝑖 ≥ 1, ∀𝑖
𝛾𝑖 ≥ 0, ∀𝑖

where 𝐶 is a positive regularization parameter that reflects the misclassification penalty
(set to 1 in our study), 𝛾𝑖 > 0 represents the distance from the misclassified samples to
the margin and 𝑛 is the number of training samples. This constrained optimization problem can be solved using Lagrangian multipliers, equivalent to the Lagrangian dual problem:
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝐿𝐷 (𝛼) = ∑𝑛𝑖=1 𝛼𝑖 −

1
2

∑𝑛𝑖=1 ∑𝑛𝑗=1 𝛼𝑖 𝛼𝐽 𝑦𝑖 𝑦𝐽 𝑥𝑖𝑇 𝑥𝑗

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1, … 𝑛
𝑛

∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖=1
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4.6

Where the new maximization problem depends on the Lagrangian multipliers 𝛼 instead
of 𝑤 and 𝑏. After training, and solving 𝛼, the weights vector 𝑤 corresponding to the
maximal margin separating hyperplane is computer according to the following equation:
𝑤 = ∑𝑛𝑖=1 𝛼𝑖 𝑦𝑖 𝑥𝑖

4.7

Given a vector 𝑥 from unseen data, the linear discriminant function 𝑦 = 𝑤 𝑇 𝑥 + 𝑏
will assign it to class 𝐶1 if 𝑦 ≥ 0 and to Class 𝐶2 otherwise.
4.2.2.3 K-NEAREST NEIGHBOR (KNN)
The K-Nearest Neighbor (K-NN) algorithm is one of the simplest methods for
solving classification problems; it often yields competitive results, particularly in low
dimension feature vectors and high number of samples. K-NN can approximate any
function which enables it to produce nonlinear decision boundaries. The classifier assigns a sample 𝑥 of unseen data to a specific class based on a majority vote of its k
closest neighbors. In this study, a fine K-NN was investigated, i.e., the value of 𝑘 was
set to 1, such that fine K-NN searches through the training samples for the most similar
sample, and assigns its classification label to the unseen vector 𝑥. The similarity measure was defined according to the following Euclidean distance function:
𝑑𝑖𝑠𝑡(𝑥1 , 𝑥2 ) = √∑𝑑𝑗=1(𝑥1𝑗 − 𝑥2𝑗 )2

4.8

Where 𝑥1 and 𝑥2 are two arbitrary samples in the 𝑑- dimensional feature space. Fine KNN preserves the locality of estimation by considering the closest samples into account,
along with reducing the computational burden.
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4.2.2.4 BINARY DECISION TREE (BDT)
Binary decision tree (BDT) is considered a very simple and intuitive classification
model that has grown into a powerful class of nonlinear classifier for examining complex relationships within the data for medical decision making. According to the standard CART algorithm [112], BDT constructs a recursive subdivision of the data space
into two sub-regions, each of which can then be divided independently based on the
feature vector set. This recursive subdivision is modeled by the traversal of a binary
tree, such that for any input sample 𝑥 of unseen data, the search of the region (i.e., class)
to which the feature vector will be assigned to is achieved via a sequence of decisions
along a path of nodes, starting at the root node down to a specific leaf node according
to the decision criteria at each node. A splitting criterion is defined such that the resulting sub-regions are increasingly homogenous, or more “pure”, in the BDT terminology,
with respect to the class variable (i.e., C1 and C2). Thus, the splitting criterion is a
measure of the node impurity, according to which, the node is branched so that the overall impurity of the descendant nodes is optimally decreased with respect to the ancestor
node’s impurity. In this study, the measure of the impurity at node 𝑟 , denoted by
𝐺𝑖𝑛𝑖(𝑟), is defined according to following equation:
𝐺𝑖𝑛𝑖(𝑟) = ∑𝐾
𝑘=1 𝑝𝑟𝑘 (1 − 𝑝𝑟𝑘 )

4.9

where 𝑝𝑟𝑘 is the proportion of samples 𝑥𝑖 in node 𝑟 allocated to class 𝑘 , and 𝐾 is the
total number of classes (i.e., 𝐾 = 2 in this study). The decision tree grows until the rate
of decrease of the Gini index diminishes with further subdivisions and the node 𝑟 becomes a terminal node, the number of samples in node 𝑟 become lower than a threshold,
or the algorithm splits a maximum number of splits. Eventually, in the testing phase, the
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unseen sample is assigned to class 𝑘, associated with the terminal node 𝑟. using the
calculated optimal decision tree model.
4.3 RESULTS
Subject-specific optimized classification features, parameters, and performance
for LDA, SVM, BDT, and KNN classifiers are shown in Tables 4-1, 4-2, 4-3, and 4-4
respectively. For each classifier, the maximum classification performance is displayed
along with the optimal number of active channels (up to 8), the optimal time window
relative to the stimulus-onset ([0-10] sec, or [2-7] sec), the most discriminative fNIRS
responses (HbO2, HbR, or both), and the most discriminative feature combination (of 2
to 8 features) corresponding to each subject.
Table 4-1 LDA Subject-specific optimized classification parameters, features and
performance.
Time
Subject Number of
Window
Number Channels
(sec)

fNIRS
Signal

Optimal
Feature
Combination

Acc (%) F-Score

1

7

0-10

HbO2

Max, Kurt

72.3

0.79

2

6

0-10

HbO2

Slope, Mean,
Skew

85.7

0.85

3

1

0-10

HbO2, HbR Slope, Skew

72.2

0.70

4

8

0-10

HbO2, HbR Slope, Skew

90.0

0.91

5

4

0-10

HbO2, HbR

Slope, Mean,
Max, Skew

92.5

0.91

6

6

2-7

HbO2, HbR

Skew, Beta

89.4

0.89

7

3

0-10

HbO2, HbR

Skew, ddβ

65.9

0.64

8

1

2-7

HbO2, HbR

83.3

0.87

Average

~4

-

-
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Mean, Var,
DMM
-

81.4±9.9 0.82±0.10

To evaluate the subject-specific performance, averaged 5-fold cross-validation classification accuracy and F-score performance metrics were used.
The classification outcomes in terms of the averaged performance metrics showed
that SVM outperformed the other classifiers in discriminating the MI-HR using subjectspecific features, channels and classification parameters determined according to the
characteristic hemodynamic signatures of each ALS patient based on our previous study
Table 4-2 SVM Subject-specific optimized classification parameters, features and
performance.
Time
Subject Number of
Window
Number Channels
(sec)

fNIRS
Signal

Optimal
Feature
Combination

Acc (%) F-Score

1

5

0-10

HbO2

Kurt, DMM

73.8

0.83

2

8

0-10

HbO2

Slope, Mean,
Max, Kurt

88.6

0.89

3

5

0-10

HbO2, HbR

Skew, ddβ

74.4

0.74

4

8

2-7

HbO2, HbR

Slope, Max

98.6

0.99

5

3

0-10

HbO2, HbR

Mean, Kurt

95.0

0.95

6

6

2-7

HbO2, HbR

Slope, Max,
Skew

92.9

0.93

7

6

2-7

HbO2, HbR

Max, ddβ

76.4

0.74

8
Average

1
~5

0-10
-

HbO2, HbR
-

Mean, ddβ
-
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83.3
0.88
85.4±9.8 0.87±0.09

Table 4-3 KNN Subject-specific optimized classification parameters, features and
performance.
Time
Subject Number of
Window
Number Channels
(sec)

fNIRS
Signal

Optimal
Acc (%)
Feature
Combination

F-Score

1

2

0-10

HbO2

Skew, ddβ,
DMM

73.8

0.81

2

8

0-10

HbO2

Slope, Mean,
Max, Skew,
Kurt

84.3

0.84

3

2

0-10

HbO2, HbR

Max, DMM

71.1

0.69

4

8

0-10

HbO2, HbR

Mean, ddβ

90.0

0.90

5

3

0-10

HbO2, HbR

Slope, Mean,
Max,

97.5

0.98

6

3

2-7

HbO2, HbR

Mean, Skew

80.0

0.81

7

3

0-10

HbO2, HbR

Skew, ddβ

65.9

0.64

8
Average

1
~4

2-7
-

HbO2, HbR
-

Mean, ddβ
-

80.0
0.83
80.3±10.3 0.81±0.11

(see Chapter 3). SVM could achieve an average classification accuracy of 85.4%±9.8%
and an average F-score of 0.87±0.09 across all subjects. BDT, LDA and KNN achieved
an average classification accuracy of 82.4%±7.1%, 81.4%±9.9%, 80.3%±10.3% and an
average F-score of 0.81±0.08, 0.82±0.10, and 0.81±0.11 respectively across all the subjects.
Figure 4-1 compares the averaged classification accuracies obtained for each ALS
patient using all the classifiers. ALS-4 achieved the maximum classification accuracy
over all subjects, namely, 98.6% using SVM, a [2-7] sec response window relative to
imagination onset, and only two features (Max and Slope). ALS-5 could achieve a maximum of 97.5% using KNN, a [0-10] sec window, and a set of three features (Slope,
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Table 4-4 BDT Subject-specific optimized classification parameters, features and
performance.
Time
Subject Number of
Window
Number Channels
(sec)

fNIRS
Signal

Optimal
Feature
Combination

Acc (%)

F-Score

1

8

0-10

HbO2

Slope, Skew

78.5

0.83

2

3

0-10

HbO2

Slope, Skew

84.3

0.85

3

1

0-10

HbO2, HbR

Slope, Max,
ddβ, DMM

78.9

0.77

4

8

0-10

HbO2, HbR Slope, Var, Kurt

91.4

0.92

5

1

0-10

HbO2, HbR

Slope, Var,
Skew, ddβ

91.2

0.91

6

6

0-10

HbO2, HbR

Skew, Beta

82.3

0.83

7

2

0-10

HbO2, HbR

Slope, Var,
Skew, Kurt,
ddβ, DMM

69.4

0.68

8
Average

3
~4

2-7
-

HbO2, HbR Skew, Kurt, ddβ 83.3
0.72
82.4±7.1 0.81±0.08

Mean, and Max). Using SVM, the best classification accuracy for ALS-6 was 92.9%,
using a [2-7] sec window and three features (Slope, Max and Skew). Similarly, SVM
achieved the maximum classification accuracy for ALS-2, namely 88,6%, using a [010] sec response window, and four features (Slope, Mean, Max and Kurt).
For ALS-8 LDA, SVM and BDT could equivalently achieve a maximum accuracy
of 83.3% using both [2-7] sec and [0-10] sec windows and SVM could classify a minimum number of two features (Mean and ddβ). For ALS-1, who was in late-stage LIS,
using a [0-10] sec window, the maximum accuracy was 78.5%, achieved using BDT
and only two features (Max and Skew). Similarly, for ALS-3, BDT achieved the best
classification accuracy, 78.9%, using a [0-10] sec window and a set of four features
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(Slope, Max, ddβ, and DMM). Finally, for ALS-7, the maximum classification accuracy
was 76.4% using SVM, a [2-7] sec window and two features (Max, and ddβ). The number of channels used to achieve the optimum classification accuracy for each subject
ranged from a single channel (ALS-8) to eight channels (ALS-1 and ALS-4).
The optimum subject-specific feature set depended on the classification algorithm, however, some of the features were more discriminative, i.e., relatively more
selected than the others across all the classifiers. For most of the participants, (ALS-1,
ALS-2, ALS-3, ALS-4, ALS-5, and ALS-6), statistical features commonly used in the
literature, namely, Slope, Mean, Max, Skew and Kurt were relatively more selected
across all the classifiers. As for ALS-7 and ALS-8, the ddβ feature optimized the performance for almost all the classifiers.

Figure 4-1 Histogram showing the selection frequencies of the features in the optimized
subject-specific feature sets.

