
 

 

 

 

 

CRANFIELD UNIVERSITY 
   
 
 

JUN CAO 
 
 
 

Estimation and visualisation of Brain Functional and Effective 
Connectivity 

 
 

School of Aerospace, Transport and Manufacturing 
PhD in Manufacturing 

 
 
 

PhD 
Academic Year: 2020 - 2023 

 
 
 

Supervisor:  Professor Yifan Zhao 
Associate Supervisor: Professor John Ahmet Erkoyuncu 

February 2023 
 
  



 

 

 

 

CRANFIELD UNIVERSITY 
 
 

School of Aerospace, Transport and Manufacturing 
PhD in Manufacturing 

 
 
 

PhD 
Academic Year: 2020 - 2023 

 
 

JUN CAO 
 
 

Estimation and visualisation of Brain Functional and Effective 
Connectivity 

 
 

Supervisor:  Professor Yifan Zhao 
Associate Supervisor: Professor John Ahmet Erkoyuncu 

February 2023 
 
 

This thesis is submitted in partial fulfilment of the requirements for 
the degree of PhD in Manufacturing. 

 
© Cranfield University 2023. All rights reserved. No part of this 

publication may be reproduced without the written permission of the 
copyright owner. 



i 

ABSTRACT 

Functional and effective connectivity are two important concepts in the field of 

neuroscience that describe how different regions of the brain communicate and 

work together to support various cognitive and behavioural functions. Despite 

the many advances in functional and effective connectivity research, there are 

still several important research gaps that need to be addressed. This thesis 

explores the novel estimation and visualisation of brain functional and effective 

connectivity using electroencephalography recordings, with a particular focus on 

its potential impact on the diagnosis and monitoring of neurological disorders. 

This thesis proposes two novel methods for estimating brain functional 

connectivity and effective connectivity. The first method, Revised Hilbert-Huang 

Transformation, outperforms wavelet-based methods in terms of promising 

features and time-frequency resolution, providing a potential biomarker and 

diagnostic tool for Alzheimer's disease. The second method, causality detection 

attention-based convolutional neural networks, effectively estimates effective 

connectivity networks and identifies disrupted connectivity in Alzheimer’s 

disease patients. These methods contribute to the growing literature on 

connectivity estimation and offer valuable insights into the neural mechanisms 

underlying cognitive processes and neurodegenerative diseases, providing 

potential diagnostic and monitoring tools for healthcare professionals. This 

thesis also introduces a novel directed structure learning GNN (DSL-GNN) to 

leverage several EBC estimations to extract discriminative biomarkers for 

dementia classification.  In studies of Alzheimer's disease, epilepsy, Parkinson's 

disease, and workload classification, the thesis demonstrates that the proposed 

brain connectivity methods have better performance compared with traditional 

methods based on individual channel. It suggests that functional and effective 

connectivity may track more changes from healthy people to patients to a 

certain extent, providing the possibility for earlier and more accurate diagnoses. 

Specifically, the thesis finds that specific regions of the brain can contribute to 

the diagnosis of epilepsy and dementia disease as well as workload 

classification based on brain connectivity. By advising the appropriate 

placement of electroencephalography sensors based on these identified 
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regions, doctors and researchers can more efficiently and accurately diagnose 

and classify these neurological disorders, reducing the burden on healthcare 

systems.  
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1 Introduction 

1.1 Background 

Analysing non-invasive brain signals is a growing trend in the field of 

neuroscience and medical research. Non-invasive brain signal analysis refers to 

the use of techniques that allow scientists to study brain activity without 

requiring invasive procedures like surgery or implantation of electrodes(Li et al., 

2020). The trend towards analysing non-invasive brain signals is driven by a 

desire to understand the brain better and develop new treatments for 

neurological and psychiatric disorders. Non-invasive techniques are preferred 

over invasive ones because they are less risky, less expensive, and more 

accessible to a wider range of patients (Van de Steen et al., 2019; Yasin et al., 

2021). In this case, a type of neurophysiological signal, so-called scalp 

electroencephalography (EEG), has been playing an increasingly important role 

in this field since EEG has the advantages of low cost, high temporal sampling 

rate, and improved accessibility at hospitals. Meanwhile, growing attention was 

paid to brain connectivity estimated from EEGs due to increasing evidence that 

brain connectivity can reveal the function of different brain regions and complex 

cortical intercommunications among them. Brain connectivity can be subdivided 

into neuroanatomical (or structural), functional and effective connectivity (Cao et 

al., 2022). Neuroanatomical connectivity refers to structural links such as 

synapses or fibre pathways at the microscopic scale of neurons. Functional 

connectivity is defined as statistical interdependence among remote 

neurophysiological regions (Qiao et al., 2018; Sadaghiani and Kleinschmidt, 

2016). In terms of effective connectivity, it indicates the directed influence of 

one neural region over others (Hasanzadeh et al., 2022; Saeedi et al., 2020; 

Schumacher et al., 2015). Selecting the most appropriate connectivity measure 

is crucial, as widely distributed complex brain networks generate diverse 

topological signal processing and intercommunications in distinct conditions. 

Therefore, many novel methods have been developed from various aspects. 

This includes consideration of linear or nonlinear behaviours, the information in 
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time, frequency or time-frequency domain, parametric or non-parametric 

measures, and directed or undirected information (Cao et al., 2022).  

Visualisation plays a crucial role in the research of EEG brain connectivity. 

Specifically, it establishes the base for further practical and clinical uses of 

novel methods. It could not only improve the efficiency for other researchers to 

understand and evaluate the proposed approaches and produced results but 

also benefit experts in presenting and explaining the finding obtained from 

various advanced methods to people without basic knowledge of EEG signals 

and brain connectivity. Besides, EEG study could be combined with appropriate 

visualisation methods to study potential functions, oscillations and 

intercommunications within the dynamic architecture of the human brain. The 

current medical instrument related to EEG focuses on oscillations and 

biomarkers within a signal channel. Therefore, from my point of view, 

development and innovations of visualisation can promote the upgrading of 

EEG-related equipment, as well as explore more secrets within the human 

brain. For instance, the utilization of appropriate visualizations can significantly 

enhance researchers' comprehension of the distinctive contributions made by 

various brain regions. Moreover, the resultant insights can offer valuable 

perspectives for the refinement of EEG sensor design, encompassing 

considerations such as configuration and layout. 

Increasing evidence shows that brain connectivity analysis, quantified by 

correlation and coherence, information theory and causality analysis, can reflect 

on the changes in neurological patients. It has provided a significant number of 

promising results relevant to different neurological disorders such as 

Alzheimer’s disease, epilepsy, and Parkinson’s disease. In addition to 

neurological and neurophysiological studies and associated clinical 

applications, there is a wide range of applications where the research objectives 

are to assist humans in understanding brain behaviour, for example, emotion 

recognition, object recognition, mental assessment and biometric identification. 

However, there are still a lot of limitations and challenges. 
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1.2 Research Gaps 

First of all, lack of interpretability is a main issue in this field. The volume of 

EEG recordings is usually massive, and their interpretability is highly related to 

clinical practice needing specific knowledge to understand. Therefore, the 

practical use of EEG is extremely dependent on doctors’ experience, and the 

process is usually time-consuming.  

Secondly, changes in brain connectivity may occur in the early stage of 

neurological disorders, while this sometimes cannot be diagnosed by traditional 

digital signal processing methods relying on a single channel. In this case, 

potential features may be explored from brain functional and effective 

connectivity to support early diagnosis and progression evaluation of 

neurological diseases.  

Thirdly, it has been proved that brain connectivity can reveal the underlying 

function of different brain regions and complex cortical intercommunications 

among them, which helps better understand many neurological conditions, 

including disorders and emotions. However, the potential of brain connectivity in 

cognitive research (e.g., multi-class workload classification problem) has not 

been fully explored. 

Fourthly, EEG study could be combined with appropriate visualisation methods 

to study potential functions, oscillations, and intercommunications within the 

dynamic architecture of the human brain. The current medical instrument 

related to EEG focuses more on oscillations and biomarkers within a single 

channel, but there are limited approaches to interpret the EEG brain 

connectivity. The development and innovations of visualisation may promote the 

upgrading of EEG-related equipment, as well as explore more secrets within the 

human brain. In this case, there is high demand for satisfactory visualisation 

techniques for brain connectivity. 

Fifthly, the literature suggests that effective brain connectivity (EBC) has the 

potential to reveal abnormal cortical changes in the patients’ brain caused by 

neurological disorders to an extent. In the meantime, to deal with complex brain 
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networks, a graph neural network (GNN) has been increasingly popular in 

recent years. However, the effectiveness of the combination of the mentioned 

EBC and GNN techniques has been largely unexplored in the field of dementia 

diagnosis. 

Finally, brain network interactions are dynamic and may be time-varying (the 

associated signals are non-stationary), as phase synchronisation and phase 

scattering occur within the millisecond range. Transient associations have been 

observed, usually highly nonlinear, among different brain regions. Even though 

recent years have witnessed the development of brain connectivity techniques, 

limited methods can analyse the non-stationary and non-linear behaviours of 

brain networks. Exploring hidden information within EEG signals is far beyond 

the capabilities of commonly available methods. 

1.3 Aim and Objectives 

This PhD project aims to develop an EEG-based brain functional and effective 

connectivity (BiFEC) estimation and visualisation technique to identify new 

sensitive, non-invasive and reproducible biomarkers for diagnosing and 

monitoring neurological diseases. The aim results in the following four 

objectives: 

1) To review state-of-the-art brain connectivity quantification methods and well-

accepted visualisation approaches to represent brain functional and effective 

connectivity (BiFEC). This objective links to Chapter 2. 

2) To develop novel methods to estimate BiFEC in time, frequency and time-

frequency domains, primarily focusing on exploring the non-linear and highly 

dynamic intercommunications with the associated spatial distribution. This 

objective links to Chapter 3 and Chapter 6.   

3) To design brain connectivity visualisation approaches to reveal brain activity 

and disorder evaluated by EEG recordings. This objective links to Chapters 

3-7. 

4) To evaluate the proposed BiFEC methods by applying them to real EEG 

data from patients with various neurological disorders (e.g., Alzheimer’s 
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disease, epilepsy, and Parkinson’s disease) or from participants in mental 

workload classification tasks. This objective links to Chapters 4, 5 and 7. 

The structure of PhD thesis is illustrated in Figure 1-1. The first chapter 

introduces the background of EEG brain connectivity, summarises the relevant 

research gap, clarifies the main aim and individual objectives as well as the 

corresponding methodology, and provides the structure of the thesis.  Chapter 2 

is a literature review of the brain functional and effective connectivity based on 

EEG recordings to achieve Objective 1. Chapter 3 and Chapter 6 introduce 

several novel functional and effective connectivity estimation approaches 

proposed by this PhD project to achieve Objective 2. Chapter 4, Chapter 5, and 

Chapter 7 introduce practical applications of functional connectivity and 

effectivity connectivity, respectively, to achieve Objective 4. In the meantime, 

various visualisation methods are designed and adopted to assist in developing 

and utilising functional and effective connectivity to achieve Objective 3.      

Figure 1-1 The structure of PhD Thesis 
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1.4 Research Methodology adopted to achieve the stated 
objectives. 
1) To systematically review brain functional and effective connectivity 

estimation and analysis methods in accordance with their properties, such 

as linear or nonlinear, parametric or non-parametric, time, frequency or time-

frequency domain and directed or undirected. Besides, various distinct 

approaches to connectivity visualisation are reviewed. This review plays a 

crucial role in my thesis to identify the research gaps. (Objective 1) 

2) There are three typical categories of functional connectivity measures: (1) 

Correlation and coherence, (2) Phase synchronization measures, and (3) 

Information-based measures. Slightly different from functional connectivity, 

effective connectivity is event-dependent and relies more on a model, for 

example, the structural equation model (SEM), dynamic causal model 

(DCM) and directed transfer function (DTF) based on the autoregressive 

model. After reviewing and evaluating previous methods, this project 

explores several novel approaches to measure functional and effective 

connectivity, especially targeting to estimate nonlinear and dynamic 

information from non-stationary brain networks. The study is expected to be 

involved in the time, frequency, and time-frequency domains and explore 

information individually and conjunctively. (Objective 2) 

3) Data-driven methods gradually represents the power of calculation causal 

intercommunication between the multiple components of brain networks. 

Unlike parametric-model-based methods, non-parametric approaches do not 

need to build a model before calculating connections. In other words, it could 

avoid assumptions of an unknown system, improving the efficiency of 

algorithms to a certain extent. In this case, some novel deep learning 

methods will be applied to learn brain effective connectivity, revealing whole-

brain causal information flows. (Objective 2) 

4) With the purpose of increasing the interpretability of results obtained from 

EEG recordings, many researchers developed or employed various 

distinguished visualisation approaches. The visualisation methods can be 

categorised into three groups: heat map, data statistics and head map. The 
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continuous advancement of visualisation methods applied in brain 

connectivity has been successful in effectively capturing distinguishing 

information from EEG recordings. Depending on the cases, an appropriate 

visualisation pattern could be designed to reveal more valuable brain 

connectivity information from different aspects. (Objective 3) 

5) To evaluate the validation of proposed methods, those methods will be 

realised and verified in the case of Alzheimer’s disease, epilepsy, 

Parkinson's disease and mental workload classification. The new 

approaches are expected to reflect the difference between healthy controls 

and patients or patients in different stages. (Objective 4) 

6) One-way analysis of variance (ANOVA) is employed to evaluate the 

significance of differences in the investigated features of different groups. In 

this case, it guides to select significant channels for each frequency band 

based on the p-value, preparing for optimising the input features of machine 

learning. ANOVA is widely used to test the significant difference between the 

different groups of participants. ANOVA tests the null hypothesis, i.e., the 

means of the tested groups are equal, and the p-value indicates the 

statistical significance. The rejection of the null hypothesis leads to the 

conclusion that the two groups are statistically different. To select promising 

features that offer significant differences between different groups and to 

reduce the computational burden of machine learning, the estimation is 

undertaken using a determined p-value. (Objective 4) 

7) Moreover, to evaluate the effectiveness of a variety of features and 

biomarkers extracted from signal processing and brain connectivity analysis, 

machine learning (ML) methods tend to be used, such as support vector 

machine (SVM), random forest (RF), K-Nearest Neighbour (KNN), 

convolutional neural networks (CNN) and graph neural network (GNN). With 

the purpose of further evaluating the machine learning algorithm 

performance, accuracy, sensitivity, and specificity will be calculated. 

Moreover, the receiver operating characteristic (ROC) curve and the area 

under the ROC curve (AUC) can be further calculated to assess the 

goodness of classification. (Objective 4) 
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8) In terms of EEG data resources, this project is cooperating with a local NHS 

hospital so that clinical EEGs can be obtained and used with a Data 

Management Plan in place. Furthermore, supported by the doctors’ 

knowledge and experience, some medical and neuroscience findings can be 

explored and summed up. (Objective 4) 
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2 Literature Review 

This chapter is based a journal review paper, ‘Brain functional and effective 

connectivity based on EEG recordings: a review’, published in Human Brain 
Mapping. 

Cao, J., Zhao, Y., Shan, X., Wei, H., Guo, Y., Chen, L., Erkoyuncu, J.A., 

Sarrigiannis, P.G., 2021b. Brain functional and effective connectivity based on 

electroencephalography recordings: A review. Hum. Brain Mapp. n/a, 1–20. 

https://doi.org/https://doi.org/10.1002/hbm.25683 

2.1 Introduction 

In the past decades, plenty of prior researchers showed their interest in 

understanding brain activities through analysing non-invasive brain signals. 

Scalp electroencephalography (EEG), has been yearly increasingly attractive 

resulting in a growing number of publications (Diessen ., 2015). On one 

hand, to extract hidden information from EEG recordings, various traditional 

digital signal processing methods were employed, such as independent 

component analysis (ICA) (Mierlo ., 2014; Tafreshi ., 2019a; van Mierlo 

., 2014; Vecchio ., 2014), power spectral density (PSD) (Erra ., 

2017; Ko ., 2009; Lias ., 2010; Saito ., 2006) and discrete wavelet 

transform (DWT) (Amin ., 2020; Cvetkovic ., 2008; Dhiman ., 2014; 

Ibrahim ., 2018; Vijay Anand and Shantha Selvakumari, 2019), etc. They 

usually focus on either a single EEG channel, which are univariate methods 

essentially, or blind signal separation. Those methods may not consider the 

intercommunications between different EEG signals. On the other hand, 

growing attention was paid to brain connectivity. There is increasing evidence 

that brain connectivity can reveal the function of different brain regions and 

complex cortical intercommunications among them (Babiloni ., 2005; V. 

Sakkalis, 2011; Tafreshi ., 2019a; van Mierlo ., 2014), which helps 

better understand many neurological conditions including disorders and 

emotions. As shown in Figure 2-1, the number of publications relevant to “EEG 

and brain connectivity” grew sustainably in recent years, especially after 2012.  



 

12 

Brain connectivity can be subdivided into neuroanatomical (or structural), 

functional and effective connectivity. Neuroanatomical connectivity refers to 

structural links such as synapses or fibre pathways at the microscopic scale of 

neurons (Sakkalis, 2011). Magnetic resonance imaging (MRI) and diffusion 

tensor imaging (DTI) are well-accepted techniques to reveal the brain structural 

connectivity with a relatively high spatial resolution (Clayden, 2013; Fan ., 

2016; Mohanty ., 2020), while EEG cannot directly reveal structural 

connections and it is applied to estimate functional and effective connectivity. 

Compared with MRI, EEG offers higher temporal resolution, thus connectivity 

can be estimated at shorter time scales. Meanwhile, EEG has the capacity to 

enable early detection of anomalies in pathophysiological processes affecting 

brain networks at a lower cost before clinical symptoms emerge and before 

structural alterations are visible in MRI (Marzetti ., 2019; Sadaghiani ., 

2021). Functional connectivity is defined as statistical interdependence among 

spatially distant neurophysiological regions (Friston, 2011), usually measured 

 

Figure 2-1 Number of Publications per year from PubMed search using 
keywords "EEG and Machine learning" or "EEG and AI" (Trend1) and “brain 
connectivity and EEG” (Trend2) in the period 2005–2020 
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by correlation, coherence and information theory (Cao ., 2021a; Colclough 

., 2016; Marzetti ., 2019; Sarrigiannis ., 2015; Shan ., 2021; 

Wang ., 2014; Zhao ., 2018). In terms of effective connectivity, it 

indicates the causal influence of one neural region over others (Astolfi ., 

2004; Tafreshi ., 2019a) by combining imaging techniques like EEG and 

magnetoencephalography (MEG) with mathematical models of interconnected 

brain regions (Friston, 2001; Ponten ., 2010). Different from the functional 

connectivity that only addresses statistical relationships, effective connectivity 

tends to reveal underlying mechanisms of interaction among neural regions and 

it is dynamic (event-dependent) and depends on a model of connections 

(Friston, 2011; He ., 2013; Seth ., 2015). It is believed that brain 

connectivity contains enormous potentials which could aid our understanding of 

brain networks. There are debates if the volume conduction effect can be 

avoided from sensor-level estimates of brain connectivity, due to the 

transmission from neural excitation to the surface measurement (He ., 

2019). Some researchers prefer to calculate the connectivity in source-space 

after solving the inverse problem (Moezzi and Goldsworthy, 2018; Palva ., 

2018; Supp ., 2007). 

Moreover, based on a variety of features and biomarkers extracted from signal 

processing and brain connectivity analysis, recent years have witnessed a 

considerable increase of published papers using machine learning (ML) 

methods for EEG classification (Figure 1), such as support vector machine 

(SVM), random forest (RF) and K-Nearest Neighbour (KNN) (Akbarian and 

Erfanian, 2020; Blinowska ., 2017; Lehmann ., 2007; Rajendra Acharya 

., 2012), as well as deep learning approaches (Ball ., 2016; Chen ., 

2019; Saeedi ., 2020).  

Visualisation is indispensable in brain connectivity analysis and highly 

promoting to interpret brain activity and intercommunications. Zhao . (2020) 

suggest that the imaging and study of brain functional connectivity can 

effectively revolutionise our understanding of brain degradation or dysfunction in 

a user friendly and systematic way. Besides, some researchers believe that 



 

14 

connectivity results are supposed to be presented using appropriate 

visualisations that would in reality be interpreted by neurophysiologists (Haufe 

., 2013). On the other hand, the visualisation of brain connectivity generates 

novel and promising input images for some deep learning methods. Literature 

shows that the Convolution Neural Network (CNN) has the ability to identify the 

complexity present in EEG signals using advanced visualising techniques of 

brain connectivity (Gao ., 2019; Mammone ., 2020; Wang ., 2019). 

Although over recent years an incessant flurry of numerous promising 

approaches related to brain functional and effective connectivity has contributed 

to neural research in understanding brain network function and some reviews 

tried to summarise the methods and discuss the limitations (Bastos and 

Schoffelen, 2016; Diessen ., 2015; V. Sakkalis, 2011; van Mierlo ., 

2014), there is a lack of comprehensive review in the last few years in terms of 

estimation, applications, and particularly their associated machine learning 

approaches. Moreover, there is no review available on a variety of visualisation 

methods to represent the variation of functional and effective connectivity.  

Section 2 of this Chapter systematically reviews brain functional and effective 

connectivity estimation and analysis methods in accordance with their 

properties and applied areas. Those popular methods to quantify brain 

connectivity are grouped as parametric and non-parametric techniques and 

their conceptual and mathematical details are represented in the Appendix. 

Various distinct approaches of connectivity visualisation, grouped into three 

categories, are reviewed in Section 3.  Section 4 provides a summary and 

critical evaluation of brain connectivity methods and their applications in the 

fields of neural disease and brain activity research. We then discuss the role of 

visualisation for brain connectivity analysis in detail. Besides, a discussion on 

the significance of machine learning and its various effective combination with 

brain connectivity estimations are represented in Section 4. This section closes 

with the identified research gaps and future direction. The conclusions are given 

in Section 5. 



 

15 

2.2 Estimation 

A review of high-frequently used methods to estimate brain connectivity based 

on EEG is given in  

 Table 2-1 associated with their properties. These methods are either linear or 

nonlinear, parametric or non-parametric, belong to functional or effective 

connectivity, in time, frequency or time-frequency domain. The conceptual and 

mathematical details of these approaches are represented individually in the 

Appendix. It can be observed from this table that the functional connectivity is 

usually estimated by non-parametric methods while the effective connectivity 

estimates are based on parametric techniques. In this review, parametric and 

non-parametric methods are grouped separately. 

 
Linearity Signal processing Brain connectivity Domain 

 
Linear Nonlinear Parametric non-

Parametric FC EC Time Frequency Time-
Frequency 

DCM          

MSC          

STFC          

WC          

PLV          

GS          

GC          

PDC          

Corr          

SL          

TE          

MI          

DTF          

PS          

SEM          

IPC          

PLI          

ERR          

 
Linearity Signal processing Brain connectivity Domain 



 

16 

 Table 2-1 Comparison of methods for quantifying brain connectivity using EEG 
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2.2.1 Non-parametric methods 

2.2.1.1 Linear methods 

Linear intercommunication of the brain has been studied for several decades 

and is relatively straightforward in terms of computation and interpretation 

(Diessen ., 2015). Correlation measures are well-accepted to represent 

linear connections. Pearson correlation coefficient (PCC) and cross-correlation 

were applied in the time domain to estimate functional connectivity from multi-

channel EEG recordings (Fagerholm ., 2020; Handojoseno ., 2013; 

Ibrahim ., 2018; Lee and Hsieh, 2014; Tarokh ., 2010; Vortmann ., 

2019). It should be noted that PCC is the cross-correlation value at the zero 

time lag. In other words, if there is any time delay between the two EEG signals, 

PCC cannot accurately represent the strength of linear correlation. The 

counterpart of the cross-correlation in the frequency domain is the coherence. 

Coherence is sensitive to both changes in power and phase relationships 

between EEG signals (V. Sakkalis, 2011). The Magnitude Squared Coherence 

(MSC) (Battaglia and Brovelli, 2019) and the imaginary part of coherency 

(Ewald ., 2012; Haufe and Ewald, 2019; Nolte ., 2004; Stam ., 

2007) were widely utilised and the latter one is less sensitive to volume 

conduction (Nentwich ., 2020; Nolte ., 2004). The limitation of 

coherence and correlation is that only either spectral components or temporal 

information can be observed while no information about brain dynamics is 

provided. Time-frequency analysis methods are popular to study the changes in 

cortical connectivity, simultaneously extracting spectral and temporal 

information (Sankari ., 2012). The Short-Time Fourier Coherence (STFC) 

(Chen ., 2013; Wendling ., 2009) and Wavelet Coherence (WC) 

(Ieracitano ., 2017; Lachaux ., 2002; Qassim ., 2017; Sankari ., 
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2012; Sankari and Adeli, 2011) are utilised by several studies to produce EEG 

functional connectivity in the time-frequency domain. STFC employs a fixed 

sliding window to achieve spectral analysis within the time window, while WC 

optimises and adjusts the wavelet base for different signal frequencies to 

characterise time-varying coherence (V. Sakkalis, 2011).  

2.2.1.2 Nonlinear methods 

Phase synchronization is a category that focuses on the phase coupling of 

oscillation systems. The Phase Locking Value (PLV) (Bajo ., 2015; Bedo 

., 2020; Delgado-Restituto ., 2019; Mheich ., 2015; Sadaghiani and 

Kleinschmidt, 2016) and the Phase Lag Index (PLI) (Chaturvedi ., 2019; 

Fraga González ., 2018; Liao ., 2019; Stam ., 2007) are high-

frequently used to obtain the strength of phase synchronization. Information 

theory is regarded as another efficient method in the case of extracting 

nonlinear interactions among EEG signals. To be more specific,  Mutual 

Information (MI) (Melia ., 2015; Meng ., 2015; Piho and Tjahjadi, 2020; 

Rajendra Acharya ., 2012; Yin ., 2017) and Synchronization Likelihood 

(SL) (Altenburg ., 2003; Chriskos ., 2018; Mumtaz ., 2018; 

Pijnenburg ., 2004; Yu ., 2017) are used to estimate the undirected 

functional connectivity from EEG recordings, while the directed transfer of 

information can be quantified by Transfer Entropy (TE). Choosing SL as a 

connectivity measure might lead to biased results since SL is sensitive to 

volume conduction effects (Boersma ., 2013). In contrast, TE has 

demonstrated its robustness against volume conduction. (Harmah ., 2020; 

Huang ., 2015; McBride ., 2015; Yang ., 2013; Yao and Wang, 

2017). It should be noticed that information-based approaches are fully model-

free. That is to say, relatively fewer assumptions tend to be imposed on the 

data, but it trades in the need for larger data sets (Seth ., 2015; Zhao ., 

2020).  

2.2.2 Parametric methods 

The parametric methods refer to a framework or procedure where there is a 

specification of a model that requires a set of fixed parameters to be fitted to the 
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observed signals (V. Sakkalis, 2011; Salman ., 2018; Zhao ., 2012). 

Compared with model-free techniques, parametric-model-based methods are 

more commonly accepted to estimate the effective connectivity of multi-channel 

EEGs. In this case, parametric effective connectivity is based on theoretical 

models that describe how brain areas interact and influence each other (V. 

Sakkalis, 2011). Dynamic Causal Modelling (DCM) (Brown and Friston, 2012; 

Herz ., 2012; Lee ., 2020; Van de Steen ., 2019) applies a 

Bayesian framework to assess model performance, and Structural Equation 

Modelling (SEM) (Astolfi ., 2004; Babiloni ., 2003; Sartori ., 2012)is 

a generalized linear modelling framework combining factor analysis with path 

modelling (Kaur ., 2019). DCM and SEM treat the brain as a deterministic 

nonlinear and linear system respectively (Astolfi ., 2004; David ., 2006; 

Friston ., 2003). 

Unlike DCM and SEM that require a certain amount of a priori knowledge about 

connectivity, many researchers have developed various data-driven methods 

for quantifying effective connectivity based on Granger causality (Salman ., 

2018). Granger causality-related methods occupy a useful middle ground 

between fully model-free and highly model-dependent approaches (Seth ., 

2015). Most of the Granger causality measures are constructed based on 

autoregressive models, in which the present samples of the signals are 

predicted using a linear or nonlinear combination of the past samples 

(Omidvarnia ., 2011; van Mierlo ., 2014; Zhao ., 2013, 2020). 

According to the considered coefficients of the autoregressive models, Partial 

Directed Coherence (PDC) (Ghumare ., 2018; He ., 2014a; Mazher 

., 2017; Silfverhuth ., 2012; Varotto ., 2012, 2014) and Directed 

Transfer Function (DTF) (Haufe ., 2011; Omidvarnia ., 2011; 

Omidvarnia ., 2011) were applied in the field of EEG-based neuroscience. 

PDC is computationally more efficient and more robust than DTF since it does 

not involve any matrix inversion (He ., 2014a). Granger causality was 

originally developed in the context of linear autoregressive with exogenous 

(ARX) input models (Geweke, 1982), while some researchers focused on 

nonlinear causality, which is generated by nonlinear ARX model in time and 
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frequency domains (Chen ., 2019; He ., 2014b, 2013; Zhao ., 

Figure 2-2 Examples of the visualisation of brain connectivity (A) Structural and 
functional networks are topologically similar. Examples of structural and 
functional adjacency matrices from one patient. Similarity between structural 
network architecture and cross-correlation and coherence functional networks is 
visually evident.(Chu et al., 2015) (B) Contribution of non-normalized directed 
transfer function (NDTF) pairs variables to PC1 in terms of Principal component 
analysis (PCA) loadings. Only these NDTF pairs which showed statistical 
differences between Nold and AD groups on the level p < 0.0005 contributed. It 
provides information about the importance of a particular parameter in the 
classification procedures (Blinowska et al., 2017) (C) Constructed functional 
connectivity map (The threshold of  is applied as the connection strength) for 
subject diagnosed with left frontal region epilepsy and subject diagnosed with 
generalized epilepsy. (Sargolzaei et al., 2015) (D) Effective brain networks 
(averaged over all participants) for responses to different emotional music 
(Shahabi and Moghimi, 2016).(E) A revised Circular Graph plot overlaid with EEG 
electrode locations to highlight the real electrode locations and their 
corresponding locations in the plot. (Zhao et al., 2020) 
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2013b, 2013a). Besides the traditional Granger method, the Error Reduction 

Ratio–causality (ERR-causality) test was proposed to estimate the time-varying 

direction and strength of linear or nonlinear causality between two signals as 

well as their relative time shift (Sarrigiannis ., 2014; Zhao ., 2012, 2020)  

2.3 Visualisation of brain connectivity 

To effectively interpret results obtained from EEG recordings, many researchers 

have developed or employed various distinguished visualisation approaches. 

This section aims to review the typical visualisation methods for functional and 

effective connectivity and provide corresponding critical comparisons. The 

visualisation methods can be categorised into three groups: heat map, data 

statistics and head map.  

Heat map generally employs an adjacency matrix to represent the quantification 

of brain connectivity, which performs well in showing the overall relationship 

between all pairs of available EEG channels. Chu  (2015) found a 

significant similarity between functional and structural networks within dysplasia 

patients. Regions of Interests (ROIs) for structural network analysis were 

selected to overlap with ROIs used for constructing the functional networks. The 

functional connectivity was quantified by cross-correlation and coherence and 

visualised by a heat map, as shown in Figure 2-2(a). This visualisation method 

was also used in pediatric epilepsy studies (Sargolzaei ., 2015) and the 

analysis of spontaneous blood oxygen level-dependent signals (Chang ., 

2013).  

The data statistic method tends to quantitatively compare targeted pairs and 

visualise significant ones by setting a threshold. Blinowska (2017) 

demonstrated a statistical difference among a series of directed pairs in the 

contribution of Non-normalised Directed Transfer Function (NDTF) pairs values 

(Figure 2-2 (B)), indicating the most important connections for the discrimination 

between healthy elderly and Alzheimer’s disease individuals (Blinowska ., 

2017). Similarly, PLI was estimated and visualised by a statistic method for 

patients with Fragile X Syndrome (FXS) (Van Der Molen ., 2014), where the 
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healthy control group shows the brain connectivity difference in typical 

frequency ranges. 

With a combination of brain connectivity and a head map, researchers were 

able to represent the distinction between health and disease and responses to 

external stimuli while demonstrating the importance of specific brain regions. 

Figure 2-2 (C) and (D) visualise brain functional connectivity for epilepsy 

diagnosis (Sargolzaei ., 2015) and effective connectivity for human 

emotional responses to various types of music (Shahabi and Moghimi, 2016) 

respectively. Besides, Zhao . (2020) proposed a revised circular graph to 

visualise the functional connectivity quantification for the classification of 

Alzheimer’s disease (Figure 2-2(E)), which demonstrates the potential 

contribution of specific regions to disease diagnosis. 

Both heat map and head map methods can represent connectivity distributions 

reflecting an extent involvement of specific brain regions. The heat map 

employs an adjacency matrix to show interconnections between each electrode 

pair, while the head map helps isolate and visualise brain areas of interest that 

can be used in developing specific applications, such as the representation of 

connectivity differences for diagnostic purposes (i.e., brain network function in 

health and various neurological disorders). It is worth noting that the 

determination of an appropriated threshold is important for the implementation 

of an appropriate head map method, since too much or too little information 

may limit connectivity interpretation. Moreover, a heat map is usually used for 

visualising functional connectivity but not effective connectivity while the head 

map can reveal both types of connectivity. Another advantage of heat map is 

that it can generate appropriate inputs for deep learning models. For instance, 

Chen . (2019) used mutual information to build the heat map, which is then 

used as the inputs to the CNNs. The data statistics approach, compared with 

the other two methods, focuses more on quantification. To be more specific, this 

method tends to provide numerical comparison and select the most valuable 

connections by setting thresholds. Therefore, it is more suitable for studies that 

aim to reflect on data difference among a limited number of electrode pairs. 
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However, the overall topological connectivity characteristics cannot be 

represented, which limits the ability to infer the contribution of structural 

connectivity to the findings.  

2.4 Applications and Machine Learning 

2.4.1 Practical application 

Increasing evidence exists that brain connectivity analysis, quantified by 

statistical dependence (e.g. correlation and coherence), information theory, and 

parametric and non-parametric causality analysis, can reveal the changes of the 

brain signal behaviour or patterns of neurological patients. Over the past few 

years, there was substantial developments and emergences of a great number 

of promising results for analysing and understanding different types of 

neurological disorders such as Alzheimer’s disease (Bajo ., 2015; delEtoile 

and Adeli, 2017; Engels ., 2015; Sankari and Adeli, 2011), epilepsy 

(Clemens ., 2013; Douw ., 2010; Visani ., 2010; Xie and Krishnan, 

2013) and Parkinson’s disease (Chaturvedi ., 2019; Evangelisti ., 2019; 

Handojoseno ., 2013; Yuvaraj ., 2016). In addition to neurological and 

neurophysiological studies and associated clinical applications, there is a wide 

range of applications where the research objectives are to assist human in 

understanding brain behaviour, for example, emotion recognition 

(Khosrowabadi ., 2010; Lee and Hsieh, 2014; Shahabi and Moghimi, 2016), 

object recognition (Kaur ., 2019; Supp ., 2007; Tafreshi ., 2019a), 

mental assessment (Al-Shargie ., 2019; Cattai ., 2018; Rathee ., 

2017) and biometric identification (Fraschini ., 2019; Rocca ., 2014; 

Wang ., 2019).  

In the meantime, the rapid progression of machine learning technology, applied 

in the field of brain connectivity has led to very significant developments, aiming 

to achieve a deeper and better understanding of brain network behaviours for 

the health group and patients with various neurological conditions. Table 2-2 

Recent applications combining brain connectivity estimations with machine 

learning methods.shows a depiction of some recent applications of brain 

connectivity estimations supported by machine learning methods.  
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2.4.2 Hand-crafted vs. Imaging features 

On one hand, state-of-the-art methods for EEG-based applications mostly apply 

a procedure that comprises hand-crafted features and traditional machine 

learning classifiers. For example, ‘PCC, WC, MSC, PS and MI + SVM’ is 

applied to object recognition (Tafreshi ., 2019a), ‘WC+LDA’ is used for the 

diagnosis of Parkinson's disease-related dementia and Alzheimer's disease 

(Jeong ., 2016), ‘DTF + SVM’ is used for the detection of brain responses to 

emotional music (Shahabi and Moghimi, 2016) and ‘SL + SVM, LR and NB’ is 

used for the diagnosis of major depressive disorder (Mumtaz ., 2018). On 

the other hand, various visualisation methods provide robust features for deep 

learning in recent years. For instance, Saeedi . (2020) reconstructed a 

connectivity image using 2 connectivity measures (PDC and DTF) and eight 

frequency bands for the input of deep learning networks. The proposed 

achieved an accuracy of 99.24% in the case of major depressive disorder 

diagnosis.  

Table 2-2 Recent applications combining brain connectivity estimations with 
machine learning methods. 