4.4 DISCUSSION
Table 4-5 Participant’s demographic information.

The reliable operation of a MI-based fNIRS BCI for ALS patients requires addressing the challenges facing the accurate classification of the characteristic signatures
of these hemodynamic responses. These challenges stem from the variability commonly
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identified in fNIRS responses and the subject-specific spatial and temporal hemodynamic response characteristics identified for these patients. Previous studies primarily
focused on exploring optimal feature sets in order to capture the discriminative characteristics of the underlying hemodynamic response signatures. However, the influence of
the classification algorithm on the performance has not been yet evaluated.
This study evaluated the performances of four different classification algorithms
(LDA, SVM, BDT, and KNN) for the classification of MI-based hemodynamic responses of ALS patients. Our empirical findings demonstrated that linear SVM provides
a powerful classification method when compared to the other classifiers. This is consistent with previous studies commonly applying SVM for the classification of fNIRSbased responses of healthy individuals [84,113].
The study explored the performance of two nonlinear classifiers (BDT and KNN)
in comparison with the commonly used linear methods (LDA and SVM) in order to
explore the underlying complex linear or nonlinear structures of the multichannel hemodynamic responses. Our results demonstrated that on average, the nonlinear algorithms did not offer an advantage over the linear ones in almost all of the subjects. However, the performance of three subjects (ALS-1, ALS-3, and ALS-5) was optimized using the nonlinear classification algorithms. These findings emphasize on the subjectspecific hemodynamic signatures of MI for ALS patients, suggesting that the subjectspecific optimized classification method is highly dependent on the structure of the corresponding individualized signatures.
Our results showed that although SVM represents an excellent candidate for MIHR-based BCI, the performance optimization with respect to classification accuracy
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could benefit from nonlinear classifiers as well. However, the BCI design approach
should consider the tradeoffs imposed by nonlinear methods related to the training time
and memory requirements.
Our findings highlight the robustness of the statistical features commonly used in
MI-based signature classification (Slope, Mean, Max, Skew and Kurt) across classifiers.
This highlights the importance of capturing the subject-specific discriminative spatial
and temporal characteristics of the MI hemodynamic responses as a fundamental approach for an optimized MI-based fNIRS BCI. Our results emphasize on the primary
role of decoding discriminative features that optimally capture the underlying structure
of MI neural signatures on the classification accuracy with a secondary role being attributed to the choice of the classification approach.
The research presented in this chapter represents a preliminary step towards designing a fully integrated hybrid EEG-fNIRS MI-based BCI system. After evaluating
the effect of classification methods on MI-based fNIRS BCI, in Chapter 5, we evaluate
the effect of decoding a holistic fused MI neural response representation that expands
the information content beyond single modalities on the classification performance. We
explore the nonlinear dynamics underlying MI neural responses in EEG to complement
the traditionally combined EEG-fNIRS features to achieve an optimized hybrid MIBCIs performance for both healthy and patients.
.
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CHAPTER 5 A GRAPH-BASED NONLINEAR DYNAMIC
CHARACTERIZATION OF MOTOR IMAGERY FOR AN ENHANCED
HYBRID BCI PERFORMANCE

5.1 BACKGROUND
The progress in acquiring multimodal neuroimaging data opens new frontiers in
systematically discovering a discriminative multimodal representation of neural responses to convey users’ intent through hybrid brain computer interfaces (hBCIs). Incorporating multiple neural data sources, including EEG and fNIRS, into a hBCI framework expands the information content of the acquired neural signatures. This allows
extracting a holistic multimodal electrical and vascular-hemodynamic representation of
the underlying neural response across different spectral-temporal scales and has the potential of advancing BCI research. Traditionally, most MI neural responses in BCI systems have been characterized using spectral analysis of EEG sensorimotor oscillatory
variations in the μ (8–12 Hz) and β (13–25 Hz) frequency bands for communication in
EEG-based MI-BCIs [25,114]. However, despite continuous research efforts, EEGbased MI-BCIs still fall far short of achieving satisfactory performance levels. This is
likely attributable to several inherent limitations of EEG, including its complex nonstationary nature, its poor spatial resolution, low signal-to-noise ratio (SNR), and potential
disease-specific abnormalities in patients’ electrical responses that impose additional
challenges in extracting discriminative features from their MI responses [14,115]. Recently, fNIRS opened new horizons to characterize and decode the MI neural response
for communication, with remarkably promising results for both healthy and patient populations [116,117]. fNIRS is an optical neuroimaging modality that measures changes
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in oxygenated (HbO2) and deoxygenated (HbR) hemoglobin concentrations on the cortical surface [22]. Similar to EEG, fNIRS is a noninvasive, safe, portable, and costeffective neuroimaging modality suitable for less restrictive recordings at patients’ bedside [22]. With EEG’s instantaneous measure of neural activity, which complements
fNIRS’ metabolic-based spatial specificity, and its robustness to various types of artifacts, EEG and fNIRS represent excellent candidates for simultaneous multimodal recording that capitalizes on their similarities and maximizes the benefits from their complementary features. However, to exploit the potential benefits of combining both modalities in a hybrid MI-BCI framework fully, systematic approaches are needed to characterize the fused EEG-fNIRS representation of the MI neural responses to ensure that
the discriminative features that capture the underlying neural dynamics embedded in
these multimodal signals are extracted completely, and translated meaningfully into efficient means of communication [118,119].
To date, several MI-BCI studies have explored the combination of EEG with
fNIRS to improve MI-BCI performance. Hybrid MI-BCI systems were first investigated
in [120] in which integrating fNIRS features with the classical EEG spectral band-power
features was suggested and enhanced the classification accuracy by 5% on average.
However, in their study, the hybrid EEG-fNIRS configuration was based upon “decision-level” fusion of both modalities, in which the unimodal features were fed into separate classifiers on an individual level and the final outcome was selected optimally
based upon the union of both modalities through a meta-classifier (i.e., the final decision
is based upon either EEG or fNIRS). Moreover, only the mean changes in HbO2 and
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HbR concentrations in fNIRS were used as fNIRS features, which did not capture the
MI hemodynamic response temporal characteristics fully.
Other studies have investigated “feature-level” fusion, in which EEG and fNIRS
features are concatenated and selected optimally before training the classifier to provide
a broader range of information [121], [122], [123].This allows greater synergy between
modalities as the classifier can learn a fused electrical-hemodynamic representation of
the MI neural response. For example, in [121] slope indicators of HbO2 and HbR were
combined with their mean to generate a set of features extracted from fNIRS signals and
regularized common spatial patterns (RCSP) estimated separately for μ- and β-filtered
EEG signals, which resulted in 85% and 92% classification accuracies for EEG and
fNIRS, respectively, in a Movement-Rest recognition task. In their work, simple concatenation of EEG and fNIRS features achieved a 2% improvement in accuracy over
fNIRS unimodal classification, and no feature selection strategy was used, as their feature set was small. A hybrid EEG-fNIRS configuration was proposed in [12] to increase
the number of control commands to four and eight commands, respectively. The control
commands were decoded from ME tasks in EEG and mental arithmetic (MA) tasks in
fNIRS. The MI features were extracted based upon the β-filtered EEG peak amplitudes,
and only the mean values of HbO2 and HbR were used as fNIRS features. They reported
high classification accuracies across subjects that ranged from a mean of 80-95%. However, the objective of their study was to increase the number of control commands, and
hence, the classification accuracy was evaluated individually for each modality and each
control command without considering EEG-fNIRS data fusion. Chiarelli et al. [13]
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achieved a significant 10% mean increase in performance across subjects using multimodal EEG-fNIRS recording when compared to standalone modalities. The study used
an advanced non-linear deep learning classification procedure to learn complex synergistic structures in the fused data on the feature-level. However, similar to previous
studies, classical linear spectral power features were extracted from EEG, while only
the mean HbO2 and HbR concentrations were extracted as fNIRS features. While the
improvement in performance over unimodal classification was promising, the extracted
fNIRS features did not capture the hemodynamic response’s temporal characteristics
fully, which potentially degrades the unimodal classification accuracy and affects the
fused EEG-fNIRS representation in the hBCI framework. In another study by Yin et al.
[124], a hybrid EEG-fNIRS framework was used to decode the force and speed of hand
clenching to increase the number of classified commands in MI-BCI. The authors investigated the effect of broadening the information content within each modality on the
classification accuracy of both the unimodal and fused levels. Band-power, amplitude,
phase, and frequency features were extracted from μ and β frequency bands in EEG
rather than relying solely on the classical band-power features, while the difference between HbO2 and HbR concentrations (HbD) was proposed as a single feature to increase
the fNIRS classification accuracy. The mean classification accuracy improved by 18%
over classical power features for EEG and 1% over individual HbO2 and HbR features.
To optimize the fused EEG-fNIRS feature selection, a feature optimization method
based upon joint mutual information was proposed to remove redundant information
that might affect the classification accuracy. However, the improvement in the hybrid
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framework’s performance was 13% and 1% over unimodal fNIRS and EEG, respectively, when averaged over all subjects. To avoid a priori feature selection, deep learning
was adopted in [125] to extract the fused discriminative EEG-fNIRS representation directly and optimize classification performance. The decrease/increase in power spectral
density, i.e., event-related de/synchronization (ERD/ERS) in the μ and β frequency
bands were extracted as discriminative features for EEG, while only the mean HbO2
and HbR were extracted from fNIRS from all the recording channels. Promising hybrid
performance improvements of 8% and 18% were achieved over unimodal fNIRS and
EEG, respectively. Nevertheless, a large EEG dataset was required in their study to apply such deep-learning techniques [126].
In addition to the applications of EEG-fNIRS in MI-BCIs aforementioned, many
studies have considered EEG-fNIRS feature-level fusion procedures to improve the performance in other hBCI applications. For example, Nguyen et al. [17] classified driver
drowsiness during long-term simulated driving using combined EEG and fNIRS features and achieved a mean5.5% improvement in accuracy when compared to single modality features. In [127], a deep learning procedure was used to classify mental workload
from temporal and spectral features extracted from fNIRS and EEG data with a mean
improvement in classification of 8% and 23% over unimodal fNIRS and EEG features,
respectively. EEG-fNIRS feature-level fusion was performed in [19] using canonical
correlation analysis (CCA) and resulted in 7.9% and 12.1% improved accuracy in a
mental stress assessment problem over unimodal EEG and fNIRS, respectively. In
[119], the mutual information criterion was used as a powerful mathematical tool for
feature selection to minimize the redundancy between high-dimensional multimodal
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EEG-fNIRS features to classify neural responses of a visuo-mental paradigm adopted
from the P300 BCI speller application. The mutual information-based feature selection
resulted in a 16% improvement in accuracy over hybrid classification with no feature
selection, and 12% and 23% improvements over single modal classification using EEG
and fNIRS, respectively.
Despite these considerable efforts to merge EEG with fNIRS for BCI applications,
a significant gap remains before the benefits envisioned for multimodal hybrid techniques to achieve robust and desirable performance in practical environments can be
obtained. This is likely attributable to two reciprocal factors: First, a methodological
approach to optimize the selection of fused electrical and vascular-hemodynamic features in an integrative manner is needed to use each modality’s unique properties from
the multimodal high-dimensional features efficiently as an alternative to simple feature
concatenation [118]. This is crucial to avoid redundant information in the fused feature
space that can degrade classification performance [124]. In addition, compared to the
relatively smaller feature vectors that correspond to single modality features, the feature
vector’s increased dimensionality that result from concatenating multimodal features
from multiple channels, together with the limited number of samples available from
simultaneous EEG-fNIRS recordings, may impose additional challenges related to overfitting [128]. To address this, various feature selection approaches have been suggested
for MI-BCIs; however, least absolute shrinkage and selection operator (LASSO) feature
selection algorithms have demonstrated practicality and superiority for MI-BCIs compared to other methods, particularly for relatively small datasets where deep learning
techniques cannot be adopted [129]. Second, a systematic approach to characterize the
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underlying dynamics of the MI neural response fully within each single modality is
needed. This will ensure that he information content of the fused MI response representation in the feature space is maximized, and is considered a crucial step before the
selection of discriminative fused features can be optimized. For example, extracting the
mean HbO2 and HbR concentrations may not be sufficient to characterize the MI hemodynamic response’s temporal dynamics completely. Including other statistical features can broaden the information range of the hemodynamic feature space, and hence,
improve the discrimination of fNIRS modality.
Similarly, for EEG, the inherent complex nonstationary nature of the signals suggests investigating novel analysis methods to discriminate the MI response better beyond traditional linear spectral analysis features. Generally, from the perspective of nonlinear dynamics, the brain is a very complex dynamic system at all levels, from the
nonlinear modeling of a single neuron’s burst patterns to the macroscopic measurement
of the activity of large groups of neurons measured with EEG from the surface of the
scalp [130]. Rooted in chaos theory and the nonlinear dynamic systems literature, the
recurrence quantification analysis (RQA) approach is a powerful nonlinear analytic tool
developed for chaotic time series. RQA has been applied successfully to measure numerous biological signals’ complexity, particularly when traditional techniques fail, including heart rate variability [131], [132], [133], muscle activity [134], [135], as well as
epileptic EEG [136]. Because they are more suitable for the analysis of short, noisy, and
nonstationary time series, RQA complexity measures were proposed as a new way to
analyze event-related potentials by identifying transitions in the brain process during
surprising moments on a single trial level, rather than the traditional averaging of many
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trials, which emphasizes RQA’s robustness[137]. Complex system’s recurrent behavior
involves transitions between periods of regularities to more complex irregular cycles,
as well as chaos to chaos transitions [137].
Recent evidence from our group and others suggested that nonlinear RQA features
are sensitive to transitions between motor tasks and rest in EEG [138,139]. For example,
in a previous study [139], nonlinear RQA and graph-based features were evaluated for
an EEG-based MI-BCI with a mean improvement of 5.8% when compared to classical
linear features. To date, linear spectral features are MI-BCI’s primary characterizing
features, and nonlinear features have not been explored for hybrid MI-BCIs. Exploring
these nonlinear properties of EEG will broaden the information range decoded from the
MI response. In this respect, RQA and graph-based features may provide a novel dimension of characteristic nonlinear features for hybrid MI-BCIs. These features characterize the underlying nonlinear dynamics of the complex sensorimotor neural system
and their corresponding graph-based topological information from the EEG time series
observed during motor tasks.
The goal of this chapter is to propose a systematic multimodal data fusion framework to represent and decode MI neural responses for hBCIs. The framework extracts
high-dimensional multimodal linear and nonlinear features that expand the information
content within the single modalities, and then adopts a fused feature selection strategy
to identify discriminative EEG-fNIRS fused features to improve MI neural response
classification. We propose to analyze the changes in the nonlinear dynamics and recurrence patterns underlying the MI-based EEG neural responses and extract graph-based
nonlinear features as an additional information dimension to the classical EEG linear
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spectral band-power features. Further, a set of statistical features are extracted for the
temporal characterization of fNIRS MI responses. The fusion of the extracted multimodal features is finally evaluated to determine the improvement in hybrid EEG-fNIRS
MI-BCI’s performance. Through the proposed analyses, we intend to investigate a new
informative dimension to decode MI neural signatures to enhance hybrid MI-based BCI
applications’ performance. We hypothesize that the EEG nonlinear features will complement the traditional EEG linear spectral features that characterize the sensorimotor
oscillatory variations in the electrical MI response and the linear fNIRS features that
characterize the temporal characteristics of the hemodynamic MI response combined
traditionally in hybrid EEG-fNIRS MI-BCIs. Simultaneous EEG-fNIRS data were recorded from eight healthy participants as they performed a MI-Rest task. RQA analysis
and complex network theory were used to extract the nonlinear dynamics within the μ
and β frequency bands. Nonlinear graph-based RQA features were extracted from the
recurrence plots (RPs) reconstructed from each μ- and β-filtered one-dimensional EEG
time series measured at each channel and its adjacency matrix reinterpretation. Classical
linear spectral features were extracted using the mean power spectral density over the
corresponding frequency bands. In addition to their mean, used commonly in previous
studies, the fNIRS response’s temporal characteristics were captured fully using various
features extracted from fNIRS HbO2 and HbR. To overcome the challenge of highdimensional multimodal feature vectors, we applied the LASSO algorithm to select the
most informative fused features. Three types of EEG-fNIRS fused data were evaluated
to analyze the effect of broadening the information content of the MI neural response
on the performance of hybrid MI-BCI. The performance of the unimodal techniques
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was evaluated further for comparison through a 5-fold cross-validation procedure using
a linear support vector machine (SVM).
5.2 MATERIALS AND METHODS
5.2.1 DATA ACQUISITION, PARTICIPANTS, AND EXPERIMENTAL
PROTOCOL
For this study, a total of thirteen subjects attended two MI data recording sessions
on separate days; eight healthy participants (age: 63.6 ± 8.4 years, four females) with
no reported history of neurological disease, and five ALS patients (age: 54.4 ±16.0, four
males) with varying degrees of disability assessed using the ALS functional rating scalerevised on a 48-point scale [32]. Table 5.1 shows the patient’s demographics information. EEG and fNIRS data were simultaneously recorded following the same experimental protocol as previously explained (see Chapter 2). Each session contained three
runs separated by approximately 5 minutes of rest, and each run consisted of 40 trials
of MI task or Rest (20 trials each) based on a visual on-screen queue. The MI task involved imagining the left- or right-hand movement, and each MI trial was followed by
a Rest trial. Each trial lasted for 10 seconds. None of the participants had previous BCI
experience. The first session was used to familiarize the subjects with the task and the
second session was used for data analysis.
5.2.2 DATA PREPROCESSING
Eye movement artifacts were removed from EEG data using the extended Infomax Independent Component Analysis (ICA) algorithm using the EEGLAB toolbox
[140]. The artifact-free signal was then reconstructed after removing the predominant
artifactual components identified by visual inspection. The data were then zero-phase
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Table 5-1 Participant’s demographic information.
Participant
No.
ALS-1
ALS-2
ALS-3
ALS-4
ALS-5
Mean (±SD)

Age

Sex

ALSFRS-R
(max 48)

Disease
Duration
(years)

M
M
M
F
M
-

0
4
7
23
22
11.2±10.6

4
11
2
11
3
6.2±4.4

29
55
67
69
52
54±16.0

bandpass filtered into the μ (8–12 Hz) and β (13–25 Hz) frequency bands for further
analysis. EEG data were re-referenced offline using a common average reference (CAR)
[35]. For fNIRS data, the modified Beer-Lambert Law was used to calculate changes in
the concentrations of HbO2 and HbR using recorded alterations in the reflected light
attenuation [21]. fNIRS data were then band-pass filtered at 0.01-0.09 Hz to eliminate
physiological noise caused by respiration (~0.3 Hz), cardiac activities (~1 Hz), and
Mayer waves (~0.1 Hz). As fNIRS signal quality can be heavily compromised by poor
coupling of optodes to the head, due to optical interference from dense and heavily pigmented hair, the quality of the signal was automatically evaluated through the signalto-noise-ratio (SNR) of each channel using NIRScout. Further, an exclusion criterion
was considered based on a correlation threshold between HbO2 and HbR, indicating a
high-level physiological motion artifact [85]. The running correlation between HbO2
and HbR was calculated for each channel, and if it exceeded an 0.5 threshold, or was
strictly −1, the channel was discarded. The data from both modalities (i.e., EEG and
fNIRS) were segmented into 10-sec trials synchronized with the appearance of the visual stimulus cues (Rest/LMI/RMI). Individual MI trials that contained artifacts were
automatically rejected based on subject-specific thresholds from both modalities. For
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MI vs. Rest classification, the trials were combined to form two sets with 60 trials for
each condition of MI and Rest representing the two classes.
5.2.3 DATA ANALYSIS
5.2.3.1 LINEAR DATA ANALYSIS
For the classical linear EEG spectral features, the average power spectral density
(PSD) was calculated using Welch's method from the filtered EEG signals giving PSDμ and PSD-β extracted from each channel. This resulted in a total of 26 linear EEG
spectral features extracted from each trial from all the 13 EEG channels from both frequency bands [114]. In order to capture the characteristics of the MI hemodynamic response fully, seven discriminative features were extracted from each HbO2 and HbR
response, corresponding to MI and Rest trials [117], including slope (SlopeHbO2,
SlopeHbR), mean (MeanHbO2, MeanHbR), maximum (MaxHbO2, MaxHbR), variance (VarHbO2, VarHbR), skewness (SkewHbO2, SkewHbR), kurtosis (KurtHbR,
KurtHbR), and the difference between the mean and the minimum (DMMHbO2,
DMMHbR). This resulted in a total of 196 fNIRS features extracted from each trial from
both HbO2 and HbR (i.e., seven features were extracted from each fNIRS concentration
change from each of the 14 channels). The features were extracted from several window
sizes as follows: For EEG, [0-2], [0-5], and [0-10] sec post-stimulus windows were considered for each frequency band. For slower hemodynamic response in fNIRS, [0-5],
[2-7], [4-9], and [0-10] sec post-stimulus windows were considered for both fNIRS concentration variations. The optimized response windows were then selected for each modality based on the global peak of a nested 5-fold cross-validation classification procedure as explained in section 5.2.4.
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5.2.3.2 GRAPH-BASED RECURRENCE QUANTIFICATION ANALYSIS AND
COMPLEX NETWORK FEATURES
In order to approximate the nonlinear neural dynamics underlying the MI and Rest
tasks within each μ and β frequency bands separately, the bandpass filtered one-dimensional EEG signal measured at each frequency band, each channel, and each 10-sec
MI/Rest trial was projected to a multi-dimensional phase space based on Takens’ theorem of time-delay embedding [141] using the following equation [142]:
𝑋𝑘 = (𝑥𝑘 , 𝑥𝑘+𝜏 , … , 𝑥𝑘+(𝑚−1)𝜏 ) 



 5.1

where 𝑋𝑘 is the reconstructed phase space vector based on the observation 𝑥𝑘 of the
bandpass filtered EEG time series (𝑥1 , 𝑥2 , … , 𝑥𝐿 ), 𝐿 is the number of samples in the
EEG time series, 𝜏 is the time delay, and 𝑚 is the embedding dimension. The time-delay
parameter (𝜏) and the embedding dimension (𝑚) were estimated using the average mutual information (AMI) and the false nearest neighbor (FNN) methods respectively
[143]. The time delay 𝜏 and the embedding dimension 𝑚, were directly calculated for μ
and β frequency bands using only the training set of each of the 5 cross-validation folds
as explained in section 5.2.4. The phase space reconstruction can be represented as an
𝑁 × 𝑚 trajectory matrix 𝑋 = (𝑋1 , 𝑋2 , . . . , 𝑋𝑁 )𝑇 where 𝑁 = 𝐿 − (𝑚 − 1) is the number of states in time, and 𝐿 is the number of samples in the EEG time series. Next, the
recurrence plots (RPs) were created to visualize and quantify the recurrence patterns of
the 𝑚-dimensional phase space trajectory 𝑋 corresponding to each trial within each frequency band in a 2-dimensional plot [143]. RPs were constructed by considering an 𝜀neighborhood of states in phase space as follows:
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𝑅𝑃𝑖,𝑗 (𝜀) = 𝛩(𝜀 − ‖𝑋𝑖 − 𝑋𝑗 ‖)

𝑖, 𝑗 = 1, … , 𝑁

5.2

where 𝑅𝑃 is the 𝑁 × 𝑁 recurrence plot, 𝑁 is the number of states in time, Θ is the
Heaviside function, 𝜀 is the recurrence threshold determining the size of the neighborhood in state space, ‖∎‖ is the Euclidean norm, and 𝑋 is the reconstructed phase space
vector. The recurrence exists when 𝑅𝑃𝑖,𝑗 =1, (i.e., when the state space vectors at time
𝑖 and 𝑗 are within the same 𝜀-neighborhood). The choice of the 𝜀-neighborhood threshold was based on previous studies’ recommendation and should not exceed 10% of the
maximum phase space diameter [141]. Therefore, the value of 𝜀 was optimized for each
participant by choosing from four different thresholds, namely 3%, 5%, 7%, and 10%
of the maximum phase space diameter, for each frequency band, based on the global
peak of a nested 5-fold cross-validation classification procedure as explained in section
5.2.4. The steps of the EEG nonlinear analysis can be visualized in Figure 5.1 for a 30sec Rest-MI-Rest task to illustrate the changes in the recurrence patterns across tasks as
visualized in the RPs.

Figure 5-1 Visualization of the steps of nonlinear EEG analysis for a representative RestMI-Rest (30-sec) task. (a) Representation of the one-dimensional EEG time series from
a single channel band-pass filtered in μ (8-13 Hz) or β (13-25 Hz) bands used for the 3dimensional reconstruction of trajectory in phase space illustrated in (b). (c) Recurrence
Plots (𝑅𝑃𝑁×𝑁 ) used to visualize and quantify the recurrence patterns of the 3-dimensional
phase space trajectory matrix 𝑋𝑁×3 calculated based on an 𝜀-neighborhood threshold of
5% of the maximum phase space diameter.
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Features characterizing the recurrence patterns in each trial were extracted using
graph-based RQA and complex network representations of the recurrence plots were
reconstructed from each one-dimensional EEG time series measured at each channel.
As it is common to find small distances between points in the reconstructed phase space
that are close in time, the Theiler window in this study was set to a value of (𝑚 − 1)𝜏
so that only points that are farther than (𝑚 − 1)𝜏 from the diagonal were taken into
account in the evaluation of the RQA measures [144].
The recurrence patterns were quantified using the vertical and diagonal line structures of the RPs using the nonlinear RQA features. 12 RQA features were extracted,
namely, recurrence rate (𝑅𝑅), determinism (𝐷𝐸𝑇), the mean length of a diagonal line
(𝐿𝑀𝐸𝐴𝑁), the maximum length of a diagonal line (𝐿𝑀𝐴𝑋), the maximum vertical
length (𝑉𝑀𝐴𝑋), the trapping time (𝑇𝑇), the laminarity (𝐿𝐴𝑀), the entropy of diagonal
line length distribution ( 𝐸𝑁𝑇𝑅 ), the entropy of vertical line length distribution
(𝐸𝑁𝑇𝑅𝑉), the recurrence time entropy (𝑅𝑇𝐸), and the recurrence times of first type
(𝑅𝑇1) and second type (𝑅𝑇2) [141],[145],[146]. In addition, two features from complex network theory, namely the global clustering coefficient (𝐶𝐶) and transitivity (𝑇),
were extracted from the adjacency matrix reinterpretation of the RP to include the topological characteristics of the recurrence patterns. The features were extracted from the
RP corresponding with μ and β frequency bands separately using the following equations[145].
𝑅𝑅 =

100
𝑁2

∑𝑁
𝑖,𝑗=1 𝑅𝑃𝑖,𝑗
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5.3

where 𝑅𝑅 is the recurrence rate, which is a measure of the density of recurrence points
in 𝑅𝑃, and 𝑁 is the number of states. 𝐷𝐸𝑇 is a relative measure of the system’s regularity defined as the percentage of recurrence points forming diagonal structures with respect to all recurrence points in RP as follows:

𝐷𝐸𝑇 =

∑𝑁
𝑙=𝑙

𝑙𝑃(𝑙)

𝑚𝑖𝑛
∑𝑁
𝑙=1 𝑙𝑃(𝑙)

5.4

where 𝑃(𝑙) is the frequency distribution of diagonal lines of length 𝑙, and 𝑙𝑚𝑖𝑛 = 2 is
the length of the shortest diagonal [141]. 𝐿𝑀𝐴𝑋 is the maximum length of diagonal
structures defined as follows:
𝐿𝑀𝐴𝑋 = 𝑚𝑎𝑥 ({𝑙𝑖 : 𝑖 = 1 … 𝑁𝑙 })

5.5

where 𝑙𝑖 is the length of diagonal line 𝑖, and 𝑁𝑙 is the total number of diagonal lines.
𝐿𝑀𝐸𝐴𝑁 is the average diagonal line length defined as follows:

𝐿𝑀𝐸𝐴𝑁 =

∑𝑁
𝑙=𝑙

𝑚𝑖𝑛

∑𝑁
𝑙=𝑙

𝑚𝑖𝑛

𝑙𝑃(𝑙)
𝑃(𝑙)

5.6

where 𝑃(𝑙) and 𝑙𝑚𝑖𝑛 = 2 remain as defined in the explanation of 𝐷𝐸𝑇. 𝐿𝐴𝑀 is the laminarity, representing the probability of occurrence of laminar states in the system defined
as follows:
𝐿𝐴𝑀 =