Applications Estimation + ML method 

Object recognition (Tafreshi ., 2019a) PCC, WC, MSC, PS and MI. + SVM 

Diagnosis of Parkinson's disease-related dementia and 

Alzheimer's disease (Jeong ., 2016) 
WC+ linear discriminant analysis (LDA) 

Prediction of Freezing of Gait in Parkinson’s disease 

patients (Handojoseno ., 2013) 

PCC +Multilayer Perceptron Neural Network and k-Nearest 

Neighbor classifier 

Emotion Recognition (Piho and Tjahjadi, 2020) 
MI + SVM, naive Bayes (NB) classifier, and K-nearest 

neighbours (KNN) 

Detection of brain responses to emotional music (Shahabi 

and Moghimi, 2016) 
DTF + SVM 

Discrimination between Alzheimer’s patients and healthy 

individuals (Blinowska ., 2017) 
DTF + artificial neural networks (ANNs) 

Depression diagnosis (Saeedi ., 2020) 
PDC and DTF + Long short-term memory and 

convolutional neural networks (CNN) 

Attention-deficit/hyperactivity disorder identification (Chen MI + CNN 
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2.5 Discussion 

2.5.1 Connectivity estimation 

Brain connectivity has shown significant potential in assessing brain function in 

patients with different neurological disorders and tracking various cognitive and 

emotional brain states for healthy participants. It is crucial to select the most 

appropriate connectivity measure, as widely distributed complex brain networks 

generate diverse topological signal processing and intercommunications in 

distinct conditions. Therefore, many novel methods have been developed from 

manifold aspects. This includes consideration of linear or nonlinear behaviors, 

the information in time, frequency or time-frequency domain, parametric or non-

parametric measures, directed or undirected information. 

., 2019) 

Diagnosis of Alzheimer's disease (Zhao ., 2020) ERR + KNN 

Diagnosis of major depressive disorder(Mumtaz ., 

2018) 
SL + SVM, logistic regression (LR) and NB 

Classification of autism spectrum disorder (Jamal ., 

2014) 
PS + LDA and SVM 

Speech categorization decisions (Al-Fahad ., 2019) PCC and graph network + SVM and LDA 

Transcranial magnetic stimulation monitoring (Gupta ., 

2019) 

Coherence + principal component analysis (PCA) along 

sparse nonnegative matrix factorization (NMF) 

Detecting Disorders of Consciousness (Wang ., 2020) 
ensemble of SVMs + Power Spectral Density Difference 

(PSDD) incorporating with a recursive Cosine function 

Sedation scale estimation (Sanz-García ., 2019) PS + SVM 

Detecting Psycho-Physiological Insomnia ., 

2015) 

MI, PCC and MSC + NB, random forest, regression 

methods and   nearest neighbour based methods 

Investigation of the effect of Clozapine therapy (Ravan 

., 2015) 
cross-power spectral density (CPSD) + fuzzy c-mean 

Face perception tasks (Jamal ., 2015) PLV + LDA and KNN 
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2.5.2 Functional Connectivity vs. Effective Connectivity 

In the studies of effective connectivity, parametric methods have been 

extensively used to quantify directional interconnections among separated brain 

regions. The main advantage of parametric modelling of effective analysis is 

that the model structure is usually transparent and compact, with lagged signals 

being the model variables. The estimation of parametric models usually does 

not need a large number of samples, therefore parametric modelling allows to 

perform a transient or time-dependent connectivity analysis (Li ., 2019; 

Zhao ., 2012). On the other hand, functional connectivity captures statistical 

independence between distributed and spatially separated neuronal areas, 

using e.g. a bi-variate measure (Wang ., 2019). Functional connectivity is 

generally model-free, which decreases the need of setting strict assumptions on 

signals. However, the amount of data needs to be increased to meet the 

calculation demand of functional connectivity estimation. 

2.5.3 Phase-based Connectivity vs. Amplitude-based Connectivity 

Brain connectivity can also be divided into phase-based connectivity and 

amplitude-based connectivity. Connectivity of the amplitude is usually estimated 

with correlation (Brookes ., 2011; Chang ., 2013; Hipp and Siegel, 

2015; Wang ., 2020), while phase coupling is generally estimated with 

coherence-based methods and phase synchronisation (Bastos and Schoffelen, 

2016; Chaturvedi ., 2019; Fagerholm ., 2020; Nolte ., 2004; Stam 

., 2007). These aspects further capture different neural processes (He 

., 2019; Siems and Siegel, 2020). As a result, the phase- and amplitude-

based approaches give partially overlapping, partially differing results. At the 

same time, it has been shown that in noisy signals, phase and amplitude 

dynamics influence each other and the reliability of phase estimation inherently 

depends on the signal-to-noise ratio (SNR) and may generally be more 

accurate in the presence of higher signal amplitudes (He ., 2019). 
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2.5.4 Precautions during analysis  

Volume conduction, an important issue when analyzing EEG recordings, has 

been shown to influence sensor-space connectivity analyses (Haufe ., 

2013), for example, phase coupling (Palva ., 2018), Granger causality 

(Haufe ., 2013), and correlation methods (Hipp and Siegel, 2015). To avoid 

the effect of volume conduction, some methodshave been proposed, such as 

imaginary part of the coherency (van Mierlo ., 2014), DTF  (Kamifiski and 

Bfinowska, 1991) and PDC (Baccalá and Sameshima, 2001). Besides, 

calculating source-level connectivity from sensor-level EEGs could get rid of the 

influence caused by volume conduction or field propagation (He ., 2019). 

This process is the so-called inverse problem (Diessen ., 2015). In the 

meantime, some researchers suggest the interpretation of connectivity 

measures from sensor-level EEG recordings is not straightforward. Instead, 

source-level EEG is believed to be a reliable tool for measuring connectivity and 

it can be reconstructed from the scalp EEG (Moezzi and Goldsworthy, 2018). 

2.5.5 Role of Visualisation 

Visualisation plays a crucial role in the research of EEG brain connectivity. 

Specifically, it establishes the base for further practical and clinical uses of 

novel methods. It could not only improve the efficiency for other researchers to 

understand and evaluate the proposed approaches and produced results but 

also benefit experts in presenting and explaining the finding obtained from 

various advanced methods to people without basic knowledge of EEG signals 

and brain connectivity.  The heat map, data statistics and head map generally 

conclude various popular visualisation methods and meet the distinct 

requirements and aims of researchers.  

Besides, EEG study could be combined with appropriate visualisation methods 

to study potential functions, oscillations and intercommunications within a 

dynamic architecture of the human brain (Chen ., 2013). The current 

medical instrument related to EEG focuses on oscillations and biomarkers 

within a signal channel (Ratti ., 2017). Therefore, from the authors’ point of 

view, development and innovations of visualisation have the potential to 
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promote the upgrading of EEG-related equipment, as well as explore more 

secrets within the human brain.  

Another opportunity for brain connectivity visualisation is the combination with 

deep learning methods which has attracted increasing investigation for brain 

study. There is a significant amount of works to use a variety of deep learning 

methods in the understanding of EEG recording, but most of them use the raw 

data directly. The limitation of such approaches is the lack of transparency 

because they usually cannot reveal which brain region has the anomaly and 

how it leads to neurological disorders. There is increasing evidence that 

Convolution Neural Network (CNN) has superior performance to classify images 

by learning the spatial pattern of raw images automatically, instead of using 

handcrafted features. Therefore, it is promising to use the brain connectivity 

visualisation, in a form of images, to be fed into CNN in the classification. 

Essentially, in this approach, brain connectivity acts as handcrafted features, 

but in an image format instead of singular values. Chen  proposed a 

general framework for the attention-deficit/hyperactivity disorder (ADHD) 

identification problem by combining an EEG-based brain network, estimated by 

MI, with CNN techniques (2019). The proposed framework achieved a 

convincing performance with an accuracy of 94.67% with the heat map 

visualisation. Besides functional connectivity, effective connectivity visualisation 

can also provide valuable inputs for CNN. For example, Saeedi  (2020) 

constructed a connectivity image with 2 connectivity measures (PDC and DTF) 

and eight frequency bands as the input of deep learning networks. The 

experiments show that the CNN applied on the constructed image of effective 

connectivity achieves the best results with an accuracy of 99.24% in the case of 

major depressive disorder diagnosis. 

2.5.6 Research Gaps and Future Direction 

Although significant outcomes in this area have been achieved, limitations and 

significant challenges remain. Firstly, brain network interactions are dynamic 

and may be time-varying (the associated signals are non-stationary), as phase 

synchronisation and phase scattering occur within the millisecond range (Varela 
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., 2001). Transient associations, usually highly nonlinear, among different 

brain regions have been observed (Sarrigiannis ., 2018, 2014). Even 

though recent years witnessed the development of brain connectivity 

techniques, there are limited methods that can analyse non-stationary and non-

linear behaviours of brain networks. Exploring the hidden information within 

EEG signals is far beyond the capabilities of commonly available methods. 

Secondly, simplifying the interpretation of data-driven methods is a challenge. 

While traditional parametric models extended from AR models, e.g. 

autoregressive moving average with exogenous input (ARMAX) and nonlinear 

autoregressive moving average with exogenous input (NARMAX) models (Gu 

., 2021) and dynamic causal model (David ., 2006) are parsimonious and 

transparent, whose individual model terms have a clear explanation and can be 

linked back to the original neural system, other types of parametric models e.g. 

nonlinear kernel models (Shen ., 2016) tend to be complicated and it 

becomes difficult to relate the models back to the underlying system due to the 

lack of transparency. Interpretation of the outcomes of non-parametric methods 

e.g. neural networks (Abbasvandi and Nasrabadi, 2019; Saeedi ., 2020) 

require sufficient mathematical knowledge and probably some specific and 

professional modelling skills. To be more specific, understanding neural 

networks requires a grasp of key mathematical concepts like calculus, linear 

algebra, and probability theory. This knowledge helps in comprehending how 

these networks process data and optimize their parameters. Effective 

interpretation also relies on skills in designing, implementing, and fine-tuning 

neural network models. This involves selecting the right network architecture, 

optimizing hyperparameters, and addressing issues like overfitting. Therefore, 

the overall performance of such methods heavily depends on the experience 

and knowledge of the end-users, typically clinicians or doctors if the tools are 

developed for clinical applications. Thirdly, there is no real-time feedback of 

brain functional connectivity during data acquisition in current EEG systems. As 

a result, scientists (e.g., neurologists or neurophysiologists) cannot flexibly 

focus on the examination of specific network areas in real-time or determine 

where the most significant abnormalities state or behaviour takes place. Some 
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researchers have started to integrate EEG with augmented reality (Mercier-

Ganady ., 2014; Vortmann ., 2019), but they only focused on the 

information obtained from a single channel. There is a lack of applications to 

track and visualise time-varying brain connectivity in real-time. Fourthly, from 

the authors’ point of view, there are a lot of visualisation and imaging 

techniques in neuroscience and some of them used for other imaging modalities 

also have the potential to visualise EEG brain connectivity. For instance, 

BioImage Suite provides an attractive and interpretative visualisation for fMRI 

functional connectivity (Finn ., 2015; Shen ., 2018).  

Therefore, even though brain connectivity techniques have been significantly 

developed over the past years, more validation and 

improvements/developments are still required. Table 2-3 suggests potential 

directions and possible strategies, which will help deepen our understanding of 

brain functional and effective connectivity from a variety of novel perspectives, 

as well as how to enhance their availability and reliability. 

Table 2-3 The potential directions of EEG brain connectivity research 

Future Direction Purpose or Strategy  

Novel Estimation 

Extract more valuable information from EEG 

signals by robust brain connectivity methods, 

especially non-stationary and non-linear 

intercommunications 

Interpretability 

Design appropriate visualisation methods to 

reduce the difficulty of understanding the 

actual implication of brain connectivity 

estimation and its outcomes, such as disease 

diagnosis and brain activity analysis. 

Universality 

Build a large dataset covering people with 

different ages, genders and diseases 

conditions to develop and evaluate universal 

brain connectivity methods 
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Real-time Research 

Establish a real-time sensor and monitoring 

system based on advanced brain 

connectivity estimation and visualisation 

approaches, capturing dynamic neuro-

connectivity and assisting observation. 

Improved diagnosis 

Using the visualisation of estimated brain 

functional or effective connectivity as the 

input of deep learning method to maintain the 

transparency and improve the classification 

accuracy 

Application Extension 

Pursue a deeper understanding of the brain 

network and explore potential fields where 

EEG brain connectivity can be used. 

 

2.6 Conclusions 

This Chapter reviewed recent studies in estimating brain functional and effective 

connectivity using EEG with associated visualisation as well as their 

applications. It is observed that functional connectivity is usually measured 

using non-parametric methods while effective connectivity is measured by 

parametric methods. In comparison to parametric methods, non-parametric 

methods require relatively fewer assumptions, but they trade in the need for 

larger data sets. Nonlinear dynamics and the spatiotemporal characteristics of 

brain networks hidden within EEG recordings have the potential to be identified 

using appropriate functional and effective connectivity methods. Although 

progress has been made the potential of those methods is far from being fully 

explored. It is expected that future research in this area will focus on better 

integrating different methods in particular machine learning approaches to 

improve the accuracy of disease diagnosis meanwhile increasing transparency. 

Real-time visualisation of brain connectivity during the data acquisition stage 

can be introduced to improve the data quality, and help scientists better identify 

which areas of the brain exhibit connectivity deficits under various neurological 

conditions.  
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2.7 Appendix The conceptual and mathematical details for 
calculating brain connectivity. 

2.7.1 Functional Connectivity 

2.7.1.1 Correlation  

Pearson correlation coefficient is able to evaluate the linear interdependency 

between two signals in the time domain and it ranges from -1 to +1. The 

correlation coefficient between signal 𝑋𝑋  and 𝑌𝑌  can be defined as follows(van 

Mierlo ., 2014):  

 

where E is the expected value, 𝜇𝜇𝑥𝑥 and 𝜇𝜇𝑦𝑦 are the mean values and 𝜎𝜎𝑥𝑥 and 𝜎𝜎𝑦𝑦 

are the standard deviations of 𝑋𝑋 and 𝑌𝑌 time series.  

Cross-correlation differs from Pearson correlation coefficient since it is a 

function with respect to time lag (Ibrahim ., 

2018; van Mierlo ., 2014) 

     

2.7.1.2 Magnitude Squared Coherence 

Magnitude squared coherence (MSC) is a linear method to estimate the 

interconnections between two signals in the frequency domain calculated by 

PSD. The MSC of signal 𝑋𝑋 and 𝑌𝑌 can be written as (Mierlo ., 2014; van 

Mierlo ., 2014; Wendling ., 2009) 

 

𝝆𝝆𝒙𝒙𝒙𝒙 =
𝑬𝑬[(𝒙𝒙 𝝁𝝁𝒙𝒙)�𝒚𝒚 𝝁𝝁𝒚𝒚�]

𝝈𝝈𝒙𝒙𝝈𝝈𝒚𝒚
 (2-1)

𝜌𝜌𝑥𝑥𝑥𝑥( ) =
𝐸𝐸[(𝑥𝑥𝑛𝑛 𝜇𝜇𝑥𝑥)�𝑦𝑦n+τ 𝜇𝜇𝑦𝑦�]

𝜎𝜎𝑥𝑥𝜎𝜎𝑦𝑦
 

 
(2-2) 

𝑴𝑴𝑴𝑴𝑴𝑴𝒙𝒙𝒙𝒙(𝒇𝒇) = 𝑪𝑪𝒙𝒙𝒙𝒙𝟐𝟐 =  
𝑺𝑺𝒙𝒙𝒙𝒙(𝒇𝒇)𝟐𝟐

|𝑺𝑺𝒙𝒙𝒙𝒙(𝒇𝒇)| × �𝑺𝑺𝒚𝒚𝒚𝒚(𝒇𝒇)�
  

(2-3) 
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where 𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓)  and 𝑆𝑆𝑦𝑦𝑦𝑦(𝑓𝑓  ) are the PSD of signal 𝑋𝑋  and 𝑌𝑌  respectively, and 

𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓) is the cross PSD at frequency𝑓𝑓. 

To avoid the volume conduction effects, the imaginary part of the coherency is 

employed by a few studies instead of looking at the magnitude and phase of the 

coherency (Diessen ., 2015; Ewald ., 2012; van Mierlo ., 2014).  

 

 

 

2.7.1.3 Wavelet Coherence 

Wavelet coherence is generally acknowledged as a qualitative estimator that 

can represent the time-varying relations in the time-frequency domain between 

signals with a specifically determined scale (Labat, 2005; Tafreshi ., 

2019a). To be more specific, the wavelet transforms of a signal 𝑥𝑥 is a function of 

both time and frequency, which is defined as the convolution of the input with a 

Wavelet family 𝜃𝜃(𝑢𝑢): 

 

Wavelet cross-spectrum around time 𝑡𝑡 and frequency 𝑓𝑓, given input signals 𝑥𝑥 

and 𝑦𝑦,  can be derived by the Wavelet transforms of 𝑥𝑥 and 𝑦𝑦: 

 

𝑪𝑪𝒙𝒙𝒙𝒙 = 𝑹𝑹𝑪𝑪𝒙𝒙𝒙𝒙 + 𝑰𝑰𝑪𝑪𝒙𝒙𝒙𝒙 
(2-4) 

𝑾𝑾𝒙𝒙(𝒕𝒕,𝒇𝒇) = � 𝒙𝒙(𝒖𝒖) 𝜽𝜽𝒕𝒕,𝒇𝒇(𝒖𝒖)𝒅𝒅𝒅𝒅
+∞

−∞
 (2-5) 

𝑪𝑪𝑪𝑪𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇) = � 𝑾𝑾𝒙𝒙(𝝉𝝉,𝒇𝒇) 𝑾𝑾𝒚𝒚(𝝉𝝉,𝒇𝒇)𝒅𝒅𝒅𝒅
𝒕𝒕+𝜹𝜹/𝟐𝟐

𝒕𝒕−𝜹𝜹/𝟐𝟐
 (2-6) 
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where * defines the complex conjugate and 𝛿𝛿  is assumed as a frequency-

depending scalar.  

Wavelet Coherence (WC) at the time 𝑡𝑡 and frequency 𝑓𝑓 is derived as: 

 
                         

2.7.1.4 Short Time Fourier Coherence 

Short-Time Fourier Transform (STFT) is also implemented in the time-frequency 

domain instead of the classical fast Fourier transform approach to calculate 

coherence, and coherence may be calculated around a number of time instants. 

This technique produces the so-called ‘‘coherogram’’, which forms a three-

dimensional matrix of time and frequency against coherence. However, 

stationarity is still required within each time interval for which coherence is 

calculated, meaning that in practice one should carefully decide on the optimal 

section length over which each coherence estimate is measured. Window 

length and overlapping within each coherence estimate affect the resolution of 

the measure (Delgado-Restituto ., 2019; V. Sakkalis, 2011). 

2.7.1.5  Phase synchronization 

Phase synchronization (PS) assumes two oscillation systems without amplitude 

synchronization can have phase synchronization. The phase locking value 

(PLV) and the phase lag index (PLI) are high-frequently used to obtain the 

strength of phase synchronization (van Mierlo ., 2014). The instantaneous 

phase of a signal 𝑥𝑥 is given by:  

𝑾𝑾𝑾𝑾𝑾𝑾𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇) =
�𝑪𝑪𝑪𝑪𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇)�

�𝑪𝑪𝑪𝑪𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇) × 𝑪𝑪𝑪𝑪𝒚𝒚𝒚𝒚(𝒕𝒕,𝒇𝒇)�
𝟏𝟏/𝟐𝟐 (2-7) 

𝒙𝒙(𝒕𝒕) = 𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂
𝒙𝒙�(𝒕𝒕)
𝒙𝒙(𝒕𝒕)

 (2-8) 
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where 𝑥𝑥�(𝑡𝑡) is the Hilbert transform of 𝑥𝑥(𝑡𝑡) which is defined as: 

where 𝑃𝑃𝑃𝑃 refers to the Cauchy principal value. The Phase locking value for two 

signals is defined as: 

 

 
               

where 𝑡𝑡 defines the sampling period and 𝑁𝑁 indicates the sample number of 

each signal (Mormann ., 2000). The range of PLV is from 0 to 1, where 0 

shows a lack of synchronization and 1 indicates strict phase synchronization. 

The phase lag index (PLI) captures the asymmetry of the distribution of phase 

differences between two signals and is calculated based on the relative phase 

difference between the two signals(Borrego-Salcido ., 2019; Wendling 

., 2009). 

 
         

The resulting value lies in the interval [0, 1], where a higher value indicates 

more phase synchrony. 

𝒙𝒙�(𝒕𝒕) =
𝟏𝟏
𝝅𝝅
𝑷𝑷𝑷𝑷�

𝒙𝒙(𝝉𝝉)
𝒕𝒕 𝝉𝝉

𝒅𝒅𝒅𝒅
+∞

−∞
 (2-9) 

𝑷𝑷𝑷𝑷𝑷𝑷 = �
𝟏𝟏
𝑵𝑵
� 𝒆𝒆𝒋𝒋( 𝒙𝒙(𝒋𝒋 𝒕𝒕)− 𝒚𝒚(𝒋𝒋 𝒕𝒕))
𝑵𝑵−𝟏𝟏

𝒋𝒋=𝟎𝟎

� (2-10) 

PLI = |E[sign( (t))]| (2-11) 
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2.7.1.6 Synchronization likelihood 

Synchronization likelihood (SL) is a measure of multivariate synchronization to 

investigate the interactions between nonlinear dynamical systems without any 

knowledge about the governing equations (C.J. Stam and Dijk, 2002). For an M-

channel time series 𝑥𝑥𝑘𝑘,𝑛𝑛 (k denotes channel number (k = 1,2 ..., M)), embedded 

vectors 𝑋𝑋𝑘𝑘,𝑛𝑛 are reconstructed with time-delay embedding: 

where 𝑚𝑚 is the embedding dimension and 𝜏𝜏 denotes time lag. The estimated 

probability that embedded vectors 𝑋𝑋𝑛𝑛 are closer to each other than a distance 𝜀𝜀 

is (Wendling ., 2009): 

 

where | | is the Euclidean distance; 𝜃𝜃 stands for the Heaviside step function, 𝑤𝑤1 

is the Theiler correction and 𝑤𝑤2 determines the length of the sliding window. 

Letting 𝑃𝑃𝑥𝑥,𝑛𝑛
𝜀𝜀 = 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟 , where𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟 1 , the number of channels 𝐻𝐻𝑖𝑖,𝑗𝑗 where the 

embedded vectors 𝑋𝑋𝑘𝑘,𝑖𝑖 and 𝑋𝑋𝑘𝑘,𝑗𝑗 will be closer together than this critical distance 

𝜀𝜀𝑘𝑘,𝑖𝑖 : 

Synchronization likelihood at time 𝑛𝑛  can be obtained by averaging over all 

values of 𝑗𝑗 

𝑿𝑿𝒌𝒌,𝒏𝒏 = �𝒙𝒙𝒌𝒌,𝒏𝒏,𝒙𝒙𝒌𝒌,𝒏𝒏+𝝉𝝉, …𝒙𝒙𝒌𝒌,𝒏𝒏+(𝒎𝒎−𝟏𝟏)𝝉𝝉� (2-12) 

𝐏𝐏𝐤𝐤,𝐧𝐧
𝛆𝛆 =

𝟏𝟏
𝟐𝟐(𝐰𝐰𝟐𝟐 𝐰𝐰𝟏𝟏)

� 𝛉𝛉�𝛆𝛆 �𝐗𝐗𝐤𝐤,𝐢𝐢 𝐗𝐗𝐤𝐤,𝐣𝐣��
𝐍𝐍

𝐣𝐣=𝟏𝟏
𝐰𝐰𝟏𝟏<|𝐢𝐢−𝐣𝐣|<𝐰𝐰𝟐𝟐

(2-13) 

𝑯𝑯𝒊𝒊,𝒋𝒋 = �𝜽𝜽(𝜺𝜺𝒌𝒌,𝒊𝒊 �𝑿𝑿𝒌𝒌,𝒊𝒊 𝑿𝑿𝒌𝒌,𝒋𝒋�)
𝑴𝑴

𝒌𝒌=𝟏𝟏
(2-14) 
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All aforementioned measures are normalized between 0 and 1; the 0 value 

means that the two signals are completely independent. On the opposite, the 1 

value means that the two signals are completely synchronized(Wendling ., 

2009). 

2.7.1.7 Mutual information 

According to information theory, Mutual information (MI) of two random 

variables 𝑋𝑋 and 𝑌𝑌 shows how a random variable is informative for the other one. 

Let, P(𝑥𝑥) and P(y) be the probability distributions of random variables 𝑋𝑋 and 𝑌𝑌, 

respectively. The entropy of 𝑋𝑋 and 𝑌𝑌 is defined as(Tafreshi ., 2019a): 

          

where N defines window length. 

𝐻𝐻(𝑌𝑌|𝑋𝑋) and  𝐻𝐻(𝑋𝑋,𝑌𝑌) are conditional entropy and joint entropy between 𝑋𝑋 and 𝑌𝑌, 

defined respectively as: 

 

𝑺𝑺𝑺𝑺𝒏𝒏 =
𝟏𝟏

𝟐𝟐𝑷𝑷𝒓𝒓𝒓𝒓𝒓𝒓(𝒘𝒘𝟐𝟐 𝒘𝒘𝟏𝟏)
� (

𝑯𝑯𝒊𝒊,𝒋𝒋 𝟏𝟏
𝑴𝑴 𝟏𝟏

)
𝑵𝑵

𝒋𝒋=𝟏𝟏
𝒘𝒘𝟏𝟏<|𝒊𝒊−𝒋𝒋|<𝒘𝒘𝟐𝟐

(2-15) 

H(X) = �P(xj) logb(P(xj))
N

j=1

 (2-16) 

 

H(Y) = �P(yj) logb(P(yj))
N

j=1

 
(2-17) 

H(X, Y) = EX[EY[logb P(X, Y)]] (2-18) 



 

38 

where  is the expected value function.  

MI of two random variables 𝑋𝑋 and 𝑌𝑌 is computed as follows (Khosrowabadi 

., 2010):         

 

𝑀𝑀𝑀𝑀(𝑋𝑋,𝑌𝑌) =  0  if and only if random variables 𝑋𝑋  and 𝑌𝑌  are statistically 

independent. 

2.7.2 Effective Connectivity 

2.7.2.1 Granger Causality 

Granger causality can estimate effective interactions from time-series data 

Granger causality implements a statistical, predictive notion of causality 

whereby causes precede and help predict their effects (Seth ., 2015). It is 

defined in both the time and frequency domains, and it allows for the 

conditioning out of common causal influences. One time series is said to 

Granger cause a second one if the inclusion of the past values of the first into 

the modelling of the second significantly reduces the variance of the modelling 

error. According to Granger causality, if the past values of 𝑋𝑋 contain information 

that helps to predict 𝑌𝑌  above and beyond the information contained in past 

values of 𝑌𝑌  alone then signal 𝑋𝑋  ‘‘Granger-causes’’  signal 𝑌𝑌 . The Granger 

causality from signal 𝑋𝑋 to 𝑌𝑌 and the one from signal 𝑌𝑌 to 𝑋𝑋 can be investigated 

separately. (van Mierlo ., 2014).  

2.7.2.2 Partial directed coherence 

PDC is a method that quantifies the relation between two among N signals, 

avoiding volume conduction by estimating influences of all other signals 

(Tafreshi ., 2019a). PDC improves the concept of Partial Coherence by 

estimating causal influences. This method is estimated on multivariate 

autoregressive (MVAR).  

H(Y|X) = EX[EY[logb P(Y|X)]] (2-19) 

MI(X, Y) =  H(X) +  H(Y)  H(X, Y) =  H(Y) H(Y|X) (2-20) 
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𝑋𝑋(𝑡𝑡) is a set of estimated signals from N recording channels:  

        

The MVAR process is an expressive description of the data set 𝑋𝑋: 

      

In this model 𝐸𝐸(𝑡𝑡) is a zero-mean multivariate uncorrelated white noise vector. 

𝐴𝐴(𝑟𝑟) are the autoregressive coefficients matrix and its elements 𝑎𝑎𝑖𝑖𝑖𝑖(𝑟𝑟) indicates 

the influence of 𝑋𝑋𝑗𝑗(𝑡𝑡 𝑟𝑟)on 𝑋𝑋𝑖𝑖(𝑡𝑡)and 𝑝𝑝 represents the border of the model.  

PDC from the 𝑖𝑖 th channel to the 𝑗𝑗 th channel at frequency 𝑓𝑓  is defined as 

follows: 

               

where 𝐴𝐴𝑖𝑖𝑖𝑖(𝑓𝑓)  is a frequency-domain description of 𝑎𝑎𝑖𝑖𝑖𝑖(𝑟𝑟) (Baccalá and 

Sameshima, 2001; Granger and Aug, 2007) 

         

X = [x1(t), x2(t), … xN(t)]T (2-21) 

�A(r)X(t r) = E(t)
P

r=0

 (2-22) 

ij(f) =
A�ij(f)

� A�mj(f)A�mj(f)N
m=1

 
(2-23) 

A�ij(f) =

1 � aij(r)
P

r=1

e−j2πfr , if i = j

� aij(r)
P

r=1

e−j2πfr , otherwise

 (2-24) 
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2.7.2.3 Directed transfer function 

The directed transfer function (DTF) is also based on the concept of Granger 

causality estimated on MVAR, which models all signals 

simultaneously(Kamifiski and Bfinowska, 1991). 𝑋𝑋(𝑡𝑡)  is a set of estimated 

signals from 𝑁𝑁 recording channels: 

 
              

The MVAR process is an expressive description of the data set 𝑋𝑋: 

             

In this model 𝐸𝐸(𝑡𝑡) is a zero-mean multivariate uncorrelated white noise vector 

with 𝐴𝐴(0) = 1 . 𝐴𝐴(1) , 𝐴𝐴(2) ,…, 𝐴𝐴(𝑝𝑝)  is coefficients matrix and 𝑝𝑝  represent the 

border of the model.  Equation (20) can be  transformed into the frequency 

domain which is defined as:  

            

where  

             

So, 𝑋𝑋(𝑓𝑓) can be obtained by 

X = [x1(t), x2(t), … xN(t)]T (2-25) 

�A(r)X(t r) = E(t)
P

r=0

 (2-26) 

A(f)X(f) = E(f) (2-27) 

A(f) = �A(r)e−j2πf tr

p

r=0

 (2-28) 

X(f) = A−1(f)E(f) = H(f)E(f) (2-29) 
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𝐻𝐻(𝑓𝑓) is the transfer function of the system and its elements 𝐻𝐻𝑖𝑖𝑖𝑖(𝑓𝑓) indicate the 

causal influence from the jth input to the ith output at frequency 𝑓𝑓.  

The DTF is defined as: 

          

Normalized DTF is defined as: 

             

where 𝛾𝛾𝑖𝑖𝑖𝑖2 (𝑓𝑓)  describes the influence ratio of the 𝑗𝑗 th channel-related cortical 

area on the 𝑖𝑖th channel-related cortical area with respect to the influence of all 

estimated cortical signals (Babiloni ., 2005). This is an important difference 

between DTF and PDC since DTF is normalized for the structure that receives 

the signal, whereas PDC is normalized for the structure that sends the signal 

(Baccalá and Sameshima, 2001). 

2.7.2.4 Structural equation modelling 

A set of linear structural equations are employed by the structural equation 

modelling (SEM), exploring causal intercommunications among the observed 

variables and parameters. In terms of neural systems, a measure of covariance 

represents the degree to which the activities of two or more regions are related. 

The SEM technique estimates the parameters by minimizing the difference 

between the observed covariances and those implied by a structural or path 

model (Astolfi ., 2004; Babiloni ., 2003).  

2.7.2.5 Dynamic Causal Modelling 

The aim of dynamic causal modelling (Friston ., 2003) is to make inferences 

about the coupling among brain regions or sources and how that coupling is 

ij
2 = �Hij(f)�

2
 (2-30) 

ij
2(f) =

�Hij(f)�
2

|Him(f)|2N
m=1

 (2-31) 
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influenced by experimental factors. DCM uses the notion of effective 

connectivity, defined as the influence one neuronal system exerts over another. 

The central idea behind DCM is to treat the brain as a deterministic nonlinear 

dynamical system that is subject to inputs and produces outputs. In 

neuroimaging, DCM starts with a reasonably realistic neuronal model of 

interacting cortical regions. This model is then supplemented with a forward 

model of how neuronal activity is transformed into measured responses. This 

enables effective connectivity of the neuronal model to be estimated from 

observed data (David ., 2006; Yvert ., 2012). 

2.7.2.6 Transfer Entropy 

Transfer entropy (TE) is an alternative measure of effective connectivity based 

on information theory. TE does not require a model of the interaction and is 

inherently nonlinear (Vicente ., 2011a). TE for two observed time series 𝑥𝑥𝑡𝑡 

and 𝑦𝑦𝑡𝑡 can be written as 

 

      

where 𝑡𝑡  is a discrete-valued time-index and 𝑢𝑢  denotes the prediction time, a 

discrete-valued time-interval.  𝑦𝑦𝑡𝑡
𝑑𝑑𝑦𝑦 and 𝑥𝑥𝑡𝑡𝑑𝑑𝑥𝑥  are 𝑑𝑑𝑦𝑦 -and 𝑑𝑑𝑥𝑥 -dimensional delay 

vectors (Vicente ., 2011a). 

2.7.2.7 Error Reduction Ratio (ERR) 

Error Reduction Ratio (ERR) is a parametric method in the time domain, which 

indicates how much of the change in the system response, in percentage, can 

be accounted for by including the relevant model terms. This capability allows 

the computing of the contribution of linear and nonlinear terms independently 

without fitting the full nonlinear model, where parameter estimation and model 

validation are required. Consider a linear regression 

TE(X Y) = � p(yt+u, yt
dy , xt

dx) log
p �yt+u�yt

dy , xt
dx�

p �yt+u�yt
dy�

yt+u,yt
dy ,xt

dx
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                                              Y = P     
   (2-33) 

where 

Y = �

y(1)
y(2)

y(M)

� , P =

PT(1)
PT(2)

PT(M)

, = �

(1)
(2)

(M)

�  (2-34) 

and 𝑃𝑃𝑇𝑇(𝑘𝑘) = �𝑝𝑝1(𝑘𝑘),𝑝𝑝2(𝑘𝑘), … ,𝑝𝑝𝑁𝑁(𝑘𝑘)� . 𝑝𝑝1,𝑝𝑝2,…,𝑝𝑝𝑁𝑁  are the model terms selected 

from the candidate term set. Matrix 𝑃𝑃 can be decomposed as 𝑃𝑃 = 𝑊𝑊 × 𝐴𝐴 where 

                           W = �

𝑤𝑤1(1) 𝑤𝑤2(1) … 𝑤𝑤𝑁𝑁(1)
𝑤𝑤1(2) 𝑤𝑤2(2) … 𝑤𝑤𝑁𝑁(2)

𝑤𝑤1(𝑀𝑀) 𝑤𝑤2(𝑀𝑀) … 𝑤𝑤𝑁𝑁(𝑀𝑀)

� (2-35) 

is an orthogonal matrix because 

𝑊𝑊𝑇𝑇𝑊𝑊 = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ��𝑤𝑤1
2(𝑡𝑡) 

𝑀𝑀

𝑡𝑡=1

, … ,�𝑤𝑤𝑁𝑁
2 (𝑡𝑡) 

𝑀𝑀

𝑡𝑡=1

� (2-36) 

and 𝐴𝐴 = {𝑎𝑎𝑖𝑖𝑖𝑖} is an upper triangular matrix with unity diagonal elements 

𝐴𝐴 = �
1 𝑎𝑎12
 1

… 𝑎𝑎1𝑁𝑁
 …

  
  

1 𝑎𝑎𝑁𝑁−1𝑁𝑁
 1

� (2-37) 

Equation (2-33) is then rewritten as 

                                                 Y = WG,  (2-38) 

where 𝐺𝐺 = 𝐴𝐴 = [𝑔𝑔1 𝑔𝑔2 … 𝑔𝑔𝑁𝑁]𝑇𝑇. Equation (2-38) is now ready to represent 

the relation between Y and G.  

The importance of each model term to the variation of the system output is then 

estimated. Initially, set values 𝑎𝑎𝑖𝑖𝑖𝑖 = 0 for 𝑖𝑖 𝑗𝑗  (𝐴𝐴 then becomes an identity 

matrix), so 𝑤𝑤1(𝑘𝑘) = 𝑝𝑝1(𝑘𝑘), and calculate 𝑔𝑔1 as  
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g1 = w1(k)y(k)M
k=1

w12(k)M
k=1

. (2-39) 

For 𝑗𝑗 = 2,3, … ,𝑀𝑀, set 𝑎𝑎𝑗𝑗𝑗𝑗 = 1 and then calculate 

aij = wi(k)pj(k)M
k=1

wi2(k)M
k=1

, (2-40) 

where 𝑖𝑖 = 1,2, … , 𝑗𝑗 1. Next, the algorithm calculates 

𝑤𝑤𝑗𝑗(𝑘𝑘) = 𝑝𝑝𝑗𝑗(𝑘𝑘) 𝑎𝑎𝑖𝑖𝑖𝑖𝑤𝑤𝑖𝑖(𝑘𝑘)𝑗𝑗−1
𝑖𝑖=1

(2-41) 

and  

                                          g𝑗𝑗 = wj(k)y(k)M
k=1

wj2(k)M
k=1

.  (2-42) 

The ERR value for each term 𝑝𝑝𝑖𝑖 is finally defined as 

                                       ERRi = g�i
2 xi2(k)H

k=1
y2(k)H

k=1
.   (2-43) 

Values of ERR range from 0% to 100%. The larger the value of ERR, the higher 

the dependence between this term and the output. To stop the search 

procedure and determine the number of significant terms 𝑁𝑁, a criterion called 

Penalised Error-to-Signal Ratio (PESR) is used (Zhao ., 2012). It can be 

written as 

                               PESRm = 1

�1−λmH �
2 (1 ERRi

m
i=1 )      (2-44) 

This criterion is introduced to monitor the search procedure, where 𝑚𝑚 denotes 

the index of the selected terms. The search procedure stops when 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚 

achieves a local minimum. In this Chapter, the value of 𝜆𝜆 was chosen as 8. 