∑𝑁
𝑣=𝑣

𝑚𝑖𝑛

𝑣𝑃(𝑣)

∑𝑁
𝑣=1 𝑣𝑃(𝑣)

5.7

where 𝑃(𝑣) is the frequency distribution of vertical lines of length 𝑣, and 𝑣𝑚𝑖𝑛 =2 is the
length of the shortest vertical line [137]. 𝑉𝑀𝐴𝑋 is the maximum length of vertical
structures, i.e., the longest duration of the laminar states defined as follows:
𝑉𝑀𝐴𝑋 = 𝑚𝑎𝑥 ({𝑣𝑖 : 𝑖 = 1 … 𝑁𝑣 })
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5.8

where 𝑣𝑖 is the length of vertical line 𝑖, and 𝑁𝑣 is the total number of vertical lines. 𝑇𝑇
represents the average length of vertical lines defined as follows:
𝑇𝑇 =

∑𝑁
𝑣=𝑣

𝑣𝑃(𝑣)

𝑚𝑖𝑛
∑𝑁
𝑣=𝑣𝑚𝑖𝑛 𝑃(𝑣)

5.9

where 𝑃(𝑣) and 𝑣𝑚𝑖𝑛 =2 is the same as explained for 𝐿𝐴𝑀. 𝐸𝑁𝑇𝑅 refers to the Shannon entropy and it is defined as a complexity measure of the deterministic diagonal line
structures in the RP as follows:
𝐸𝑁𝑇𝑅 = − ∑𝑁
𝑙=𝑙𝑚𝑖𝑛 𝑝(𝑙)𝑙𝑛 𝑝(𝑙)

5.10

where 𝑝(𝑙)= 𝑃(𝑙)/𝑁𝑙 is the estimated probability of finding a diagonal line of length 𝑙.
Similarly, the 𝐸𝑁𝑇𝑅𝑉 refers to the entropy of vertical lines, reflecting the complexity
of the vertical lines structure, defined as follows:

𝐸𝑁𝑇𝑅𝑉 = − ∑𝑁
𝑣=𝑣𝑚𝑖𝑛 𝑝(𝑣)𝑙𝑛 𝑝(𝑣)

5.11

where 𝑝(𝑣)= 𝑃(𝑣)/𝑁𝑣 is the estimated probability of finding a vertical line of length 𝑣.
𝑅𝑇𝐸 is the recurrence time entropy, i.e., the entropy of the “white” (non-recurrent) vertical lines indicating recurrence times 𝑡𝑤 defined as follows:
𝑇

𝑅𝑇𝐸 = − ∑𝑡𝑤𝑚𝑎𝑥
=1 𝑝(𝑡𝑤 ) 𝑙𝑛 𝑝(𝑡𝑤 )

5.12

where 𝑝(𝑡𝑤 ) = 𝑃(𝑡𝑤 )/𝑁𝑤 is the estimated probability of a recurrence time 𝑡𝑤 , 𝑃(𝑡𝑤 ) is
the distribution of recurrence times, and 𝑇𝑚𝑎𝑥 is the maximum recurrence time [138].
The recurrence times of first type (𝑅𝑇1) and second type (𝑅𝑇2) are defined according
to [141,147] First, denote the set of points that are defined as 𝜺-neighborhood recurrences of an arbitrary phase space vector 𝑋𝑖 as ℜ𝑖 ={X: ||X − 𝑋𝑖 || ⩽ ε}. The elements
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of this set correspond to the recurrence points 𝑗 of the 𝑖th column{𝑅𝑖,𝑗 }𝑁
𝑖,𝑗=1 of the RP.
Then, the recurrence times of the first type are defined as follows:
{𝑅𝑇1𝑘 = 𝑗𝑘+1 − 𝑗𝑘 }𝑘∈𝑁

5.13

where 𝑅𝑇1𝑘 represent the recurrence times corresponding to the recurrence point 𝑗 in
ℜ𝑖 , and 𝑘 is the recurrence point index from 1 to 𝑁. The recurrence times of the second
type (i.e., Poincare recurrence times) are calculated after removing all consecutive recurrence points with 𝑅𝑇1𝑘 = 1 from the set ℜ𝑖 . This results in a new set ℜ𝑖 ′ of remaining recurrence points 𝑗 ′ . Then, the corresponding recurrence times are calculated as follows:
′
{𝑅𝑇2𝑘 = 𝑗𝑘+1
− 𝑗𝑘′ }𝑘∈𝑁

5.14

where 𝑅𝑇2𝑘 represent the recurrence times corresponding to the recurrence points 𝑗 ′ in
ℜ𝑖 ′ , and 𝑘 is the recurrence point index from 1 to 𝑁 as previously explained. Hence,
𝑅𝑇2 measures vertically the time distance between the beginning of (vertically) subsequent recurrence structures in the RP [141]
To extract the topological characteristics of the trajectory in phase space, an undirected unweighted recurrence network whose elements are denoted by a binary adjacency matrix 𝐴𝑖,𝑗 , 𝑖, 𝑗 = 1, . . . , 𝑁. 𝐴 is defined in terms of the associated RP as follows
[148]:
𝐴𝑖,𝑗 = 𝑅𝑃𝑖,𝑗 − 𝛿𝑖,𝑗

5.15

where 𝛿𝑖,𝑗 is the Kronecker delta. Each node of the network corresponds to an EEG
sample in time, and edges are conveniently represented by the recurrence links based
on the 𝜺-neighborhood in phase space [149]. 𝐴𝑖,𝑗 = 1 if vertex 𝑖 connects to vertex 𝑗,
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and 𝐴𝑖,𝑗 = 0 if the edge (𝑖, 𝑗) does not exist, i.e., there is no recurrence of the system’s
state at time 𝑖 and 𝑗. Since we considered a Theiler window in our study, the RP was
regarded to be the adjacency matrix A for further analysis. From RP, two graph-based
features were defined as follows [150]:
𝐶

𝑣
𝐶𝐶 = ∑𝑁
𝑣=1 𝑁

5.16

where 𝐶𝐶 is the global clustering coefficient, introducing a new recurrence aspect of the
RP as it represents the probability that two recurrences of any state are also neighbors,
and 𝐶𝑣 is the local clustering coefficient defined for each node 𝑣 [150]. Then, transitivity
𝑇 which provides an effective measure of the global dimensionality of the underlying
dynamical system is defined as follows [151]:
𝑇=

∑𝑁
𝑖,𝑗,𝑘=1 𝐴𝑖,𝑗 𝐴𝑗,𝑘 𝐴𝑘,𝑖
∑𝑁
𝑖,𝑗,𝑘=1 𝐴𝑖,𝑗 𝐴𝑘,𝑖

5.17

In summary, the nonlinear analysis resulted in a total of 364 nonlinear graphbased RQA and complex network features extracted from each EEG trial from both μ
and β frequency bands (i.e., 14 features were extracted from 2 frequency bands from
each of the 13 channels) to quantify the nonlinear dynamics underlying the MI-Rest
tasks. All RQA related computations were performed using custom MATLAB
(R2016b) code adapted from the CRP Toolbox [146]. The features were extracted from
several window sizes, similar to linear EEG features, and the optimized response window was selected within each frequency band based on the global peak of a nested 5fold cross-validation classification procedure as explained in section 2.4. The illustration of the sensitivity of the extracted graph-based RQA and complex network features
to the transition from the background neuronal activity to MI through a time-dependent
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quantification of the feature values during 30-sec Rest-MI-Rest task is shown in Figure
5.2.

Figure 5-2 Time-dependent quantification of the extracted graph-based RQA and complex
network features extracted from a representative EEG channel. The features are calculated
on a 4-sec running window with 3-sec overlap along the main diagonal line of Recurrence
plots in the Mu (8-13 Hz) band corresponding to 30-sec Rest-MI-Rest task averaged over
all subjects. The dotted lines mark the beginning and end of the MI task.

5.2.4 MULTIMODAL FEATURE FUSION AND CLASSIFICATION
PROCEDURE
To evaluate the effect of multimodal EEG-fNIRS fusion on classification performance and investigate the effect of nonlinear features in complementing both the classical linear band-power features in EEG and the characteristic temporal features in
fNIRS, three types of EEG-fNIRS data fusion were evaluated; namely, EEG (linear)fNIRS, EEG (nonlinear)-fNIRS, and EEG (linear+nonlinear)-fNIRS. For comparison,
the performance of each of the three types of extracted features, i.e., EEG (linear), EEG
Figure 5-3 and
Time-dependent
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tocorresponding
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for each subject
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plotsLinear
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Hz)
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taskusing
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over 5all subjects. The dotted lines mark the beginning and end of the MI task.

fold cross-validation procedure to avoid biased estimation of the generalization error.

To account for the high response variability in the neural data, hyper-parameter optimization was performed independently for each of the 5 outer-folds based on the global
peak of the nested 5-fold cross-validation procedure (i.e., inner-folds) within each of the
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5 outer-folds. The nonlinear RQA parameters (i.e., the time delay 𝜏, the embedding dimension 𝑚, and the 𝜀-neighborhood threshold) as well as the classification parameters
(i.e., optimized response window and optimized number of selected features) were estimated and simultaneously optimized using only the training set of each of the outerfolds within the nested 5-fold cross-validation procedure. As the MI response dynamics
vary across modalities (EEG/fNIRS), feature types (linear/nonlinear), and frequency
bands for EEG, the response windows were optimized independently for EEG (linear),
EEG (nonlinear) and fNIRS features. For unimodal EEG (linear/nonlinear) classification, three post stimulus windows were considered for the optimization testing for both
the μ and β frequency bands ([0-2], [0-5], and [0-10] sec). To do so, for each window,
the features were extracted from the window corresponding to each band and then concatenated to constitute a single (linear/nonlinear) EEG feature vector containing all extracted features from all channels corresponding to the combined response windows. As
each frequency band has its own separate dynamics, with the β frequency band being
the higher of the two, combinations of longer μ-band response windows with shorter βband response windows were also considered resulting in a total of six possible EEG
(linear/nonlinear) combined response windows for optimization testing corresponding
to the six combinations of μ and β response windows (μ[0-2] sec+β[0-2] sec, μ[0-5]
sec+β[0-5] sec, μ[0-10] sec+β[0-10] sec, μ[0-5] sec+β[0-2]sec, μ[0-10] sec+β[0-2] sec,
and μ[0-10] sec+β[0-5] sec). These response windows were considered in the hyperparameter optimization of unimodal EEG (linear/nonlinear) classification and for the
multimodal EEG-fNIRS classification. Due to the relatively slower dynamics of fNIRS,
four possible response windows ([0-5], [2-7], [4-9], and [0-10] sec) were considered for
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the nested 5-fold cross-validation optimization testing. The 7 aforementioned fNIRS
features were extracted from both HbO2 and HbR and then concatenated resulting in
four possible combinations of fNIRS response windows (HbO2[0-5] sec+HbR[0-5] sec,
HbO2[2-7] sec+HbR[2-7] sec, HbO2[4-9] sec+HbR[4-9] sec, and HbO2[0-10]
sec+HbR[0-10] sec). In addition, for the unimodal EEG (nonlinear) classification, the
time delay τ and the embedding dimension m were directly calculated for the μ and β
frequency bands using only the training set of each of the 5 cross-validation outer-folds.
However, the choice of ε for the nonlinear features extraction was simultaneously optimized with the choice of the response windows within the nested 5-fold cross validation
procedure. This resulted in 96 possible unimodal nonlinear EEG feature vectors to be
considered for optimization testing (6 response windows × 4 × 4 possible combinations
of ε-neighborhood threshold for μ and β frequency bands).
For multimodal classification, the EEG (linear/nonlinear) feature vector was concatenated with the fNIRS feature vector for EEG (linear/nonlinear)-fNIRS feature fusion. Similarly, for EEG (linear+nonlinear)-fNIRS feature fusion, all of the extracted
features were concatenated resulting in a single multimodal feature vector completely
characterizing the linear and nonlinear EEG dynamics as well as the fNIRS temporal
dynamics. For hyper-parameter optimization, all the possible combinations of multimodal feature vectors corresponding to all possible choices of combined multimodal
response windows were considered. For EEG (linear)-fNIRS, 24 possible multimodal
feature vectors corresponding to the multimodal response windows were considered
within the nested 5-fold cross-validation procedure. The multimodal response windows
were based on all the possible combinations of response windows within each modality
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(i.e., 6 EEG response windows × 4 fNIRS response windows = 24 multimodal response
windows). As for the EEG (nonlinear)-fNIRS and the EEG (linear+nonlinear)-fNIRS
hyper-parameter optimization, the choice of ε for the nonlinear features extraction was
simultaneously optimized with the choice of the multimodal response windows, resulting in 384 possible multimodal feature vectors corresponding to all possible combinations of parameters (24 multimodal response windows × 16 possible combinations of
ε-neighborhood threshold for μ and β frequency bands= 384 multimodal feature vector).
Due to the high dimensionality of the multimodal EEG-fNIRS feature vectors
constructed using 26 EEG linear spectral features (PSD-μ and PSD-β extracted from
13 EEG channels), 364 EEG nonlinear features (14 μ and β nonlinear features extracted
from 13 EEG channels), and 196 fNIRS temporal features (7 fNIRS features extracted
from each of HbO2 and HbR from 14 fNIRS channels), fused feature selection represents a crucial step to ensure the selection of a discriminative fused EEG-fNIRS representation of the MI neural response. To do so, we adopted the LASSO feature selection
scheme, which has been proven to exceed in performance for MI-BCIs when compared
to other feature selection methods especially for relatively small datasets [129]. Therefore, a fused multimodal electrical-vascular representation of the MI response was selected on a multimodal level from the aforementioned constructed high-dimensional
feature vectors. Similarly, for unimodal classification, discriminative features were selected using LASSO from the unimodal feature vectors to optimize the selected features
within each unimodal technique. For all the constructed unimodal and multimodal feature vectors, the number of selected features was optimized within the nested 5-fold
cross-validation procedure by considering different numbers of selected features from
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each feature vector (ranging from 5 features to 23 features with steps of 2). Finally, the
optimized classification results for each subject were averaged over all the 5 outer crossvalidation folds and reported along with the results of the nested 5-fold cross-validation
procedure for all types of unimodal and hybrid classifications.
5.2.5 FUSION LEVEL QUANTIFICATION
In order to quantify the balance of proportion of (EEG/fNIRS) unimodal features
in the three EEG-fNIRS data fusion types, we define the Fusion Level (FL) percentage
to be the ratio of the number of selected features from each modality as below:
%𝑀𝑖𝑛−𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

𝐹𝐿 = %𝑀𝑎𝑥−𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

5.18

where %𝑀𝑖𝑛 − 𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 represents the smaller percentage of features contributed from either EEG or fNIRS to the total number of fused selected features and
%𝑀𝑎𝑥 − 𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 represents the larger percentage of features contributed from
either EEG or fNIRS in the total number of fused selected features. The FL quantifies
the balance of the contribution between both modalities such that a 100% FL indicates
a perfectly balanced fusion (i.e., each modality contributed 50% of the selected fused
features) and 0% indicates that one modality completely dominated the classification
accuracy (i.e., equivalent to unimodal classification).
5.3 RESULTS
The results of the study are reported for the healthy participants. Then, the performance of the proposed EEG-fNIRS data fusion framework for hBCI is evaluated for
ALS participants.
In order to show the overall trend of the hyper parameter optimization for the
unimodal feature classification, Figure 5.3 shows a series of box plots comparing the
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optimized nested inner-loop 5-fold cross-validation accuracy averaged across the 5
outer-folds for the three types of unimodal features and different numbers of selected
features for each subject. The plots show that performance of unimodal MI classification
varies across modalities and feature types for each subject. As it is seen, for S-1, S-3, S5, S-6, and S-7, the temporal fNIRS features outperformed both the linear and nonlinear
EEG features. The nonlinear EEG features overall performed better than both linear
EEG and fNIRS features for S-2 and S-4 and outperformed linear EEG features for
almost all the participants except S-3 and S-8. However, the linear EEG features were
the most discriminative for S-8. These plots highlight the importance of fully characterizing the hemodynamic fNIRS MI response with proper statistical features to improve
the classification performance. Furthermore, the plots compare the nonlinear RQA and
graph-based features to the conventional linear PSD features, illustrating the discriminative ability of the nonlinear features for the majority of the participants. This emphasizes the importance of systematically characterizing the MI response dynamics cross
modalities and highlights the discriminative ability of the nonlinear recurrence patterns
as a new informative dimension for MI EEG responses. The details of the optimized
parameters used for each of the 5 outer-folds for each subject are shown in Tables A.1,
A.2, and A.3 in the Appendix.
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Figure 5-3 Grand-averaged classification accuracy based on the optimized nested inner-loop
5-fold cross validation accuracies across the 5 outer-folds to compare the overall trends of
hyper parameter optimization of the 3 types of unimodal features for each subject. The nested
inner-loop optimization was performed to optimize the classification parameters for each of
the 5 outer-folds (outer-loop) independently (see Table A.1, Table A.2, and Table A.3 in the
supplementary section for the details of the optimized parameters corresponding to each type
of features for unimodal classification). Each plot in this figure shows the average of the
optimized nested 5-fold accuracies averaged across the 5 outer folds for each unimodal
(EEG/fNIRS) features for each subject.

Table 5.2 shows the optimized unimodal classification performance for each subject, comparing the fNIRS, EEG (linear), and EEG (nonlinear) unimodal classification
illustrating the optimized averaged 5-fold classification accuracy (outer-folds) and the
median of the optimized number of selected features across folds for all feature types.
The reported results are based on the optimized classification parameters for each fold
(i.e., the response window, the number of selected features and the nonlinear RQA parameters if any) related to each subject’s MI neural response in each modality.
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Table 5-2 Optimized averaged 5-fold cross-validation accuracy for unimodal classification
and median of the optimized number of selected features across folds.
Participant
No.
S-1
S-2
S-3
S-4
S-5
S-6
S-7
S-8
Mean±SD

Optimized
EEG
Optimized
EEG
Optimized
#features (Linear) #features (Nonlinear) #features
(median)
(median)
(median)
90.6
19
75.3
11
82.4
17
84.7
9
85.9
11
91.8
7
100.0
9
74.7
7
74.7
9
84.3
7
77.1
11
87.1
13
95.0
9
75.0
9
80.0
19
95.8
11
83.2
9
88.4
7
100.0
5
86.3
7
90.0
9
86.7
5
91.7
9
91.7
5
92.1±6.5
9.0±4.5
81.2±6.5
9.0±1.7
85.8±6.2
11.0±5.1
fNIRS

As shown in Table 5.2, the obtained average accuracies were 92.1%±6.5%,
81.2%±6.5%, and 85.8%±6.2% using fNIRS, EEG (linear) and EEG (nonlinear) features respectively. Overall, the classification outcomes show that the performance of
fNIRS features is superior in discriminating the MI neural response when compared to
EEG (linear/nonlinear) features with ~11% and ~6% average performance improvement
over EEG (linear) and EEG (nonlinear) features respectively. This highlights the important role of discriminative fNIRS features (i.e., statistical features of HbO2 and HbR)
in classification accuracy and MI neural characterization. Moreover, the classification
performance of the EEG (nonlinear) features indicates an overall average performance
improvement of ~5% when compared to EEG (linear) features with an overall relatively
higher number of selected features. This indicates that the complex nature of EEG signals, particularly MI responses, encompasses discriminative information beyond what
is provided by conventional EEG (linear) features. These results support our principal
hypothesis that EEG nonlinear graph-based RQA features can complement linear spectral features and fNIRS temporal features in a holistic fused representation for MI neural

109

responses in order to improve the performance of MI classification in a hybrid BCI
framework.
In order to show the overall trend of the hyper-parameter optimization for the
hybrid multimodal classification, Figure. 5.4 shows a series of box plots comparing the
optimized nested inner-loop 5-fold cross-validation accuracy across the 5 outer-folds
for the three types of EEG-fNIRS data fusion with different numbers of selected features
for each subject. The details of the optimized parameters used for each of the 5 outerfolds and the frequency of selection of the features in the optimized classification performance for each subject are shown in Tables A.4, A.5, A.6, and Figure A.1 in the
supplementary section. Unlike the unimodal features, the differences between the performance of the three types of fusion are relatively closer; however, the EEG (nonlinear)-fNIRS and the EEG (linear+nonlinear)-fNIRS outperformed the EEG (linear)fNIRS for most of the subjects, indicating a substantial contribution of nonlinear EEG
features. This shows the effect of complementing the linear EEG spectral features with
the nonlinear graph-based RQA features and the effect of incorporating the temporal
hemodynamic fNIRS features on the fusion classification accuracy for all the subjects.
Table 5.3 shows the optimized hybrid multimodal classification performance for
each subject, comparing the EEG (linear)-fNIRS, EEG (nonlinear)-fNIRS, and EEG
(linear+nonlinear)-fNIRS types of hybrid classification. In this table, the optimized averaged 5-fold classification accuracy (outer-folds) and the median of the optimized
number of selected features across folds for all feature types are shown. The reported
results are based on the optimized classification parameters for each fold (i.e., the hybrid
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Figure 5-4 Grand-averaged classification accuracy based on the optimized nested inner-loop
5-fold cross validation accuracies across the 5 outer-folds to compare the overall trends of
hyper parameter optimization of the 3 types of EEG-fNIRS data fusion for each subject. The
nested inner-loop optimization was performed to optimize the classification parameters for
each of the 5 outer-folds (outer loop) independently (see Table A.4, Table A.5, and Table
A.6 in the supplementary section for the details of the optimized parameters corresponding
to each fusion type). Each plot in this figure shows the average of the optimized nested 5fold accuracies averaged across the 5 outer folds for each multimodal EEG-fNIRS type of
data fusion for each subject.

response
the averaged
number of
fused
selected features
and for
themultimodal
nonlinear EEGRQA paTable windows,
5-3 Optimized
5-fold
cross-validation
accuracy
fNIRS fusion classification and median of the optimized number of selected features across

rameters if any) related to each subject’s MI neural response in each type of fusion.
folds.

As shown in Table 5.3 the obtained average accuracies were 93.8%±5.4%,
96.1%±3.5%, and 96.1%±3.5% using EEG (linear)-fNIRS, EEG (nonlinear)-fNIRS and
EEG (linear+nonlinear)-fNIRS fused features respectively. This shows the discrimination ability of the nonlinear EEG features in complementing the fNIRS features when
compared to the conventional linear features. Overall, the classification outcomes show
that the hybrid EEG-fNIRS multimodal classification performs better than the unimodal
(EEG/fNIRS) classification. Fusing linear EEG features to fNIRS features improved
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Figure 5-5 Grand-averaged classification accuracy based on the optimized nested inner-loop
5-fold cross validation accuracies across the 5 outer-folds to compare the overall trends of
hyper parameter optimization of the 3 types of EEG-fNIRS data fusion for each subject. The
nested inner-loop optimization was performed to optimize the classification parameters for
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S-1
S-2
S-3
S-4
S-5
S-6
S-7
S-8
Mean±SD

Participant
No.
92.9
88.2
100.0
84.3
95.0
98.9
97.5
93.3
93.8±5.4

EEG
(linear)fNIRS
Fusion
15
19
9
9
19
17
13
7
13.5±4.8

Optimized
#features
(median)

45.2
32.6
12.1
34.7
21.7
25.1
20.9
33.0
28.16±10.3

%of EEG
(linear)
features

91.8
96.5
98.7
90.0
98.3
96.8
100.0
96.7
96.1±3.5

EEG
(nonlinear)fNIRS
Fusion
11
13
17
15
19
15
13
17
15±2.6

Optimized
#features
(median)

47.3
50.2
40.7
61.5
46.9
61.1
35.8
58.2
50.2±10.4

%of EEG
(nonlinear)
features

EEG
(linear +
nonlinear)fNIRS
Fusion
90.6
96.5
98.7
91.4
98.3
97.9
100.0
95.0
96.1±3.5

15
15
13
17
15
15
13
15
14.8±1.3

Optimized
#features
(median)

57.1
49.6
38.7
67.4
43.6
57.8
48.5
60.5
52.9±9.5

%of EEG
features

Table 5-3 Optimized averaged 5-fold cross-validation accuracy for multimodal EEG-fNIRS fusion classification and median of the
optimized number of selected features across folds.

performance by ~2% over fNIRS and ~13% over EEG (linear) alone. Fusing EEG (nonlinear) with fNIRS features improved the performance by 4% over fNIRS and ~10%
over EEG (nonlinear) features, while fusing EEG (linear), EEG (nonlinear), and fNIRS
features achieved the same accuracy as EEG (nonlinear)-fNIRS and improved the performance by 4%, ~15% and ~10% over fNIRS, EEG (linear), and EEG (nonlinear) features respectively. This highlights the importance of decoding the hemodynamic fNIRS
response features fully, in addition to complementing the classical EEG features with
nonlinear features for improved performance of hBCIs for MI classification. In order to
show the level of contribution of EEG features for each type of EEG-fNIRS fusion,
Table 5.3 shows the percentage of EEG features contributing to the total number of
selected fused multimodal features in EEG (linear)-fNIRS, EEG (nonlinear)-fNIRS, and
EEG (linear+nonlinear)-fNIRS averaged across the 5 folds for each subject. The contribution of EEG linear features in EEG (linear)-fNIRS data fusion was ~28% averaged
over all subjects, whereas the contribution of EEG (nonlinear) features in EEG (nonlinear)-fNIRS data fusion was ~50%. This highlights the synergetic complementary and
discriminative relationship between the nonlinear EEG features and the temporal fNIRS
features, which is also illustrated by the performance improvement achieved by combining them for data fusion (i.e., EEG (nonlinear)-fNIRS achieved ~2% performance
improvement over EEG (linear)-fNIRS with an increased contribution of EEG features).
Incorporating all feature types in EEG (linear+nonlinear)-fNIRS data fusion resulted in
an increased contribution of EEG features to ~53% averaged over all subjects with the
same classification performance compared to EEG (nonlinear)-fNIRS data fusion.
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Figure. 5.5 illustrates the fusion level (FL) quantification of each type of EEGfNIRS data fusion. The figure compares the proportion of EEG/fNIRS features’ balance
across the fusion types and illustrates the classification accuracy corresponding to each
FL (on top of each bar plot). This figure illustrates the synergetic and complementary
relationship between the fused EEG and fNIRS modalities by quantifying the balance
percentage of their fusion in relation to hybrid classification accuracy. For all subjects,
the FL for EEG (linear)-fNIRS data fusion was the least among all the other data fusion
types. This indicates that adding the EEG (nonlinear) features as proposed results in an
increased complementarity between EEG and fNIRS features, contributing to classification improvement. For most subjects the increased FL resulted in an increase in the
classification accuracy. This highlights the importance of EEG-fNIRS complementary
features for performance improvement; however, it further emphasizes the importance
of feature-level fusion by employing a feature selection scheme to identify an optimized
discriminative set of fused features from the high dimensional multimodal feature set
without redundancy or contrast of information, and hence an optimal FL for performance improvement. Specifically, for S-3, the maximum classification accuracy was
100% for EEG (linear)-fNIRS data fusion with a FL of ~14%. This indicates that for
this subject this classification accuracy was dominated by one modality rather than a
result of the data fusion complementary improvement. However, EEG (nonlinear)fNIRS and EEG (linear+nonlinear)-fNIRS data fusion achieved ~99% accuracy with
~69% and ~63% FL respectively for the same subject.
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Figure 5-5 Bar plot showing the defined “Fusion Level” for each type of EEG-fNIRS data
fusion (i.e., EEG (linear) - fNIRS, EEG (nonlinear) – fNIRS, and EEG (linear+nonlinear) –
fNIRS) for each subject. The figure shows the averaged 5-fold cross-validation classification
accuracy” ACC” for each fusion type on top of each bar.