To calculate the contribution of the input to the output, the sum of ERR of all 

selected terms, denoted by 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆, is calculated by 

                                             SERR = ERRi
N
i=1 . (2-45) 
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Note 𝑁𝑁 is the number of the selected terms, not the number of total candidate 

terms. The value of 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (0 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 1) describes the percentage explained 

by the identified model to the system output. If the considered inputs can fully 

explain the variation of the system output, the value of 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 is equal to 100%. 

The linearity of connectivity is represented by the sum of ERR of the linear 

terms, and it can be computed by 

                              ERRL(y, u) = (ERRb)|pb C1)N
b=1

SERR
.  (2-46) 

The nonlinearity of connectivity is represented by the sum of ERR of the 

nonlinear terms, and it can be computed by 

                                 ERRN(y, u) = (ERRb|pb C1)N
b=1

SERR
.  (2-47) 
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3 Time-frequency Functional Connectivity Estimation 

This chapter is based on two published journal paper. ‘Tracking non-stationary 

association of two electroencephalography signals using a Revised Hilbert-

Huang Transformation’ is published in IEEE Transactions on Neural Systems 
and Rehabilitation Engineering. ‘Ultra-high-resolution time-frequency analysis 

of EEG to characterise brain functional connectivity with the application in 

Alzheimer’s disease’ is published in Journal of Neural Engineering. 

Shan, X., Huo, S., Cao, J., Yang, L., Zou, J., Chen, L., Li, Z., 2021. 

. IEEE Trans. Neural Syst. Rehabil. Eng. 

Shan. https://doi.org/10.1109/TNSRE.2021.3076311 

Cao, J., Zhao, Y., Shan, X., Blackburn, D., Wei, J., Erkoyuncu, J.A., Chen, L., 

Sarrigiannis, P.G., 2022b. 

. J. Neural Eng. 19. https://doi.org/10.1088/1741-2552/ac84ac 

3.1 A Revised Hilbert-Huang Transformation to Track Non-
stationary Association of Electroencephalography Signals 

3.1.1 Introduction  

ELECTROENCEPHALOGRAPHY (EEG) is a powerful technique that can 

noninvasively study the electrophysiological brain dynamics with high temporal 

accuracy. EEG has been instrumental in making discoveries about cognition, 

brain function, and dysfunction (Cohen, 2017a). Cognitive, perceptual, linguistic, 

emotional, and motor processes are fast and take place from tens and 

hundreds of milliseconds to a few seconds (Cohen, 2014). Neuronal oscillations 

are embedded in multiplexed and noisy signals, which have been observed with 

multiple spatial and temporal scales. The non-stationary, asymmetry and non-

linear characteristics of EEG have challenged researchers to develop advanced 

methods to reveal more hidden information. 
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Time-frequency-based methods are suitable for analysing various fast, dynamic 

and spatial-temporal cognitive events. Most of the univariate-based time-

frequency analysis involves matching EEG timing data to waveform templates. 

Wavelet Transform (WT) offers superior time and frequency resolution in 

comparison to other methods, like the Short-Time Fourier Transform (STFT), 

and is a commonly used tool for finely identifying hidden information in non-

stationary signals. Recent studies have used WT in signal decomposition and 

adaptive filtering (Navarro ., 2015), EEG source localization (Korats ., 

2015), computer-aided seizure detection and epilepsy diagnosis (Faust ., 

2015), and classification of EEG signals (Zhang ., 2017). Because the 

wavelet transform is based on Fourier analysis, using cone sin waves as 

templates, it has the inherent shortcoming of Fourier spectrum analysis: it can 

only detect linear phenomena. For example, it can solve inter-wave frequency 

modulation, but because the basic wavelet has a certain wavelength, it cannot 

solve intra-wave frequency modulation (Norden E Huang ., 1998). 

Furthermore, WT is limited by the spectral leakage caused by the finite length of 

the basic wavelet function, the counterintuitive interpretation of fake high-

frequency information when analysing true local low-frequency events, and the 

non-adaptivity of the once set basis wavelet (Norden E Huang ., 1998). 

It is highly debated if neural oscillations are sinusoidal (Cohen, 2017b; Jones, 

2016; Mazaheri and Jensen, 2008). Jones  (Jones, 2016) demonstrated 

that peaks at specific frequencies in the spectrum can be created by dominant 

waveform features in the time domain rather than ‘sinusoidal’ type oscillations. 

Mazaheri and Jensen (Mazaheri and Jensen, 2008) proposed a physiological 

explanation for the theory that peaks and troughs of oscillatory activity fluctuate 

asymmetrically, peaks being more strongly modulated than troughs in response 

to stimuli. Sinusoid-like activity will be observed, even in noise, when signal 

processing involves sinusoidal filters. Thus, it is difficult for common WT-based 

approaches to distinguish between sinusoidal versus non-sinusoidal oscillations 

(Cohen, 2017a).  
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Instead of a sine wave template, some researchers use "physiologically 

defined" waveforms as an analytical regression template to explicitly incorporate 

neurophysiological principles into EEG data analysis. Cheveigné (2010) 

automatically synthesised multichannel finite impulse response templates by 

delaying the original data based on the criterion of reproducibility over stimulus 

repetitions. Cohen (2017b) proposed a generalized eigen-decomposed cross-

frequency coupling framework based on multi-channel covariance matrix and 

pointed out that the non-sinusoidal waveform of neural oscillations may provide 

important insights into biophysical processes. Empirical templates are data-

driven and defined from the spatio-temporal filters or the output of 

computational models. However, the effectiveness of this method depends on 

the accuracy of the template. Physiologically defined waveform templates need 

to be targeted to each brain region or cognitive process, and even to each 

individual. In addition, the data used to estimate physiological waveforms 

always contain noise, and the dependent biophysical hypothesis models may 

not be verified (Cohen, 2017a). 

Unlike WT with sinusoidal or physiologically defined wavelets, EMD (Empirical 

Mode Decomposition) is more intuitive and adaptive without any template 

assumption of the analysed signal (Norden E Huang ., 1998), which makes 

it more suitable for describing non-stationary asymmetric and non-linear 

characteristics of EEG. EMD analyses the behaviour of non-stationary and 

nonlinear signals by decomposing them into several intrinsic mode functions 

(IMFs) that admit well-behaved Hilbert transforms. There are many variants of 

EMD, such as ensemble EMD (EEMD) (Wu and Huang, 2009), bivariate EMD 

(BEMD) (Rilling ., 2007), multivariate EMD (MEMD) (Rehman and Mandic, 

2010), and complete ensemble EMD with adaptive noise (CEEMDAN) (Torres 

., 2011). CEEMDAN can provide an exact reconstruction of the original 

signal and a better spectral separation of the modes with a lower computational 

cost, overcoming the “mode mixing” problem of EMD and the lack of ability to 

reconstruct the original signal of EEMD. Since the decomposition is based on 

the characteristics of the local time scale, with the Hilbert Transform, the IMFs 

generate instantaneous frequencies as functions of time that separately 
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estimates dynamic structures of different transient information. The final 

presentations are several energy-frequency-time distributions, designated as 

the Hilbert spectrum, and phase-time curves. 

Detecting and quantifying the interactions between different EEG channel 

signals can lead to important insights into the dynamic networks that underpin 

human brain function (Aydore ., 2013). Brain functional connectivity is 

defined as a measurement to evaluate statistic dependence between separated 

neuronal regions (Akbarian and Erfanian, 2020; Friston, 2011; Hamedi ., 

2016; Schumacher ., 2015). Brain synchronization can provide a 

mechanism for functionally related but spatially distinct neurons to act 

synergistically (Chiang ., 2011; Marrelec ., 2005). Abnormalities of 

brain functional connectivity have been reported for numerous brain disorders 

(Erra ., 2017; Uhlhaas and Singer, 2006). By examining the magnitude of 

linear or nonlinear correlation in the domain of time, frequency, and time-

frequency, studying brain functional connectivity between multiple channels has 

been increasingly considered as a promising approach (Diessen ., 2015). In 

the time domain, the method of synchronization likelihood (SL) is thought to 

have the ability to detect both linear and non-linear functional interactions 

between EEG time series (Babiloni ., 2016; Boersma ., 2013; Schutte 

., 2013). Seizure prediction and epileptogenic-focus localisation have been 

investigated using techniques like correlation coefficient (Wendling ., 2010) 

and cross-correlation (van Mierlo ., 2014). The correlation between memory 

performance and quantified brain functional connectivity from EEG has been 

used to study Alzheimer’s diseases (Vecchio ., 2016). Babiloni  (2016) 

suggested that the technique of mutual information (MI) is useful for quantifying 

information transmitted between EEG rhythms in Alzheimer’s diseases; MI can 

also be estimated in the time-frequency domain. In addition, in the time domain, 

Babiloni  (2016) and Vicente  (2011b) introduced a transfer entropy 

approach, which presented good performance in detecting unknown non-linear 

interactions. In the frequency domain, magnitude squared coherence (MSC) is 

the most widely used technique (Vangelis Sakkalis, 2011). Based on phase-

locking value (PLV), researchers developed an algorithm to track functional 
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connectivity dynamics (Mheich ., 2015) and found biomarkers with the 

purpose of seizure prediction in epilepsy (van Mierlo ., 2014) as well as 

object recognition (Tafreshi ., 2019b) paradigms in healthy subjects. In the 

time-frequency domain, Chen  (Chen ., 2013) and Wendling  

(2009) used STFT to evaluate the dynamic change of brain connectivity. 

Furthermore, instead of applying the constant size windows as in the STFT, 

wavelet coherence (WC) also performs well in quantifying time-varying 

connectivity (Vangelis Sakkalis, 2011). Petrantonakis and Hadjileontiadis (2012) 

developed adaptive methods for EEG signal segmentation in the time-frequency 

domain to effectively retrieve the emotion-related information. Higher time-

frequency resolution means better capturing the dynamic non-stationarity and 

non-linearity of EEG signals (Cohen, 2014), which translates to a more reliable 

estimation of time-varying brain functional connectivity. Therefore, EMD with 

corresponding frequency analysis could be a promising analysis tool in the 

study of functional connectivity. 

This Chapter proposes a new time-frequency brain functional connectivity 

analysis framework, to track the non-stationary association of two EEG signals, 

based on a Revised Hilbert-Huang Transform (RHHT). One of the highlights of 

this framework is a novel method of estimating the cross-spectrum, based on 

the decomposed components. Compared with other time-frequency methods, 

such as CWT, the proposed method provides a more accurate dynamic time-

frequency feature recognition and can be used to dissect the details of dynamic 

connectivity between brain regions. The effectiveness of this proposed method 

is validated through simulated and clinical EEG data.  

3.1.2 Method  

The proposed framework, as illustrated in Figure 3-1, introduces a CEEMDAN-

based Hilbert Transform, namely RHHT, to track the non-stationary association 

of two EEG signals. Firstly, the two signals are decomposed by CEEMDAN to 

obtain the corresponding IMFs. Secondly, the Hilbert Transform is performed on 

the IMFs of the two signals to obtain the corresponding time-frequency 

spectrums respectively. The Cross-Spectrum of the two signals is then 
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estimated and validated through a surrogate significance test. The detail of 

each step is presented below. 

3.1.2.1 CEEMDAN 

Empirical Mode Decomposition (EMD) can decompose complicated data into a 

finite and often small number of ‘intrinsic mode functions’ that admit well-

behaved Hilbert transforms (Huang ., 1998). An intrinsic mode function 

(IMF) must satisfy two conditions: (1) in the whole data set, the number of 

extrema and the number of zero crossings must be either equal or differ at most 

by one; and (2) at any point, the mean value of the envelope defined by the 

local maxima and the envelope defined by the local minima is zero (Huang et 

al., 1998). EMD separates the signal into fast oscillations and slow oscillations. 

EMD has the problem of "mode mixing", that is, oscillations with very disparate 

amplitudes exist in one mode or very similar oscillations exist in different 

modes. To overcome this, Ensemble EMD (EEMD) (Wu and Huang, 2009) 

performs the EMD over an ensemble of the signal plus Gaussian white noise. 

By filling the entire time-frequency space to take advantage of the dyadic filter 

bank behaviour of EMD, the addition of white Gaussian noise solves the mode 

mixing problem. But it creates a new problem that the reconstructed signal 

includes residual noise, and different realisations of signal plus noise may 

produce a different number of modes. Complete Ensemble EMD with Adaptive 

Noise (CEEMDAN) (Torres ., 2011), based on EEMD, only needs less than 

 

Figure 3-1 The flow chart of the proposed framework for tracking non-stationary 
association based on Revised Hilvert-Huang Transform (RHHT). 
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half of the EEMD screening iterations and can accurately reconstruct the 

original signal by summing the modes.  

Given a signal 𝑥𝑥[𝑛𝑛], n = 1, … , N, where 𝑁𝑁  is the length of the signal 𝑥𝑥[𝑛𝑛], the 

defined operator 𝐸𝐸𝑗𝑗( ) produces the 𝑗𝑗-th mode of 𝑥𝑥[𝑛𝑛] by EMD. Let 𝑤𝑤𝑖𝑖 [0, 1], 

𝑖𝑖 = 1, … , 𝐼𝐼  be white noise where 𝐼𝐼  is the realizations times of adding noise. 

Coefficient 𝜀𝜀𝑖𝑖  allows selecting the signal to noise ratio (SNR) at each stage. 

CEEMDAN method can be described by the following algorithm: 

Decompose I realizations 𝑥𝑥[𝑛𝑛] + 𝜀𝜀0𝑤𝑤𝑖𝑖[𝑛𝑛] by EMD to obtain their first modes and 

compute the average as the first mode 𝐼𝐼𝐼𝐼𝐼𝐼�1[𝑛𝑛]:  

𝐼𝐼𝐼𝐼𝐼𝐼�1[𝑛𝑛] =  
1
𝐼𝐼
� 𝐼𝐼𝐼𝐼𝐼𝐼1𝑖𝑖[𝑛𝑛]

𝐼𝐼

𝑖𝑖=1
=  𝐼𝐼𝐼𝐼𝐼𝐼������1[𝑛𝑛] (3-1) 

At the first stage (k=1) calculate the first residue 𝑟𝑟1[𝑛𝑛]: 

𝑟𝑟1[𝑛𝑛] = 𝑥𝑥[𝑛𝑛] 𝐼𝐼𝐼𝐼𝐼𝐼�1[𝑛𝑛] (3-2)  

Decompose I realizations r1[n] +  1E1�wi[n]�  by EMD to obtain their first 

modes and compute the average as the second mode 𝐼𝐼𝐼𝐼𝐼𝐼�2[𝑛𝑛]: 

𝐼𝐼𝐼𝐼𝐼𝐼�2[𝑛𝑛] =
1
𝐼𝐼
� 𝐸𝐸1 �𝑟𝑟1[𝑛𝑛] + 𝜀𝜀1𝐸𝐸1�𝑤𝑤𝑖𝑖[𝑛𝑛]��

𝐼𝐼

𝑖𝑖=1
 

 

(3-3)  

For k = 2 calculate the k-th residue: 

𝑟𝑟𝑘𝑘[𝑛𝑛] = 𝑟𝑟𝑘𝑘−1[n] 𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘[𝑛𝑛] (3-4) 

Decompose realizations 𝑟𝑟𝑘𝑘[𝑛𝑛] + 𝜀𝜀𝑘𝑘𝐸𝐸𝑘𝑘�𝑤𝑤𝑖𝑖[𝑛𝑛]�, by EMD to obtain their first modes 

and compute the average as the (k+1)th mode 𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘+1[𝑛𝑛]: 

𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘+1[𝑛𝑛] =  
1
𝐼𝐼
� 𝐸𝐸1 �𝑟𝑟𝑘𝑘[𝑛𝑛] + 𝜀𝜀𝑘𝑘𝐸𝐸𝑘𝑘�𝑤𝑤𝑖𝑖[𝑛𝑛]��

𝐼𝐼

𝑖𝑖=1
 (3-5)  
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Go to step 4 for the next k and perform steps 4 and 5 until the residue is no 

longer feasible to be decomposed (the residue does not have at least two 

extrema).  

The final residual 𝑅𝑅[𝑛𝑛]: 

𝑅𝑅[𝑛𝑛] = 𝑥𝑥[𝑛𝑛] � 𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘[𝑛𝑛]
𝐾𝐾

𝑘𝑘=1
 (3-6)  

with K being the total number of modes. The given signal 𝑥𝑥[𝑛𝑛]  can be 

expressed as:  

𝑥𝑥[𝑛𝑛] = � 𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘

𝐾𝐾

𝑘𝑘=1
[𝑛𝑛]  + 𝑅𝑅[𝑛𝑛] (3-7)  

Equation (3-7) makes the proposed decomposition complete and provides an 

exact reconstruction of the original data. Wu and Huang (Wu and Huang, 2009) 

suggested to use small amplitudes of the added noise for data dominated by 

high-frequency signals, and vice versa. Following then, this Chapter uses a few 

hundred realisations and fixed the same SNR for all the stages.  

Hilbert Transform 

The original signal 𝑥𝑥(𝑡𝑡) and its Hilbert transform 𝑦𝑦(𝑡𝑡)  constitute its analytic 

signal z(𝑡𝑡): 

𝑦𝑦(𝑡𝑡) = 𝐻𝐻𝐻𝐻�𝑥𝑥(𝑡𝑡)� =  
1
𝜋𝜋
𝑃𝑃.𝑉𝑉.�

𝑥𝑥(𝑡𝑡)
𝑡𝑡 𝜏𝜏

∞

−∞
𝑑𝑑𝑑𝑑

 

(3-8)  

𝑧𝑧(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) + 𝑖𝑖𝑖𝑖(𝑡𝑡) = 𝑎𝑎(𝑡𝑡)𝑒𝑒𝑖𝑖𝑖𝑖(𝑡𝑡) (3-9)  

where P.V. denotes Cauchy principal value, 𝑎𝑎(𝑡𝑡)  and 𝜃𝜃(𝑡𝑡) denote the 

instantaneous amplitude and instantaneous phase, respectively. 𝑎𝑎(𝑡𝑡) is the 

trace envelope and defined as: 

𝑎𝑎(t) = �x2(t) + y2(t) (3-10) 

𝜃𝜃(𝑡𝑡) is defined as: 
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𝜃𝜃(𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 �
𝑦𝑦(𝑡𝑡)
𝑥𝑥(𝑡𝑡)�

 

 

(3-11) 

Instantaneous frequency 𝑓𝑓(𝑡𝑡) is defined as the first derivative of 𝜃𝜃(𝑡𝑡). Thus, 

𝑓𝑓(𝑡𝑡) =
1

2𝜋𝜋
𝑑𝑑𝑑𝑑(𝑡𝑡)
𝑑𝑑𝑑𝑑

 (3-12)  

To prevent ambiguities due to phase unwrapping in Equation (12), 𝑓𝑓(𝑡𝑡) can be 

calculated instead from: 

𝑓𝑓(𝑡𝑡) =
1

2𝜋𝜋
𝑥𝑥(𝑡𝑡)𝑦𝑦′(𝑡𝑡) 𝑥𝑥′(𝑡𝑡)𝑦𝑦(𝑡𝑡)

𝑥𝑥2(𝑡𝑡) + 𝑦𝑦2(𝑡𝑡)

 

(3-13)  

where the prime denotes derivative with respect to time. The time-frequency 

spectrum of signal 𝑥𝑥(𝑡𝑡) is defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥�𝑡𝑡,𝑓𝑓(𝑡𝑡)� =  𝑎𝑎(𝑡𝑡)𝑒𝑒𝑖𝑖𝑖𝑖(𝑡𝑡) (3-14) 

The local symmetry property of the IMFs ensures that instantaneous 

frequencies are always positive, which admits well-behaved Hilbert transforms 

(Norden E Huang ., 1998). The time-frequency spectrum of 𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘(𝑡𝑡), t =

1, … , N, and 𝑘𝑘 = 1, … ,𝐾𝐾, and 𝑅𝑅(𝑡𝑡) are defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘
(𝑡𝑡,𝑓𝑓𝑘𝑘(𝑡𝑡)) =  𝑎𝑎𝑘𝑘(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑘𝑘(𝑡𝑡) (3-15) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡,𝑓𝑓𝑅𝑅(𝑡𝑡)) =  𝑎𝑎𝑅𝑅(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑅𝑅(𝑡𝑡) (3-16) 

The time-frequency spectrum of 𝑥𝑥(𝑡𝑡) is: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥(𝑡𝑡,𝑓𝑓(𝑡𝑡)) = �  𝑎𝑎𝑘𝑘(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑘𝑘(𝑡𝑡)
𝐾𝐾

𝑘𝑘=1
 + 𝑎𝑎𝑅𝑅(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑅𝑅(𝑡𝑡) (3-17) 

This procedure produces a multitude of instantaneous frequencies, 𝑓𝑓 including 

𝑓𝑓𝑘𝑘(𝑡𝑡) and 𝑓𝑓𝑅𝑅(𝑡𝑡), namely one for each IMF and Residual, allowing for more in-
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depth signal analysis. At each time point, the instantaneous frequencies are as 

many as the number of IMFs, and most applications produce up to a dozen 

IMFs, creating very sparse time-frequency representations. The result is a time-

frequency distribution that is uniformly sampled in time but not in frequency, 

different from the wavelet transform.  

3.1.2.2 RHHT Cross-Spectrum 

Cross-spectrum can provide information about linear synchronization (Zhao 

., 2018). The RHHT cross-spectrum of 𝑥𝑥1(𝑡𝑡) and 𝑥𝑥2(𝑡𝑡) is defined as follows: 

𝑆𝑆𝑆𝑆𝑥𝑥1𝑥𝑥2(𝑡𝑡, 𝑓𝑓) = � 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥1(𝜏𝜏, 𝑓𝑓)
𝑡𝑡−𝛿𝛿 2

𝑡𝑡−𝛿𝛿 2
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥2 (𝜏𝜏, 𝑓𝑓)𝑑𝑑𝑑𝑑 

 

 

 

(3-18) 

where, 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥1(𝜏𝜏,𝑓𝑓) and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥2(𝜏𝜏, 𝑓𝑓) are the RHHT coefficients 𝑥𝑥1(𝑡𝑡) and 𝑥𝑥2(𝑡𝑡) 

and;  means complex conjugate; 𝛿𝛿 is the length of the integrating range. 

The Continuous Wavelet Transform (CWT) cross-spectrum of 𝑥𝑥1(𝑡𝑡) and 𝑥𝑥2(𝑡𝑡) is 

defined as follows: 

𝑆𝑆𝑆𝑆𝑥𝑥1𝑥𝑥2(𝑡𝑡, 𝑓𝑓) = � 𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥1(𝜏𝜏, 𝑓𝑓)
𝑡𝑡−𝛿𝛿 2

𝑡𝑡−𝛿𝛿 2
𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥2 (𝜏𝜏, 𝑓𝑓)𝑑𝑑𝑑𝑑 

 

 

 

(3-19) 

where, 𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥1(𝜏𝜏,𝑓𝑓)  and 𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥2(𝜏𝜏,𝑓𝑓)  is the CWT coefficients 𝑥𝑥1(𝑡𝑡)  and 𝑥𝑥2(𝑡𝑡) ; 

 means complex conjugate; 𝛿𝛿 is the length of the integrating range.  

For CWT cross-spectrum, the length of wavelet transforms integral window 𝛿𝛿 is 

defined as 𝛿𝛿 = 𝑛𝑛𝑐𝑐𝑐𝑐/𝑓𝑓, where 𝑛𝑛𝑐𝑐𝑐𝑐 is the number of integral cycles in the wavelet 

window, independent from frequency 𝑓𝑓, and the length of each cycle is 1/𝑓𝑓. 

When 𝑛𝑛𝑐𝑐𝑐𝑐  is fixed, there is an inverse relationship between 𝛿𝛿  and 𝑓𝑓 . Low 

frequencies need a greater and a longer data set to average over, as the time 

resolution is low, and the frequency resolution is relatively high. High 

frequencies need a small value of 𝛿𝛿, as the data need to be superimposed are 

shorter on average, with time resolution being relatively high and frequency 

resolution being relatively low. In practical applications, if the data length is 

short, 𝛿𝛿 should be a small value, and long data need a bigg

short data (Guggisberg ., 2008). For RHHT cross-spectrum, the selection of 
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𝛿𝛿 is entirely empirical, independent of frequency. In this Chapter, the length of 

the integral window of RHHT coherence was set to 4. 

Given two signals 𝑥𝑥1(𝑡𝑡) and 𝑥𝑥2(𝑡𝑡), For all IMFs of 𝑥𝑥1(𝑡𝑡) and 𝑥𝑥2(𝑡𝑡), the RHHT 

cross-spectrums between 𝐼𝐼𝐼𝐼𝐼𝐼�𝑥𝑥1𝑘𝑘(𝑡𝑡)  and 𝐼𝐼𝐼𝐼𝐼𝐼�𝑥𝑥2𝑘𝑘(𝑡𝑡)  can be calculated and 

analysed separately. 

3.1.2.3 Significance Test 

A significance test is introduced to assure the data analysis does not reflect our 

prejudice about the underlying system and that represents a fair account of the 

structures presented in the data (Schreiber and Schmitz, 2000). Consequently, 

for the data-driven time-frequency analysis by RHHT, the application of this 

method has to be justified by establishing the statistical significance of the 

connectivity estimated by cross-spectrum. The method of surrogate data has 

been a popular tool to address this problem. We first specify the “no 

connectivity” as our null hypothesis, then generate surrogate data sets that are 

consistent with this null hypothesis by Amplitude Adjusted Fourier Transform 

(AAFT) algorithm (Theiler ., 1992), and finally compute a discriminating 

statistic for the original and each of the surrogate data sets. If the cross-

spectrum value computed for the original data is significantly different than the 

ensemble of values computed for the surrogate data, then the null hypothesis is 

rejected at a given significance level and significant connectivity is detected. 

Denote the original time series by 𝑥𝑥[𝑛𝑛], with n = 1, … , N. The AAFT algorithm 

can be summarised below:  

The first step is to make a Gaussian time series 𝑠𝑠[𝑛𝑛], where each element is 

generated independently from a Gaussian pseudorandom number generator.  

Re-order the time sequence of the Gaussian time series so that the ranks of 

both time series agree, that is, if 𝑥𝑥[𝑛𝑛] is the 𝑚𝑚𝑡𝑡ℎ smallest of 𝑥𝑥, then 𝑠𝑠[𝑛𝑛] will be 

the 𝑚𝑚𝑡𝑡ℎ  smallest of 𝑠𝑠 . The re-ordered 𝑠𝑠[𝑛𝑛] is a time series that "follows" the 

original time series 𝑥𝑥[𝑛𝑛] and has a Gaussian amplitude distribution.  
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Using the windowed or unwindowed Fourier Transform algorithm, a surrogate, 

call it 𝑠𝑠′[𝑛𝑛], of the Gaussian time series can be created. If the original time 

series 𝑥𝑥[𝑛𝑛] is time re-ordered so that it follows 𝑠𝑠′[𝑛𝑛] in the sense that the ranks 

agree, then the time-re-ordered time series provides a surrogate of the original 

time series which matches its amplitude distribution. Further, the "underlying" 

time series (𝑠𝑠[𝑛𝑛] and 𝑠𝑠′[𝑛𝑛]) are Gaussian and have the same Fourier power 

spectrum.  

This procedure was repeated 100 times and then the 95% quantile (z-score = 

1.96) was determined as the threshold for each time and frequency point in the 

time-frequency spectrum. 

3.1.3 Simulations 

This section aims at demonstrating the performance of the proposed method 

against the wavelet-based method using simulation examples. Each of the two 

simulated EEG signals has two non-linear signal components, namely the linear 

frequency increase Chirp signal and the frequency-modulated Cos signal. The 

sampling frequency is 500Hz, with a length of 1000 (equal to 2s).  

The frequency of the first Chirp signal 𝑢𝑢1 increases from 30Hz to 40Hz, and the 

second one 𝑢𝑢2 increases from 30Hz to 46Hz, being defined as: 

𝑢𝑢1 = 𝑐𝑐𝑐𝑐𝑐𝑐(2𝜋𝜋(𝑓𝑓𝑠𝑠 + 𝑐𝑐1𝑡𝑡) 𝑡𝑡) (3-20)

𝑢𝑢2 = cos(2𝜋𝜋(𝑓𝑓s + 𝑐𝑐2𝑡𝑡) 𝑡𝑡) (3-21)

where 𝑓𝑓s  is the starting frequency, 𝑓𝑓𝑠𝑠 = 30𝐻𝐻𝐻𝐻; 𝑐𝑐1  and 𝑐𝑐2 are chirpiness, 𝑐𝑐1 =

5𝐻𝐻𝐻𝐻/𝑠𝑠 and 𝑐𝑐2 = 8𝐻𝐻𝐻𝐻/𝑠𝑠. The instantaneous frequency of 𝑢𝑢1 and 𝑢𝑢2 are: 

𝑓𝑓𝑢𝑢1(𝑡𝑡) =
1

2𝜋𝜋
𝑑𝑑𝜃𝜃11
𝑑𝑑𝑑𝑑

= 𝑓𝑓𝑠𝑠 + 𝑐𝑐1𝑡𝑡 (3-22)

𝑓𝑓𝑢𝑢2(𝑡𝑡) =
1

2𝜋𝜋
𝑑𝑑𝜃𝜃12
𝑑𝑑𝑑𝑑

= 𝑓𝑓𝑠𝑠 + 𝑐𝑐2𝑡𝑡 (3-23)

where 𝜃𝜃11 = 2𝜋𝜋(𝑓𝑓𝑠𝑠 + 𝑐𝑐1𝑡𝑡) 𝑡𝑡 and 𝜃𝜃12 = 2𝜋𝜋(𝑓𝑓𝑠𝑠 + 𝑐𝑐2𝑡𝑡) 𝑡𝑡. 

The two intrawave frequency-modulated Cos signals 𝑣𝑣1 and 𝑣𝑣2 , showing 

different harmonic distortion, are defined as: 
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𝑣𝑣1 = 𝑐𝑐𝑐𝑐𝑐𝑐(2𝜋𝜋𝑓𝑓𝑎𝑎𝑡𝑡 + 0.5 𝑠𝑠𝑠𝑠𝑠𝑠(2𝜋𝜋𝑓𝑓𝑏𝑏𝑡𝑡)) (3-24) 

𝑣𝑣2 = 𝑐𝑐𝑐𝑐𝑐𝑐(2𝜋𝜋𝑓𝑓𝑎𝑎𝑡𝑡 + 0.5 𝑠𝑠𝑠𝑠𝑠𝑠(2𝜋𝜋𝑓𝑓𝑐𝑐𝑡𝑡)) (3-25) 

where  𝑓𝑓𝑎𝑎  is the intrinsic frequency, being 6𝐻𝐻𝐻𝐻 ; 𝑓𝑓b  and 𝑓𝑓c  are the intrawave 

modulation frequencies, being 6𝐻𝐻𝐻𝐻 and 8𝐻𝐻𝐻𝐻, respectively. The main frequency 

of 𝑣𝑣1 or 𝑣𝑣2 exhibits intrawave frequency modulation of nonlinear systems: the 

further from this equilibrium point, the stronger the nonlinearity (Huang ., 

1998). The instantaneous frequency of 𝑣𝑣1 and 𝑣𝑣2 are: 

𝑓𝑓𝑣𝑣1(𝑡𝑡) =
1

2𝜋𝜋
𝑑𝑑𝜃𝜃21
𝑑𝑑𝑑𝑑

= 𝑓𝑓𝑎𝑎 + 0.5𝑓𝑓𝑏𝑏cos (2𝜋𝜋𝑓𝑓𝑏𝑏𝑡𝑡) (3-26) 

𝑓𝑓𝑣𝑣2(𝑡𝑡) =
1

2𝜋𝜋
𝑑𝑑𝜃𝜃22
𝑑𝑑𝑑𝑑

= 𝑓𝑓𝑎𝑎 + 0.5𝑓𝑓𝑐𝑐cos (2𝜋𝜋𝑓𝑓𝑐𝑐𝑡𝑡) (3-27) 

where 𝜃𝜃21 = 2𝜋𝜋𝑓𝑓𝑎𝑎𝑡𝑡 + 0.5 𝑠𝑠𝑠𝑠𝑠𝑠(2𝜋𝜋𝑓𝑓𝑏𝑏𝑡𝑡) and 𝜃𝜃22 = 2𝜋𝜋𝑓𝑓𝑎𝑎𝑡𝑡 + 0.5 𝑠𝑠𝑠𝑠𝑠𝑠(2𝜋𝜋𝑓𝑓𝑐𝑐𝑡𝑡). 

The two simulated EEG channel signals 𝑌𝑌1 and 𝑌𝑌2 are defined as: 

𝑌𝑌1 = 0.8 𝑢𝑢1 + 0.2 𝑣𝑣1 + 𝑛𝑛1 (3-28) 

𝑌𝑌2 = 0.8 𝑢𝑢2 + 0.2 𝑣𝑣2 + 𝑛𝑛2 (3-29) 

White Gaussian noise 𝑛𝑛1 and 𝑛𝑛2 were added to make the SNR of the observed 

𝑌𝑌1  and 𝑌𝑌2  being 40dB. We used the function ‘ ’ in Matlab to add white 

Gaussian noise to the signals. This function assumes that the power of the input 

signal is 0 dBW and noisePower is calculated by 1
10(𝑆𝑆𝑆𝑆𝑆𝑆/10) dBW. The noise is 

produced by ‘sqrt(noisePower)*randn(size(signal))’ in Matlab.  

CWT is obtained using the analytic Morlet wavelet. Morlet is one of the most 

popular wavelet functions for biomedical signals due to its suitability and 

simplicity (Qassim ., 2012). It has several advantages for the time-

frequency analysis (Cohen, 2019). Firstly, Morlet convolution keeps the 

temporal resolution the same as the original signal. Secondly, the Morlet 

wavelet has a Gaussian distribution in both the time and frequency domain 

(Mouraux and Iannetti, 2008), non-sharp edges of which can minimise ripple 

effects that may be misinterpreted as oscillations. Thirdly, compared to other 
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wavelets, Morlet convolution is more computationally efficient by involving the 

fast Fourier transform.  

Two fine-tuned examples are presented to illustrate that RHHT has the 

following advantages over CWT: characterizing non-linear interwave with high 

time-frequency resolution, and capturing sudden changes in frequency and 

amplitude, which make the RHHT cross-spectrum superior in analyzing the 

linear connectivity of two-channel signals. The 𝐼𝐼𝐼𝐼𝐼𝐼𝑠𝑠 from CEEMDAN are 

compared with the 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑠𝑠form Wavelet Convolutional Filter. In order to maintain 

the consistency of the Wavelet Convolutional Filter, we obtain the 

corresponding 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑠𝑠 components by setting the centre frequency and 

bandwidth parameters as the dominant frequency and bandwidth of the first and 

second 𝐼𝐼𝐼𝐼𝐼𝐼 . The RHHT cross-spectrums of 𝑌𝑌1 , 𝑌𝑌2  and their corresponding 

𝐼𝐼𝐼𝐼𝐼𝐼𝑠𝑠 are compared with CWT cross-spectrums of 𝑌𝑌1, 𝑌𝑌2 and their corresponding 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑠𝑠. 

3.1.3.1 Example 1 

In order to evaluate the performance of the proposed method in capturing 

similar and dissimilar oscillations within two signals, based on Eq. (2-24) and 

Eq. (2-25), the first half of the 𝑣𝑣2 component is adjusted to be the same as the 

first half of the 𝑣𝑣1 component. Figure 3-2(a) shows the theoretical instantaneous 

frequency of 𝑌𝑌1, 𝑌𝑌2 and their components 𝑢𝑢1, 𝑢𝑢2 and 𝑣𝑣1, 𝑣𝑣2 respectively. It can 

be observed from the second row of Figure 3-2(a) that 𝑢𝑢1  and 𝑢𝑢2  have a 

relatively similar instantaneous frequency in the beginning stage and the 

difference between them increases with time. The instantaneous frequencies of 

𝑣𝑣1 and 𝑣𝑣2 are same in the first half, and the second half is quite different. 
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(a) 

 
(b) 

 
 

 
Figure 3-2 Example 1 (a) Instantaneous frequency of Y1, Y2 and their 
components; b) RHHT of Y1, Y2 and associated IMFs; (c) CWT of Y1, Y2 and 
associated bands. 
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Figure 3-2(b) and Figure 3-2(c) illustrate the time-frequency results of RHHT 

and CWT. The first row shows the time-frequency maps of 𝑌𝑌1  and 𝑌𝑌2 ; the 

second and third rows show the time-frequency maps of 𝑌𝑌1’s and 𝑌𝑌2’s first and 

second IMF or band. The estimated instantaneous frequency energy of RHHT 

in Figure 3-2(b) is accurately localised in both frequency and time domains. 

RHHT spectrums of 𝑌𝑌1  and 𝑌𝑌2 contain two prominent components: the high-

frequency component fluctuating increasingly from 30Hz to 40 or 46Hz, and the 

strongly intrawave frequency-modulated oscillations with intrinsic frequency 

6Hz, in agreement with the theoretical instantaneous frequency shown in Figure 

3-2(a). The observed high time-frequency resolution leads to better 

 
(a)  

 
 

 
Figure 3-3 Example 1 (a) RHHT cross-spectrum (CS) of Y1, Y2, and IMFs 
before and after significant test; (b) CWT cross-spectrum of Y1, Y2, and 
associated bands before and after significant test. 
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characterization of oscillations pattern of 𝑌𝑌1, 𝑌𝑌2 and their components 𝑢𝑢1, 𝑢𝑢2 and 

𝑣𝑣1, 𝑣𝑣2. For the CWT results shown in Figure 3-2 (c), neither the energy density 

nor the frequency is well localized. Corresponding to 𝑢𝑢1 and 𝑢𝑢2, due to the low 

resolution of CWT in the high-frequency part, the results of two signals’ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵1 

spread energy over a much wider frequency range but fail to detect any truly 

detailed frequency variations. CWT spectrums of two signals’ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵2  show a 

rich distribution of harmonics but no details of the intrawave frequency 

modulations. The second half period of the two signals’ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵2 seems almost 

the same, which is different from the true theoretical state. This indicates the 

effective property of the RHHT spectrum in capturing the distortion harmonic 

components to represent the dynamic signal with modulated frequency. 

The RHHT cross-spectrums of 𝑌𝑌1, 𝑌𝑌2 and their corresponding IMFs are shown in 

Figure 3-3(a), where it can be observed from the second column that energy 

density is well localized within 95% statistical significance. The RHHT cross-

spectrum of 𝐼𝐼𝐼𝐼𝐼𝐼1  of 𝑌𝑌1 , 𝑌𝑌2  in the second row shows similar time-frequency 

connectivity in the beginning stage and this connectivity disappears in the 

second half period, which matches the ground truth shown in Figure 3-2 (a). 

The 𝐼𝐼𝐼𝐼𝐼𝐼2  of 𝑌𝑌1 , 𝑌𝑌2  in the third row of Figure 3-3 (a) further confirms this 

conclusion by successfully picking up the high and consistent association of 𝑣𝑣1 

and 𝑣𝑣2 in the first half period and a less consistent association in the second 

half. The results of CWT cross-spectrum shown in Figure 3-3 (b), particularly 

the ones after the significant test, cannot fully capture the dynamic time-

frequency association of the two signals. For example, the limited significant 

association is detected in 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵2  in the first half which should be high and 

consistent. A significant association is detected in 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵1  in the second half 

period, which is not true. 

3.1.3.2 Example 2 

In order to simulate the transient property of the non-stationary signal, based on 

Eq. (2-24) and Eq. (2-25), the Chirp and Cos components of the two synthetic 

EEG signals are adjusted by suddenly changing the frequency and amplitude. 

The second quarter and the fourth quarter of 𝑢𝑢1 are swapped, as is 𝑢𝑢2. The 
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amplitude of the first and last quarter of 𝑣𝑣1 component is set to zero, while the 

 
(a) 

 
(b) 

 
 

 

Figure 3-4 Example 2 (a) Instantaneous frequency of Y1, Y2 and their 
components; (b) RHHT of Y1, Y2 and associated IMFs; (c) CWT of Y1, Y2 and 
associated bands. 
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middle half of 𝑣𝑣2 component is set to zero. Figure 3-4(a) shows the theoretical 

instantaneous frequency of 𝑌𝑌1, 𝑌𝑌2 with their components 𝑢𝑢1, 𝑢𝑢2, and 𝑣𝑣1, 𝑣𝑣2. 

Figure 3-4(b) and (c) illustrate the time-frequency results of RHHT and CWT. 

The first row shows the time-frequency maps of 𝑌𝑌1 and 𝑌𝑌2; the second and third 

rows show the time-frequency maps of the IMFs or Bands of 𝑌𝑌1 and 𝑌𝑌2. It can be 

observed that the instantaneous frequency results of RHHT are more consistent 

 
(a)  

 
(b) 

 

Figure 3-5 Example 2 (a) RHHT cross-spectrum (CS) of Y1, Y2 and IMFs before 
and after significant test; (b) CWT cross-spectrum of Y1, Y2, and bands before 
and after significant test. 
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with Figure 3-4(a) than the CWT results. In Figure 3-4(b), the time-frequency 

spectrum of 𝐼𝐼𝐼𝐼𝐼𝐼1 strictly reveals sudden changes of frequency at 0.5s, 1s and 

1.5s, and the time-frequency spectrum of 𝐼𝐼𝐼𝐼𝐼𝐼2 undergoes intrawave frequency 

modulation and captures the sudden changes in amplitude energy at 0.5s, and 

1.5s. In Figure 3-4(c), the time-frequency results of CWT reveal the transient 

property of the signal but are encumbered by harmonic components and the 

edge effects. There is energy dispersion at the sudden changes in frequency 

and amplitude of the two components. This indicates that RHHT spectrum can 

better capture non-stationarity and reveals more details of the system with a 

higher resolution. 

In the second row of Figure 3-5(a), the RHHT cross-spectrum of 𝑌𝑌1 and 𝑌𝑌2 ’s 

𝐼𝐼𝐼𝐼𝐼𝐼1  shows similar time-frequency connectivity in the beginning and ending 

stage, which does not exist in the middle half period, in agreement with the 

ground truth shown in Figure 3-4(a). In the third row of Figure 3-5(a), the RHHT 

cross-spectrum of 𝑌𝑌1  and 𝑌𝑌2 ’s 𝐼𝐼𝐼𝐼𝐼𝐼2  shows low energy of discontinuous 

connectivity at time 0.5s and 1.5s. However, in Figure 3-5(b), CWT cross-

spectrum of 𝑌𝑌1  and 𝑌𝑌2 ’s 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵1  shows that the connectivity energy exists at 

some high-frequency areas with statistical significance, which may be caused 

by the low-frequency resolution. CWT cross-spectrum of 𝑌𝑌1  and 𝑌𝑌2 ’s 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵2 

show divergent connectivity energy at time 0.5s and 1.5s within a certain time 

range. 

To investigate the effect of and sensitivity to noise, we tested the results of the 

two synthetic examples with lower SNRs being as 30dB and 20dB, shown in 

Figure 3-11, Figure 3-10, Figure 3-12, Figure 3-13, Figure 3-14, Figure 3-15 in 

the Supplementary Material. For the data with the SNR being 30dB, a similar 

conclusion as that of 40dB can be drawn. For the data with the SNR being 

20dB, compared with CWT, RHHT seems to be more sensitive to noise. 

However, this kind of problem can be addressed by applying a Gaussian filter 

before the analysis, as shown in Figure 3-14 and Figure 3-15. The superior 

performance of RHHT is observed again after the Gaussian filter processing. 
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3.1.4 Application To EEG Data 

This section introduces a clinical application of the proposed technique to assist 

the diagnosis of generalized epilepsy. In this work we retrospectively selected 

video EEGs (vEEGs) with occasional generalised interictal epileptiform 

discharges (IEDs), providing electrophysiological evidence for the diagnosis of 

epilepsy. All selected epilepsy patients were isolated from the Royal 

Hallamshire Hospital (Sheffield, UK) Department of Neurophysiology database 

with the following inclusion criteria: standard interictal EEG available containing 

at least one well defined generalised IED; age between late teens to 61 years 

(based on a cohort of healthy control (HC) available from previous work to 

ensure no significant age differences between groups occurred); previous 

history of at least one witnessed generalised tonic-clonic seizure without any 

other known type of seizures. The following exclusion criteria were also applied: 

learning difficulties; sleep deprivation the night before the EEG was recorded; 

the known history of drug addiction; refractory epilepsy; any other known 

neurological disorder other than epilepsy.  

The investigated EEG data comes from two groups: epileptic participants and 

HC. The data of 10 HC (6 females and 4 males, mean age 37±15y) and 14 

epilepsy participants (9 females and 5 males, mean age 33±12y) were 

collected, details of which can be seen in Table 3-1 in the Supplementary 

Material. The epilepsy participants were patients diagnosed with generalized 

epilepsy and otherwise neurologically normal, without other underlying medical 

conditions. It should be noted that epilepsy participants were consecutively 

selected for the best possible match of age to the HC cohort. Additionally, the 

data for each participant was divided into two states: eyes open (EO) and eyes 

close (EC). For each subject of each eye state, the epoch lasts 10 seconds. 

Ethics approval for use of the patients’ EEGs for the development of new 

quantitative EEG methods was obtained both from the University of Sheffield 

and the NHS ethics committees (SMBRER207 and 11/YH/0414). All HC 

subjects provided informed consent as part of a project approved by the 

Yorkshire and the Humber (Leeds West) Research Ethics Committee (reference 

number 14/YH/1070). A resting-state standard EEG recording was used. 
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Interictal (i.e. seizure-free) EEG data was selected for this paradigm. The 

recording was resampled to 500 Hz through an FIR filter. 

Data was acquired with a Natus Headbox (Optima Medical, Ltd.) at a sampling 

 
(a) 

 
(b) 

 

Figure 3-6 (a) RHHT of Y1 and Y2 and the cross-spectrum significance result 
with 95% confidence interval (b) CWT of Y1 and Y2 and the cross-spectrum 
significance result with 95% confidence interval. 
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rate of 500 Hz (analogue bandwidth 0.1–200 Hz) with the international 10–20 

system of electrode placement positions. The EEG data was recorded from the 

standard 21 electrodes.  

The EEG epochs were collected with Spike2 (version 9) software where data 

filtering and labeling were also undertaken. The filtering method was performed 

using the following equation 𝑦𝑦(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) 1/2𝑐𝑐 𝑥𝑥(𝑖𝑖)𝑡𝑡+𝑐𝑐
𝑖𝑖=𝑡𝑡−𝑐𝑐

′, where 𝑥𝑥 is the input 

 
(a) 

 
(b) 

 

Figure 3-7 The boxplots of top 10 smallest p-values of all 207 pairs for each 
frequency band of EC (a) and EO (b) data by RHHT and CWT cross-spectrum. 
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EEG signal, 𝑦𝑦 is the output signal, t is a discrete-time point and 𝑐𝑐  is a time 

constant value. The value of 𝑐𝑐 is set at 0.2s. The filtering using a time constant 

result in a high pass filtering of the signal where the cut-off frequency is 1/2𝜋𝜋𝜋𝜋, 

which is equal to 0.79Hz. All data were selected by a specialised physician to 

ensure no interictal EEG abnormalities were included. Additionally, care was 

taken to select relatively artefact-free epochs. 

A bipolar montage approach was implemented to avoid volume conduction 

effects caused by the common reference electrode. The following bipolar 

channels were available: Fp2-F8, Fp1-F7, F8-F4, F7-F3, F4-C4, F3-C3, F4-FZ, 

FZ-CZ, F3- FZ, T4-C4, T3-C3, C4-CZ, C3-CZ, CZ-PZ, C4-P4, C3-P3, T4-T6, 

T3-T5, P4-PZ, P3-PZ, T6-O2, T5-O1, P4-O2, P3-O1, O2-O1.  

3.1.4.1 RHHT Cross Spectrum  

We used C3-P3 as 𝑌𝑌1 and T3-T5 as 𝑌𝑌2 from one epilepsy patient as an example 

to compare the performance of RHHT and CWT in tracking the non-stationary 

association of EEG signals. It has been proven in previous research that the 

connectivity between this pair can provide an insight to differentiate epilepsy 

group and healthy control group (Pyrzowski ., 2015). In the first two rows of 

Figure 3-6(a), the RHHT spectrums of 𝑌𝑌1  and 𝑌𝑌2  show irregularly distributed 

energy in the high-frequency part above 20Hz, strongly unevenness of the 

intrawave frequency variation around 5-20Hz frequency band, and low-

frequency oscillations below 5Hz with considerable energy. In the third row, 

RHHT cross-spectrum between 𝑌𝑌1 and 𝑌𝑌2 shows strong oscillations with sharp 

frequency and time localization. In the last row, RHHT cross-spectrum within a 

95% confidence interval shows the connectivity energy of some intrawave 

frequency oscillations. In the first two rows of Figure 3-6 (b), the CWT 

spectrums of 𝑌𝑌1 and 𝑌𝑌2 show smoothed distributed energy in the high-frequency 

part, some transient energy clusters around intermediate frequency, and almost 

uniform low-frequency response. In the third row, CWT cross-spectrum between 

𝑌𝑌1 and 𝑌𝑌2 is smoother in both time and frequency with spurious harmonics. In 

the last row, CWT cross-spectrum within a 95% confidence interval shows low 

connectivity energy in the high-frequency part and strong energy of some 
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connectivity clusters. Comparing the third and last row, some spurious 

connectivity energy exists in the CWT cross-spectrum without the significant 

test but disappears in the result with the significant test.  

Comparing Figure 3-6 (a) and Figure 3-6 (b), it is suggested that both cross-

spectrums based on RHHT and CWT show similar locations of energy 

associations in time and frequency axes, but RHHT gives a sharper and more 

refined definition of the energy than CWT. The intrawave frequency modulations 

by the RHHT spectrum not only present a clear physical picture of the motion 

but also eradicate the need for eliminating the spurious harmonics to represent 

nonlinear and non-stationary signals. All the interesting details pertinent to the 

similar frequency modulations between the two EEG channels of this paradigm 

can be seen clearly in the RHHT cross-spectrum, whereas the CWT cross-

spectrum only gives a profuse display of harmonics with limited detail. 

3.1.4.2 Statistical Inference for Potential Classification Benchmark  

The Mann-Whitney U test (Ruxton, 2006), also known as the Wilcoxon rank-

sum test, is a nonparametric test for differences between two groups on a 

single, ordinal variable with no specific distribution. By contrast, the 

independent-samples -test, also a test of two groups, requires the single 

variable to be measured at the interval or ratio level, rather than the ordinal 

level, and to be normally distributed. When data do not meet the parametric 

assumptions of a normal distribution, the Mann-Whitney U test tends to be more 

appropriate (McKnight and Najab, 2010). Our data sample size is small and it 

fails the normal distribution test. Therefore, the Mann-Whitney U test is used in 

this example to accept or reject the null hypothesis that the epileptic patients 

and HC samples are samples from continuous distributions with equal medians. 

If rejected at a critical probability level, typically <0.05, it infers that the two 

samples do not come from the same population. The attained p-values can give 

an idea of the significance level of the results (Hlinka ., 2010). 

Considering the estimated measures of cross-spectrum between two signals, 

with 23 bipolar channels used in this Chapter, there are 253 possible 

combinations (𝐶𝐶223) when any 2 bipolar derivations are paired together. These 



 

101 

were organised in a pairwise manner by taking the first bipolar derivation in the 

list (F8-F4) and pairing it with every other bipolar derivation according to their 

order on the list (F8-F4:F7-F3, F8-F4:F4-C4, F8-F4:F3-C3, etc.). The process 

was repeated for all other channels until the end of the list. However, since each 

channel is bipolar in nature, any pair with common electrode locations (such as 

F8-F4 and F4-C4) is neglected as this could lead to misleading high false 

correlation between the pair. A total of 46 channel pairs has this characteristic, 

and 207 bipolar pairs are therefore analysed in this Chapter. 

In order to compare the effectiveness of cross-spectrum based on RHHT and 

CWT in feature extraction for the potential classification between epileptic 

patients and HC, we normalized each 10s epoch of EO and EC for all epileptic 

patients and HC. Then, the cross-spectrum values of all 207 pairs for EO and 

EC were calculated. Next, RHHT and CWT cross-spectra were averaged along 

both the time and frequency axis to obtain a singular value for each pair. Finally, 

207 averaged cross-spectrum values were assessed by the Mann-Whitney U 

test for two groups. Figure 3-9 in the Supplementary Material illustrates the -

values of each band of EC and EO data obtained through the RHHT and CWT 

cross-spectrum. 

To quantitatively compare the performance of RHHT and CWT cross-spectrum 

to differentiate these two groups, we selected the top 10 smallest -values of 

the 207 pairs in each frequency band of EO and EC data. Figure 3-7(a) and (b) 

present the boxplots of EC and EO data, respectively. The red dashed line 

indicates the critical probability level ( =0.05) that can effectively distinguish 

epileptic patients and HC. For both Figure 3-7(a) and (b), in Theta, Alpha, and 

Beta bands, the distributions of the 10 smallest -values of RHHT and CWT 

cross-spectrum are all higher than 0.05, which indicates invalid discrimination 

and will not be discussed further.  

Figure 3-7(a), the distributions of the smallest 10 -values of RHHT cross-

spectrum in Delta, Gamma, and 1-50Hz bands are all lower than 0.05, while the 

distribution of CWT cross-spectrum in Delta and 1-50Hz bands are above the 

threshold. The smallest 10 -values of CWT cross-spectrum only distributes 
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below 0.05 in Gamma band, but the mean value of its distribution is still higher 

than that of RHHT cross-spectrum.  

Figure 3-7(b), distributions of the smallest 10 p-values in Delta, Gamma, and 1-

50Hz bands of RHHT cross-spectrum are lower than 0.05 overall, whereas 

distribution of CWT cross-spectrum is only lower than 0.05 in Delta and Gamma 

bands. Although the distribution of CWT cross-spectrum in Delta band is lower 

than that of RHHT cross-spectrum, the distribution of CWT cross-spectrum in 

Gamma band is higher than that of RHHT cross-spectrum, and the distribution 

of CWT cross-spectrum in 1-50Hz band spans =0.05.  

In order to test the effect of epoch length on the -values, we split the 10s 

epoch into different lengths and calculated the corresponding -values. By 

counting the effective bipolar pairs with -values less than 0.05, we calculated 

the mean numbers for each segment length. The statistical results are shown in 

Table 3-2  in the Supplementary Material. It suggests that for both RHHT and 

CWT cross-spectrum, the length of data samples has a negligible effect on the 

number of effective pairs. Similar to the results of 10s data,  other data lengths 

(5s, 2.5s, 1.25s, and 0.625s) confirm the conclusion that RHHT cross-spectrum 

can reveal more distinguishable bipolar pairs than CWT in most frequency 

bands. 

3.1.4.3 Classification Results using Support Vector Machine (SVM) 

We conducted a direct classification of HC and epilepsy groups using the 

extracted 207 cross-spectrum features from RHHT and CWT. During the initial 

development of the classification solution, a few popular machine learning 

classfiers were implemtend including SVM, decision tree and k-nearest 

neighbors (KNN). SVM was selected as the classifier in this work because it 

presents slightly better performance than other methods. The classification 

accuracy was calculated by 10 folder cross-validation.  

The boxplots of 10-highest accuracy within all bipolar pairs of EC and EO data 

are shown in Figure 3-8(a) and (b) respectively. The classification results are in 

agreement with the -values calculated by Mann-Whitney U-test shown in 
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Figure 3-7. In the three frequency bands with -values less than 0.05 (Delta, 

Gamma, 1-50Hz), the classification results of SVM are better than the other 

three bands for both eye conditions. The average classification results of the 

cross-spectrum based on RHHT are higher than CWT although it has a slightly 

larger variation. 

 
         (a) 

 
           (b) 

 

Figure 3-8 The boxplots of top 10 higest classification accuracies of all 207 
pairs for each frequency band of EC (a) and EO (b) data by RHHT and CWT 
cross-spectrum. 
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3.1.5 Conclusion 

This Chapter proposes a novel data analysis framework to track the dynamic 

association between EEG channels in the time-frequency domain. This 

framework aims to characterize frequency fluctuations with a high time-

frequency resolution and capture the dynamic association in the frequency 

domain using a new indicator, called Revised Hilbert-Huang Transformation 

cross-spectrum. It has been demonstrated by the two simulation examples that, 

compared to CWT, RHHT can estimate the frequency modulations more 

accurately, as well as detect the abrupt change of frequency, amplitude, and 

corresponding associations. This characterisation will potentially provide more 

insight when applied to real EEG signals which are dominated by high non-

linearity and non-stationarity. Implementation of the significant test on the 

proposed RHHT based cross-spectrum allows identification of the significant 

interactions by taking into account the effects of noise interference. The 

application of the proposed method on EEG data from 14 epileptic patients and 

10 healthy controls further demonstrates the validity of this framework and its 

potential application in building benchmarks for classification. In the real EEG 

data paradigm, we have shown with the implementation of a statistical 

significance approach, the estimated cross-spectrum using RHHT can better 

distinguish these two groups than that using CWT. However, it should be noted 

that a further study is required to deeply understand what additional information 

of RHHT contributes to the improved classification by exploring the ground truth 

of brain cross-spectrum. 
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3.1.6 Supplementary 

Table 3-1 THE DETAILS OF PARTICIPANTS AND 
AVAILABLE DATA 

GROUP GENDER AGE MEDICATIONS 

EPILEPSY 

F 40 FLUOXETINE 

F 45 LAMOTRIGINE, LACOSAMIDE 

F 58 SODIUM VALPROATE, 
LEVETIRACETAM 

F 29 NIL 

F 29 CARBAMAZEPINE 

F 29 NIL 

F 23 LAMOTRIGINE 

F 20 NIL 

F 19 LAMOTRIGINE 

M 46 LAMOTRIGINE, 
LEVETIRACETAM 

M 45 LAMOTRIGINE, SODIUM 
VALPROATE 

M 36 PHENOBARBITAL, 
LAMOTRIGINE, PREGABALIN 

M 28 NIL 

M 19 NIL 

HEALTHY 

F 41 NIL 

F 52 NIL 

F 61 NIL 

F 23 NIL 

F 23 NIL 

F 22 NIL 

M 49 NIL 

M 48 NIL 

M 30 NIL 

M 22 NIL 
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Table 3-2 THE NUMBERS OF EFFECTIVE CROSS-CHANNELS FOR 
CLASSIFICATION WITH RHHT- AND CWT-BASED CROSS-
SPECTRUM 

  EC EO 

  RHHT CWT RHHT CWT 

1-50Hz 

10s 10 0 12 7 

5s 11 0 2.5 5 

2.5s 9.8 0 6.5 3 

1.25s 8 0.3 4.9 3 

0.625s 8.7 0.5 6 3 

Gamma 

10s 31 28 52 38 

5s 34.5 27.5 54.5 37.5 

2.5s 34.3 27.5 52.3 37.3 

1.25s 32.4 27.6 51 36.3 

0.625s 32.4 26.9 50.4 36.4 

Beta 

10s 0 0 0 0 

5s 0.5 0.5 0.5 0 

2.5s 0 0.5 1.8 0 

1.25s 0.5 1 3.1 0 

0.625s 0.6 1.1 4.5 0.1 

Alpha 

10s 0 0 0 0 

5s 0 0 0 0 

2.5s 2.5 1 0 0 

1.25s 2.4 2.4 0 0 

0.625s 3.6 2.1 0.7 0.1 
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Figure 3-9 Rows from top to bottom show the results for EO data 
calculated by the frequency bands of 1-50Hz, Gamma, Beta, Alpha, Theta, 
and Delta respectively. The left two columns (EC data) and the right two 
columns (EO data) show the p-values of each cross-bipolar channel based 
on the cross-spectrums by RHHT and CWT respectively. 
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  (a) RHHT of Y1, Y2 and IMFs                                             (b) CWT of Y1, Y2 and bands 

 

  (c) RHHT cross-spectrum of Y1, Y2 and IMFs         (d) CWT cross-spectrum of Y1, Y2 and bands 

 

Figure 3-11 The results of synthetic Examples 2 with SNR being 30dB. 

 

(a) RHHT of Y1, Y2 and IMFs                                               (b) CWT of Y1, Y2 and bands 

 

  (c) RHHT cross-spectrum of Y1, Y2 and IMFs         (d) CWT cross-spectrum of Y1, Y2 and bands 

 

Figure 3-10 The results of synthetic Examples 1 with SNR being 30dB. 
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  (a) RHHT of Y1, Y2 and IMFs                                      (b) CWT of Y1, Y2 and bands 

 

  (c) RHHT cross-spectrum of Y1, Y2 and IMFs         (d) CWT cross-spectrum of Y1, Y2 and bands 
 

Figure 3-12 The results of synthetic Examples 1 with SNR being 20dB. 

 

  (a) RHHT of Y1, Y2 and IMFs                                  (b) CWT of Y1, Y2 and bands 

 

  (c) RHHT cross-spectrum of Y1, Y2 and IMFs         (d) CWT cross-spectrum of Y1, Y2 and bands 

 
Figure 3-13 The results of synthetic Examples 2 with SNR being 20dB. 
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  (a) RHHT of Y1, Y2 and IMFs                                     (b) CWT of Y1, Y2 and bands 

 

  (c) RHHT cross-spectrum of Y1, Y2 and IMFs         (d) CWT cross-spectrum of Y1, Y2 and bands 

Figure 3-14 The results of synthetic Examples 1 with SNR being 20dB 
with filtering. 

 

  (a) RHHT of Y1, Y2 and IMFs                                        (b) CWT of Y1, Y2 and bands 

 

  (c) RHHT cross-spectrum of Y1, Y2 and IMFs         (d) CWT cross-spectrum of Y1, Y2 and bands 

 
Figure 3-15 The results of synthetic Examples 2 with SNR being 20dB 
with filtering. 
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3.2 Ultra-high-resolution time-frequency analysis of EEG to 
characterise brain functional connectivity with the 
application in Alzheimer's disease. 

3.2.1 Introduction  

Alzheimer's disease (AD) is one of the most common neurodegenerative 

diseases, resulting in the loss of memory and other cognitive impairments 

(Blinowska ., 2017; Ferreri ., 2016). The number of patients affected by 

AD and the difficulties in treating this disorder provoke massive demands for the 

early diagnosis of the condition and effective approaches for monitoring disease 

progression. In the past decades, electroencephalogram (EEG) has attracted 

significant interest since it is economical, non-invasive and with an ultra-high 

time resolution. A variety of biomarkers were extracted from EEGs in AD-related 

research, such as amplitude (Poil ., 2013), power spectral densities (PSD) 

(Sankari ., 2011), phase-related features (Engels ., 2015; Kent ., 

2021), alpha rhythm power (Angelakis ., 2007; Babiloni ., 2013; 

Benwell ., 2020; Sadaghiani and Kleinschmidt, 2016; Schmidt ., 2013) 

wavelet energy (Jeong ., 2016), features from graph theory (delEtoile and 

Adeli, 2017; Miraglia ., 2016) and brain connectivity estimations (Blinowska 

., 2017; delEtoile and Adeli, 2017; Durongbhan ., 2019; Vecchio ., 

2017; Yu ., 2018; Zhao ., 2020). Peak frequency is also a promising 
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biomarker in the field of dementia and other neurodegenerative disorders 

(Grandy ., 2013; Ratti ., 2017). To support the classification of AD 

based on those features extracted from EEG recordings, many machine 

learning algorisms have been employed, such as linear discriminant analysis 

(LDA), logistic regression (LR), random forest, support vector machines (SVM), 

K-nearest neighbour (KNN) and deep learning (Durongbhan ., 2019; 

Kulkarni, 2019; Qiao ., 2018; Rajintha S Gunawardena ., 2021; Vecchio 

., 2020) 

Alpha and Beta peak frequency of a single channel was used as a quantitative 

EEG (qEEG) measure for the classification between AD and mild cognitive 

impairment (MCI). MCI represents a transitional period of neurological 

degeneration from normal aging to AD (Poil ., 2013). That is to say, the 

peak frequency may be a potential biomarker to evaluate the degree of brain 

degeneration. Dementia with Lewy bodies (DLB) can also be discriminated from 

AD since it has a significantly lower peak frequency (van der Zande ., 

2018). Besides, different from young adults, older people show significant 

slowing of individual alpha peak frequency. In a word, there is increasing 

evidence from the literature suggesting the EEG peak frequency has great 

potential to advance dementia research and possibly one day to be translated 

into a clinically useful AD diagnostic tool.  

However, most of the previous related techniques are univariate-based 

methods. That is to say, those techniques are trying to obtain independent 

features from each EEG channel. However, there is evidence suggesting brain 

disorders affect information exchange between multiple brain areas, namely 

brain connectivity (Cao ., 2021b; Hassan ., 2017; McBride ., 2015; 

Varotto ., 2014). To be more specific, brain connectivity is divided into three 

well-accepted categories: neuroanatomical brain connectivity, functional brain 

connectivity, and effective brain connectivity (Abbasvandi and Nasrabadi, 2019; 

Cao ., 2022). Neuroanatomical connectivity refers to structural links such as 

synapses or fibre pathways at the microscopic scale of neurons (Cao ., 

2022). In terms of effective connectivity, it indicates the directed causal 
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influence of one neural region over others. On the other hand, functional brain 

connectivity is defined as statistical strength of covariance and/or correlation 

between pairs of brain regions, typically estimated with correlation, coherence, 

and information theory (Seth ., 2015; Ursino ., 2007). Many researchers 

demonstrated that brain connectivity is able to reflect complex cortical 

interconnections among brain networks and state of independent brain regions 

(Durongbhan ., 2019; V. Sakkalis, 2011; Tafreshi ., 2019a; van Mierlo 

., 2014). Furthermore, it can reveal distinct aspects characterising various 

neurological conditions, such as dementia and other neurodegenerative 

diseases. There is evidence that both anatomical and functional connections 

among neural areas are affected in various forms of neurodegeneration (Cao 

., 2022; Pijnenburg ., 2004). In this regard, measures of functional 

connectivity from scalp EEG recordings are of keen interest to elucidate the 

effect of neurodegeneration on intercommunications within widely distributed 

brain networks. 

Analysing time-varying interactions and dynamic brain networks are 

increasingly attractive and challenging for researchers in the field of 

neurosciences (Li ., 2019). Recently, many techniques to estimate dynamic 

functional connectivity have been developed to extract biomarkers from EEG 

signals, including short-time Fourier transform (STFT) (Chen ., 2020; 

Keijzer ., 2021; Wendling ., 2009; Yildirim ., 2019), wavelet 

analysis (Handojoseno ., 2013; Ieracitano ., 2017; Jeong ., 2016; 

Sankari and Adeli, 2011), Error Reduction Ratio (ERR) (Zhao ., 2020) and 

Hilbert–Huang transforms (HHT) (Shan ., 2021). Although those techniques 

are satisfactory to an extent and can be extended to estimate time-frequency 

coherence between different EEG channels, there are some limitations because 

of their principles. STFT computes Fourier spectra on successive sliding 

windows and the STFT mainly suffers from the trade-off between temporal and 

spectral resolution (Fu ., 2014; Moca ., 2021). Generally, STFT is 

employed to analyse the linear and non-stationary signals (Mousavi ., 

2020). To avoid the window problem of STFT, Wavelet analysis employs a 

longer window for lower frequencies and a shorter one for higher frequencies. In 
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this case, it is more suitable for extracting time-varying information in different 

frequency bands (V. Sakkalis, 2011). However, wavelet-based methods suffer 

from the Heisenberg uncertainty principle, the wavelet transform cannot achieve 

fine resolutions in both time domain and frequency domain simultaneously, and 

the non-adaptivity once the basis wavelet is set (Fu ., 2014). Wavelet 

transform is an advanced technique developed from Fourier analysis, using 

harmonic waves as its templates. Therefore, facing some similar problems of 

Fourier spectrum analysis, wavelet is capable to solve inter-wave frequency 

modulation and cannot solve intra-wave frequency modulation (Shan ., 

2021). However, neural oscillations have not been proved to be sinusoidal 

(Cohen, 2017b; Jones, 2016; Mazaheri and Jensen, 2008). Wavelet-based 

approaches have the weakness of dealing with non-sinusoidal oscillations and 

discriminating them from sinusoidal ones (Cohen, 2017a). Therefore, there is a 

need to develop novel methods to fully explore the hidden association in the 

typical nonlinear and non-stationary EEG recordings. Unlike wavelet transform 

with sinusoidal templates, Empirical Mode Decomposition (EMD) does not need 

any template assumption of the target signal (Huang ., 1998), which may 

improve the ability to extract non-stationary and non-linear EEG information to 

an extent. EMD analyses the behaviour of non-stationary and nonlinear signals 

by decomposing them into several intrinsic mode functions (IMFs) that could be 

further analysed by Hilbert Huang transforms (HHT). Since the decomposition is 

based on the characteristics of the local time scale, with the HHT, the IMFs 

generate instantaneous frequencies as functions of time that separately 

estimates dynamic structures of different transient information. In this case, 

Shan . (2021) developed a new brain connectivity method relying on the 

revised HHT (RHHT) based on complete ensemble EMD with adaptive noise 

(CEEMDAN). It is able to capture dynamic interconnection between EEG 

signals and shows higher time-frequency resolution, compared with wavelet 

analysis. The "mode mixing" is a nonnegligible issue of the traditional EMD. To 

be more specific, one mode may represent different-amplitude oscillations or 

there are oscillations with high similarity found in different modes. To overcome 

this, Wu and Huang (2009) developed Ensemble EMD (EEMD), which performs 
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the EMD over an ensemble of the signal plus white Gaussian noise. However, 

there are still a variety of problems remaining and showing up. For instance, 

residual noise exists in IMF, and adding different white Gaussian noise to the 

signal increases the difficulty in controlling the number of IMFs. Torres . 

(2011) improved the algorithm by proposing the CEEMDAN. The main 

improvement occurs in adding noise. CEEMDAN tries to add a distinct noise at 

each step of the decomposition process, while EEMD adds the white Gaussian 

noise after the extraction of each IMF. 

This project proposes a new time-frequency brain functional connectivity 

analysis framework, to track the non-stationary association of two EEG signals, 

based on a Revised Hilbert-Huang Transform (RHHT). One of the highlights of 

this framework is a novel method of estimating the cross-spectrum, based on 

the decomposed components. Compared with other time-frequency methods, 

such as CWT, the proposed method provides a more accurate dynamic time-

frequency feature recognition and can be used to dissect the details of dynamic 

connectivity between brain regions. The effectiveness of this proposed method 

is validated through simulated and clinical EEG data. 

Considering the aforementioned findings, it is hypothesised that functional brain 

network connectivity of patients with AD differs from networks of age-matched 

healthy controls (HC). The peak frequency extracted from the functional 

connectivity estimates is also hypothesised to act differentially for these two 

groups. The present Chapter proposes a framework to accomplish the 

discrimination between AD and HCs based on wavelet cross-spectrum (WC) 

and RHHT cross-spectrum, the latter of which is used for the first time in the 

field of AD. The second innovation of this Chapter is to evaluate a promising 

biomarker based on the peak frequency of the cross-spectrums (PFoCS). The 

proposed method is advanced in capturing dynamic interconnection between 

EEG signals and pointing out frequency-related biomarkers more precisely, 

which may help us to better understand this brain dysfunction. Then, a novel 

topographic visualisation method is designed to map the estimated brain 
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connectivity. Finally, the proposed RHHT technique is critically compared with 

other approaches in terms of principles, results and limitations.  

3.2.2 Materials and Methodology 

3.2.2.1 Experimental data and EEG pre-processing 

All patients and healthy controls included in this work were recruited in the 

Sheffield Teaching Hospital memory clinic and all provided written informed 

consent. The EEG study underwent ethics approval by the Yorkshire and The 

Humber (Leeds West) Research Ethics Committee (reference number 

14/YH/1070). AD patients had their diagnosis confirmed between one month 

and up to 2 years prior to their EEG recording while they had mild to moderate 

cognitive deficits, according to their Mini-mental state examination. All patients 

and controls had brain magnetic resonance imaging (MRI) scans to eliminate 

other alternative causes of dementia. For the aged and gender-matched HC 

cohort, normal MRI brain scans and cognitive assessments were required 

before their EEG recordings. Further details about recruitment, diagnostic 

criteria and study design can be found in previously published work (Blackburn 

., 2018). 

All participants were younger than 70 years old, including 19 AD patients and 

20 HC participants. EEG recordings were undertaken with an XLTEK 128-

channel headbox (Optima Medical LTD) and Ag/AgCL electrodes at a sampling 

frequency of 2 kHz by implementing a modified 10-10 overlapping a 10-20 

international system of electrode placement, with a referential montage (linked 

earlobe reference). Thirty-minute resting state (task-free – participants were 

instructed to rest and refrain from thinking anything specific) EEG recordings 

were obtained from each participant including sustained periods of keeping their 

eyes closed (EC) alternating with periods during which they kept their eyes 

open (EO). The recordings obtained were subsequently reviewed by a 

neurophysiologist - on an XLTEK review station - and for each participant, three 

12-second artefact-free mini-epochs of EC and EO were selected. To avoid 

volume conduction effects related to the common reference electrode, 23 

bipolar derivations were created from different brain regions: the left frontal (F7–
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F3, F3–FZ), right frontal (F8–F4, F4–FZ), left frontocentral, temporocentral, 

temporal and centroparietal (F3-C3, T3-C3, T3-T5, C3-P3), right frontocentral, 

Figure 3-16 (a) Bipolar channel locations. The numbers 1, 2, 3, 4, 5, 6 and 7 
represent the left frontal, right frontal, left temporal, right temporal, 
parietal, left occipital and right occipital regions, respectively (b) An 
example of 23-bipolar-channel EEG recordings. 
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temporocentral, temporal and centroparietal (F4-C4, T4-C4, T4-T6, C4-P4) 

midline frontocentral, centroparietal and left and right parasagittal central 

regions (Fz-Cz, Cz-Pz, C3-Cz, C4-Cz), left parietal, parieto-occipital and 

temporo-occipital areas (P3-Pz, P3-O1, T5-O1), right parietal, parieto-occipital 

and temporo-occipital areas (P4-Pz, P4-O2, T6-O2) and midline occipital region 

(O1–O2)). 