Figure. 5.6 compares the optimum unimodal (EEG/fNIRS) classification accuracy
for each subject with the optimum hybrid classification accuracy. The plot indicates that
the optimum hybrid multimodal classification performs better than the optimum unimodal classification for all subjects which supports the main hypothesis of this study.
For subjects S-3 and S-7, 100% accuracy was achieved using unimodal classification,
and the optimum multimodal classification did achieve the same 100% classification
accuracy.

Figure 5-6 Bar plot showing the defined “Fusion Level” for each type of EEG-fNIRS data
fusion (i.e., EEG (linear) - fNIRS, EEG (nonlinear) – fNIRS, and EEG (linear+nonlinear) –
fNIRS) for each subject. The figure shows the averaged 5-fold cross-validation classification
accuracy” ACC” for each fusion type on top115
of each bar.

Figure 5-6 Comparison between the optimum unimodal (i.e., EEG-linear/EEGnonlinear/fNIRS) and the optimum multimodal (i.e., EEG (linear) - fNIRS/ EEG (nonlinear)fNIRS/ EEG (linear+nonlinear) - fNIRS) averaged 5-fold cross-validation classification
accuracy for each subject.

5.3.1 PERFORMANCE EVALUATION OF THE PROPOSED EEG-FNIRS
DATA FUSION FRAMEWORK FOR PATIENTS WITH ALS
In order to evaluate the performance of the proposed hybrid EEG-fNIRS
multimodal classification framework for ALS patients, Table 5.4 and Table 5.5 show the
optimized classification performance for each ALS subject for unimodal and multimodal classification respectively. Table 5.4 compares the fNIRS, EEG (linear), and
EEG (nonlinear) unimodal classification illustrating the optimized averaged 5-fold classification accuracy (outer-folds) and the median of the optimized number of selected
features across folds for all feature types. The reported results are based on the optimized classification parameters for each fold (i.e., the response window, the number of
selected features and the nonlinear RQA parameters if any) related to each subject’s MI
neural response in each modality.
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As shown in Table 5.4, the obtained average accuracies were 93.7%±5.6%,
79.4%±16.9%, and 79.7%±15.8% using fNIRS, EEG (linear) and EEG (nonlinear) features respectively. Overall, the classification outcomes show that the performance of
fNIRS features is superior in discriminating the MI neural response when compared to
EEG (linear/nonlinear) features with ~14% average performance improvement over
both EEG (linear) and EEG (nonlinear) features. This highlights the important role of
discriminative fNIRS features in classification accuracy and MI neural characterization
for ALS patients. On average, the classification performance of EEG (nonlinear) features did not improve the classification performance over classical EEG (linear) features
for ALS patients, however, it did not degrade the performance either. For ALS-1, and
ALS-2, EEG (nonlinear) improved the classification accuracy by ~6% and ~2% respectively when compared to EEG (linear) features. However, this was not consistent across
all the subjects. This indicates that the nonlinear features encompass discriminative information complementary to the classical EEG (linear) features and might contribute
with fNIRS features in a synergistic complementary representation of MI responses in
Table 5-4 Optimized averaged 5-fold cross-validation accuracy for unimodal classification
and median of the optimized number of selected features across folds for ALS patients.
Participant
No.
ALS-1
ALS-2
ALS-3
ALS-4
ALS-5
Mean±SD

Optimized
EEG
Optimized
EEG
Optimized
#features
(Linear) #features (Nonlinear) #features
(median)
(median)
(median)
84.6
9
53.8
17
60.0
17
92.3
15
95.4
11
96.9
21
98.6
7
85.7
13
85.7
17
97.5
5
71.3
11
66.3
13
95.3
13
90.6
15
89.4
9
93.7±5.6
9.8±4.1
79.4±16.9 13.4±2.6
79.7±16.9
15.4±4.6
fNIRS
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a hybrid BCI framework. Table 5.5 shows the optimized hybrid multimodal classification performance for each ALS subject, comparing the EEG (linear)-fNIRS, EEG (nonlinear)-fNIRS, and EEG (linear+nonlinear)-fNIRS types of hybrid classification. The
optimized averaged 5-fold classification accuracy (outer-folds) and the median of the
optimized number of selected features across folds for all feature types are shown. The
reported results are based on the optimized classification parameters for each fold related to each subject’s MI neural response in each type of fusion. As shown in Table
5.5, the obtained average accuracies were 93.9%±5.9%, 95.3%±6.9%, and 93.8%±5.0%
using EEG (linear)-fNIRS, EEG (nonlinear)-fNIRS and EEG (linear+nonlinear)-fNIRS
fused features respectively. Although the performance improvement for ALS patients
was marginal, these results support the main hypothesis of this study and highlight the
importance of decoding a holistic electrical-vascular MI neural response representation
to achieve the maximum performance in a hybrid BCI framework.
5.4 DISCUSSION
Characterizing neural responses from multiple neuroimaging sources is important
in BCI research, as it introduces complementary characteristic features from various
neural perspectives to improve decoding and performance. However, current hybrid
BCIs that rely on MI fall short of their true potential for multiple reasons, including the
absence of systematic data fusion frameworks that characterize the MI neural response
dynamics within each modality fully, as well as the need to select the discriminative
fused features from high-dimensional multimodal feature vectors properly. This study
proposed an EEG-fNIRS data fusion framework to decode and represent MI neural dynamics for a binary hBCI classification task fully. The framework relies on exploiting
the underlying linear and nonlinear dynamics of neural responses across modalities and
118
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ALS-1
ALS-2
ALS-3
ALS-4
ALS-5
Mean±SD

Participant
No.
84.6
92.3
98.6
98.8
95.3
93.9±5.9

EEG
(linear)fNIRS
Fusion
11
9
13
13
11
11.4±1.7

Optimized
#features
(median)

0.0
48.9
46.3
10.8
49.5
31.1±23.8

%of
EEG
(linear)
features
83.1
96.9
100.0
98.8
97.6
95.3±6.9

EEG
(nonlinear)fNIRS
Fusion
17
15
15
15
11
14.6±2.2

Optimized
#features
(median)

17.0
70.4
58.1
30.7
55.5
46.3±21.8

%of EEG
(nonlinear)
features

EEG
(linear +
nonlinear)fNIRS
Fusion
86.2
92.3
94.3
97.5
98.8
93.8±5.0

13
17
13
17
11
14.2±2.7

Optimized
#features
(median)

13.4
70.8
61.3
32.5
59.8
47.6±23.8

%of EEG
features

Table 5-5 Optimized averaged 5-fold cross-validation accuracy for multimodal EEG-fNIRS fusion classification and median of the
optimized number of selected features across folds for ALS patients.

provides a comprehensive set of high-dimensional electrical-vascular multimodal features. A set of graph-based RQA features characterized the nonlinear recurrence patterns
underlying the electrical MI neural response in the μ and β spectral bands were characterized in phase space to complement the corresponding classical linear ERD/ERS spectral band-power features. The fNIRS-based MI response was characterized using a set
of statistical features to quantify the morphological variations in the MI hemodynamic
temporal response. Through the fused feature selection strategy adopted and the selection of the most discriminative subset of complementary features from all of the features
evaluated, the proposed framework improved the hybrid MI-BCI’s mean classification
performance by approximately 15%, 10%, and 4% over the unimodal EEG (linear),
EEG (nonlinear), and fNIRS features, respectively. Interestingly, the performance when
EEG (linear+nonlinear)-fNIRS features were fused was similar to EEG (nonlinear)fNIRS data fusion on average over all subjects, which indicates that including the EEG
linear features in addition to the EEG (nonlinear) and fNIRS features did not increase
the performance. This suggests an overall discriminative nature of the nonlinear dynamics of EEG when combined with the temporal hemodynamics features of the fNIRS
response. However, it also indicates that the data fusion and fused feature selection
scheme adopted select the most discriminative complementary fused features across
modalities and feature types successfully, as, although there was an increase in feature
dimensionality and potential redundant information, the performance did not degrade
when compared to EEG (nonlinear)-fNIRS fusion.
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Our findings suggest that the proper characterization of the underlying dynamics
within each modality improved the performance of MI-BCI classification on the unimodal level and provided a comprehensive set of features with which to decode the
response on a multimodal level systematically through the proposed multimodal data
fusion framework. On the unimodal level, for fNIRS, extracting a set of statistical features to characterize the MI hemodynamic response had a remarkable effect on the performance of the unimodal fNIRS approach. Based upon the hyper-parameter optimization trends of the unimodal features overall (Figure. 5.3) and the corresponding final
results (Table 5.2), fNIRS performance was higher than that of EEG (linear and nonlinear) for most of the subjects. The unimodal fNIRS results indicated an ~11% improvement in performance compared to EEG (linear) features and ~6% compared to EEG
(nonlinear). This highlights the discriminative power of the statistical fNIRS temporal
features when compared with classical EEG spectral features and EEG graph-based
nonlinear features. These results are consistent with previous findings that increasing
the number of statistical features used to characterize the hemodynamic response and
investigating the optimum feature combination influences classification accuracy substantially [5], [6], [48–52]. For example, in Naseer et al. [81], adding the slope of the
fNIRS signal to the signal mean, as well as confining the response window, improved
the classification accuracy significantly. In another study, [105] Naseer et al. highlighted the importance of investigating the optimal feature combination to improve
fNIRS classification performance. Their study considered all possible two- and threefeature combinations of signal slope, mean, variance, peak, kurtosis, and skewness, and
they concluded that signal mean and peak was the optimum feature combination for
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their dataset. Qureshi et al. [50] investigated multiple two-feature combinations of the
same set of statistical features to improve classification. Their results suggested that the
signal mean and skewness is an optimal feature combination. In [117], Hosni et al. investigated two to eight possible feature combinations to optimize MI classification performance. Their findings suggested the importance of identifying subject-specific features, channels, and response windows of the fNIRS response to achieve optimal classification performance. The discrepancy in optimal feature combinations across subjects
can be interpreted with respect to the variability identified commonly in fNIRS hemodynamic responses, and illustrates the need for a large number of statistical features to
capture the potential subject-specific changes properly [89][94][117]. Our proposed
framework accounts for fNIRS MI responses’ subject-specific characteristics by capturing the temporal morphological variations in the hemodynamic response fully with a
complete set of statistical features, and adopting hyper-parameter optimization and feature selection to ensure that subject-specific discriminative features are identified to optimize performance. Notably, most fNIRS studies rely on channel selection approaches
in addition to extracting discriminative features for classification [6], [54–58]. In this
study, the features extracted were aggregated across all of the recording channels, which
eliminated the need to select channels and rely on the feature selection scheme adopted
to identify a subject-specific discriminative feature set across channels. Given fNIRS
features’ effect on a multimodal level, the multimodal results of fusing fNIRS features
with classical EEG (linear) features improved the performance by ~13% and ~2% over
unimodal EEG (linear) and unimodal fNIRS features, respectively. Although it is hard
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to make a direct comparison with the percentage of improvement of multimodal classification in other studies due to the differences in the number of extracted features, these
results are consistent with those of previous studies and confirm that fNIRS is a unique
modality that improves the performance of EEG in a hybrid MI-BCI system, and is
capable to achieve competitive improvements over unimodal EEG-based systems [10],
[11], [13–15]. Further, it highlights the importance of exploiting various features across
modalities for complementary representation of MI neural responses. However, considering the relatively slight improvement in performance when compared to the use of
unimodal fNIRS features raises a question with respect to the extent to which the fusion
of EEG classical features with fNIRS exploits the full potential improvement of combining both modalities in a hybrid MI-BCI context.
By exploiting the discriminative features of the fNIRS MI response fully, an
emerging challenge was to extract representative EEG dynamics that can complement
the fNIRS features and still improve the performance on a multimodal level. To the best
of our knowledge, this is the first study to propose nonlinear RQA features for multimodal hybrid BCI applications that rely on EEG-fNIRS neuroimaging modalities. Here
we demonstrated that by incorporating the nonlinear dynamics to complement the classical EEG linear features, the proposed framework can expand the information content
extracted from EEG successfully and achieve improved performance on the multimodal
level with a high level of synergy between modalities. On a unimodal level, characterizing the MI neural response’s nonlinear dynamics influenced the classification results
remarkably. Given the unimodal EEG nonlinear features, the unimodal results indicated
an improvement in performance of ~5% when compared to EEG linear features. These
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results verify previous findings further and demonstrate that extracting nonlinear EEG
features improves MI-BCI’s performance [139]. Our results are also consistent with
those of Pitstik et al. [138], who investigated the feasibility of using RQA features to
characterize the nonlinear dynamics of EEG motor execution responses. Their findings
revealed an increase in predictability and determinism during motor execution coupled
with a decrease in complexity and chaos which transitioned back to increased complexity and reduced regularity during the background neuronal dynamics in rest. This was
similarly observed in our study illustrated in the time-dependent quantification of all the
extracted nonlinear features (Figure 5.2). However, our study is the first to investigate
RQA features’ ability to characterize motor imagery responses to improve BCI performance. Our findings confirmed the feasibility of using RQA features to characterize the
neural responses that correspond with motor imagery, as they achieved improved classification performance for MI-BCIs both on the unimodal and multimodal levels. The
success of RQA in characterizing the nonlinear dynamics of transitions between MI and
rest in EEG can be explained by several studies that investigated nonlinear techniques
for EEG as a time series that derives from a nonlinear dynamic system. For example, in
[137], Marwan et al. used RQA to identify chaos-chaos transitions in brain potentials
that are caused by stimulus events in single-trial event-related potential data. In [156],
Acharya et al. quantified the nonlinear dynamics of EEG to classify epileptic EEG signals. Successfully RQA features could characterize the increase in regularity from “normal” EEG to “interictal” and then to “ictal” activity because of increased underlying
rhythmicity. Recently, Baghdadi et al. [157] suggested investigating the neuro-cognitive
EEG responses to roughness stimuli using RQA. They used nonlinear analysis in their
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study, because the representation of texture features in cortical responses was proposed
to follow a nonlinear model and RQA was found to characterize tactile sensations in
EEG effectively.
Although EEG (nonlinear) features performed better than the classical EEG (linear) features in our study, unimodal fNIRS features outperformed EEG (nonlinear) features (~7% improvement). This demonstrates further the importance of hemodynamic
characteristics when decoding the MI neural response in addition to characterizing its
nonlinear dynamics. Further, it highlights the importance of combining fNIRS with
EEG-based BCIs to create an improved hybrid system. However, on a multimodal level,
fusing the EEG (nonlinear) features with the fNIRS features improved the performance
by ~10% and 4% compared to unimodal EEG (nonlinear) and fNIRS features, respectively. These findings demonstrate the advantage of adopting graph-based RQA features
to discriminate the MI neural response both on the unimodal and multimodal levels. The
overall hyper-parameter optimization trends of the multimodal fused features (Figure.
5.4) and the corresponding final results (Table 5.3) demonstrate a relatively higher performance for EEG (nonlinear)-fNIRS and EEG (linear+nonlinear)-fNIRS fused features
compared to EEG (linear)-fNIRS for most subjects. These results demonstrated the effect of incorporating the nonlinear dynamics of MI responses in the proposed computational framework to enhance performance. Complementing classical EEG linear features with the nonlinear graph-based features allowed more discriminative characteristics of the MI neural responses to be represented in the multimodal feature set, and thus,
resulted in better performance overall on the multimodal level. The increased degree of
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contribution of the nonlinear EEG features in the EEG (nonlinear)-fNIRS fusion compared to the contribution of the linear features in EEG (linear)-fNIRS fusion support
this result further (Table 5.3).
Our fusion level (FL) quantification results revealed clearly a decrease in the proportion of EEG/fNIRS features’ balance in EEG (linear)-fNIRS fusion when compared
to the other fusion types (Figure. 5.5). This indicates that for EEG (linear)-fNIRS fusion,
the classification performance was dominated largely by fNIRS, given the smaller percentage of the EEG features’ contribution in the fused feature selection scheme of EEG
(linear)-fNIRS fusion (Table 5.3). The nonlinear EEG feature’s increased percentage of
contribution was illustrated in the increase of FL for the other fusion types (Figure. 5.5).
This indicates that decoding and representing the underlying neural response appropriately can elucidate more synergistic dynamics and discriminative feature characteristics
across modalities, and thus enhance classification performance at a hybrid level. Complementing EEG (linear) with EEG (nonlinear) features ensured that both EEG and
fNIRS modalities are represented completely in the multimodal feature space, thus,
providing an opportunity for increased synergy and complementarity between features
for better performance. Overall, the inclusion of the discriminative EEG (nonlinear)
features increased the FL for all subjects, which contributed to better performance for
most participants (S-2, S-5, S-6, S-7, S-8). For the remaining subjects (S-1, S-3, and S4), the increase in FL did not achieve the maximum performance. This is likely because
of sub-optimal selection of the fused feature set, which emphasizes the importance of
selecting a fused representative feature subset from the high-dimensional multimodal
feature set properly to achieve improved performance.
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In general, the results of this study demonstrated that multimodal EEG-fNIRS
classification of MI neural responses performed better than relying solely on a single
modality for all subjects (Figure. 5.6). Even in the case when unimodal classification
dominated the classification accuracy (S-3 and S-7), increasing the number of features
in multimodal classification did not degrade the accuracy for at least one of the fusion
types evaluated. Hence, a systematic approach to feature-level fusion represents a crucial step to ensure robust classification performance, particularly with the increased
number of features when all feature types are fused. Our study adopted a fused feature
selection scheme based upon LASSO, which was supported by previous promising results, particularly for MI-BCIs and relatively small datasets [129].
For ALS patients, the overall classification outcomes show that the hybrid EEGfNIRS multimodal classification performs better than the unimodal EEG classification.
Fusing linear EEG features to fNIRS features improved performance by ~15% over linear EEG for this group of patients, however, it didn’t improve the classification performance over fNIRS. This highlights the effect of potential disease-specific abnormalities
that affect ALS patient’s electrophysiological responses and emphasizes on the importance of fNIRS in characterizing MI hemodynamic response for an improved MIBCI for this cohort. This was particularly evident in the percentage of contribution of
EEG features to the total number of selected fused features in EEG (linear)-fNIRS fusion (31.1%) which reflects how fNIRS is relatively dominating the fused representation
of MI response when using conventional linear spectral features. Interestingly, fusing
the nonlinear EEG features to fNIRS improved the performance by ~16% over nonlinear
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EEG features and ~2% over fNIRS features (see Table 5.5). This performance improvement was accompanied by a substantial increase in the percentage of contribution of
nonlinear EEG features (46.3%) suggesting that these graph-based features are contributing towards discriminative synergistic EEG-fNIRS representation of MI response
when the nonlinear dynamics of MI are considered. This highlights the importance of
decoding the graph-based EEG features to complement the fNIRS features for improved
performance of MI-based hBCIs. Considering the fusion of linear EEG, nonlinear EEG
and fNIRS, the classification accuracy did not improve over EEG (linear)-fNIRS and
degraded the performance when compared to EEG (nonlinear)-fNIRS. This highlights
the compromised discriminative effect of EEG (linear) features especially for this group
of patients.
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CHAPTER 6 CONCLUSION
In this dissertation, we proposed a computational data fusion framework to decode a discriminative electrical-vascular multimodal neural response representation of
MI to advance BCI research. The first research objective was to investigate the electrophysiological abnormalities of ALS cortical motor functions by quantifying ERD/ERS
features of MI in frequency, time, and space. Our findings revealed an overall reduction
of the electrophysiological responses for ALS patients. Overall, our results indicated
that ALS patients have decreased ERD relative to HC, which results from reduced cortical activation during MI and might be attributed to cortical degeneration and disease
progression. Furthermore, the results indicated that ALS patients have delayed ERD
onset over the sensorimotor and premotor areas which can result from dysfunction of
the underlying cortical networks involved in motor preparation. Our statistical analysis
of comparing the extracted ERD/ERS features during each interval between ALS and
healthy controls, demonstrated discrepancies in the topography of the significant reduction of the mean ERD, illustrating a dynamic ERD reduction for ALS time and space.
In accordance with previous MI ALS studies, a negative correlation was found between
reduced ERD for ALS and bulbar dysfunction which is speculated to be associated with
deficits in the mirror neuron system activated through MI tasks. The spatio-spectraltemporal quantification of the dynamics of ERD/ERS in µ and β frequency bands could
potentially capture progressive ALS-specific abnormalities and might serve as EEG
markers to guide diagnosis and prognosis procedures.
The second research objective focused on characterizing and evaluating the spa-
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tio-temporal dynamics of hemodynamic responses evoked by MI tasks in order to investigate the feasibility of fNIRS-based hemodynamic responses evoked by MI tasks
as a means of BCI control for people with ALS. The proposed methods evaluated the
hemodynamic responses and statistically verified MI activation, taking into account
both typical and inverted responses. A subject-specific data-driven approach was proposed to accommodate for the individual spatio-temporal characteristics of hemodynamic responses. The proposed data-driven coefficient (ddβ) feature improved the classification performance of subjects with less prominent temporal differences between
MI and Rest tasks, suggesting its potential to enhance classification performance for
atypical response patterns that might be observed for ALS patients in comparison with
conventionally used features (e.g., Max, Mean, and Slope). Despite the observed interindividual variations in the ALS hemodynamic responses, an optimized performance
was achieved for each subject regardless of their disability level. Our results revealed
an average accuracy of 85.4% ± 9.8%, while no significant correlation was observed
between classification accuracies and patients’ ALSFRS-R scores. These results highlight the importance of adopting an individualized design that takes into account subject-specific variations, both spatially and temporally, to improve BCI performance for
ALS patients.
The third research objective was to evaluate the effect of various classification
algorithms on fNIRS-based MI BCI for ALS patients. The performances of four different classification algorithms (LDA, SVM, BDT, and KNN) was evaluated. Our empirical findings demonstrated that linear SVM represents an excellent candidate for MIHR-based BCI when compared to the other classifiers.
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The study explored the performance of two nonlinear classifiers (BDT and KNN)
in comparison with the commonly used linear methods (LDA and SVM) in order to
explore the underlying complex linear or nonlinear structures of the multichannel hemodynamic responses. Our results demonstrated that on average, the nonlinear algorithms did not offer an advantage over the linear ones for fNIRS MI-BCI in almost all
of the subjects. Our findings highlight the primary role of capturing the subject-specific
discriminative spatial and temporal characteristics of the MI hemodynamic with a secondary role being attributed to the choice of the classification approach.
The final research objective of this dissertation was to optimize the decoding of
MI electrical-vascular neural responses within a computational data fusion framework
that expands the information content beyond single modalities and adopts a fused feature selection strategy that identifies the most discriminative multimodal fused features.
The proposed framework complemented the classical EEG spectral features with graphbased RQA features that quantify the nonlinear recurrence dynamics that underlie MI.
These new features showed an increased synergy and complementarity between EEG
and fNIRS modalities that enhanced MI-BCI performance. The most discriminative
task-informative features were identified through a multimodal fused feature selection
scheme to address the computational challenges of multimodal characterization of the
underlying discriminative neural dynamics. The performance evaluation revealed an
average improvement of approximately 15%, 10%, and 4% by fusing EEG (linear),
EEG (nonlinear) and fNIRS features when compared to unimodal EEG (linear), EEG
(nonlinear), and fNIRS features respectively for healthy subjects. On a unimodal level,
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the graph-based RQA features and the fNIRS features, respectively, improved the performance by ~5% and ~11% over the classical EEG spectral features, and demonstrated
their discriminative strength. On a multimodal level, the optimum hybrid performance
of 96.1% was achieved using discriminative fused feature selection from all feature
types. This improved the conventional hybrid classification accuracy by ~2%, with a
considerable increase in the contribution of EEG features to the total number of fused
features selected. This indicates an increased synergy between the nonlinear graphbased and fNIRS features. For ALS patients, the performance evaluation of hybrid EEG
(nonlinear) fNIRS MI-BCI revealed an average performance improvement of ~16%
and ~2% over unimodal EEG and fNIRS features respectively. The proposed features
increased the hybrid performance of ~1% over the conventional EEG-fNIRS hybrid
classification relying on spectral EEG features. However, this improvement was accompanied by a substantial increase in the percentage of contribution of EEG features
to the total amount of selected fused features.
These findings highlight the importance of characterizing the underlying neural
dynamics of the MI neural response across modalities, and suggest that nonlinear graphbased and fNIRS features are valuable information dimensions that can be exploited to
improve hybrid MI-BCI performance. Further, our results highlight the importance of
fused feature selection schemes and optimized fused discriminative feature sets for a
systematic computational data fusion framework.

.
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APPENDIX
Table A.1: Unimodal EEG (linear) 5-fold cross-validation optimization parameters. Each row
represents the optimized parameters for each of the 5 outer-folds based on a nested inner-loop
5-fold cross-validation optimization procedure for each subject

Participant
No.

S-1

S-2

S-3

S-4

S-5

S-6

S-7

S-8

Mean±SD

EEG (μ)–
optimized
response
window(sec)
0-10
0-5
0-5
0-10
0-2
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-2
0-10
0-5
0-10
0-5
0-10
0-10
0-10
0-5
0-10
0-10
0-10
0-5
0-5
0-5
0-10
0-10
0-10
0-10
8.4±2.6

EEG (β)–
optimized
response
window(sec)
0-5
0-5
0-5
0-5
0-2
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-2
0-2
0-2
0-10
0-5
0-10
0-5
0-10
0-10
0-10
0-5
0-10
0-5
0-10
0-5
0-5
0-5
0-10
0-10
0-10
0-10
7.6±2.3
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Optimized
# features

21
9
7
21
11
23
11
11
15
11
23
5
7
7
11
5
11
15
17
7
7
9
19
5
9
19
7
9
9
21
7
19
11
7
7
9
9
13
17
5
12.0±5.5
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S-4

S-3

S-2

S-1

Participant
No.