 

An example of the 23 bipolar channels used in this work and their locations are 

shown in Figure 3-16. The functional connectivity is calculated by using each 

pair of EEG signals, and Figure 3-17 shows the 253 possible channel pair 

combinations (𝐶𝐶223) . It cannot be ignored that some combinations have a 

common EEG channel because a bipolar approach is employed (such as F4-C4 

and C4-P4), which may result in a misleading high false connectivity between 

some of the bipolar channels. To avoid this issue, the authors neglected any 

pair with common EEG electrodes. Therefore, the 46 channel pairs that have 

this characteristic include (F8-F4,F4-FZ), (F8-F4,F4-C4), (F7-F3,F3-FZ), (C4-

Figure 3-17 207 possible channel pair combinations and 46 discarded pairs 
marked with X (symmetry) 
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CZ,CZ-PZ), (T4-C4,C4-P4), (F3-C3,T3-C3), (C4-P4,P4-PZ), (FZ-CZ,C4-CZ), 

(T3-T5,T5-O1), (C3-CZ,CZ-PZ), (P4-O2,O1-O2), (T6-O2,P4-O2), (T6-O2,O1-

O2), (F7-F3,F3-C3), (F4-FZ,FZ-CZ), (T3-C3,C3-CZ), (F3-FZ,FZ-CZ), (T4-

C4,T4-T6), (FZ-CZ,CZ-PZ), (C4-CZ,C3-CZ), (P3-PZ,P3-O1), (F3-C3,C3-P3), 

(F4-C4,F4-FZ), (F4-C4,T4-C4), (F4-C4,C4-CZ), (C3-P3,P3-O1), (C4-P4,P4-

O2), (F4-C4,C4-P4), (T5-O1,O1-O2), (CZ-PZ,P4-PZ), (F3-C3,F3-FZ), (P4-

PZ,P3-PZ), (F3-C3,C3-CZ), (F4-FZ,F3-FZ), (FZ-CZ,C3-CZ), (T4-C4,C4-CZ), 

(T3-C3,C3-P3), (T3-C3,T3-T5), (C4-CZ,C4-P4), (C3-CZ,C3-P3), (CZ-PZ,P3-

PZ), (C3-P3,P3-PZ), (T4-T6,T6-O2), (P4-PZ,P4-O2), (T5-O1,P3-O1), (P3-

O1,O1-O2) (Cao ., 2021a). In the following processes, only those pair 

without common channels are considered, while the values of the 46 neglected 

Figure 3-18 Flow Diagram of the proposed framework 
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channels are set as null (Figure 2). Hence, there are 207 channel pairs 

remaining for the following processing and discussion. 

Figure 3-18 presents a flowchart of the proposed framework, including pre-

processing, time-frequency brain connectivity analysis, feature extraction, 

significance test and machine learning classification. Before estimating brain 

connectivity, data was pre-processed by the following steps:(1) Each signal was 

filtered to 0-50 Hz; (2) the recordings were down sampled to 100 Hz to 

decrease computation cost. 

3.2.2.2 Time-frequency Brain connectivity Methods 

The Continuous Wavelet Transform (CWT) of a time series 𝑥𝑥 is defined as: 

𝐶𝐶𝑊𝑊𝑊𝑊𝑥𝑥(𝑎𝑎, 𝑏𝑏) = � 𝑥𝑥(𝑡𝑡)𝛹𝛹𝑎𝑎,𝑏𝑏(𝑡𝑡)𝑑𝑑𝑑𝑑
+∞

−∞

(3-30) 

where  is the mother wavelet, 𝑎𝑎 is the scaling parameter and 𝑏𝑏 is the shifting 

parameter. In this Chapter, the Morlet wavelet was chosen as the mother 

wavelet because it is reasonably localized in both time and frequency 

(Ieracitano ., 2017). Each scale corresponds to a specific frequency value, 

so CWT is a function of time and frequency. The wavelet formulation of cross-

spectrum between two signals, 𝑥𝑥 and 𝑦𝑦, can be formulated as: 

𝑊𝑊𝑊𝑊𝑥𝑥𝑥𝑥(𝑎𝑎, 𝑏𝑏) = 𝑆𝑆�𝑊𝑊𝑥𝑥(𝑎𝑎, 𝑏𝑏)𝑊𝑊𝑦𝑦 (𝑎𝑎, 𝑏𝑏)� (3-31) 

where 𝑊𝑊𝑥𝑥(𝑎𝑎, 𝑏𝑏), 𝑊𝑊𝑦𝑦(𝑎𝑎, 𝑏𝑏) are the wavelet transforms of  and  at scales 𝑎𝑎 and 

position 𝑏𝑏; 𝑆𝑆 denotes a function of smoothing, and  means complex conjugate.  

Smoothing takes place across scale and time axes; it increases the degree of 

freedom for each point in the CWT (Sankari ., 2012). A proper smoothing 

function for WC application across the time axis 𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is defined for the Morlet: 
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𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡,𝑓𝑓)) = 𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡,𝑓𝑓) 𝑐𝑐1
−𝜆𝜆2
2 (3-32) 

 

where 𝜆𝜆 = 𝑡𝑡/𝑎𝑎, 𝑐𝑐1 is a normalization constant, and  refers to the convolution 

operator. The smoothing function across the scale 𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  (frequency) axis is 

defined as 

𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡,𝑓𝑓)) = 𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡,𝑓𝑓) 𝑐𝑐2 (0.6𝑎𝑎) (3-33) 

where 𝑐𝑐2  is a normalization constant, and  is the rectangular function. In 

practice, the 2 convolutions in equations are computed discretely and the 

normalization coefficients are determined numerically. The width of the 

rectangular function  used in𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  is determined by the scale-decorrelation 

length that is empirically determined to be 0.6 for the Morlet wavelet (Sankari 

., 2012). 

Firstly, an advanced method of empirical mode decomposition (EMD) is used to 

decompose each EEG signal, called complete ensemble empirical mode 

decomposition with adaptive noise (CEEMDAN). In this case, we can obtain a 

series of complete and oscillatory components, named intrinsic mode functions 

(IMFs). Secondly, the Hilbert–Huang Transform (HHT) is performed on the IMFs 

of the signal to capture instantaneous frequency and amplitude features. 

Finally, the cross-spectrum of each pair of channels is calculated based on the 

HHT spectrum. 

3.2.2.2.2.1 CEEMDAN 

Given a signal 𝑥𝑥(t), the defined operator 𝐸𝐸𝑗𝑗( ) produces the 𝑗𝑗-th mode of 𝑥𝑥(𝑡𝑡) by 

EMD. Let 𝑛𝑛𝑖𝑖 [0, 1], 𝑖𝑖 = 1, … , 𝐼𝐼 be white noise where 𝐼𝐼 is the realisations times 

of adding noise. Coefficient 𝜀𝜀𝑖𝑖 allows selecting the signal-to-noise ratio (SNR) at 

each stage. The implementation of the CEEMDAN algorithm can be 

summarised as follows: 
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Decompose I realisations 𝑥𝑥(t) + 𝜀𝜀0𝑛𝑛𝑖𝑖(t) by EMD to obtain the first mode 𝐼𝐼𝐼𝐼𝐼𝐼�1 

that is defined as: 

𝐼𝐼𝐼𝐼𝐼𝐼�1 =  
1
𝐼𝐼
� 𝐼𝐼𝐼𝐼𝐼𝐼1𝑖𝑖

𝐼𝐼

𝑖𝑖=1
 (3-34) 

At the first stage (j=1) calculate the first residue 𝑟𝑟1(𝑡𝑡): 

𝑟𝑟1(𝑡𝑡) = 𝑥𝑥(t) 𝐼𝐼𝐼𝐼𝐼𝐼�1 (3-35) 

Decompose I realisations r1(t) +  1E1�ni� by EMD to obtain their first modes 

and the second CEEMDAN mode 𝐼𝐼𝐼𝐼𝐼𝐼�2 is defined as:  

𝐼𝐼𝐼𝐼𝐼𝐼�2 =
1
𝐼𝐼
� 𝐸𝐸1 �𝑟𝑟1(t) + 𝜀𝜀1𝐸𝐸1�𝑛𝑛𝑖𝑖(t)��

𝐼𝐼

𝑖𝑖=1
 (3-36) 

For j = 2,3…I, calculate the j-th residue: 

𝑟𝑟𝑗𝑗(𝑡𝑡) = 𝑟𝑟𝑗𝑗−1(t) 𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗 (3-37) 

Decompose realisations 𝑟𝑟𝑗𝑗(t) + 𝜀𝜀𝑗𝑗𝐸𝐸𝑗𝑗�𝑛𝑛𝑖𝑖(𝑡𝑡)� by EMD to obtain their first modes 

and the (j+1)th CEEMDAN mode 𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗+1 is defined as: 

𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗+1 =  
1
𝐼𝐼
� 𝐸𝐸1 �𝑟𝑟𝑗𝑗(t) + 𝜀𝜀𝑗𝑗𝐸𝐸𝑗𝑗�𝑛𝑛𝑖𝑖(t)��

𝐼𝐼

𝑖𝑖=1
 (3-38) 

Go to step 4 for the next 𝑗𝑗 and repeat step 4 and 5 until the residue is no longer 

feasible to be decomposed (the residue does not have at least two extrema).  

The final residual 𝑅𝑅(𝑡𝑡) is written as 

𝑅𝑅(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) � 𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗

𝐽𝐽

𝑗𝑗=1
 (3-39) 

with 𝑗𝑗 being the total number of modes. The given signal 𝑥𝑥(t) can be expressed 

as:  

𝑥𝑥(𝑡𝑡) = � 𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗

𝐽𝐽

𝑗𝑗=1
 + 𝑅𝑅(𝑡𝑡) (3-40) 



 

128 

CEEMDAN needs to adjust its parameters to obtain a better decomposition of 

the data (Mousavi ., 2020; Torres ., 2011). Noise standard deviation 

(Nstd), the number of realisations (NR), and the maximum number of sifting 

iterations (MaxIter) are important parameters for optimising the results of 

decomposition (Mousavi ., 2020). Figure 3-19 shows the flowchart of the 

CEEMDAN algorism. Three parameters control the process of CEEMDAN. To 

be more specific, noise standard deviation (Nstd) represents the strength of the 

added white noise. The number of realisations (NR) controls the number of 

adding noise. The maximum number of sifting iterations indicates the number of 

decompositions. In the present Chapter, considering both computation 

efficiency and separation accuracy, these parameters were set as: Nstd = 0.1, 

NR = 100, and MaxIter = 1000.  

3.2.2.2.2.2 Hilbert–Huang Transform 

Figure 3-19 flowchart of CEEMDAN algorism 
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Then, the Hilbert Transform (HT) is applied to each IMF to obtain instantaneous 

frequencies (IF) and instantaneous amplitude (IA) features. This eventually 

yields a time-frequency representation (Hilbert spectrum) for each IMF. For an 

original signal 𝑥𝑥(𝑡𝑡), its HT (𝑡𝑡) is obtained as (Huang ., 1998): 

(𝑡𝑡) = 𝐻𝐻𝐻𝐻�𝑥𝑥(𝑡𝑡)� =  
1
𝜋𝜋
𝑃𝑃.𝑉𝑉.�

𝑥𝑥(𝜏𝜏)
𝑡𝑡 𝜏𝜏

∞

−∞
𝑑𝑑𝑑𝑑 

 

(3-41) 

where P.V. denotes Cauchy principal value, 𝑡𝑡 is the time variable and 𝜏𝜏 is the 

time interval. In this case, the HHT of the signal is given as follows: 

𝑧𝑧(𝑡𝑡) = 𝑥𝑥(𝑡𝑡) + 𝑖𝑖 (𝑡𝑡) = 𝑎𝑎(𝑡𝑡)𝑒𝑒𝑖𝑖𝑖𝑖(𝑡𝑡)        (3-42) 

spectively. 

             𝑎𝑎(𝑡𝑡) is the trace envelope and defined as: 

𝑎𝑎(𝑡𝑡) = �𝑥𝑥2(𝑡𝑡) + 2(𝑡𝑡) (3-43) 

𝜃𝜃(𝑡𝑡) is defined as: 

𝜃𝜃(𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 �
(𝑡𝑡)
𝑥𝑥(𝑡𝑡)

�    (3-44) 

Instantaneous frequency 𝑓𝑓(𝑡𝑡) is defined as the first derivative of 𝜃𝜃(𝑡𝑡). Thus, 

𝑓𝑓(𝑡𝑡) =
1

2𝜋𝜋
𝑑𝑑𝑑𝑑(𝑡𝑡)
𝑑𝑑𝑑𝑑

 
(3-45) 

To prevent ambiguities because of phase unwrapping in Equation (14), 𝑓𝑓(𝑡𝑡) can 

be calculated instead from: 

𝑓𝑓(𝑡𝑡) =
1

2𝜋𝜋
𝑥𝑥(𝑡𝑡) ′(𝑡𝑡) 𝑥𝑥′(𝑡𝑡) (𝑡𝑡)

𝑥𝑥2(𝑡𝑡) + 2(𝑡𝑡)
 

 

(3-46) 

where the prime denotes derivative with respect to time. The time-frequency 

spectrum of signal 𝑥𝑥(𝑡𝑡) is defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥�𝑡𝑡,𝑓𝑓(𝑡𝑡)� =  𝑎𝑎(𝑡𝑡)𝑒𝑒𝑖𝑖𝑖𝑖(𝑡𝑡) (3-47) 
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The time-frequency spectrum of 𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗(𝑡𝑡), t = 1, … , N, and 𝑗𝑗 = 1, … , 𝐽𝐽,  and 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡) are defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐼𝐼𝐼𝐼𝐼𝐼�𝑗𝑗�𝑡𝑡,𝑓𝑓𝑗𝑗(𝑡𝑡)� =  𝑎𝑎𝑗𝑗(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗(𝑡𝑡) (3-48) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡,𝑓𝑓𝑅𝑅(𝑡𝑡)) =  𝑎𝑎𝑅𝑅(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑅𝑅(𝑡𝑡) (3-49) 

The time-frequency spectrum of 𝑥𝑥(𝑡𝑡) is: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥(𝑡𝑡,𝑓𝑓(𝑡𝑡)) = �  𝑎𝑎𝐽𝐽(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑘𝑘(𝑡𝑡)
𝐾𝐾

𝑘𝑘=1
 + 𝑎𝑎𝑅𝑅(𝑡𝑡)𝑒𝑒𝑖𝑖𝜃𝜃𝑅𝑅(𝑡𝑡) (3-50) 

A series of instantaneous frequencies are generated from the process, 

empowering the capability of in-depth signal analysis. At each time point, the 

number of instantaneous frequencies is corresponding to the number of IMFs. 

The RHHT method can generate a dozen of IMFs, which results in sparse time-

frequency representations.  

3.2.2.2.2.3 RHHT Cross-Spectrum 

 The RHHT cross-spectrum of 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡) is defined as follows: 

𝑅𝑅𝑅𝑅𝑥𝑥𝑥𝑥(𝑡𝑡,𝑓𝑓) = � 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥(𝜏𝜏,𝑓𝑓)
𝑡𝑡−𝛿𝛿 2

𝑡𝑡−𝛿𝛿 2
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑦𝑦 (𝜏𝜏, 𝑓𝑓)𝑑𝑑𝑑𝑑 

 

 

 

(3-51) 

where, 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑥𝑥1(𝜏𝜏,𝑓𝑓) and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑦𝑦(𝜏𝜏,𝑓𝑓) are the RHHT coefficients of 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡) 

and;  means complex conjugate; 𝛿𝛿 is the length of the integrating range. 

For RHHT cross-spectrum, the selection of 𝛿𝛿 is entirely empirical, independent 

formance varied in 

terms of time-frequency resolution and computation cost. In this Chapter, the 

length of the integral window of RHHT coherence was set to 4. Given two 

signals 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡), for all IMFs of 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡), the RHHT cross-spectrums 

between 𝐼𝐼𝐼𝐼𝐼𝐼�𝑥𝑥𝑥𝑥(𝑡𝑡) and 𝐼𝐼𝐼𝐼𝐼𝐼�𝑦𝑦𝑦𝑦(𝑡𝑡) can be calculated and analysed separately. An 

example of RHHT and cross-spectrum is illustrated in Figures S1 and S2 in 

Supplementary. 
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As shown in Figure 3-18, both WC and RHHT methods yield a two-dimensional 

time-frequency cross-spectrum. To reveal the distribution of cross-spectrum in 

time (horizontal) and frequency (vertical) direction, the average was taken for 

two techniques, respectively (Eq. (3-52)(3-53)(3-54)(3-55)).  

𝑊𝑊𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓(𝑓𝑓) =
1

𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚
� 𝑊𝑊𝑊𝑊(𝑡𝑡,𝑓𝑓)

𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚

𝑡𝑡=0
 

 

 

(3-52) 

𝑊𝑊𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑡𝑡) =
1

𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚
� 𝑊𝑊𝑊𝑊(𝑡𝑡,𝑓𝑓)

𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚

𝑓𝑓=0
 

 

 

(3-53) 

𝑅𝑅𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓(𝑓𝑓) =
1

𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚
� 𝑅𝑅𝑅𝑅(𝑡𝑡,𝑓𝑓)

𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚

𝑡𝑡=0
 

 

 

(3-54) 

𝑅𝑅𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑡𝑡) =
1

𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚
� 𝑅𝑅𝑅𝑅(𝑡𝑡,𝑓𝑓)

𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚

𝑓𝑓=0
 

 

(3-55) 

In this case, 12 features were captured from the cross-spectrum map and two 

average curves (Table 3-3).  

Table 3-3 Extracted features from the cross-curves.um and two average curves 

 

𝑊𝑊𝑊𝑊 and 𝑅𝑅𝑅𝑅 Max Peak Frequency Mean Max/Mean Std 

𝑊𝑊𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓 and 𝑅𝑅𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓 Max Peak Frequency Std Max/Mean  

𝑊𝑊𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and 𝑅𝑅𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 Max Std Max/Mean   

3.2.2.3 Single-channel Methods 

To compare the efficiency and ability of the developed RHHT technique and 

PFoCS features to a non-connectivity method, power spectral density (PSD) 
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was calculated and then the same SVM classifier was applied. The PSD tends 

to be used to extract features from each band of the EEG recordings. 

Specifically, PSD in each trial was calculated for each of the 23 channels using 

Welch’s method with 0.5 s windows, 50% overlap and 256 points. Then, power 

was averaged for Delta (0–4 Hz), Theta (4–8 Hz), Alpha (8–12 Hz) and Beta 

(12–32 Hz) and Gamma (32-45 Hz) frequency bands. 

3.2.2.4 Statistical analysis 

One-way analysis of variance (ANOVA) was employed to evaluate the 

significance of differences in the investigated features of AD vs HC. In this case, 

it guides to select channels for each frequency band based on the p-value, 

preparing for optimising the input features of machine learning. ANOVA is 

widely used to test the significant difference between the AD and HC groups 

(Benwell ., 2020; Engels ., 2015; Sankari ., 2011). ANOVA tests 

the null hypothesis, i.e. means of the tested groups are equal and the -value 

indicates the statistical significance. Rejection of the null hypothesis leads to the 

conclusion that the two groups are statistically different (Cao ., 2021a). To 

select promising features that offer significant differentiation between AD and 

HC and to reduce the computational burden of machine learning, the estimation 

was undertaken using a threshold  < 0.001. 

3.2.2.5 Machine Learning   

Features were computed between all possible pairs of channels for each of the 

six independent EEG frequency bands for each subject: Delta (0–4 Hz), Theta 

(4–8 Hz), Alpha (8–12 Hz), Beta (12–32 Hz), Gamma (32–45 Hz) and Full (0–

45 HZ). There were in total 207 * 6 * 12 = 14904 (channel*band*features) 

features extracted from WC and RHHT cross-spectrum respectively. If a feature 

is successfully passed through the significance test (p < 0.001, ANOVA), it 

would become an input to the machine learning classifier, as it indicates AD and 

HCs have a significant difference in terms of this feature. Each feature was 

normalised to [-1, 1] for the AD and HC group in preparation for machine 

learning classification. 
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The Support Vector Machine (SVM) was applied to achieve the classification of 

AD and HC. SVM constructs an optimal separating hyper-plane in the feature 

space based on the structure risk minimization principle (Fu ., 2014). The 

optimised features extracted from RHHT and WC in six bands are fed into the 

SVM with radial basis function (RBF) kernel. Different machine learning 

algorithms were tested and compared, such as K-Nearest Neighbour (KNN), 

decision tree and SVM, etc. SVM outperforms other methods in terms of 

classification. Hence, this Chapter mainly utilises the SVM with RBF to 

represent classification results. 

The data from all subjects were mixed up and grouped by the eye state: EC, EO 

and EC&EO state. To avoid the problem of overfitting in the case of limited data 

as well as decrease the influence of selecting a training set, a five-fold cross-

validation technique is employed. To be more specific, the dataset of each 

condition was divided into five subsets. Then five iterations are undertaken to 

ensure each subset is used for training and testing (Berrar, 2018; Cao ., 

2021a). That is to say, for each iteration, 80% of the dataset is used for training 

and the remaining 20% of the dataset is used for testing. Consequently, the 

classification result is calculated by averaging the accuracies obtained from 5 

iterations.  

3.2.3 Results 

3.2.3.1 Machine learning classification 

The ten pairs with the highest classification accuracy were chosen to evaluate 

the efficiency of WC and RHHT cross-spectrum methods in EO, EC and 

EO&EC state separately (Figure 3-20). It can be observed that RHHT performs 

better in the Full band for all three eye states. It can achieve about 86% and 

89% classification accuracy in EO and EC respectively, while features from the 

wavelet analysis can only provide classification accuracy of less than 85%. 

Besides, for the EC condition, the mean and median accuracies of RHHT lay 

closely to about 85%, which is relatively higher than the results obtained from 
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the wavelet-based method (78%). Notably, the peak frequency of frequency-

average curve in the Full band most accurately discriminated the AD from the 

HC group in EO, EC and EO&EC conditions, and RHHT enables the Full band 

to consistently outperform other bands with respect to both highest and mean 

Figure 3-20 Top ten classification accuracies in EO (A, B), EC (C, D) and 
EO&EC (E, F) using features from Wavelet (left column) and RHHT cross-
spectrum (right column) 
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accuracy. However, for the WC method in EO and EO&EC states, the Theta 

band was superior to other bands, and the best feature was in the Theta band. 

In the meantime, WC only surpassed RHHT in the Theta band, while RHHT 

increased the accuracy in the Delta and Alpha band, especially for the EO 

Group with an approximate 5% increase.  

Furthermore, the two techniques did not obtain satisfying outcomes in high-

frequency bands (Beta and Gamma), which suggests the effect of AD on the 

high-frequency bands cannot be tracked with the current methodologies. Those 

results agree with several previous works that focus on the peak frequency. For 

instance, Scally ., (2018) provided evidence that peak frequency brain 

connectivity in the range of 6-14 Hz is associated with aging. Barry and Blasio 

(2017) revealed a significant difference between young and older adults in the 

Delta, Theta, and Alpha bands. Therefore, cognitive performance and 

neurodegeneration are more related to the change in the low-frequency band 

rather than the Beta and Gamma band (Grandy ., 2013; Nir ., 2010; 

Posthuma ., 2001; Smit ., 2006). 

It is noteworthy that the functional connectivity estimates, between the 

frontocentral midline and occipital derivations, demonstrate the highest 

accuracy in the Full band in all three eye conditions. For example, the RHHT 

PFoCS of the pair Fz-Cz:O1-O2 achieved the best classification performance 

with about 89% accuracy using the proposed machine learning method, which 

surpasses all features extracted from the wavelet-based method. Therefore, 

more details and analysis with respect to the Fz-Cz:O1-O2 connections are 

further discussed below. 

3.2.3.2 Time-frequency functional connectivity 

To evaluate the efficiency of the wavelet and RHHT-based methods, the time-

frequency analysis is implemented on each channel pair. Figure 3-21 

represents the cross-spectrum of Fz-Cz:O1-O2 obtained from wavelet (A and B) 

and RHHT (C and D), as well as the average value in time and frequency axes. 

The process of RHHT is shown in Figure 3-25 and Figure 3-26 in 

Supplementary.  It is obvious that the frequency resolution of RHHT is higher 
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than the WC for both AD and HC participants. For instance, the WC method 

Figure 3-21 Time-frequency brain connectivity analysis of channel pair Fz-
Cz:O1-O2. (a)  Wavelet cross-spectrum for a HC participant.  (b)  Wavelet 
cross-spectrum for an AD participant.  (c)  RHHT cross-spectrum for a HC 
participant.  (d)  RHHT cross-spectrum for an AD participant.  (e) A violin 
plot to present peak frequency values for channel pair Fz-Cz:O1-O2 
(p<0.0001, ANOVA) 
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suggests that the PFoCS is located in the Alpha band (Figure 3-21 (a)), while 

RHHT is capable to indicate a specific frequency of 10 Hz (Figure 3-21 (c)). 

Similarly, Figure 3-21 (b) and (d) also exhibit the same pattern in the AD case. 

Furthermore, it can be observed that two methods have dominating power in 

the Alpha band. Based on the resulting cross-spectrum of the channel pair Fz-

Cz:O1-O2, the PFoCS of the AD subject is lower than the value of the HC 

subject, observed both from the wavelet and the RHHT cross-spectrum. 

Figure 3-21(e) plots the distribution of the PFoCS value of each sample for the 

Fz-Cz:O1-O2 channel pair. For both RHHT and WC, there was a significant 

difference in the PFoCS (p<0.0001, ANOVA). For both methods, the PFoCS for 

HCs ranges between 8-14 Hz with an average of 10 Hz, while the AD PFoCS 

varies from 4 to 12 Hz with an average of 8.5 Hz. Notably, compared with HCs, 

a majority of AD participants have an obvious decrease in terms of PFoCS in 

the Alpha band, and RHHT seems to outperform WT in detecting the difference 

to an extent. Consequently, the classification accuracy can be improved by 

using the RHHT technique. Moreover, the value of PFoCS varies in different 

bands, although it was mainly concentrated in the Alpha band. This may explain 

that the feature extracted from the Full band outperformed the Alpha band to 

some extent.  

3.2.3.3 Topographic visualisation of PFoCS 

To further compare the difference between AD and HCs across different brain 

areas, a novel visualisation method based on a topographic map is proposed to 

illustrate an extensive brain connectivity map. Figure 3-22 represents the 

occipital-related connectivity using the PFoCS as an estimation. The 

topography map represents the distribution of Full-band functional connectivity 

between channel O1-O2, and every other derivation included in this work. The 

channel O1-O2 and other contiguous channels that share a common electrode 

are set to NaN in the resulting map (i.e., P3-O1, T6-O2, T5-O1, and P4-O2). On 

one hand, from the averaged topographic map, it can be observed that not only 

Fz-Cz:O1-O2 can significantly differentiate AD from HCs, but also many other 

areas show increased levels of PFoCS functional connectivity, offering a visual 
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Figure 3-22 Topograghic plots representing Full-band connnectivity 
PFoCS for each participant (Left) and average (Right) extrated by Wavelet 
and RHHT techniques , by using each available derivation against the 
occipital O1-O2 channel. 

representation of the striking differences between AD and HC, clearly more 

prominent for the averaged RHHT-based maps. The latter is in keeping with the 
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previous significance test results and SVM-based classification.  

On the other hand, the variations of estimated distribution for the participants 

are quite large. This is a general issue in EEG research since EEG has been 

associated with cognitive, emotional, and motor processes (Bell and Cuevas, 

2012). In this respect, participants from the AD and HC groups may have similar 

characteristics. As a result, the machine learning classifier cannot achieve 

100% discrimination between the two cohorts. However, a similar trend can be 

observed as AD patients have relatively lower PFoCS across widely distributed 

brain areas. To be more specific, RHHT performed better in revealing the 

difference between AD and HCs in terms of the PFoCS, resulting from its 

superior time-frequency resolution and ability to estimate a frequency value.  

Figure 3-23 Topographic map of the classfication accuracy using PSD 
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3.2.3.4 PSD results  

The spatial distribution of the classification accuracy is displayed in Figure 3-23. 

Obviously, the most significant difference occurs in the Theta band. Noticeably, 

the highest accuracy is approximately 72%. The results obtained by PSD are 

about 15% lower than that of the RHHT method. That is to say, AD, the most 

common neurodegenerative disorder, affects not only the function of individual 

cortical regions but also the intercommunications between them. Furthermore, 

the abnormalities of AD brain connectivity are more prominent for the present 

dataset, which is satisfactorily evaluated by the proposed RHHT method. 

3.2.4 Discussion 

3.2.4.1 RHHT vs. WC 

EEG signals are often non-stationary in nature, contain non-linear processes, 

and their frequency components dynamically change over time (Lotte ., 

2018; Science and Engineering, 2014; Yao and Wang, 2017). Hence, the 

desired time-frequency analysis methods for quantitative EEG studies should 

have satisfying resolutions in both time and frequency domain. RHHT can 

clearly present the cross-spectrum distribution with time and frequency and 

localise any event on its occurring time as well as its instantaneous frequency 

(Law ., 2012; Peng ., 2005). Specifically, the PFoCS variation of RHHT 

shows a much higher resolution in comparison to those achieved by the Morlet 

wavelet spectrum. In this case, even though WC can achieve about 85% 

classification accuracy in EO condition using the mean of cross-spectrum as a 

feature, it cannot perform better when it comes to the PFoCS. Figure 3-27 in 

Supplementary represents a brain connectivity map using the mean cross-

spectrum of WC as an estimation. Consequently, RHHT is more suited for EEG 

brain connectivity analysis in this paradigm and performs better in localising in 

time PFoCS connectivity strength that translates in better performance in 

distinguishing between AD and HCs. 
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Figure 3-24 Comparison of the RHHT and previous brain connectivity 
methods. * Mann-Whitney Test, p<0.001, it means significant outperformance 

   



 

142 

3.2.4.2 RHHT vs. other functional connectivity methods 

In addition to the aforementioned advantages, the RHHT method can track non-

linear associations between channels. To demonstrate the superior 

performance of cross-spectrum RHHT, in distinguishing between AD and HCs, 

we compared our findings against those obtained by implementing other 

popular linear and non-linear brain connectivity methods. Phase Locking Value 

(PLV) (Hassan ., 2017) and Mutual Information (MI) (Melia ., 2015; 

Nimmy ., 2019) were used to estimate non-linear connections, while 

Pearson Correlation Coefficient (PCC) (Chen ., 2018) and Magnitude 

Squared Coherence (MSC) (Cao ., 2021a) were calculated with respect to 

linear brain connectivity. Mutual Information (MI) measure indicates the mutual 

dependence of two signals, i.e. how much information is shared between two 

signals (Cover and Thomas, 2005). It is based on a probability function and 

entropy. Three features are taken from the cross-correlation, namely the 

maximum value of correlation (CorrMax), the mean value of correlation 

(CorrMean) and the correlation lag at the maximum value of correlation 

(CorrLag). Two features are taken from the MSC: maximum (CohMax) and 

mean values (CohMean). PLV measures the significance of the phase 

covariance between two signals. PLV values are in the range from 0 to 1. If the 

phase difference of two signals remains the same, PLV is close to one. A PLV 

close to zero indicates that there is no phase synchrony between two signals 

(Cao ., 2021a). Figure 3-24 illustrates the comparison between the 

proposed methods and conventional techniques in terms of the top ten channel 

classification accuracies. The average, highest and lowest accuracy are 

represented by the bar chart. To statistically compare different techniques, the 

Mann-Whitney U tends to be more appropriate as the top ten accuracies do not 

meet the parametric assumptions of a normal distribution (Shan ., 2021). 

The Mann-Whitney test was applied to check for significant differences between 

the accuracies of techniques, using a threshold of 𝑝𝑝 < 0.001. Overall, the EO 

condition appears more suitable to distinguish AD patients from HCs, since the 

classification accuracy is slightly higher in comparison to the EC recordings. For 

the EC condition (Figure 3-24 (A)), as expected, RHHT and WC were superior 
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in comparison to others, especially in the Full band, as well as Delta and Alpha 

band. RHHT performs significantly better than others in the Full band (the 

accuracy ranging between 84%-88%), while WC provides significantly higher 

accuracy in the Theta band (78%-82%). For the EC condition (Figure 3-24 (B)), 

RHHT significantly outperforms other methods in the Full (83%-89%), Delta 

(76%-82%) and Alpha band (77%-82%). WC keeps its significant superiority in 

the Theta band, which ranges from 84% to 87%. Therefore, our 

findingssuggests that the non-linear time-frequency method (RHHT) has 

superior performance in the Full, Delta and Alpha band that contributes in better 

differentiating AD participants from HCs, as there is a 10%-20% improvement in 

classification accuracy. The advantages of the proposed RHHT method rely on 

its distinct signal decomposition and higher resolution in the time and frequency 

domain. 

3.2.4.3 RHHT vs. single-channel method 

This Chapter demonstrates that RHHT cross-spectrum, a functional brain 

connectivity method implemented in this work to produce strength of 

associations between multiple EEG channels, could produce a higher 

classification accuracy, on distinguishing AD participants from a group of age-

matched HCs, compared to single-channel methods like PSD. PSD is a widely 

used single-channel method dealing with EEG recordings, which calculates the 

distribution of power against the frequencies. Furthermore, the spectral 

information in different bands can be estimated by PSD. It normally considers 

Delta, Theta, Alpha, Beta and Gamma bands for EEG, since those bands 

represent distinct neural activities (Liu ., 2016; Wang ., 2017, 2015a, 

2015b). Many previous works have shown that PSD can be used to evaluate 

the changes between HC and AD. For example, it was found that AD groups 

have relatively higher PSD than HC groups in the Theta band (4-8 Hz), while 

AD patients may experience the decrease of Alpha power (8-12 Hz) and Beta 

power (12-32 Hz) (Benwell ., 2020; Liu ., 2016).  
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Table 3-4 A comparison of performances of the various functional connectivity 
methods and univariate methods (maximum accuracy achieved by each method) 

Features Reference 
SVM 

Accuracy 

PSD (Wang ., 2017)(Benwell ., 2020) 72.2% 

Correlation (Chen ., 2018) 77.7% 

Coherence (Sankari ., 2011; Wang ., 2015b) 72.11% 

Mutual 

information 
(Babiloni ., 2016)(Nimmy ., 2019) 77.23% 

Phase locking 

value 

(Engels ., 2015)(Kabbara ., 

2017)(Su ., 2021) 
72.11% 

WC (Sankari and Adeli, 2011) 85.2% 

RHHT-- PFoCS This Chapter 88.9% 

 

Table 3-4 compares the highest classification results of the popular features 

extracted from EEG in the literature and the approach proposes in this Chapter, 

using the same dataset of AD and HCs. Evidently, the developed method 

obtains the highest accuracy, which is clearly higher than other existing 

approaches. Notably, the time-frequency methods (i.e., WC and RHHT) perform 

better than other methods that focus on stationary information with the 

superiority of approximately 10%. That is to say, dynamic and non-stationary 

methods may have more potential to reveal hidden changes during the progress 

of neurodegeneration. 

3.2.4.4 Limitations and future direction 

It should be noted that the proposed framework has several limitations to be 

addressed in future research. Firstly, the computation efficiency of the RHHT 

technique is not satisfying. It could be improved to meet the requirement of real-

time feedback, aiming to translate it into a clinically useful diagnostic tool. 
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Secondly, the validation of the proposed solution is not cross-subject. Cross-

subject validation means that the data for training and testing are extracted from 

different participants. Only this type of approach can test the universality of the 

proposed method, but it usually requires a significant number of participants to 

reveal the degree of variability between subjects. In the present study, the size 

of the dataset is limited. The cross-subject approach is not appropriate to 

evaluate the model performance and therefore has not been applied. In this 

case, the data from all subjects were mixed up and then divided into training 

and testing. Thirdly, to reduce volume conduction effects from a common 

reference, bipolar derivations were used to assess the degree of differences 

between various pairs of electrodes for 2 different cohorts of subjects. With this 

approach – the use of bipolar pairs of electrodes - the effects of volume 

conduction are reduced but not eliminated. We recognise that this work is 

based on a sensor level scalp EEG analysis, and we do not claim to be able to 

precisely localise the spatial characteristics underpinning the EEG sensor 

findings. Fourthly, the noise tolerating capability of the RHHT technique may 

need to be further studied. According to our previous study, the performance of 

RHHT seems to be more sensitive to noise (Shan ., 2021). Finally, only a 

two-group classification (HCs vs. AD) has been carried out in the present 

Chapter, without considering preclinical or prodromal populations or staging of 

disease severity of AD patients. The proposed method performs effectively in 

the case of HCs vs. AD, and it may have potential in dealing with the 

classification of HCs vs MCI vs AD. We are collecting data from MCI and this 

three-class classification will be tested in further studies. 

3.2.5 Conclusion 

In this Chapter, we demonstrate that the peak frequency estimated with the 

RHHT-based brain functional connectivity is reduced in a group of AD patients 

in comparison to an age-matched HC cohort. A comparison undertaken with 

various other linear and nonlinear functional connectivity EEG methods shows 

that RHHT is better suited in detecting this difference, because of its superior 

resolution and ability to track non-stationary EEG dynamics and possibly non-
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linear interconnections. Notably, this Chapter introduces an approach to reveal 

the areas of interest at an EEG sensor level of AD, which helps to better 

understand each brain area’s contribution to the classification, but this can also 

be applied in numerous other brain-related disorders.  

3.2.6 Supplementary  

 

 

 

Figure 3-25 An example of the resulting Revised Hilbert-Huang Transformation 
(RHHT) based on complete ensemble empirical mode decomposition with 
adaptive noise (CEEMDAN) from the EEG recordings of channel Fz-Cz:O1-O2 
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Figure 3-26 An example of the resulting Revised Hilbert-Huang Transformation 
(RHHT) cross-spectrum the EEG recordings of channel Fz-Cz:O1-O2 
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4 The Application of Functional Connectivity on Brain 
Disease Classification 

This chapter is based on two published journal papers. ‘Using interictal seizure-

free EEG data to recognise patients with epilepsy based on machine learning of 

brain functional connectivity’ is published in 

. ‘Spatial – temporal graph convolutional network for Alzheimer 

classification based on brain functional connectivity imaging of 

electroencephalogram’ is published in . 

Cao, J., Grajcar, K., Shan, X., Zhao, Y., Zou, J., Chen, L., Li, Z., Grunewald, R., 
Zis, P., Marco, M. De, Unwin, Z., Blackburn, D., Sarrigiannis, P.G., 2021a. 

. Biomed. Signal Process. 
Control 67, 102554. https://doi.org/10.1016/j.bspc.2021.102554 

Shan, X., Cao, J., Huo, S., Sarrigiannis, P.G., Zhao, Y., Chen, L., 2022. 

. Hum. 
Brain Mapp. 1–16. https://doi.org/10.1002/hbm.25994 

 

4.1 Using interictal seizure-free EEG data to recognise patients 
with epilepsy based on machine learning of brain 
functional connectivity. 

4.1.1 INTRODUCTION 

Epilepsy is one of the most common neurological disorders and it can affect 

people of various age, gender and ethnic origin. According to the World Health 

Organization in 2019, there were worldwide around 50 million people with the 

condition. Epilepsy is characterised by recurrent seizures and carries variable 

degrees of morbidity and mortality depending on the electroclinical 

characteristics of the seizures. Some types of epileptic seizures carry the 

potential to put patients and others at risk of harm, for example, if they occur 

during cooking, driving or swimming. Seizure detection and epilepsy diagnosis 

have therefore attracted many studies using various measurements. 

Electroencephalography (EEG) has become one of the most important 
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approaches to assist the diagnosis of epilepsy. EEG is a non-invasive and 

painless technology for measuring brain activity that is also economical, easy to 

administer and widely available in most hospitals. When compared with other 

methods that provide information about the anatomical structure of the brain, 

such as MRI and fMRI, EEG offers ultra-high time resolution (Pievani , 

2011), which is critical to understand brain function. Synchronous networks form 

and dissipate in the range of 100-300ms which is thought to be the meaningful 

operational brain temporal scale (Varela , 2001).  

Empirical interpretation of the EEG is largely based on recognising abnormal 

frequencies in specific biological states (e.g. wakefulness versus sleep 

(Brodbeck , 2012; Lioi , 2017)), the spatial-temporal and 

morphological (e.g. sharp waves, spikes etc.) characteristics of paroxysmal 

(Dash , 2018) or persistent discharges (Renzel , 2017), reactivity to 

external stimuli and activation procedures (like a period of hyperventilation 

(Watanabe , 2018) or intermittent photic stimulation (Visani , 2010)). 

Despite being useful in many instances, these practical approaches for 

interpreting EEGs leave important linear or nonlinear interactions between 

various brain network anatomical constituents, buried undetected within the 

recordings as such interactions are far beyond the observational capabilities of 

any specialised physician in this field (Sarrigiannis , 2014, 2018; Blackburn 

, 2018). Another limitation is that previous studies are based on univariate 

methods, focusing on single EEG recording channels. Studying brain functional 

connectivity among multiple channels (i.e., multivariate methods), by examining 

the magnitudes of temporal correlations or coherence with frequency, is 

increasingly being recognised as an important approach with many advantages. 

Various abnormalities in brain functional connectivity have been reported for 

numerous brain disorders (Uhlhaas and Singer, 2006; Guevara Erra, Perez 

Velazquez and Rosenblum, 2017) but to the best of our knowledge, this has not 

yet translated in a diagnostic method for clinical use. More efforts are required 

to further explore the brain connectivity measures as new biomarkers for the 

diagnosis of epilepsy. Different methods were previously introduced to measure 

brain connectivity, based on linear or nonlinear association in the time, 
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frequency, and time-frequency domains. As the most widely studied type of 

brain connectivity, functional connectivity can be presented by magnitude 

squared coherence (Sakkalis, 2011; Battaglia and Brovelli, 2019; Tafreshi, Daliri 

and Ghodousi, 2019), Minimum Description Length (Sakkalis, 2011; Salman, 

Grover and Shankar, 2018), phase synchronisation (Sakkalis , 2006), 

phase-locking value (Lotte , 2018; Bedo, Ribary and Ward, 2020), robust 

synchronisation (Sakkalis , 2006; Delgado-Restituto, Romaine and 

Rodríguez-Vázquez, 2019), non-linear correlation coefficient (Wendling , 

2010), correlation (Horstmann , 2010) and power distributions (Rosch 

, 2017) etc. The prospect to use those techniques to aid the diagnosis of 

epilepsy remains unknown. 

Fortunately, the large majority of patients with epilepsy experience seizures only 

infrequently, although there are exceptions to this rule, for example, the type of 

seizures characterizing children with various forms of absence seizures; 

absences can frequently occur daily and can, in addition, be easily precipitated 

by a brief period of hyperventilation. The EEG recording of a typical absence 

seizure is shown in Figure 4-1 and can be separated into three states: seizure 

(ictal), pre-seizure (pre-ictal) and seizure-free (interictal). The difference 

between a seizure and interictal EEG segment is clearly visible in terms of the 

amplitude and morphology of the generalised epileptiform discharges 

dominating the ictal phase. Thus, epilepsy diagnosis when one of the patient’s 

typical seizures is captured can be relatively straightforward. Nonetheless, as 

most seizures in adults with epilepsy occur rather infrequently, the interictal 

EEG (i.e., recorded while the patient is not experiencing any epileptic seizures) 

 

Figure 4-1 A typical EEG recording before during and after a generalised 
epileptic seizure (typical absence) recorded from the left centrotemporal area. 
The ictal segment (i.e., seizure)) contains large magnitude epileptic discharges, 
which can be easily distinguished from the seizure-free recording (interictal). 
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is the most commonly available data for clinicians attempting to diagnose 

epilepsy. The interictal epileptiform discharge (i.e., sharp wave and/or spike) 

recognised empirically by the reporting EEG physician, is an expression of the 

abnormal neuronal and brain network behaviour, a demonstration of cortical 

hypersynchrony and hyperexcitability. However, a first EEG in adult patients, 

subsequently proven to have epilepsy, has very low sensitivity, ranging between 

29-55%, that can go up to 80 to 90% on repeats of the examination (Pillai and 

Sperling, 2006). 

EEG is one of the most useful diagnostic procedures for epilepsy. It provides 

evidence for the diagnosis, classification and management of different types of 

epilepsy (Smith, 2005; Noachtar and Rémi, 2009). It should be noted that most 

of the current research in this topic focus on seizure detection, in subjects that 

have epilepsy while relatively limited work is centred on normal in appearance, 

interictal EEG epochs in patients where there is independent strong evidence 

for the electroclinical diagnosis of epilepsy. Amin . (2020) proposed a novel 

method based on wavelet analysis and arithmetic coding to achieve efficient 

classification between epileptic seizure signals and seizure-free signals, while 

this Chapter tended to classify epilepsy patients from healthy people merely 

using seizure-free EEGs. Similarly, to identify epileptic seizures from EEG 

signals, Dhiman & Priyanka (2014)  proposed a novel scheme based on 

discrete wavelet packet transform and Zhu  (2014) proposed a fast 

weighted horizontal visibility graph constructing algorithm. In studies aiming to 

diagnose epilepsy, most papers use data that include ictal EEG recordings, 

such as (Fani, Azemi and Boashash, 2011; Xie and Krishnan, 2013; Kaya and 

Erfanian, 2020), where seizure detection is also involved. However, analysis of 

interictal seizure-free EEG has gradually attracted more attention recently. For 

instance, Lopes . (2019) suggested that the interictal EEG supported by 

many publications can also contribute to epilepsy diagnosis and they developed 

a framework to classify focal and generalized epilepsy by extracting Ictogenic 

Spread as biomarker from normal EEG. Horstmann . (2010) found 

differences in the functional networks of seizure-free intervals of patients with 
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focal epilepsy (treated with anti-epileptic drugs) and healthy controls as 

measured from EEG/MEG. Besides, the existence of alpha rhythm 

abnormalities in patients with epilepsy was explored based on the information 

obtained from interictal scalp EEG recordings (Pyrzowski , 2015). In the 

appropriate clinical context, the presence of a generalised interictal epileptiform 

discharge (IED) further strongly supports the clinical diagnosis of generalised 

epilepsy which will be the focus of this work.  

The research question of this Chapter is to examine if appropriate analysis of 

“normal-looking”, i.e. empirically classified as normal, interictal EEG data can 

identify adult patients with generalised epilepsy. This task is unlikely to be 

solved by direct inspection of EEG recordings due to the lack of obvious 

patterns to distinguish patients with epilepsy from age and gender-matched 

healthy controls. Achieving this aim could greatly improve the diagnostic 

sensitivity and specificity of interictal EEG, reducing diagnostic times and cost 

 

Figure 4-2 EEG recording from one of the patients of the epileptic cohort 
showing an interictal epileptiform discharge (IED). This demonstrates a clear 
generalised distribution in keeping with the patient’s diagnosis of generalised 
epilepsy. Of note, the EEG is “normal-looking”,i.e. Empirically classified as 
normal, prior to the generalised paroxysmal discharge. “Normal-looking” EEG 
epochs were the dominant feature on this interictal EEG recording, a common 
occurrence in this group of patients. 
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while ensuring that epileptic patients can promptly initiate appropriate treatment. 

Furthermore, the EEG recording time and repeat EEG recordings can be kept to 

a minimum leading to much more efficient use of recourses and increased 

patient satisfaction. Another challenge of this Chapter was to determine whether 

the “normal-looking” interictal EEG recordings of patients with non-epileptic 

attacks (the ictal EEG is normal during those episodes) occurring within the 

context of a psychogenic disorder, called non-epileptic attack disorder (NEAD) 

could be differentiated from equivalent recordings of patients with epilepsy. 

NEAD is a brain-related disorder which involves psychogenic non-epileptic 

seizures (Sheldon and Agrawal, 2019). According to Milán-Tomás . (2018), 

about 20% to 40% of patients diagnosed with epilepsy also have NEAD 

rendering differentiation between the two conditions a challenging task for 

physicians. Furthermore, frequently NEAD patients receive several anti-epileptic 

drugs (AED) due to their seizures being pharmacoresistant as they are 

psychogenic in nature. As a result misdiagnosis of NEAD may cause patients 

serious iatrogenic arrhythmia (Brown , 2011). Therefore, a computer-aided 

classification between NEAD and epilepsy becomes important but very 

challenging as the two conditions can co-exist in the same subject and 

appropriate data labelling is problematic. 

Different from most of the existing studies either focus on single EEG channel 

or EEG data with seizures, this Chapter proposes a novel framework to 

diagnose epilepsy based on interictal seizure-free EEG data only using a set of 

estimates of linear and nonlinear brain functional connectivity. A machine 

learning approach is then employed to classify (a) the epilepsy group (EG) vs 

healthy controls (HC), and (b) EG vs NEAD, followed by a visualisation of 

classification results. Although the methods to calculate the connectivity are not 

new, the attempt to systematically evaluate their potential on interictal seizure-

free EEG data in time, frequency and time-frequency domains has not been 

done before, particularly for the challenging classification of EG vs NEAD.  
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4.1.2 METHODOLOGY 

4.1.2.1 Dataset 

In this Chapter we have retrospectively selected video EEGs (vEEGs) with 

occasional generalised IEDs, providing electrophysiological evidence for the 

diagnosis of epilepsy. All selected patients were isolated from the Royal 

Hallamshire Hospital (Sheffield, UK) Department of Neurophysiology database 

with the following inclusion criteria: standard interictal EEG available containing 

at least one well defined generalised IED (Figure 4-2); age between late teens 

to 61 years (based on a cohort of HCs available from previous work to ensure 

no significant age differences between groups occurred); their EEGs included 

periods of wakefulness with eyes open (EO) and eyes closed (EC) epochs; 

previous history of at least one witnessed generalised tonic-clonic seizure 

without any other known type of seizures. We have also selected a cohort of 

patients with NEAD where we have captured at least one typical psychogenic 

attack on their vEEG recording for which there was no evidence of ictal or IED, 

no dynamically evolving ictal EEG patterns and no clear history of other types of 

seizure. The following exclusion criteria were also applied: learning difficulties; 

sleep deprivation the night before the EEG was recorded; known history of drug 

addiction; refractory epilepsy; any other known neurological disorder other than 

epilepsy or NEAD. Some of the NEAD patients received various AEDs but there 

was no convincing evidence on their past medical history (reviewed during their 

EEG recording) to suggest epileptic seizures. However admittedly this cannot 

be entirely excluded for this group of patients.  

A Natus Headbox (Optima Medical, Ltd.) at a sampling rate of 500Hz (analogue 

bandwidth 0.1–200Hz) and a standard international 10–20 system of electrode 

placement positions were used for the recordings for all subjects. The EEG data 

was recorded from the standard 21 electrodes of the 10-20 system of electrode 

placement. The investigated EEG data comes from three groups: HCs, EG and 

NEAD. 10 HCs (6 females, mean age 37±15y), 15 EG (10 females, mean age 

33±12y) and 14 NEAD cases (10 females, mean age 33±13y) were collected, 

details of which can be seen in Table 4-3 of Supplementary material. It should 
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be noted that EG and NEAD participants were consecutively selected for the 

best possible match of age to our healthy control cohort. Additionally, the data 

for each participant was divided into two states: eyes open (EO) and eyes 

closed (EC). For each HC participant in each eye state, 3 trials were collected 

and each epoch lasts 12 seconds. For each NEAD and EG participant in each 

eye state, 2 trials were collected and each epoch lasts 12 seconds. The total 

number of available data for each group is therefore similar to ensure the 

fairness of training and validation, as shown in Table 4-3. All HC participants 

provided informed consent as part of a project approved by the Yorkshire and 

the Humber (Leeds West) Research Ethics Committee (reference number 

14/YH/1070). For the retrospectively selected EEG data for the NEAD and EG 

cohorts, ethics approval for use of patients’ EEGs for the development of novel 

qEEG methodologies was granted both from the University of Sheffield and the 

NHS ethics committees (SMBRER207 and 11/YH/0414). 

Bipolar and unipolar (i.e., referential) derivations are the two main types of EEG 

recordings used in everyday clinical practice. The unipolar montage uses one 

channel as a source and the other as a reference that is usually fixed; this is the 

 

 

 
 

 
  

Figure 4-3 Flow Diagram for EG vs. HC and EG vs. NEAD classification 
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default mode of recording EEG data in routine clinical practice. The bipolar 

montage is obtained by subtraction of two unipolar derivations. This Chapter 

used bipolar derivations to minimise the effects of volume conduction 

introduced by a common reference (Fein , 1988; Nunez , 1997). We 

have produced 23 bipolar channels calculated by the 21-channel unipolar 

recordings after excluding the frontopolar electrodes (Fp1 and Fp2) due to their 

vicinity to the eyes that results in high levels of eye blink artefacts. 

The EEG epochs were collected with Spike2 (version 9) software where data 

filtering and labelling was also undertaken. The filtering method was performed 

using the below equation: 

𝒚𝒚(𝒌𝒌) = 𝒙𝒙(𝒌𝒌)
𝟏𝟏

𝟐𝟐𝒄𝒄 𝒙𝒙(𝒊𝒊)𝒌𝒌+𝒄𝒄/𝒇𝒇𝒔𝒔
𝒊𝒊=𝒌𝒌−𝒄𝒄/𝒇𝒇𝒔𝒔

 (4-1) 

where 𝑥𝑥 is the input EEG signal, 𝑦𝑦 is the output signal, 𝑘𝑘 is a discrete-time point, 

𝑓𝑓𝑠𝑠 is the sample rate and 𝑐𝑐 is a time constant value. The value of 𝑐𝑐 is set at 0.2s. 

The filtering using a time constant result in a high pass filtering of the signal 

where the cut-off frequency 𝑓𝑓𝑐𝑐 is: 

𝒇𝒇𝒄𝒄 =
𝟏𝟏
𝟐𝟐𝟐𝟐𝟐𝟐

 (4-2) 

The value of 𝑓𝑓𝑐𝑐 is equal to 0.79Hz.  

All data were selected by a specialised physician in clinical neurophysiology to 

ensure no interictal EEG abnormalities were included. Additionally, care was 

taken to select relatively artefact free epochs. Furthermore, Figure 4-3 shows 

the proposed framework, including pre-processing, features extraction, 

classification and result visualization, details of which are explained below. 

Sensor level brain functional connectivity measures, estimated by five methods, 

were extracted from EEG data as features for further classification. 

4.1.2.2 Data pre-processing 

Before estimating functional connectivity, data was pre-processed by the 

following steps: 
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1. For the groups of EG (15 subjects) and NEAD (14 subjects), there are 2 

epochs for EO and EC for each subject. For the HC group (10 subjects), there 

are 3 epochs for EO and EC for each participant. To increase the number of 

samples for classification, each dataset (12 seconds) was segmented into 3 

mini-epochs, 4 seconds each. In total, there were 528 labelled samples for 3 

groups (EG:180, NEAD:168 and HC:180),  prepared for feature extraction and 

classification. As brain interactions are usually highly dynamic, prolonged EEG 

segments can obscure this important characteristic (Durongbhan , 2019).  

2. Each segment of data was normalised in the range from -1 to 1 for all bipolar 

channels. This step was performed mainly for visualisation purposes at the 

beginning of this work to search for any possible artefacts and does not affect 

any of the connectivity measures used in this Chapter. 

3. In this framework, it is tended to extract features in each frequency band. 

Therefore, each data segment was filtered to produce six frequency bands: full 

band (no filtering), Alpha (8-15Hz), Beta (15-32Hz), Gamma (>32Hz), Delta 

(<4Hz), Theta (4-8Hz). This operation was performed using an FIR filter with an 

order of 600. The frequency ranges of the Delta and full bands were modified to 

eliminate the effect of the time constant filtering.  

4.1.2.3 Functional connectivity estimation 

This Chapter implements 5 different measures in time, frequency and time-

frequency domains to represent the brain functional connectivity between two 

EEG signals  𝑥𝑥𝑖𝑖  and  𝑦𝑦𝑖𝑖 . These measures with their extension are then 

 

Measure Linear Nonlinear Time Frequency Time-Frequency 
Mutual information      

Correlation      

Coherence      

Phase locking value      

Wavelet coherence      

 

Table 4-1 The properties of the estimated functional connectivity  
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constructed as classification features. The properties of these measures are 

presented in Table 4-1.  

Mutual Information (MI) measure indicates the mutual dependence of two 

signals, i.e. how much information is shared between two signals (Cover and 

Thomas, 2005). It is based on a probability function and entropy. The entropy of 

a signal 𝑋𝑋 with a length of 𝑛𝑛 is expressed as 

𝑯𝑯(𝑿𝑿) = �𝒑𝒑(𝒙𝒙𝒊𝒊) 𝐥𝐥𝐥𝐥𝐥𝐥 𝒑𝒑(𝒙𝒙𝒊𝒊)
𝒏𝒏

𝒊𝒊=𝟏𝟏

 (4-3) 

where 𝑝𝑝(𝑥𝑥𝑖𝑖)  is the probability function and values 𝑥𝑥𝑖𝑖  (𝑖𝑖 = 1,2,3, … ,𝑛𝑛) represent 

all possible values of the signal 𝑋𝑋. If the entropy of the signal is high, then the 

signal contains a lot of different values. For low entropy, the signal is more 

organised, for example, more values are repeated in the signal. A joint 

probability 𝑝𝑝(𝑥𝑥𝑖𝑖,𝑦𝑦𝑗𝑗)  is the probability that 𝑋𝑋 = 𝑥𝑥𝑖𝑖 and 𝑌𝑌 = 𝑦𝑦𝑗𝑗 . The mutual 

information 𝐼𝐼(𝑋𝑋;𝑌𝑌) between two signals 𝑋𝑋 and 𝑌𝑌 is expressed as 

𝑰𝑰(𝑿𝑿;𝒀𝒀) = ��𝒑𝒑�𝒙𝒙𝒊𝒊,𝒚𝒚𝒋𝒋�
𝒎𝒎

𝒋𝒋=𝟏𝟏

𝐥𝐥𝐥𝐥𝐥𝐥
𝒏𝒏

𝒊𝒊=𝟏𝟏

𝒑𝒑�𝒙𝒙𝒊𝒊,𝒚𝒚𝒋𝒋�
𝒑𝒑(𝒙𝒙𝒊𝒊)𝒑𝒑�𝒚𝒚𝒋𝒋�

 (4-4) 

where n and m are the length of the signal X and Y respectively. A total of 256 

bins were used to calculate the value of mutual information.  

This well-known measure shows how two signals are correlated with each 

other corresponding to a time shift between these two signals. In this Chapter, 

the cross-correlation used is calculated using the following formula 

𝑹𝑹𝒙𝒙𝒙𝒙[𝐧𝐧] =
𝒙𝒙[𝒌𝒌]𝒚𝒚[𝒌𝒌 + 𝒏𝒏]∞

𝒌𝒌=−∞

� 𝒙𝒙[𝒌𝒌]𝟐𝟐∞
𝒌𝒌=−∞ � 𝒚𝒚[𝒌𝒌]𝟐𝟐∞

𝒌𝒌=−∞
 (4-5) 

where  𝑥𝑥[𝑘𝑘]  and 𝑦𝑦[𝑘𝑘] are discrete signals and 𝑛𝑛  is the lag index. Cross-

correlation is a measure of the linear correlation (dependence) between two 

signals, giving a value between -1 and 1 inclusive, where 1 indicates a total 
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positive correlation, 0 indicates no correlation, and -1 indicates a total negative 

correlation. Three features are taken from the cross-correlation, namely the 

maximum value of correlation (CorrMax), the mean value of correlation 

(CorrMean) and the correlation lag at the maximum value of correlation 

(CorrLag). It should be noted that the absolute value of the correlation is taken 

into account in terms of the maximum value of the correlation. This is due to the 

fact that two EEG signals can also be negatively correlated. 

The coherence in the frequency domain is estimated using magnitude 

squared coherence (MSC), expressed as 

𝑪𝑪𝒙𝒙𝒙𝒙(𝒇𝒇) =
�𝑮𝑮𝒙𝒙𝒙𝒙(𝒇𝒇)�

𝟐𝟐

𝑮𝑮𝒙𝒙𝒙𝒙(𝒇𝒇)𝑮𝑮𝒚𝒚𝒚𝒚(𝒇𝒇) (4-6) 

where 𝐺𝐺𝑋𝑋𝑋𝑋(𝑓𝑓) is the cross-spectral density of signals 𝑋𝑋  and 𝑌𝑌 . 𝐺𝐺𝑋𝑋𝑋𝑋(𝑓𝑓)  and 

𝐺𝐺𝑌𝑌𝑌𝑌(𝑓𝑓) are the auto-spectral density of these signals. The step size of the 

frequency is 𝑓𝑓𝑠𝑠/𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 500/2048 = 0.2441  Hz. Two features are taken from 

the MSC: maximum (CohMax) and mean values (CohMean). Although these 

features are extracted for six frequency bands, MSC is computed only for signal 

filtered to the full band range (2Hz-60Hz). To obtain MSC for different bands, 

MSC is segmented using the appropriate frequency ranges for each band and 

the mean and maximum values of the MSC are taken from these frequency 

segments. 

The Phase Locking Value (PLV) was first introduced by Lachaux . 

(Lachaux , 1999) in 1999. PLV measures the significance of the phase 

covariance between two signals. It is defined as 

𝑷𝑷𝑷𝑷𝑷𝑷(𝐭𝐭) =
𝟏𝟏
𝑵𝑵
�� 𝒆𝒆𝒊𝒊𝒊𝒊(𝒕𝒕,𝒏𝒏)
𝑵𝑵

𝑵𝑵=𝟏𝟏

� (4-7) 

where 𝜃𝜃(𝑡𝑡,𝑛𝑛) is the difference in the phase of two signals. PLV values are in the 

range from 0 to 1. If the phase difference of two signals remains the same, PLV 
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is close to one. A PLV close to zero indicates that there is no phase synchrony 

between two signals. 

To compute the instantaneous phase of each EEG signal, a Hilbert transform is 

used. For the signal 𝑥𝑥(𝑡𝑡), this transform allows creating an analytic signal 𝑎𝑎1(𝑡𝑡) 

as: 

𝒂𝒂𝟏𝟏(𝒕𝒕) = 𝒙𝒙(𝒕𝒕) + 𝒊𝒊𝒉𝒉𝟏𝟏(𝒕𝒕) (4-8) 

where 𝛾𝛾 is an imaginary number and 1(𝑡𝑡) is the Hilbert transform of 𝑥𝑥(𝑡𝑡). The 

instantaneous phase is defined as an angle between the real and imaginary 

part of the analytic signal and is written as 

𝜽𝜽𝟏𝟏(𝒕𝒕) = 𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚 �
𝒉𝒉𝟏𝟏(𝒕𝒕)
𝒙𝒙(𝒕𝒕)

� (4-9) 

The same method can be applied to the signal 𝑦𝑦(𝑡𝑡). Lachaux . (Lachaux 

, 1999) used 𝑁𝑁  trials to obtain statistically significant values of PLV. This 

stage is omitted in this project, thus 𝑁𝑁 = 1 during the calculation of the PLV. 

Additionally, the differences between the instantaneous phases are computed 

for all points in time and the differences are summed to obtain the PLV. To 

normalise the PLV, the obtained sum is divided by the signal length. The final 

equation to calculate PLV is then rewritten as 

𝑷𝑷𝑷𝑷𝑷𝑷 =
𝟏𝟏
𝑻𝑻
��𝒆𝒆𝒊𝒊𝒊𝒊(𝒕𝒕𝒊𝒊)
𝑻𝑻

𝒊𝒊=𝟏𝟏

� (4-10) 

where 𝑇𝑇 represents the size of a time window and 𝑡𝑡𝑖𝑖 is a discrete point in time. 

The wavelet formulation of coherence between two signals, 𝑥𝑥 and y, and 

in the frequency w and time t domain, can be formulated as (Zhao , 2018): 

𝑐𝑐𝑐𝑐 𝑥𝑥𝑥𝑥
2 (𝑤𝑤, 𝑡𝑡) =

� 𝑆𝑆𝑥𝑥𝑥𝑥(𝑤𝑤, 𝑡𝑡)�
2

𝑆𝑆𝑥𝑥(𝑤𝑤, 𝑡𝑡) 𝑆𝑆𝑦𝑦(𝑤𝑤, 𝑡𝑡)
 

(4-11) 

𝑺𝑺𝒙𝒙𝒙𝒙(𝒘𝒘, 𝒕𝒕) = 𝔼𝔼�𝑾𝑾𝒙𝒙(𝒘𝒘, 𝒕𝒕)𝑾𝑾𝒚𝒚(𝒘𝒘, 𝒕𝒕)������������� 
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where  𝑆𝑆𝑥𝑥𝑥𝑥(𝑤𝑤, 𝑡𝑡) is the wavelet cross-spectrum between 𝑥𝑥  and y  and 

𝑆𝑆𝑥𝑥(𝑤𝑤, 𝑡𝑡), 𝑆𝑆𝑦𝑦(𝑤𝑤, 𝑡𝑡) are the corresponding auto-spectrums. Working with two single 

signals (single realisation) usually requires using a smoothing operator (see 

𝑓𝑓( ) operator in Eq. (12)), and ergodicity properties should be assumed 

(Sairamya , 2018). 

𝒄𝒄𝒄𝒄𝒉𝒉𝒙𝒙𝒙𝒙𝟐𝟐� (𝒘𝒘, 𝒕𝒕) =
�𝒇𝒇 �𝑺𝑺𝒙𝒙𝒙𝒙(𝒘𝒘, 𝒕𝒕)� �

𝟐𝟐

𝒇𝒇�𝑺𝑺𝒙𝒙(𝒘𝒘, 𝒕𝒕)� 𝒇𝒇 �𝑺𝑺𝒚𝒚(𝒘𝒘, 𝒕𝒕)� 
 (4-12) 

Two features are extracted from the wavelet coherence: mean value 

(WCohMean) and maximum value (WCohMax). As wavelet coherence is in the 

time-frequency domain, mean and maximum values are taken from all time 

points and the relevant frequency ranges. The mother wavelet  was used 

for this Chapter. 

4.1.2.4 Classification using machine learning. 

Considering the estimated measures of functional connectivity between two 

signals, with the 23 channels (shown in the supplementary Table 4-4), used in 

this Chapter, there are 253 possible combinations (𝐶𝐶223) when any 2 bipolar 

derivations are paired together. These were organised in a pairwise manner by 

taking the first bipolar derivation in the list (F8-F4) and pairing it with every other 

bipolar derivation according to their order on the list (F8-F4:F7-F3, F8-F4:F4-

C4, F8-F4:F3-C3, …). The process was repeated for all other channels until the 

end of the list. However, since each channel is bipolar in nature, any pair with 

common electrode locations (such as F8-F4 and F4-C4) is neglected as this 

could lead to misleading high false correlation between the pair. The 46 channel 

pairs that have this characteristic include F8-F4:F4-C4, F8-F4:F4-FZ, F7-F3:F3-

C3, F7-F3:F3-FZ, F4-C4:F4-FZ, F4-C4:T4-C4, F4-C4:C4-CZ, F4-C4:C4-P4, F3-

C3:F3-FZ, F3-C3:T3-C3, F3-C3:C3-CZ, F3-C3:C3-P3, F4-FZ:F3-FZ, F4-FZ:FZ-

CZ, F3-FZ:FZ-CZ, FZ-CZ:C4-CZ, FZ-CZ:C3-CZ, FZ-CZ:CZ-PZ, T4-C4:C4-CZ, 

T4-C4:C4-P4, T4-C4:T4-T6, T3-C3:C3-CZ, T3-C3:C3-P3, T3-C3:T3-T5, C4-

CZ:C3-CZ, C4-CZ:CZ-PZ, C4-CZ:C4-P4, C3-CZ:CZ-PZ, C3-CZ:C3-P3, CZ-

PZ:P4-PZ, CZ-PZ:P3-PZ, C4-P4:P4-PZ, C4-P4:P4-O2, C3-P3:P3-PZ, C3-
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P3:P3-O1, T4-T6:T6-O2, T3-T5:T5-O1, P4-PZ:P3-PZ, P4-PZ:P4-O2, P3-PZ:P3-

O1, T6-O2:P4-O2, T6-O2:O1-O2, T5-O1:P3-O1, T5-O1:O1-O2, P4-O2:O1-O2, 

P3-O1:O1-O2. A total of 207 channel pairs is therefore analysed in this Chapter. 

The total number of feature values for this work is based on 9 estimations (PLV, 

MI, Corrmax, corrMean, CorrLag, MaxCoh, MeanCoh, MaxWCoh and 

MeanWCoh) × 6 bands (Full, Delta, Theta, Alpha, Beta and Gamma) × 207 

pairs × 528 samples = 5,901,984. To explore the statistically significant 

differences between EG vs HC, and EG vs NEAD, one-way analysis of variance 

(ANOVA) was employed to select channels for each band and the estimation 

was undertaken using  < 0.00001 and  < 0.05 for two classification tasks 

respectively. ANOVA tests the null hypothesis, i.e. means of the tested groups 

are equal and the -value indicates the statistical significance. Rejection of the 

null hypothesis leads to the conclusion that the two groups are statistically 

different. The selection of the threshold  was based on previous studies 

(Orekhova , 2014; Vecchio , 2016). 

The K-Nearest Neighbour (KNN) algorithm was applied to perform the 

classification of the selected features. During the initial development of 

classification solutions, different machine learning algorithms were analysed, 

such as Support Vector Machine (SVM), decision tree and KNN etc. KNN 

tended to present performance superiority in this Chapter compared with other 

methods and was selected as the main classifier in this Chapter. During the 

development of KNN, different values of k were tested. Initially, k was equal to 1 

and was gradually increased to find the optimal one. Finally, k was set to 15 as 

it showed the best classification accuracy. For higher values of k (17 to 40) the 

accuracy was not improving and for a big k (above 40), the accuracy was 

dropping. Euclidean distance was applied in the KNN classification because of 

its better interpretability and performance (Prasath , 2017).  

The dataset was divided into 10 subsets and then cross-validation was 

undertaken. For each iteration of the 10-fold cross-validation, different subsets 

are used for training and testing. In the first iteration, the first subset is used for 

testing and the remaining subsets are used for training. The second iteration 
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uses the second subset for testing and so on. To obtain the final result, an 

average of 10 classification accuracies is computed. Each accuracy comes from 

a single iteration of k-fold cross-validation. The 10-fold cross-validation is 

performed for 5 times by reshuffling data to gather 5 accuracy results 

statistically for each classification task. In the 10-fold cross-validation, 475 

samples were used for training and 53 samples were used for testing.  

To further evaluate the machine learning algorisms performance, accuracy 

(Accu), sensitivity (Sens) and specificity (Spec) were calculated, which are 

defined as: 

where TP = True Positive, FN = False Negative, TN = True Negative, FP = 

False Positive. Moreover, the receiver operating characteristic (ROC) curve, 

and the area under the ROC curve (AUC) (Pyrzowski , 2015; Lotte , 

2018) were used to assess the goodness of classification to select appropriate 

machine learning methods, k value for KNN and features. Specifically, ROC is 

constructed from true positive rate (TPR = sensitivity) in the vertical axis and 

false positive rate (FPR = 1-specificity) in the horizontal axis (Blinowska , 

2017). Besides, both ANOVA and multiple comparisons were performed to 

statistically compare the results of different brain connectivity estimations from 

different bands. 

4.1.3 RESULTS 

The section aims to report the classification results based on a single feature 

selected from different connectivity features, bipolar pairs and frequency bands. 

4.1.3.1 Healthy Controls vs Epilepsy Group 

𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 =  
𝑻𝑻𝑻𝑻 + 𝑻𝑻𝑻𝑻

𝑻𝑻𝑻𝑻 + 𝑻𝑻𝑻𝑻 + 𝑭𝑭𝑭𝑭 + 𝑭𝑭𝑭𝑭
× 𝟏𝟏𝟏𝟏𝟏𝟏% (4-13) 

𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺 =
𝑻𝑻𝑻𝑻

𝑻𝑻𝑻𝑻 + 𝑭𝑭𝑭𝑭
× 𝟏𝟏𝟏𝟏𝟏𝟏% (4-14) 

𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺 =
𝑻𝑻𝑻𝑻

𝑻𝑻𝑻𝑻 + 𝑭𝑭𝑭𝑭
× 𝟏𝟏𝟏𝟏𝟏𝟏% (4-15) 
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Considering the considerable number of possible channel combinations (207), 

the one-way ANOVA for a threshold of < 0.00001 was used to determine if the 

difference of each feature between HC and EG is statistically significant. Only 

the pairs with metrics that are significantly different between these two groups 

were selected for further classification. For example, for in the 

Beta band, 67 out of 207 pairs showed a significant difference between these 

two groups. It is expected that statistically, the selected pairs will provide 

relatively high classification accuracy using the machine learning classifiers. As 

shown in Figure 4-13 in Supplementary material, the pairs with a small -value 

present a more distinguishable distribution of features than the ones with a 

relatively large -value. However, it should be noted that the -value cannot 

fully represent or replace the classification performance due to two reasons: (1) 

it focuses more on the mean of each group’s features while machine learning 

classifiers pay more attention to the distribution of features, and (2) the cross-

Figure 4-4 The box charts of the classification accuracy of HC vs EG against 
various frequency bands for the 9 selected measures, where only the top 10 
pairs in terms of classification accuracy were considered. Each box shows 
highest, lowest, and median accuracy. 
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validation usually is used to determine the classification accuracy where testing 

data are not sampled, while to calculate the -value all samples are used.   