βneighborhood
threshold (ε)

0.1
0.03
0.1
0.05
0.05
0.07
0.07
0.07
0.1
0.07
0.07
0.07
0.03
0.07
0.1
0.05
0.1
0.1
0.05
0.1

μneighborhood
threshold (ε)

0.05
0.05
0.07
0.05
0.1
0.05
0.03
0.1
0.1
0.07
0.03
0.05
0.07
0.1
0.05
0.07
0.1
0.1
0.03
0.07

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6

μ-time
delay
(τ)

3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3

β-time
delay
(τ)

μ- & βembedding
dimension
(m)
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4

EEG (μ)–
optimized
response
window(sec)
0-5
0-5
0-10
0-5
0-10
0-10
0-5
0-10
0-10
0-5
0-10
0-10
0-10
0-10
0-10
0-5
0-10
0-10
0-10
0-10

EEG (β)–
optimized
response
window(sec)
0-5
0-5
0-10
0-5
0-10
0-10
0-5
0-10
0-10
0-5
0-10
0-10
0-10
0-5
0-10
0-5
0-10
0-10
0-10
0-5

13
15
17
17
17
17
7
5
13
5
9
7
21
11
9
9
13
15
7
23

Optimized
# features

Table A.2: Unimodal EEG (nonlinear) 5-fold cross-validation optimization parameters. Each
row represents the optimized parameters for each of the 5 outer-folds based on a nested innerloop 5-fold cross-validation optimization procedure for each subject.
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Mean±SD

S-8

S-7

S-6

S-5

Participant
No.

βneighborhood
threshold (ε)
0.07
0.05
0.05
0.03
0.1
0.1
0.1
0.05
0.07
0.03
0.05
0.1
0.05
0.07
0.07
0.1
0.07
0.03
0.05
0.07
0.07±0.02

μneighborhood
threshold (ε)
0.07
0.05
0.1
0.03
0.1
0.03
0.05
0.03
0.1
0.1
0.07
0.05
0.05
0.03
0.07
0.03
0.07
0.03
0.03
0.07
0.06±0.03

6
6
6
6
6
7
7
7
7
7
6
6
6
6
6
6
6
6
6
6
6.0±0.0

μ-time
delay
(τ)
3
3
3
3
3
4
4
4
4
4
3
3
3
3
3
3
3
3
3
3
3.0±0.0

β-time
delay
(τ)

μ- & βembedding
dimension
(m)
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4.0±0.0

EEG (μ)–
optimized
response
window(sec)
0-10
0-5
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
8.9±2.1

EEG (β)–
optimized
response
window(sec)
0-10
0-5
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
8.4±2.5

19
7
21
21
11
7
17
7
7
13
15
9
9
9
9
11
5
5
17
5
12.0±5.3

Optimized
# features

Table A.2 (continue): Unimodal EEG (nonlinear) 5-fold cross-validation optimization
parameters. Each row represents the optimized parameters for each of the 5 outer-folds based
on a nested inner-loop 5-fold cross-validation optimization procedure for each subject.

Table A.3: Unimodal fNIRS 5-fold cross-validation optimization parameters. Each row
represents the optimized parameters for each of the 5 outer-folds based on a nested inner-loop
5-fold cross-validation optimization procedure for each subject

Participant
No.

S-1

S-2

S-3

S-4

S-5

S-6

S-7

S-8

Mean±SD

fNIRS
(HbO&HbR)optimized
response
window(sec)
4-9
0-5
0-5
0-5
2-7
4-9
4-9
0-5
2-7
4-9
0-10
0-10
0-10
0-10
0-10
0-10
4-9
4-9
4-9
4-9
4-9
4-9
0-5
0-5
0-10
0-10
2-7
0-5
0-10
4-9
0-10
0-10
0-10
0-10
0-10
0-10
2-7
4-9
0-10
4-9
8.5±1.9
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Optimized
# features

21
19
23
9
13
9
15
5
9
7
7
13
5
9
9
13
7
11
5
5
9
9
9
11
9
11
7
7
11
19
5
7
9
5
5
5
5
11
11
5
10.0±4.6

Table A.4: Multimodal EEG (linear)-fNIRS fusion 5-fold cross-validation optimization
parameters. Each row represents the optimized parameters for each of the 5 outer-folds based
on a nested inner-loop 5-fold cross-validation optimization procedure for each subject

Participant
No.

S-1

S-2

S-3

S-4

S-5

S-6

S-7

S-8

Mean±SD

EEG (μ)–
optimized
response
window(sec)
0-2
0-2
0-5
0-10
0-2
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-5
0-10
0-5
0-10
0-10
0-10
0-5
0-5
0-10
0-2
0-10
0-2
0-5
0-10
0-10
0-5
0-2
0-10
0-10
0-5
0-10
0-10
0-10
0-10
0-10
0-10
0-10
7.8±3.2

EEG (β)–
optimized
response
window(sec)
0-2
0-2
0-2
0-5
0-2
0-10
0-10
0-5
0-10
0-10
0-10
0-10
0-10
0-5
0-10
0-5
0-5
0-10
0-10
0-2
0-5
0-10
0-2
0-10
0-2
0-5
0-10
0-10
0-5
0-2
0-10
0-10
0-5
0-5
0-5
0-10
0-10
0-10
0-10
0-10
7.0±3.3
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fNIRS
(HbO&HbR)optimized
response
window(sec)
4-9
0-10
0-5
2-7
0-5
0-10
4-9
4-9
0-10
4-9
0-5
0-5
0-5
0-10
2-7
2-7
2-7
0-5
4-9
0-5
0-10
0-10
2-7
4-9
0-10
0-10
2-7
0-5
2-7
0-10
4-9
4-9
4-9
0-10
4-9
2-7
4-9
0-10
4-9
0-5
7.9±1.9

Optimized
# fused
features

13
15
21
5
17
11
19
15
21
21
5
23
5
13
9
5
23
5
9
9
23
19
21
13
19
23
23
15
7
17
13
13
13
15
9
7
7
5
5
21
14.0±6.4
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S-4

S-3

S-2

S-1

Participant
No.

βneighborhood
threshold (ε)
0.1
0.1
0.03
0.07
0.05
0.05
0.05
0.05
0.07
0.05
0.1
0.1
0.05
0.07
0.05
0.05
0.03
0.1
0.05
0.03

μneighborhood
threshold (ε)
0.1
0.1
0.03
0.05
0.05
0.07
0.03
0.05
0.03
0.05
0.05
0.05
0.03
0.1
0.05
0.03
0.07
0.07
0.05
0.05

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6

μ-time
delay
(τ)
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3

β-time
delay
(τ)
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4

μ- & βembedding
dimension
(m)
0-5
0-5
0-10
0-5
0-10
0-10
0-10
0-5
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-5
0-10

EEG (μ)–
optimized
response
window(sec)
0-2
0-5
0-5
0-2
0-10
0-10
0-10
0-5
0-10
0-10
0-2
0-2
0-2
0-10
0-10
0-10
0-10
0-10
0-5
0-2

EEG (β)–
optimized
response
window(sec)

fNIRS
(HbO&HbR)optimized
response
window(sec)
0-10
0-5
0-10
2-7
4-9
0-5
0-5
2-7
0-10
0-5
0-10
0-5
0-5
2-7
2-7
0-10
0-5
4-9
0-10
2-7

17
15
5
7
11
11
19
15
21
21
17
15
9
23
19
23
19
15
15
7

Optimized
# fused
features

Table A.5: Multimodal EEG (nonlinear)-fNIRS fusion 5-fold cross-validation optimization
parameters. Each row represents the optimized parameters for each of the 5 outer-folds based
on a nested inner-loop 5-fold cross-validation optimization procedure for each subject.
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Mean±SD

S-8

S-7

S-6

S-5

Participant
No.

βneighborhood
threshold (ε)
0.07
0.1
0.1
0.07
0.07
0.07
0.1
0.03
0.07
0.07
0.07
0.05
0.1
0.07
0.03
0.05
0.03
0.1
0.05
0.03
0.06±0.02

μneighborhood
threshold (ε)
0.07
0.1
0.05
0.1
0.05
0.05
0.03
0.07
0.1
0.05
0.07
0.03
0.05
0.1
0.07
0.03
0.07
0.07
0.05
0.05
0.06±0.02

6
6
6
6
6
7
7
7
7
7
6
6
6
6
6
6
6
6
6
6
6.0±0.0

μ-time
delay
(τ)
3
3
3
3
3
4
4
4
4
4
3
3
3
3
3
3
3
3
3
3
3.0±0.0

β-time
delay
(τ)
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4.0±0.0

μ- & βembedding
dimension
(m)
0-10
0-2
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-2
0-10
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-10
8.3±2.3

EEG (μ)–
optimized
response
window(sec)
0-10
0-2
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-2
0-10
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-10
7.5±3.5

EEG (β)–
optimized
response
window(sec)

fNIRS
(HbO&HbR)optimized
response
window(sec)
4-9
0-5
0-10
4-9
4-9
4-9
0-10
0-5
0-5
0-5
4-9
4-9
0-5
4-9
4-9
2-7
4-9
0-10
4-9
0-5
7.6±2.1

19
11
13
21
21
17
13
15
5
15
19
5
13
7
17
21
15
17
5
19
15.0±5.3

Optimized
# fused
features

Table A.5 (continue): Multimodal EEG (nonlinear)-fNIRS fusion 5-fold cross-validation
optimization parameters. Each row represents the optimized parameters for each of the 5
outer-folds based on a nested inner-loop 5-fold cross-validation optimization procedure for

each subject
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S-4

S-3

S-2

S-1

Participant
No.

βneighborhood
threshold (ε)
0.05
0.03
0.03
0.03
0.05
0.05
0.03
0.05
0.07
0.05
0.1
0.05
0.05
0.07
0.05
0.07
0.03
0.1
0.05
0.05

μneighborhood
threshold (ε)
0.1
0.1
0.05
0.05
0.05
0.07
0.03
0.05
0.03
0.05
0.1
0.03
0.03
0.1
0.03
0.03
0.07
0.05
0.1
0.05

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6

μ-time
delay
(τ)
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3

β-time
delay
(τ)
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4

μ- & βembedding
dimension
(m)
0-5
0-10
0-10
0-10
0-5
0-10
0-10
0-5
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-10
0-5

EEG (μ)–
optimized
response
window(sec)
0-5
0-5
0-10
0-5
0-5
0-10
0-10
0-5
0-10
0-10
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-10
0-10
0-2

EEG (β)–
optimized
response
window(sec)

fNIRS
(HbO&HbR)optimized
response
window(sec)
4-9
2-7
0-10
4-9
4-9
0-5
4-9
2-7
4-9
0-5
0-5
4-9
0-5
2-7
2-7
0-5
0-5
2-7
0-10
0-5

21
19
15
5
15
15
23
5
21
13
7
13
9
19
23
13
17
17
11
21

Optimized
# fused
features

Table A.6: Multimodal EEG (linear+nonlinear)-fNIRS fusion 5-fold cross-validation
optimization parameters. Each row represents the optimized parameters for each of the 5 outerfolds based on a nested inner-loop 5-fold cross-validation optimization procedure for each
subject.
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Mean±SD

S-8

S-7

S-6

S-5

Participant
No.

βneighborhood
threshold (ε)
0.07
0.1
0.1
0.07
0.07
0.07
0.1
0.03
0.07
0.07
0.07
0.05
0.1
0.07
0.03
0.05
0.03
0.1
0.05
0.03
0.06±0.02

μneighborhood
threshold (ε)
0.07
0.1
0.05
0.1
0.05
0.05
0.03
0.07
0.1
0.05
0.07
0.03
0.05
0.1
0.07
0.03
0.07
0.07
0.05
0.05
0.06±0.02

6
6
6
6
6
7
7
7
7
7
6
6
6
6
6
6
6
6
6
6
6.0±0.0

μ-time
delay
(τ)
3
3
3
3
3
4
4
4
4
4
3
3
3
3
3
3
3
3
3
3
3.0±0.0

β-time
delay
(τ)
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4.0±0.0

μ- & βembedding
dimension
(m)
0-10
0-2
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-2
0-10
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-10
8.3±2.3

EEG (μ)–
optimized
response
window(sec)
0-10
0-2
0-10
0-10
0-2
0-10
0-10
0-10
0-10
0-2
0-10
0-10
0-5
0-5
0-10
0-10
0-10
0-10
0-10
0-10
7.5±3.5

EEG (β)–
optimized
response
window(sec)

fNIRS
(HbO&HbR)optimized
response
window(sec)
4-9
0-5
0-10
4-9
4-9
4-9
0-10
0-5
0-5
0-5
4-9
4-9
0-5
4-9
4-9
2-7
4-9
0-10
4-9
0-5
7.6±2.1

19
11
13
21
21
17
13
15
5
15
19
5
13
7
17
21
15
17
5
19
15.0±5.3

Optimized
# fused
features

Table A.6 (continue): Multimodal EEG (linear+nonlinear)-fNIRS fusion 5-fold crossvalidation optimization parameters. Each row represents the optimized parameters for each of
the 5 outer-folds based on a nested inner-loop 5-fold cross-validation optimization procedure
for each subject.

Figure A.1: Selection frequency of the EEG linear features (i.e., PSD), EEG graph-based
RQA features (i.e, RR, DET, LMEAN, LMAX, ENTR, LAM, TT, VMAX, ENTRV, RTE,
RT1, RT2, CC, T), and fNIRS features (Mean, Max, Var, Skew, Kurt, DMM) across folds in
the optimized classification performance of the three types of multimodal EEG-fNIRS data
fusion for each subject.
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