Figure 4-4 plots the box charts of the classification accuracy of EG vs HC, 

against various frequency bands for the 9 selected measures, where only the top 

10 pairs in terms of classification accuracy were considered. For the Theta 

band, all measures have similar performance with around 80% accuracy except 

(<70%) For the Delta band, has exceptionally high performance 

with over 95% accuracy in EC while other bands have much lower accuracy 

(<80%). The rest 8 measures have only 70-80% accuracy. The Gamma band 

has relatively low accuracy across all measures (<80%). For the Beta band, 

, ,  and  have relatively good performance 

(>85%) while others are less than 80%. Overall, the Beta band has the best 

                        
                                                                  (a)                                                                                     

                       
                                                                   (b) 
 
Figure 4-5 The top 10 bipolar pairs based on the percentage of appearance of 
top 3 classification performance between HC and EG for different connectivity 
measures and bands; (a) EO; (b) EC 
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performance across all measures. The Alpha band has decent accuracy across 

all measures (around 80%). In terms of eye state,  has the most 

distinguishable performance between EC and EO. Specifically, for all bands 

except the Beta band, the pattern of EC>(EC&EO)>EO can be observed. For 

other features’ performance seems not to be significantly affected by the eye 

condition to an extent while combining EO and EC tends to slightly decrease 

the ability to discriminate EG from HC. This observation suggests that MI is 

more appropriate to classify these two groups for EC than EO and that the 

samples with different eye states should not be mixed.  

To investigate which bipolar pairs consistently produced high classification 

accuracy, Figure 4-5 plots the top 10 bipolar pairs based on the percentage of 

appearance of top 3 classification performance for different connectivity 

measures and bands. It can be observed that the top 3 pairs (F4C4-FZCZ, 

CZPZ-C4P4, F3C3-FZCZ) are identical for EO and EC. More detailed results 

using  in the Beta band during the EC state are shown in Figure 4-6. 

Besides, Figure 4-8 represented the areas in a head map corresponding to the 

highest classification accuracy and the discrimination ability of identified 

features were evaluated by ROC and AUC.  

 

Figure 4-6 The heatmap for the HC vs EG classification performance based on 
CohMean in Beta band for the EC state. 
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To reveal the overall performance against different frequency bands, Figure 

4-14 in Supplementary material shows the top accuracy using the bipolar pair 

F4C4-FZCZ for different features and frequency bands. The result was 

achieved by averaging 5 trials. The best classification result (97.22%) was 

     
                                 (a)                                                             (b) 
 

Figure 4-7  The distribution of mean coherence values in the Beta band of 4 
channel pairs corresponding to the highest classification accuracy (>90%) for HC 
vs EG in the EC state. 

     
(a)                                                                             (b) 

 
Figure 4-8 (a) The locations of 6 channel pairs corresponding to the highest 
classification accuracy (>90%) for the HC vs EG based on CohMean in the 
Beta band in the EC state (Red area is better than Yellow area); (b) The ROC 
and AUC of the 6 pairs. 
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achieved using  in the Beta band during the EC state for the bipolar 

pair F4C4-FZCZ. It can be observed that overall, the Beta band has the best 

performance for EO, EC, and EO & EC, while the Gamma band has the worst 

performance consistently, which confirms the observations in Figure 4-4. 

Besides, the evaluation of other machine learning methods and K selection 

refer to KNN supported by ROC and AUC, shown in Figure 4-17 and Figure 

4-18 in Supplementary material. To further understand how the selected 

features contribute to the classification, Figure 4-7 plots the clustering of 

 in the Beta band of F4C4-FZCZ, F3C3-FzCz, CzPz-C4P4 and 

C3Cz-P3Pz in the EC state, all of which have high classification accuracy 

(>90%). It can be observed that, for the HC subjects, the value of coherence is 

much higher than that of the EG subjects. Besides, it is also observed that the 

distribution of these features in EG is more concentrated, which may explain the 

classification sensitivity is always high, almost 100%, but with relatively low 

specificity. The machine learning has also been implemented using two 

features. The accuracy increases slightly, but there are still some HC samples 

misclassified as EG. The results are as shown in Figure 4-18 in Supplementary 

material. 

4.1.3.2 Epilepsy Group vs NEAD 

 
 Figure 4-9 The heatmap for the NEAD vs EG classification performance based 

on MI in Delta band for the EO state. 
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Figure 4-10 plots the box charts of the classification accuracy of NEAD vs EG 

against different frequency bands using 9 distinct estimations. It can be 

observed that the overall accuracy is much lower than that of HC vs EG (about 

20% less). Overall, the Gamma band produced a better performance (65-70%) 

than other 5 bands for all features. Especially for , the Gamma band 

produces significantly higher accuracy which was witnessed by ANOVA and 

multiple comparisons (p<0.001).  

Results (see Figure 4-15) show that the best classification result (74.44%) was 

achieved using MI in the Delta band during the EO state for the bipolar pair 

T4T6-P4PZ. The second-best accuracy (74.24%) was achieved using PLV in 

the Gamma band during the EO state for the bipolar pair T3C3-CZPZ. Overall, 

Figure 4-10 The box charts of the classification accuracy of NEAD and EG 
against various frequency bands for the 9 selected measures, where only the 
top 10 pairs in terms of classification accuracy were considered. Each box 
shows highest, lowest, and median accuracy. 
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the Gamma band has the best performance across all features and eye states. 

To further explore how the highest classification was produced, Figure 4-11 

presents the scatter plot of MI in the Delta band for T4T6-P4PZ and C4Cz-

C3P3. The means of those two bipolar pairs for the EG is slightly lower than 

those of NEAD. ANOVA suggests that the means of both features for the two 

groups are significantly different ( <0.05). 

4.1.4 DISCUSSIONS 

This Chapter proposes a multivariate approach to investigate the potential of 

leveraging the association between two channels (i.e., EEG sensor level 

functional connectivity) to classify different groups. It should be noted that most 

of the state-of-the-art for this topic use the features extracted from single 

channels. Durongbhan . (2019) proposed a univariate method that uses the 

response of five frequency bands of each channel for classification. Similarly, a 

typical univariate method, power spectral density (PSD), was also applied to 

EEG recordings and it was found that theta (4-9 Hz) PSD ratio can contribute to 

evaluating the influence of neurofeedback training for epilepsy patients (Zhao 

, 2009). Wan (2019) suggested that alpha rhythm (8-12 Hz) PSD 

Figure 4-11 The distribution of MI values in Delta band of two channel pairs 
corresponding highest classification accuracy (>70%) for the NEAD vs EG for the 
EO state. 



 

183 

observed in EEG over human posterior cortex differs in distinct groups. 

Therefore, the univariate approach was applied to our database to critically 

compare the proposed and the existing method.    

The spatial distributions of the frequency response of each channel are shown 

in Figure 4-19, Figure 4-20, Figure 4-21, Figure 4-22 and Figure 4-23 of 

Supplementary material, where the subjects are divided into 5 groups: EG with 

medication, EG without medication, NEAD with medication, NEAD without medication, 

HC. Figure 4-12 shows the detailed spatial distribution of classification accuracy 

using the univariate method, where four classification methods were tested. It is 

 
 

Figure 4-12 The spatial distribution of classification accuracy using the 
univariate method, where the same colormap scale is used. 
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observed that Naïve Bayes has a relatively good performance. Table 4-2 shows 

the comparison of the best classification result between the univariate approach 

(Naïve Bayes was used for classification) and the proposed multivariate 

approach for the same data. For HC vs EG, the proposed method based on 

multivariate analysis produced higher classification accuracy in comparison to 

the classic univariate method, particularly for EC, there is 15% improvement. It 

should be noted that the band with the best performance is different. For NEAD 

vs EG, the proposed method performs slightly better than the univariate 

approach for both EO and EC states.  

4.1.5 CONCLUSIONS 

In this work, we implement a framework comprising various sensor level 

functional brain connectivity features, on EEG epochs classified as normal on 

empirical inspection of interictal traces from a cohort of patients with 

generalised epilepsy. Despite no interictal abnormalities like IEDs - the 

empirical diagnostic hallmark of epilepsy - were included in this work, our 

framework achieved a very high classification accuracy between HC and EG 

cohorts, which outperforms the state-of-the-art  single channel findings. Based 

on results from scalp EEG sensors, an accuracy of 97% was found for the 

functional connectivity estimates between the parasagittal frontal and midline 

regions for EC state and involved the beta frequency band. Unintuitively, as 

epilepsy in the ictal phase is typically characterised by the transient occurrence 

 

 
UNIVARIATE APPROACH The proposed approach 

EO EC EO EC 

HC vs EG 89.60% 
(Delta) 

82.80% 
(Delta) 

94.75% 
(Beta) 

97.22% 
(Beta) 

NEAD vs EG 72.20% 
(Theta) 

70.20% 
(Delta) 

74.44% 
(Delta) 

74.24% 
(Gamma) 

 

Table 4-2 THE COMPARISON OF THE HIGHEST CLASSIFICATION USING A 
SINGLE FEATURE BETWEEN THE UNIVARIATE APPROACH AND THE 
PROPOSED APPROACH 
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of abnormal, excessive or synchronous neuronal brain activity (Fisher , 

2014), our interictal findings show lower levels of synchronisation in this frontal 

region, in the beta band, in the Epilepsy patients in comparison to the findings 

from healthy controls (Figure 4-7). This interictal deficit in the Beta band 

synchronisation in patients with generalised epilepsy was previously shown in a 

cohort of juvenile myoclonic epilepsy. This in part involved the frontal and 

parietal brain areas (Clemens , 2013) that also consistently produced high 

classification accuracy in our work. However, our results have to be interpreted 

with caution as previous univariate EEG data analysis showed some spectral 

density differences in various phenotypes of generalised epilepsy syndromes 

(Clemens , 2012), namely patients with absence seizures versus juvenile 

myoclonic epilepsy and epilepsy with generalised tonic-clonic seizures in 

isolation. The importance of this type of brain network connectivity approach 

was also shown from another angle in a study where decoupling of functional 

and structural connectivity, based on fMRI and tractography estimates was 

demonstrated for a cohort of patients with idiopathic generalised epilepsy in 

comparison to age-matched healthy controls (Zhang , 2011). More work is 

required in well-characterised large cohorts of patients with different forms of 

generalised and focal epilepsies, ideally in drug naïve studies although clinical 

decisions render this latter requirement difficult to achieve. 

Our findings demonstrate that seizure-free EEG recordings contain invisible 

information that can be revealed with appropriate methodology to identify 

patients with generalised epilepsy. The low sensitivity of a single EEG, at most 

at 55% (Pillai and Sperling, 2006), has been a long-standing diagnostic problem 

in clinical neurophysiology and translates to a high financial cost (several EEGs 

are frequently required to record IEDs) can result in time delay to treatment 

initiation and can also produce high levels of anxiety to patients, carers and 

relatives. Our work demonstrates that significant  coherence data are 

confounded by power and phase effects, outside the observational capabilities 

of reporting physicians, can be successfully used to reveal spatiotemporal 

deficits in brain network organisation and behaviours that could be translated in 

clinical useful diagnostic tools. EEG epochs during periods of EO and EC differ 
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significantly, reflecting the dynamic brain network changes between the two 

conditions. The discrepancy in the classification accuracy between EO and EC 

for HC vs the EG, based on MI, a technique able to capture nonlinear 

connectivity, demonstrates that advantages of different methods might have to 

be implemented in conjunction in future work for the development of a robust 

diagnostic framework. The results of the classification accuracy between EG 

and NEAD also demonstrates that there cannot be a one size fits all approach 

as the findings differ significantly when compared to the EG vs HC results. 

Specifically, the highest classification accuracies were achieved for 

synchronisation estimates within different frequency ranges (delta for EO and 

gamma for EC), involving different brain areas -the parietal and temporal 

regions - while additionally they were based on the two nonlinear methods (MI 

and PLV) implemented in this work. The roughly 20% lower classification 

accuracy (about 73%) between EG and NEAD is very reassuring, as not 

infrequently NEAD patients can also be experiencing epileptic seizures (Milán-

Tomás , 2018). This potential coexistence of the two conditions blurs the 

boundaries of “gold standard” labelling between the two, in keeping with the 

lower classification accuracy found in this work. Several EG and NEAD patients 

included in this work were receiving various AEDs which could influence the 

EEG recordings, extensively described in previous work (Höller, Helmstaedter 

and Lehnertz, 2018). However, 9 of our patients (5 from EG and 4 from NEAD) 

were on no medication. Therefore, it is highly unlikely that the remarkable 

classification accuracy of this Chapter, particularly between HC and EG, was 

due to the effect of medication on EEG. 

4.1.6 Supplementary 
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 Figure 4-13 The distribution of Mean coherence in the Beta band of two 

channel pairs with different p-value 
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Table 4-3 THE DETAILS OF PARTICIPANTS AND AVAILABLE DATA 

Group Gender Age Medications 
Segment Total 

EO EC EO EC 
Ep

ile
ps

y 

F 39 Diazepam, Propranolol 6 6 

90 90 

F 40 Fluoxetine 6 6 
F 45 Lamotrigine, Lacosamide 6 6 
F 58 Sodium valproate, Levetiracetam 6 6 
F 29 Nil 6 6 
F 29 Carbamazepine 6 6 
F 29 Nil 6 6 
F 23 Lamotrigine 6 6 
F 20 Nil 6 6 
F 19 Lamotrigine 6 6 
M 46 Lamotrigine, Levetiracetam 6 6 
M 45 Lamotrigine, Sodium valproate 6 6 

M 36 Phenobarbital, Lamotrigine, 
Pregabalin 6 6 

M 28 Nil 6 6 
M 19 Nil 6 6 

H
ea

lth
y 

F 41 Nil 9 9 

90 90 

F 52 Nil 9 9 
F 61 Nil 9 9 
F 23 Nil 9 9 
F 23 Nil 9 9 
F 22 Nil 9 9 
M 49 Nil 9 9 
M 48 Nil 9 9 
M 30 Nil 9 9 
M 22 Nil 9 9 

N
EA

D
 

F 39 Nil 6 6 

84 84 

F 42 Phenytoin, Levetiracetam 
Perampanel, Clobazam 6 6 

F 49 Antidepressants, SSRI 6 6 
F 55 Nil 6 6 
F 29 Nil 6 6 
F 28 Sertraline, Amitriptyline 6 6 
F 29 Nil 6 6 

F 23 Sertraline, Co-codamol, 
Antihistamine 6 6 

F 24 Propranolol, Levothyroxine 6 6 
F 19 Levetiracetam, Pregabalin 6 6 

M 55 Epilim, Setraline, Gabapentin, 
Levetiracetam 6 6 

M 34 Pregabalin, Lamotrigine, SSRI 6 6 
M 23 Nil 6 6 
M 19 Lamotrigine, Amitriptyline 6 6 
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Table 4-4 THE LIST OF 23 BIPOLAR CHANNELS 

 

 

 

 

 

 

 

  

'F8-F4' 'F7-F3' 'F4-C4' 'F3-C3' 'F4-Fz' 

'F3-Fz' 'Fz-Cz' 'T4-C4' 'T3-C3' 'C4-Cz' 

'C3-Cz' 'Cz-Pz' 'C4-P4' 'C3-P3' 'T4-T6' 

'T3-T5' 'P4-Pz' 'P3-Pz' 'T6-O2' 'T5-O1' 

'P4-O2' 'P3-O1' 'O1-O2'   

 

Figure 4-14 The best classification accuracy of HC vs EG using F4C4-FZCZ for 
each connectivity feature, frequency band and eye state. 
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Figure 4-15 The best classification accuracy of NEAD vs EG for each connectivity 
feature, frequency band and eye state. 
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Figure 4-16 The evaluation of best classifier using features providing highest 
accuracy classification between NEAD and EG (a) SVM (b) optimized SVM (c) 
KNN, k=15 (d) decision tree 

 

 
(a)                                                                     (b)  

 
(c)                                                                    (d) 
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Figure 4-18 The classification results using two features for EG vs HC. 

 

Figure 4-17 The evaluation of the best K value of KNN based on ROC and AUC 
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Figure 4-19 Spatial distribution of frequency response of each channel for Delta 
band, where the subjects are divided into 5 groups: EG with medication (row 1), 
EG without medication (row 2), NEAD with medication (row 3), NEAD without 
medication (row 4), HC (row 5). The same colormap scale is used across all 
plots. 

  

 
(a) EO 

 
(b) EC 
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(a) EO 

 
(b) EC 

 
Figure 4-20 Spatial distribution of frequency response of each channel for 
Theta band, where the subjects are divided into 5 groups: EG with medication 
(row 1), EG without medication (row 2), NEAD with medication (row 3), NEAD 
without medication (row 4), HC (row 5). The same colormap scale is used 
across all plots 
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(a) EO 

 
(b) EC 

  
Figure 4-21 Spatial distribution of frequency response of each channel for 
Alpha band, where the subjects are divided into 5 groups: EG with medication 
(row 1), EG without medication (row 2), NEAD with medication (row 3), NEAD 
without medication (row 4), HC (row 5). The same colormap scale is used 
across all plots. 
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(a) EO 

 
(b) EC 

  

Figure 4-22 Spatial distribution of frequency response of each channel for Beta 
band, where the subjects are divided into 5 groups: EG with medication (row 1), 
EG without medication (row 2), NEAD with medication (row 3), NEAD without 
medication (row 4), HC (row 5). The same colormap scale is used across all 
plots. 
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(a) EO 

 
(b) EC 

 
Figure 4-23 Spatial distribution of frequency response of each channel for 
Gamma band, where the subjects are divided into 5 groups: EG with 
medication (row 1), EG without medication (row 2), NEAD with medication (row 
3), NEAD without medication (row 4), HC (row 5). The same colormap scale is 
used across all plots. 
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4.2 Spatial – temporal graph convolutional network for 
Alzheimer classification based on brain functional 
connectivity imaging of electroencephalogram. 

4.2.1 Introduction 

Alzheimer's disease (AD) is the most common form of dementia, resulting in the 

loss of memory and cognitive impairments. Most commonly it occurs among 

elderly people over the age of 65, but it may also occur earlier (Brookmeyer 

., 1998, 2007). According to the World Health Organization, more than 55 

million people are currently diagnosed with some type of dementia 

(Organization). Due to increasing global ageing, the technologies to diagnose 

AD more effectively and accurately are highly demanded. Numerous studies 

have shown that synaptic dysfunction is an early feature of AD and that 
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decreased synaptic density in the neocortex and limbic regions could account 

for AD-associated disturbances in brain function (Terry ., 1991; Masliah 

., 2001; Scheff ., 2006, 2007). Being more extensive than the 

corresponding neuronal loss when analysed in the same brain regions, synaptic 

dysfunction has been proved to be the best neuropathological correlate of 

cognitive impairment in AD patients (Davies ., 1987; DeKosky and Scheff, 

1990; Terry ., 1991; Scheff ., 2007). The pathological progression of 

AD leads to cortical disconnections and manifests as functional connectivity 

alterations (Nobukawa ., 2020). Electroencephalography (EEG) is a non-

invasive diagnostic method for studying the bioelectrical function alterations and 

degeneration of the brain. Consisting of scalp electric potential differences, EEG 

is one of the first measurements that directly reflect the functioning of synapses 

in real-time (Jelic, 2005; Michel ., 2009). In contrast to functional MRI or 

PET which detect indirect metabolic signals, EEG offers several additional 

attractions: noninvasiveness, high time-resolution, wide availability, low cost, 

and direct access to neuronal signalling (Michel ., 2009; Smailovic ., 

2018).  

For the diagnosis of AD based on EEG, there are two main development areas 

in recent years. The first area is statistically topological brain function 

characteristics. Finding statistical biomarkers of AD is based on analysing graph 

topographic or dynamic patterns. For graph topography, Jalili (Jalili, 2017) 

constructed functional brain networks and relevant graph theory metrics based 

on EEG for discriminating AD from Healthy Controls (HC). Similarly, Tylová 

 (Tylová ., 2018) proposed the permutation entropy for measuring the 

chaotic behaviour of EEG and observed a statistically significant decrease in 

permutation entropy at all channels of AD. Fan  (Fan ., 2018) 

employed multiscale entropy as the biomarker to characterise the nonlinear 

complexity at multiple temporal scales to capture the topographic pattern of AD. 

For dynamic patterns, Zhao  (Zhao ., 2019) proposed a method to 

measure nonlinear dynamics of functional connectivity for distinguishing 

between AD and HC, and Tait  (Tait ., 2020) developed a biomarker by 

combining microstate transitioning complexity and the spectral measure. The 
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second area is data-driven machine learning or deep learning methods with 

various input features for the AD classification. Researchers have proven that 

SVM (Trambaiolli ., 2017; Song ., 2018; Tavares ., 2019; 

Nobukawa ., 2020), fuzzy model (Yu ., 2019), KNN (Safi and Safi, 

2021), bagged trees (Oltu ., 2021), and artificial neural network (ANN) 

(Triggiani ., 2017; Ieracitano ., 2020; Rodrigues ., 2021) can help 

test the validity of the input topographic or dynamic patterns or features, such 

as multiscale entropy vector (Song ., 2018), functional connectivity (Song 

., 2018; Yu ., 2019; Nobukawa ., 2020), cepstral distances (Rodrigues 

., 2021), Hjorth parameters (Safi and Safi, 2021), coherence (Oltu ., 

2021), bispectrum (Ieracitano ., 2020), power spectral density (Tavares 

., 2019; Oltu ., 2021), frequency bands (Trambaiolli ., 2017; Triggiani 

., 2017), and wavelet transform (Ieracitano ., 2020; Oltu ., 2021).  

Among these machine learning methods, it has been proven that deep learning 

has exceptional performance in terms of the accuracy of classification. 
Convolutional neural networks (CNN), a leading deep learning structure for data 

on Euclidean space, outperform the above machine learning algorithms in 

classification accuracy (Craik ., 2019). Based on the Fast Fourier Transform 

for extracting spectral features of EEG for AD diagnosis, Bi and Wang (Bi and 

Wang, 2019) developed a discriminative convolutional Boltzmann Machine; 

Ieracitano  (Ieracitano ., 2019) and Deepthi  (Deepthi ., 2020) 

proposed a CNN model respectively. Based on combining latent factors output 

by the encoder part of variational auto-encoder of EEG, Li  extracted 

characteristics of AD (Li ., 2021a). Based on the time-frequency analysis 

using CWT, Huggins  (Huggins ., 2021) proposed an AlexNet model 

for the classification of AD, mild cognitive impairment subjects, and HC. With a 

connections matrix from EEG, Alves  (Alves ., 2021) presented a CNN 

for classifying AD and schizophrenia. The above CNN applications on AD 

classification (Bi and Wang, 2019; Ieracitano ., 2019; Deepthi ., 2020; 

Huggins ., 2021; Li ., 2021a) focus more on learning the locally and 

continuously changed multi-scaled features on the Euclidean space from the 

EEG signals, neglecting the functional connectivity features. Although Alves 
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 (Alves ., 2021) used the connection of EEG channels as the CNN input, 

it neglected the temporal EEG channels features and the input connections 

topology feature cannot be modelled effectively due to the arranged order of 

EEG channels. The key convolutional filters on CNN structures in the above 

applications cannot fully mine the multiscale topological interactive information 

of EEG channels. 

Considering the complexity of EEG signals in the spatial and temporal domain, 

how to extract more abstract geometric features for better generalisation using 

the deep learning methods remains tremendously troubling. The structure-

function connectivity network of EEG is non-Euclidean data because the 

channels are discrete and discontinuous in the spatial domain. Each EEG 

channel can be considered as a node and there is a cross-channel interaction 

between nodes. Instead, geometric graph-based deep learning methods would 

provide a more suitable way to learn the cross-channel topologically associated 

features of EEG. Building neural networks under the graph theory, graph 

convolutional neural networks (GCNs) have been developed specifically to 

handle highly multi-relational graph data by jointly leveraging node-specific 

sequential features and cross-nodes topologically associative features in the 

graph domain (Sperduti and Starita, 1997; Gori ., 2005; Scarselli ., 

2008; Gallicchio and Micheli, 2010). In recent two years, GCNs have been 

applied in the diagnoses of various brain disorders, such as children's ASD 

evaluation (Zhang ., 2021), detection of epileptic (Zeng ., 2020), (Zhao 

., 2021), seizure prediction (Li ., 2021b), and epilepsy classification 

(Chen ., 2020). As far as we are concerned, there are no AD diagnostic 

approaches based on GCN-related models.  

To enable this application, an adjacency matrix, representing the topological 

association between different EEG channels, must be constructed as the key 

input of GCN. EEG functional networks are widely used in cognitive 

neuroscience, for example,  decision making (Si ., 2019), emotion 

recognition (Li ., 2019b), and Schizophrenia research (Li ., 2019a). 

Traditional statistical functional correlation measures include Pearson 
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correlation (PC) (Chen ., 2020; Zhao ., 2021), Tanh nonlinearity (Li 

., 2021b), average correlation coefficients (Zeng ., 2020), and covariance 

(Zhang ., 2021), which cannot fully represent the complex brain 

connectivity. Many advanced methods to measure functional connectivity (FC) 

have been developed, such as Phase locking Values (PLV) and Phase Lag 

Index (PLI) in the time domain (Mormann ., 2000; Van Mierlo ., 2014; 

Franciotti ., 2019), Magnitude Squared Coherence (MSC) and Imaginary 

Part of Coherence (IPC) in the frequency domain (Babiloni ., 2005; 

Wendling ., 2009; Van Diessen ., 2015; Al-Ezzi ., 2021), and 

Wavelet Coherence (WC) in the time-frequency domain (Franciotti ., 2019). 

These values can measure the degree of synchronisation between different 

brain regions and alterations in complex behaviours produced by the interaction 

among widespread brain regions (Babiloni ., 2005; Sakkalis, 2011; Van 

Mierlo ., 2014; Tafreshi ., 2019), which have been proved important for 

AD classification using the statistical (Jalili, 2017; Zhao ., 2019), and 

machine learning methods (Song ., 2018; Yu ., 2019; Nobukawa ., 

2020). However, the research on the combination of FC and GCN is limited, 

especially for AD-related research. Using these efficient FCs to construct the 

input adjacency matrix of GCN may promisingly provide more insightful 

information for the brain function interaction and lead to a higher classification 

accuracy of brain-related disorders.  

In this Chapter, a novel Spatial-Temporal GCN (ST-GCN) is proposed to 

classify AD from HC, benefiting from the adjacency matrix constructed by a 

variety of FC measures and the raw EEG recordings. We tested six adjacency 

matrices based on PC, MSC, IPC, WC, PLV, and PLI using EEG recordings 

from patients with AD and HCs. ST-GCN can jointly leverage the cross-channel 

topological connectivity features and channel-specific temporal features. To the 

best of the authors’ knowledge, this is the first attempt for GCN to distinguish 

between AD and HC based on EEG recordings.  
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4.2.2 Methods 

4.2.2.1 Spatial-Temporal Graph Convolutional Network  

In 1997, Sperduti and Starita firstly adopted neural networks to direct acyclic 

graphs (Sperduti and Starita, 1997), which motivated the early studies on GCNs 

(Gori ., 2005; Scarselli ., 2008; Gallicchio and Micheli, 2010). Currently, 

there are two basic approaches to generalising convolutions to structure graph 

 

(a)                                                                    (b)

Figure 4-24 The flowchart of (a) the proposed ST-GCN framework and (b) the T-
CNN framework for comparison. 𝑿𝑿 is sized M*N (M = 25, representing the 
length of the mini-epoch channel; N = 23, representing the 23 channels) and 
the input 𝑾𝑾 is sized N*N. The (i, j)th entry of the adjacency matrix 𝑾𝑾 denotes 
spatial coupling correlation strength between the ith and jth of all the 23 
different channels, the detailed calculation of which is presented in Section 
2.2. 𝑲𝑲𝒕𝒕 is the size of the temporal 1D-Conv filter, set as 3 here. 𝑪𝑪𝒍𝒍 (𝒍𝒍 = 𝟏𝟏,𝟐𝟐, … ,𝟔𝟔) 
is the number of filters in each layer. The estimated computational complexity 
of ST-GCN and T-CNN are 54M and 52M respectively. 
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data forms: spatial-based and spectral-based GNNs. Spatial-based GNNs 

define graph convolutions by rearranging vertices into certain grid forms which 

can be processed by normal convolutional operations (Niepert ., 2016; Yu 

., 2017). Bruna . (2013) presented the first prominent spectral-based 

GCNs by applying convolutions in spectral domains with graph Fourier 

transforms. Since then, there have been increasing improvements, 

approximations, and extensions on spectral-based GNNs (Henaff ., 2015; 

Defferrard ., 2016; Kipf and Welling, 2016; Levie ., 2018) to reduce the 

computational complexity from 𝒪𝒪(𝑛𝑛2) to 𝒪𝒪(𝑛𝑛) (Defferrard ., 2016; Kipf and 

Welling, 2016). Visually, a graph convolution can handle the complexity of 

graph data by generalising a 2D convolution, motivated by the successful 

applications of CNNs in Euclidean space (Wu ., 2020). Being considered as 

special graph data, each pixel of an image can be taken as a node whose 

neighbours are determined by a filter and a 2D convolution takes the weighted 

average of adjacent pixel values of each node. Similarly, graph convolutions 

can be performed by taking the weighted average of a node’s neighbourhood 

information, which is unordered and variable in size, and different from images. 

As shown in Figure 4-24(a), the proposed architecture of ST-GCN is composed 

of two Spatial-Temporal Convolutional Blocks (ST-Conv Blocks), each of which 

is formed with one spatial graph convolution layer (Spatial Graph-Conv) and two 

sequential convolution layers (Temporal 1D-Conv). ST-Conv block can be 

stacked based on the complexity of specific cases. Layer normalisation is 

utilised within every ST-Conv block to prevent overfitting. The EEG channels  

with the adjacency matrix  are uniformly processed by ST-Conv Blocks to 

explore spatial and temporal dependence coherently. A flattened layer 

integrates comprehensive features to generate the final AD/HC classification. 

For comparison, we designed a structure of a classical temporal convolutional 

neural network (T-CNN) shown in Figure 4-24  (b), inspired by some related 

works (Deepthi ., 2020; Huggins ., 2021; Li ., 2021a). The 

difference between these two model structures is that T-CNN only has EEG 

channels  at the input without the adjacency matrix , and no spatial graph 
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convolution unit is used in the feature layer in the middle of the T-CNN. Other 

aspects of T-CNN are the same as ST-GCN. For brevity, we illustrate the 

structural details of each part of ST-GCN in the following. 

4.2.2.2 Spatial Graph-Conv  

Based on the concept of a spectral graph convolution, we introduce the notion 

of a graph convolution operator “*𝒢𝒢”, multiplying a signal 𝓍𝓍 Rn in the spatial 

space with a kernel 𝛩𝛩, 

where the graph Fourier basis 𝑈𝑈 𝑅𝑅𝑛𝑛×𝑛𝑛 is a matrix of eigenvectors of the 

normalised graph Laplacian 𝐿𝐿 = 𝐼𝐼𝑛𝑛 𝐷𝐷−12𝑊𝑊𝐷𝐷−12 =  𝑈𝑈𝑈𝑈𝑈𝑈𝑇𝑇 𝑅𝑅𝑛𝑛×𝑛𝑛  ( 𝐼𝐼𝑛𝑛 is an 

identity matrix,  𝐷𝐷 𝑅𝑅𝑛𝑛×𝑛𝑛  is the diagonal degree matrix with 𝐷𝐷𝑖𝑖𝑖𝑖 = 𝑊𝑊𝑖𝑖𝑖𝑖𝑗𝑗 , 𝛬𝛬

𝑅𝑅𝑛𝑛×𝑛𝑛 is the diagonal matrix of eigenvalues of 𝐿𝐿, and filter 𝛩𝛩(𝛬𝛬) is a diagonal 

matrix). A graph signal 𝓍𝓍 is filtered by a kernel 𝛩𝛩 with multiplication between 𝛩𝛩 

and the graph Fourier transform 𝑈𝑈𝑇𝑇𝓍𝓍 (Shuman ., 2013). 

We utilise Chebyshev polynomials and 1st -order approximations (Kipf and 

Welling, 2016) here to reduce expensive computations of kernel 𝛩𝛩 in Eq. (1) 

due to its 𝒪𝒪(n2)  complex multiplications. Kernel 𝛩𝛩  can be restricted to a 

polynomial of 𝛬𝛬 as 𝛩𝛩(𝛬𝛬) = 𝜃𝜃𝑘𝑘𝐾𝐾−1
𝑘𝑘=0 𝛬𝛬𝑘𝑘 , where 𝜃𝜃 𝑅𝑅𝐾𝐾  is a vector of polynomial 

coefficients and  is the kernel size determining the maximum radius of the 

convolution from central nodes. Chebyshev polynomial 𝑇𝑇𝑘𝑘(𝑥𝑥)  is traditionally 

used to approximate kernels as a truncated expansion of order 𝐾𝐾 1 as 𝛩𝛩(𝛬𝛬)

𝜃𝜃𝑘𝑘𝐾𝐾−1
𝑘𝑘=0 𝑇𝑇𝑘𝑘(𝛬̃𝛬) by rescaled 𝛬̃𝛬 = 2𝛬𝛬/𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚  𝐼𝐼𝑛𝑛 , where 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚  denotes the largest 

eigenvalue of  (Hammond ., 2011). Then the graph convolution in Eq. (1) 

can be rewritten as: 

where 𝑇𝑇𝑘𝑘(𝐿𝐿�) 𝑅𝑅𝑛𝑛×𝑛𝑛 is the Chebyshev polynomial of order 𝑘𝑘  evaluated at the 

scaled Laplacian 𝐿𝐿� = 2𝐿𝐿/𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 𝐼𝐼𝑛𝑛 . By recursively computing -localised 

𝜣𝜣 𝓖𝓖 𝔁𝔁 = 𝜣𝜣(𝑳𝑳)𝔁𝔁 = 𝜣𝜣(𝑼𝑼𝑼𝑼𝑼𝑼𝑻𝑻)𝔁𝔁 = 𝑼𝑼𝑼𝑼(𝜦𝜦)𝑼𝑼𝑻𝑻𝔁𝔁， (4-16)

𝜣𝜣 𝓖𝓖 𝔁𝔁 = 𝜣𝜣(𝑳𝑳)𝔁𝔁 � 𝜽𝜽𝒌𝒌𝑻𝑻𝒌𝒌(𝑳𝑳�)𝔁𝔁
𝑲𝑲−𝟏𝟏

𝒌𝒌=𝟎𝟎

， (4-17)
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convolutions through a polynomial approximation, the computational cost of Eq. 

(1) can be reduced to 𝒪𝒪(𝐾𝐾|𝜀𝜀|) as Eq. (2). By stacking multiple localised graph 

convolutional layers with a first-order approximation of graph Laplacian, a layer-

wise linear formulation can be defined (Kipf and Welling, 2016). Further 

assumption 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 2  can be made, due to the scaling and normalisation in 

neural networks. Thus, Eq. (2) can be simplified to 

where 𝜃𝜃0 and 𝜃𝜃1  are two shared parameters of the kernel. 𝜃𝜃0  and 𝜃𝜃1  are 

replaced by a single parameter 𝜃𝜃  by letting 𝜃𝜃0 = 𝜃𝜃1 = 𝜃𝜃  to constrain 

parameters and stabilise numerical performances. By renormalising  and  

with 𝑊𝑊� = 𝑊𝑊 + 𝐼𝐼𝑛𝑛  and 𝐷𝐷�𝑖𝑖𝑖𝑖 = 𝑊𝑊�𝑖𝑖𝑖𝑖𝑗𝑗  separately, graph convolution can be 

expressed as 

The graph convolution operator“ 𝒢𝒢” defined on 𝓍𝓍 𝑅𝑅n  can be extended to 

multi-dimensional tensors. For a signal with 𝐶𝐶ichannels 𝑋𝑋 𝑅𝑅𝑛𝑛×𝐶𝐶𝑖𝑖 , the graph 

convolution can be generalised to 

with the 𝐶𝐶𝑖𝑖 × 𝐶𝐶0  vectors of Chebyshev coefficients 𝛩𝛩𝑖𝑖,𝑗𝑗 𝑅𝑅𝐾𝐾  (𝑦𝑦𝑗𝑗  is the output 

after graph convolution,  𝐶𝐶𝑖𝑖  and 𝐶𝐶0  are the sizes of input and output of the 

feature maps, respectively). A graph convolution for 2D variables is denoted as 

“𝛩𝛩 𝒢𝒢 X” with 𝛩𝛩 𝑅𝑅𝐾𝐾×𝐶𝐶𝑖𝑖×𝐶𝐶0. The input of ST-GCN is composed of  frames of 

EEG channels graph as shown in Figure 1(a). Each frame 𝑋𝑋𝑡𝑡 can be regarded 

as a matrix whose column 𝑖𝑖 is a 𝐶𝐶𝑖𝑖-dimensional value of 𝑋𝑋𝑡𝑡 at the 𝑖𝑖th node in 

graph 𝒢𝒢t, as 𝑋𝑋 𝑅𝑅𝑛𝑛×𝐶𝐶𝑖𝑖  (in this case, 𝐶𝐶𝑖𝑖=1). For each time step  of , the equal 

graph convolution operation with the same kernel 𝛩𝛩 is imposed on 𝑋𝑋𝑡𝑡 𝑅𝑅𝑛𝑛×𝐶𝐶𝑖𝑖 in 

parallel. Thus, the graph convolution can be generalised to 3D variables, noted 

as “𝛩𝛩 𝒢𝒢 ” with 𝜒𝜒 𝑅𝑅𝑀𝑀×𝑛𝑛×𝐶𝐶𝑖𝑖.  

𝜣𝜣 𝓖𝓖 𝔁𝔁 𝜽𝜽𝟎𝟎𝔁𝔁 + 𝜽𝜽𝟏𝟏 �
𝟐𝟐

𝝀𝝀𝒎𝒎𝒎𝒎𝒎𝒎
𝑳𝑳 𝑰𝑰𝒏𝒏�𝔁𝔁 𝜽𝜽𝟎𝟎𝔁𝔁 𝜽𝜽𝟏𝟏 �𝑫𝑫

−𝟏𝟏𝟐𝟐𝑾𝑾𝑫𝑫−𝟏𝟏𝟐𝟐�𝔁𝔁， (4-18)

𝜣𝜣 𝓖𝓖 𝔁𝔁 = 𝜽𝜽(𝑰𝑰𝒏𝒏 + 𝑫𝑫−𝟏𝟏𝟐𝟐 𝑾𝑾 𝑫𝑫−𝟏𝟏𝟐𝟐)𝔁𝔁 = 𝜽𝜽(𝑫𝑫�−
𝟏𝟏
𝟐𝟐 𝑾𝑾 �𝑫𝑫�−

𝟏𝟏
𝟐𝟐)𝔁𝔁 (4-19)

𝒚𝒚𝒋𝒋 = �𝜣𝜣𝒊𝒊,𝒋𝒋

𝑪𝑪𝒊𝒊

𝒊𝒊=𝟏𝟏

(𝑳𝑳)𝔁𝔁𝒊𝒊 𝑹𝑹𝒏𝒏,𝟏𝟏 𝒋𝒋 𝑪𝑪𝟎𝟎 (4-20)
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4.2.2.3 Temporal 1D-Conv 

Inspired by (Gehring ., 2017) that CNNs have the superiority of fast training 

in sequential-series analysis, we employ an entire convolutional structure on a 

temporal axis to capture sequential dynamic behaviours of EEG recordings. As 

shown in Figure 1(a), a sequential convolutional layer contains a 1D convolution 

with a width 𝐾𝐾𝑡𝑡 kernel followed by ReLu (a rectified linear unit function) as a 

nonlinearity. For each node in graph 𝒢𝒢, its corresponding sequential convolution 

explores 𝐾𝐾𝑡𝑡 neighbours of input elements, leading to shortening the length of 

sequences by 𝐾𝐾𝑡𝑡 1 each time. Thus, an input of a sequential convolution for 

each node can be regarded as a length-  sequence with 𝐶𝐶𝑖𝑖 channels as 𝑌𝑌

𝑅𝑅𝑀𝑀×𝐶𝐶𝑖𝑖. The convolution kernel 𝛤𝛤 𝑅𝑅𝐾𝐾𝑡𝑡×𝐶𝐶𝑖𝑖×𝐶𝐶0 is designed to map the input 𝑌𝑌 to a 

single output 𝑃𝑃 𝑅𝑅(𝑀𝑀−𝐾𝐾𝑡𝑡+1)×(𝐶𝐶0) . Similarly, the temporal convolution can be 

generalised to 3D variables by employing the same convolution kernel 𝛤𝛤  to 

every channel node in 𝒢𝒢 equally, noted as “𝛤𝛤 𝒯𝒯 𝒴𝒴” with 𝒴𝒴 𝑅𝑅𝑀𝑀×𝑛𝑛×𝐶𝐶𝑖𝑖. 

The input and output of ST-Conv blocks are all 3D tensors. For input 𝑥𝑥𝑙𝑙

𝑅𝑅𝑀𝑀×𝑛𝑛×𝐶𝐶𝑙𝑙 of block , the output 𝑥𝑥𝑙𝑙+1 𝑅𝑅(𝑀𝑀−2(𝐾𝐾𝑡𝑡−1))×𝑛𝑛×𝐶𝐶𝑙𝑙+1 is computed by 

where 𝛤𝛤0𝑙𝑙  and 𝛤𝛤1𝑙𝑙 are the upper and lower temporal kernels within block , 

respectively; 𝛩𝛩𝑙𝑙 is the spectral kernel of a graph convolution; 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅( ) denotes a 

rectified linear unit function. After stacking three ST-Conv blocks, the output 

features are fused as a flattened layer (Figure 1(a)). We can obtain a final 

output 𝑍𝑍 𝑅𝑅𝑛𝑛×𝑐𝑐 from the fully connected layer and calculate the classification 

result by applying a sigmoid transformation as 𝐶𝐶𝐶𝐶� = 𝑠𝑠𝑠𝑠𝑠𝑠(𝑍𝑍𝑍𝑍 + 𝑏𝑏), where 𝜔𝜔 𝑅𝑅𝑐𝑐 

is a weight vector and 𝑏𝑏 is a bias. We use the  loss to 

measure the classification performance. 

All models were trained on the CPU of DELL DESKTOP-D3UM3P9 with the 

Tensorflow platform in Microsoft Windows 10, and the optimiser used here is 

the Adam optimisation. 

𝒙𝒙𝒍𝒍+𝟏𝟏 = 𝜞𝜞𝟏𝟏𝒍𝒍 𝓣𝓣 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹�𝜣𝜣𝒍𝒍 𝓖𝓖�𝜞𝜞𝟎𝟎𝒍𝒍 𝓣𝓣 𝒙𝒙𝒍𝒍�� (4-21)
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4.2.2.4 Adjacency Matrix 

The spatial information carried by EEG signals plays an important role in AD/HC 

classification (Babiloni ., 2005; Sakkalis, 2011; Van Mierlo ., 2014; 

Tafreshi ., 2019). The adjacency matrix 𝑅𝑅𝑛𝑛×𝑛𝑛 of each mini-epoch, 

representing the spatial correlation along with the channel signals 𝑋𝑋 𝑅𝑅𝑛𝑛×𝑀𝑀 is 

one of the inputs of the ST-GCN model shown in Figure 1(a). In some studies 

on brain disorders based on GCN (Chen ., 2020; Zeng ., 2020; Li ., 

2021b; Zhang ., 2021; Zhao ., 2021), the relationship of different 

channels of EEG is short of effective prior guidance and the adjacency matrix 

cannot ensure the utilisation of the coupling information between each channel. 

To address these issues, we firstly apply functional connectivity, which has 

been proven to be useful in AD classification, to construct the adaptive 

adjacency matrix to extract spatial coupling features. 

The raw EEG signals of each channel and the association of channels are 

modelled by a graph. The nodes of the graph denote the feature vector of EEG 

signals, which are the raw mini-epoch EEG data. The adjacency matrix is 

constructed by Pearson correlation analysis and five functional connectivities of 

the mini-epoch EEG channels without any pre-set threshold to avoid the 

potential risk caused by manual selection, such as in (Chen ., 2020; Zhang 

., 2021; Zhao ., 2021). Specifically, the  entry of the adjacency 

matrix  denotes spatial coupling strength between the  and  channels. 

Thus,  indicates that all channels are interconnected with different weights. 

Pair-wise correlation analysis among these 23 different channels is conducted 

using five functional connectivities and Pearson correlation for comparison, the 

calculation of which is presented below.   

The most well-known functional connectivity measure is the correlation, also 

called the Pearson correlation coefficient. It calculates the instantaneous linear 

interdependency between two signals based on the amplitudes of the signals in 
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the time domain and it ranges from -1 to 1. The Pearson correlation coefficient 

between signal 𝑋𝑋 and 𝑌𝑌 can be defined as follows: 

where 𝐸𝐸 is the expected value, 𝜇𝜇𝑥𝑥 and 𝜇𝜇𝑦𝑦 are the mean values and 𝜎𝜎𝑥𝑥 and 𝜎𝜎𝑦𝑦 are 

the standard deviations of 𝑋𝑋 and 𝑌𝑌 time series.  

MSC is a linear method to estimate the interconnections between the PSD 

(Power Spectral Density) of two signals in the frequency domain. The MSC of 

signals 𝑋𝑋 and 𝑌𝑌 can be written as: 

 

where 𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓)and 𝑆𝑆𝑦𝑦𝑦𝑦(𝑓𝑓) are the PSD of signal 𝑋𝑋 and 𝑌𝑌 respectively, and 𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓) 

is the cross PSD at frequency 𝑓𝑓. 

To avoid the volume conduction effects, instead of looking at the magnitude 

squared coherency, the imaginary part of the coherency is calculated by 

WC is generally acknowledged as a qualitative estimator that can represent the 

dynamic relations in the time-frequency domain between signals (Tafreshi ., 

2019). The wavelet transforms is defined as the convolution of the input 𝑥𝑥 with a 

Wavelet family 𝜃𝜃(𝑢𝑢): 

𝝆𝝆𝒙𝒙𝒙𝒙 = 𝑬𝑬�(𝒙𝒙−𝝁𝝁𝒙𝒙)�𝒚𝒚−𝝁𝝁𝒚𝒚��
𝝈𝝈𝒙𝒙𝝈𝝈𝒚𝒚

 (4-22)

𝑴𝑴𝑴𝑴𝑴𝑴𝒙𝒙𝒙𝒙(𝒇𝒇) = 𝑪𝑪𝒙𝒙𝒙𝒙𝟐𝟐 =
𝑺𝑺𝒙𝒙𝒙𝒙(𝒇𝒇)𝟐𝟐

|𝑺𝑺𝒙𝒙𝒙𝒙(𝒇𝒇)| × �𝑺𝑺𝒚𝒚𝒚𝒚(𝒇𝒇)� (4-23)

𝑰𝑰𝑰𝑰𝒙𝒙𝒙𝒙 = 𝑹𝑹𝑪𝑪𝒙𝒙𝒙𝒙 + 𝑰𝑰𝑪𝑪𝒙𝒙𝒙𝒙 (4-24)

𝑾𝑾𝒙𝒙(𝒕𝒕,𝒇𝒇) = � 𝒙𝒙(𝒖𝒖) 𝜽𝜽𝒕𝒕,𝒇𝒇(𝒖𝒖)𝒅𝒅𝒅𝒅
+∞

−∞
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Given input signals 𝑥𝑥  and 𝑦𝑦 , wavelet cross-spectrum around time 𝑡𝑡  and 

frequency 𝑓𝑓can be derived by the Wavelet transforms of 𝑥𝑥 and 𝑦𝑦: 

where * defines the complex conjugate and 𝛿𝛿  is assumed as a frequency-

depending time scalar. WC at the time 𝑡𝑡 and frequency 𝑓𝑓 is derived as: 

Phase synchronization assumes that two oscillation signals without amplitude 

synchronization can have phase synchronization. The PLV is high-frequently 

utilised to obtain the strength of phase synchronisation (Van Mierlo ., 2014). 

The instantaneous phase of a signal 𝑥𝑥 is given by: 

where 𝑥𝑥�(𝑡𝑡) is the Hilbert Transform of 𝑥𝑥(𝑡𝑡), defined as: 

where 𝑃𝑃𝑃𝑃 refers to the Cauchy principal value. The 𝑃𝑃𝑃𝑃𝑃𝑃 for two signals is then 

defined as: 

where 𝑡𝑡 defines the sampling period and 𝑁𝑁 indicates the sample number of 

each signal. The range of 𝑃𝑃𝑃𝑃𝑃𝑃 is between 0 to 1, where 0 shows a lack of 

synchronization and 1 indicates strict phase synchronization. 

𝑪𝑪𝑪𝑪𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇) = � 𝑾𝑾𝒙𝒙(𝝉𝝉,𝒇𝒇) 𝑾𝑾𝒚𝒚(𝝉𝝉,𝒇𝒇)

𝒕𝒕+𝜹𝜹 𝟐𝟐

𝒕𝒕−𝜹𝜹 𝟐𝟐

 

𝑾𝑾𝑾𝑾𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇) =
�𝑪𝑪𝑪𝑪𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇)�

�𝑪𝑪𝑪𝑪𝒙𝒙𝒙𝒙(𝒕𝒕,𝒇𝒇) × 𝑪𝑪𝑪𝑪𝒚𝒚𝒚𝒚(𝒕𝒕,𝒇𝒇)�
𝟏𝟏 𝟐𝟐 (4-27)

𝒙𝒙(𝒕𝒕) = 𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂
𝒙𝒙�(𝒕𝒕)
𝒙𝒙(𝒕𝒕) (4-28)

𝒙𝒙�(𝒕𝒕) =
𝟏𝟏
𝝅𝝅
𝑷𝑷𝑷𝑷�

𝒙𝒙(𝝉𝝉)
𝒕𝒕 𝝉𝝉

+∞

−∞
𝒅𝒅𝒅𝒅 (4-29)

𝑷𝑷𝑷𝑷𝑷𝑷 = �
𝟏𝟏
𝑵𝑵
� 𝒆𝒆𝒋𝒋� 𝒙𝒙(𝒋𝒋 𝒕𝒕)− 𝒚𝒚(𝒋𝒋 𝒕𝒕)�
𝑵𝑵−𝟏𝟏

𝒋𝒋=𝟎𝟎

� (4-30)
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Similarly to the calculation of PLV, PLI captures the asymmetry of the 

distribution of phase differences between two signals and is calculated based 

on the relative phase difference between the two signals: 

where 𝑥𝑥(𝑗𝑗 𝑡𝑡) 𝑦𝑦(𝑗𝑗 𝑡𝑡)  is the phase difference between two signals, 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

stands for signum function, 𝐸𝐸  is the expected value, and || indicates the 

absolute value. 𝑃𝑃𝑃𝑃𝑃𝑃  values range between 0 and 1, where 0 can indicate 

possibly no coupling and 1 refers to perfect phase locking. 

4.2.2.5 Dataset and preprocessing 

All patients and healthy controls included in this work were recruited in the 

Sheffield Teaching Hospital memory clinic and all provided written informed 

consent. The EEG study underwent ethics approval by the Yorkshire and The 

Humber (Leeds West) Research Ethics Committee (reference number 

14/YH/1070). AD patients had their diagnosis confirmed between one month 

and up to two years before recording their EEG while they had mild to moderate 

cognitive deficits, according to their Mini-mental state examination. All AD 

subjects had brain MRI scans to eliminate other alternative causes of dementia. 

For the aged and gender-matched HC cohort, normal MRI brain scans and 

cognitive assessments were required before their EEG recordings. Further 

details about recruitment, diagnostic criteria, and study design can be found in 

the previously published work (Blackburn ., 2018).  

All participants were younger than 70 years old, including 19 AD patients and 

20 HC participants. EEG recordings were undertaken with an XLTEK 128-

channel headbox (Optima Medical LTD) and Ag/AgCL electrodes at a sampling 

frequency of 2 kHz by implementing a modified 10-10 overlapping a 10-20 

international system of electrode placement, with a referential montage (linked 

earlobe reference). Thirty-minute resting state (task-free – participants were 

instructed to rest and refrain from thinking anything specific) EEG recordings 

were obtained from each participant including sustained periods of keeping their 

eyes closed (EC) alternating with periods during which they kept their eyes 

𝑷𝑷𝑷𝑷𝑷𝑷 = �𝑬𝑬 �𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔� 𝒙𝒙(𝒋𝒋 𝒕𝒕) 𝒚𝒚(𝒋𝒋 𝒕𝒕)��� (4-31)  
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open (EO). The recordings obtained were subsequently reviewed by a 

neurophysiologist - on an XLTEK review station. For each participant, three 12-

second artefact-free epochs of EC and EO were selected. To avoid volume 

conduction effects related to the common reference electrode, 23 bipolar 

derivations were created: F8–F4, F7–F3, F4–C4, F3–C3, F4–FZ, FZ–CZ, F3–

FZ, T4–C4, T3–C3, C4–CZ, C3–CZ, CZ–PZ, C4–P4, C3–P3, T4–T6, T3–T5, 

P4–PZ, P3–PZ, T6–O2, T5–O1, P4–O2, P3–O1 and O1–O2. 

For both EO and EC of 19 ADs and 20 HCs, there are 3 artefact-free epochs, 

each of which lasts 12 seconds. We first applied the Butterworth filter for every 

epoch to subsample the EEG signals at 100Hz and obtained the corresponding 

six bands (Delta, Theta, Alpha, Beta, Gamma, and Full band of 0-48Hz). Then, 

data segmentation is utilised to obtain 5472 mini-epochs for ADs and 5760 mini-

epochs for HCs with a window size of 25 data points without overlapping. For 

each mini-epoch signal, six functional connectivities (PC, MSC, IPC, WC, PLV, 

and PLI) were calculated to obtain the corresponding adjacency matrices. 

Finally, for each measure of EC or EO, 3744 samples (1824 for ADs and 1920 

for HCs) were selected randomly covering two-thirds of each 12s epoch and 

split for 10-folder cross-validation to generate the training dataset and validation 

dataset. The remaining 1872 samples (912 for ADs and 960 for HCs) were 

considered as the testing dataset. The purpose of the validation dataset during 

training is to obtain the model loss on the validation dataset after the 

optimization of each epoch. If the loss of the validation dataset is decreasing, 

we save the optimised model until the end of all training epochs, which can 

prevent the model from over-fitting. 

4.2.3 Results 

4.2.3.1 Adjacency Matrix from different FCs 

To compare the adjacency matrices calculated by six functional connectivity 

estimations, we take the Full band of one mini-epoch of AD (Figure 4-25) and 

HC (Figure 4-26) as an example to see their difference. For the mini-epoch 

signal of both AD and HC, PC generates higher coupling between channels 

than the five functional connectivity methods. The adjacency matrix calculated 
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by MSC is relatively lower than the others and WC and PLV show similar 

coupling distribution with PC but with overall lower strength. IPC produces the 

most uniform connection distribution. PLI produces the sparsest connection 

distribution, and there are some strong connection points close to 1. Therefore, 

 

Figure 4-25 The adjacency matrices of one mini-epoch of AD from six FC 
methods 
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adjacency matrices from the six calculation methods have differences in the 

coupling analysis between EEG channels, which may have an impact on the 

classification performance of the ST-GCN method. 

 

Figure 4-26 The adjacency matrices of one mini-epoch of HC from six FC 
methods 
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4.2.3.2 Overall classification performance 

We conducted a direct comparison of classifying AD and HC participants using 

the extracted 6 adjacency matrices by training the ST-GCN and T-CNN 

methods on the EO and EC states and six frequency bands independently. 

Table 4-5 and Table 4-6 show the corresponding testing accuracies from ST-

GCN and T-CNN models, respectively. For both methods, the classification 

accuracy of all frequency bands and adjacency matrix calculation methods in 

Table 4-5 Classification accuracy for HC and AD in EC and EO states within 6 
bands by ST-GCN with different adjacency matrices. 

 

Table 4-6 Classification accuracy for HC and AD in EC and EO states within 6 
bands by T-CCN with different adjacency matrices. 
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the EC state is higher than the corresponding EO state, which is consistent with 

previous research results (Barry ., 2007; Wan ., 2019). For different 

frequency  bands, when the 1-48Hz full-band signal and the corresponding 

adjacency matrix are used as the input, the mean classification accuracies are 

about 91.1% by ST-GCN and 88.0% by T-CNN respectively, which are higher 

than all sub-bands data. For ST-GCN, the mean classification accuracy of Beta 

band data is the highest (about 82.3% for EC and 77.7% for EO), and the mean 

classification accuracy of Delta band data is the lowest (about 73.1% for EC 

and 71.0% for EO). For T-CCN, the mean classification accuracy of Alpha band 

data is the highest (about 76.8% for EC and EO), and the mean classification 

 

Figure 4-27 Training and convergence process for Full band data with WC 
connectivity by the ST-GCN model 
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accuracy of Delta band data is the lowest (about 68.6% for EC and EO). 

Overall, ST-GCN outperforms T-CNN on both eye states and almost all sub-

band data, which indicates that spatial topology constraints can indeed mine 

EEG features, resulting in improved classification accuracy. 

It is worth noting that for different adjacency matrix calculation methods, the 

classification accuracy of the WC method is better than all other methods, which 

proves the effectiveness of time-frequency analysis for extracting coupling 

features. For ST-GCN, the overall accuracy of the five functional connection 

methods is higher than that of the PC method, indicating that the usage of 

functional connectivity as the adjacency matrix can improve the performance of 

the ST-GCN model to a certain extent. 

The training and convergence process for Full band data with WC connectivity 

by the proposed ST-GCN model is shown in Figure 4-27. 

 

Figure 4-28 The averaged WC adjacency matrices of ADs and HCs 
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4.2.3.3 Wavelet Coherence as Adjacency Matrix 

To further explore the effectiveness of WC which has the best classification 

performance as the adjacency matrix, we conduct a statistical analysis of the 

WCs of all AD and HC. By averaging the WC adjacency matrices of the Full 

band of all EO and EC mini epochs for AD and HC respectively, as shown in 

Figure 4-28, we can analyse their statistical characteristics. For ADs, the EC 

state has a slightly higher coupling strength than EO in the temporooccipital 

area (the middle part of the adjacency matrix), while for HCs, the EC state has a 

bit higher overall coupling strength than EO. For both EO and EC, the strongest 

inter-channel correlation of AD is less than 0.8 (the middle part of the left two 

images of Figure 4-28 – temporooccipital area), while HC has some inter-

channel correlations close to 1 (the upper-left frontocentral and bottom-right 

posterior area of the right two images of Figure 4-28). For both EO and EC, the 

 

Figure 4-29 Threshold of averaged WC adjacency matrices of ADs and HCs 
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connectivity between ADs channels is lower than that of HCs in the bottom-right 

corner (posterior area).  

To visually show the connectivity between the channels in the bottom-left corner 

for both EO and EC states, we thresholded the left two AD adjacency matrices 

in Figure 4-29 to screen out the channels with connectivity below 0.15. Figure 

4-29 reports the corresponding cross-channel indexes for HCs. Through the 

software BrainNet, the 3D connectivity distributions in the brain of ADs and HCs 

are visually displayed for EO (Figure 4-31 and Figure 4-) and EC (Figure 4-32 

and Figure 4-) respectively. Comparing Figure 4-31 and Figure 4- for EO, the 

connectivity of HCs between the channels at the front and back parts of the 

brain are much higher than those of ADs. P4-O2 to T6-O2 and F4-Fz to Fz-Cz 

have the highest coupling strengths (close to 0.6) for channel pairs of HCs, and 

the corresponding coupling strengths of ADs are close to 0. Comparing Figure 

4-32 and Figure 4- for EC, the connectivity of HCs between the channels at the 

back of the brain is much higher than that of ADs. C3-Cz to P3-O1 and P3-O1 

to T6-O2 have the highest coupling strengths (close to 0.6) for channel pairs of 

HCs, and the corresponding coupling strengths of ADs are as low as 0.1. 

4.2.4 Conclusions 

We proposed a Spatial-temporal Graph Convolutional Network (ST-GCN) for 

classifying Alzheimer’s Disease and Healthy Controls groups by jointly 

leveraging cross-channel topological association features and channel-specific 

temporal features of EEG recordings. Different from the currently leading GCN 

applications for diagnosing brain disorders, this method utilises brain functional 

connectivity methods for exploring the complex interactive information between 

EEG channels as well as the single-channel-based dynamic information. The 

main goal of this work was to determine whether the cross-channel topologically 

associated features constrained by the functional connectivity can reveal more 

hidden information in data and extend the applicability of the GCN-based 

algorithm. For the clinical AD and HC EEG recordings, ST-GCN has exhibited 

superior performance in achieving the highest classification accuracy with 

wavelet coherence as the adjacency matrix. For the tested dataset, the overall 
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classification accuracy of ST-GCN is higher than the classical T-CNN method 

 

Figure 4-31The 3D brain mapping of averaged WC adjacency matrices for EO 
state of ADs 

 

 

Figure 4-30  The 3D brain mapping of averaged WC adjacency matrices for EO 
state of HCs
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on both eye states and different frequency bands, which suggests that spatial 

topology constraints can indeed mine brainwave features and thereby improve 

 

Figure 4-33 The 3D brain mapping of averaged WC adjacency matrices for EC 
state of HCs 

 

 

 Figure 4-32 The 3D brain mapping of averaged WC adjacency matrices for EC 
state of ADs 
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the classification accuracy. Different from existing studies for AD diagnosis that 

are based on either topological brain function characteristics of EEG (Jalili, 

2017; Fan ., 2018; Tylová ., 2018; Zhao ., 2019; Tait ., 2020) 

or temporal dynamic features (Bi and Wang, 2019; Ieracitano ., 2019; 

Deepthi ., 2020; Huggins ., 2021; Li ., 2021a), the proposed ST-

GCN considers both the adjacency matrix of functional connectivity from 

multiple EEG channels and corresponding dynamics of signal EEG channel 

simultaneously. It has the potential to pick up the anomaly of AD not only in the 

frequency response of local areas but also in the functional connectivity across 

different regions. Furthermore, the visualisation of wavelet coherence adjacency 

matrices increases the transparency of this solution by providing evidence of 

brain anomaly in terms of functional connectivity. This investigation is important 

as it will increase the trust in the developed AI-based solution. This algorithm 

lays a potentially effective strategy for the applications of other brain disorders. 

In the present Chapter, due to the limited number of subjects in the dataset, the 

Leave-One-Subject-Out or cross-subject validation is not discussed to avoid 

biased conclusions caused by data insufficiency. The accuracy of a hand-out 

cross-subject validation by ST-GCN and T-CNN can be found in Table 4-7 and 

Table 4-8 in the Supplementary Material. In this case, 65% of the subjects were 

used for training and the remaining 35% were used for testing. Although the 

overall accuracy is dropped significantly for both methods, the proposed ST-

GCN still outperforms T-CNN.  

To reduce volume conduction effects from a common reference, bipolar 

derivations were used to assess the degree of differences between various 

pairs of electrodes for 2 different cohorts of subjects. With this approach – the 

use of bipolar pairs of electrodes - the effects of volume conduction are reduced 

but not eliminated. We recognise that this work is based on a sensor level scalp 

EEG analysis, and we do not claim to be able to precisely localise the spatial 

characteristics underpinning the EEG sensor findings.  
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4.2.5 Supplementary  

Table 4-7 ST-GCN Model performance in a hand-out validation, where 12 ADs and 
13 HCs were used for training and validation and the remaining 7 ADs, and 7 HCs 
were used for testing. Overall, the classification accuracy of the full-band data is 
still the best, with an average of 70.5% for EC and 68.9% for EO. 

   

 

56.9 67.1 65.6 58.0  45.8 70.9  

56.6 67.7 65.1 59.1 51.7 66.7  

56.9 67.9 63.9 58.1 49.0  70.6  

58.5 69.8 67.9 59.3  49.6 72.1  

51.0  68.1 66.3 57.9 48.6 71.1  

56.1 69.3 64.3 55.7 46.8 71.5  

53.0  68.8 63.8 61.3 54.7 68.2  

57.7 67.2 63.1 56.0  52.3 67.3  

54.7 68.6 65.3 55.3 56.9 69.6  

57.1 69.1 65.4 61.0  57.1 70.2  

55.7 66.6 61.9 56.1 55.4 69.6  

55.3 68.1 63.5 54.9 52.8 68.5  

Abbreviations: PC, Pearson Correlation; MSC, Magnitude Squared Coherence; 

IPC, Imaginary Part of Coherence; WC, Wavelet Coherence; PLV, Phase 

Locking Value; PLI, Phase Lag Index. 
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Table 4-8 T-CCN Model performance in a hand-out validation, where 12 ADs and 
13 HCs were used for training and validation and the remaining 7 ADs and 7 HCs 
were used for testing. Overall, the classification accuracy of the full-band data is 
lower than the ST-GCN model. 

   

 

52.9  70.6 62.6 54.6 50.3 66.4  

58.2 67.2 62.2  56.5 47.6 64.4  

52.8 66.5 63.3 60.1 44.9 66.5  

55.9  64.8  62.4 59.7 50.6 65.5   

54.1 69.5 62.8 59.6 57.8 67.6  

56.8 67.5 61.8 55.5 53.3 66.1  

50.9 69.2 64.4 60.9 55.7 66.5  

48.7  68.3 64.8 54.9  54.7 66.1  

53.7  65.3 66.3 57.8 55.0  64.4  

50.8 69.2 66.2 58.4 56.7 69.5  

52.5 66.8 60.5 57.7 52.7 66.7   

49.8 68.2 64.3 57.7 55.0  61.7  

Abbreviations: PC, Pearson Correlation; MSC, Magnitude Squared Coherence; 

IPC, Imaginary Part of Coherence; WC, Wavelet Coherence; PLV, Phase 

Locking Value; PLI, Phase Lag Index. 
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5 The Application of Functional Connectivity on Mental 
workload Classification 

This Chapter is based a journal paper, ‘EEG/fNIRS Based Workload 

Classification Using Functional Brain Connectivity and Machine Learning’, 

published in . 

Cao, J., Garro, E.M., Zhao, Y., 2022. 
. Sensors 22, 7623. 

5.1 Introduction 

Mental workload refers to the amount of working memory required to complete 

a task in a specified time. Its assessment has attracted many researchers, and 

workload has been characterised by a variety of physiological sensor data. 

Investigation of mental workload in neuroscience is significant for a variety of 

reasons. First, a person's high cognitive workload will affect learning capacity 

and cause distraction (Anderson ., 2011). Second, since there is a limit to 

the size of a cognitive workload, there is also a limit to an individual’s 

performance in a given cognitive activity (Bashivan ., 2016). As a result, 

assessing mental workload is important for preventing accidents in many areas 

(Zhang and Li, 2017). Table 1 compares various popular neuroimaging 

modalities for evaluating mental workloads: such as functional near-infrared 

spectroscopy (fNIRS), electroencephalography 

(EEG)/Magnetoencephalography (MEG), functional magnetic resonance 

imaging (fMRI), and position emission tomography (PET). 

Because it has the advantages of low cost and high temporal sampling rate, 

EEG has been well-accepted in the field of disease prediction (Hussain and 

Park, 2021), sleep stages (Hussain ., 2022), and brain stimulation for 

different neurological workloads (Hussain ., 2021) as well as mental 

workload evaluation (Kakkos ., 2021). A substantial number of studies have 

reported a significant EEG spectral correlation with workload in stereotypical 

frequency bands: such as delta (1–4 Hz), theta (4–7 Hz), alpha (8–15 Hz), and 

beta (16–31 Hz) (Aghajani ., 2017; Kuanar ., 2018; Pfeifer ., 2018). 

Several popular machine learning methods have been applied using EEG 
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features such as support vector machine (SVM) (So ., 2017), naive bayes 

(Zhang and Li, 2017) and linear discriminant analysis (LDA) (Maimon ., 

2020; Mühl ., 2014). Although those methods achieved satisfactory mental 

workload classification results, it was notable that most EEG-based features 

were extracted from a single channel that was univariate-based and neglected 

association between channels. As a multivariate approach, functional brain 

connectivity (FBC) is statistically interdependent among spatially distant 

neurophysiological regions (Cao ., 2022, 2021; Shan ., 2021). It has 

been proven that FBC reveals the underlying function of different brain regions 

and their complex cortical intercommunication, which helps improve 

understanding of many neurological conditions including brain-related disorders 

and emotions (Cao ., 2021; Shan ., 2021; Zhao ., 2020). Kakkos 

. (2021) fed univariate spectrum power features and FBC estimations from 

EEG into several machine-learning classifiers and achieved promising results in 

two-level workload discrimination. However, the potential of FBC in multiclass 

workload classification problems, particularly in combination with other sensing 

modalities, has not been fully explored.  

Table 5-1 Comparison of four neuroimaging techniques. 

Specification fNIRS EEG/MEG fMRI PET 

Spatial 
resolution 2–3 cm 5–9 cm 0.3 mm voxels 4 mm 

Penetration 
depth 

Brain 
cortex 

Brain cortex 
for 

EEG/deep 
structures 
for MEG 

Whole head Whole 
head 

Temporal 
sampling rates  >1000 Hz 1–3 Hz  <0.1 Hz 

Range of 
possible tasks Enormous Limited Limited Limited 

Robustness to 
motion Very good Limited Limited Limited 

Range of Everyone Everyone Limited, can be Limited 
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In recent decades, fNIRS has grown rapidly as a tool for monitoring functional 

brain activity in a wide range of applications and populations. fNIRS devices 

detect two hemodynamic signals, oxygenated (HbO) and deoxygenated (HbR) 

hemoglobin, from the cortical surface at a spatial resolution of 2–3 cm 

(Alhudhaif, 2021; Pinti ., 2020; Zaman and Md. Rabiul Islam, 2021). One of 

the main reasons for the increased interest in using fNIRS for cognitive activities 

is that it is resistant to motion artefacts (Herold ., 2018), which is usually a 

big problem for EEG data acquisition. Furthermore, fNIRS can be more precise 

in brain activation areas due to its relatively high spatial resolution. As a result, 

fNIRS overcomes some shortcomings of EEG. The importance of including both 

HbO and HbR for analysis has been emphasised by a few studies because their 

combination provides a more comprehensive assessment of cortical activation 

(Herff ., 2014; Lim ., 2020; Mandrick ., 2016; Saadati ., 2019). 

The majority of related studies has focused on using mean values (Asgher 

., 2019; Putze ., 2019), standard deviation (Asgher ., 2019) and slope 

(Herff ., 2014; Lim ., 2020). 

Some researchers explored the effectiveness of using both EEG and fNIRS 

information for n-back workload classification. Liu . (2016) employed LDA 

and obtained 68.1% classification accuracy in the n-back working-memory task 

using a combined EEG–fNIRS approach, but it used univariate features based 

on a single channel. Saadati . (2020) used deep neural networks and hybrid 

EEG–fNIRS features. It was claimed that the classification accuracy is 

considerably higher than that of EEG or fNIRS alone. However, there is very 

limited research on EEG brain connectivity combined with fNIRS, so the 

possible 
participants 

challenging for 
children/patients 

Sounds Silent Silent Very noisy Silent 

Portability 
Yes, for 
portable 
systems 

Yes, for 
portable 

EEG 
systems 

None None 

Cost Low 
Low for 

EEG; high 
for MEG 

High High 
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potential of using both signals to discriminate multi-level workloads requires 

further exploration. 

In this Chapter, we propose a hybrid EEG–fNIRS approach to discriminate 

among multi-level mental workloads: univariate frequency and bivariate FBC 

features are extracted from EEG, and biomarkers of HbO and HbR are 

estimated from fNIRS. Overall, combining EEG and fNIRS tended to provide 

two distinct sources of information on the brain including electrical activity and 

hemodynamic responses; this combination has the benefits of non-

invasiveness, robustness to motion, availability for all possible participants, 

silence, portability, and cost-effectiveness. The novelty of this Chapter is 

summarised in four folds: 

 To the best of the authors’ knowledge, this Chapter is the first to use 

combined features of EEG-based FBC and fNIRS for workload estimation.  

 This Chapter explores different linear and nonlinear FBC representations in 

the time and frequency domains with their associated effect on classification 

accuracy.  

 This Chapter reports the contribution of different regions to the classification 

accuracy of the two sensing modalities.  

 Topographic and heat maps were used to reveal distinct areas where the 

greatest change occurred at different workload levels. 

5.2 Materials and Methods 

As shown in Figure 5-1, the proposed framework contains four main steps: data 

pre-processing, feature extraction, feature selection, and machine-learning 

classification. The detail of each step is as follows: 
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Figure 5-1 Flowchart of the proposed framework. The pipeline contains four main 
steps: pre-processing, feature extraction, feature selection and machine-learning 
classification. 

5.2.1 Dataset  

This Chapter made use of a dataset gathered by Shin . (2018) at the 

Technische Universität Berlin. The dataset comprised scalp recordings––30 

EEG channels and 36 fNIRS channels–– for mental workload during n-back 

tasks. The channels and their locations are shown in Figure 5-9 in 

Supplementary. These activities were divided into four categories: 0-, 2-, and 3-

back tasks, as well as rest between tasks. Twenty-six healthy, right-handed 

people took part, and the dataset was divided into three sessions, each with 

three randomly organized sets of 0-, 2-, and 3-back tasks, meaning that each 
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participant completed nine sets of n-back tasks. A single task consisted of a 2 s 

instruction indicating the type of task (0-, 2-, or 3-back), a 40 s task period that 

consists of 20 trials, a 1 s stop period, and a 20 s rest period (see Figure 5-2). 

Therefore, there were 26 × 3 × 9 = 702 tasks available for all participants. All 

EEG and fNIRS signals were captured at the same time. 

5.2.2 Signal pre-processing and Feature extraction 

5.2.2.1 fNIRS 

fNIRS data were pre-processed using the BBCI toolbox in MATLAB R2019b 

(Blankertz ., 2010). The sampling rate was 10Hz. Initially, HbR and HbO 

values were calculated using the modified Beer–Lambert equation (mBLL) from 

the fNIRS optical density (Khan ., 2014). A sample of HbR and HbO values 

for each participant is shown in Supplementary Figure 5-10 and Figure 5-11. 

Data augmentation was performed to create small informative segments. To 

reduce noise and artefacts, fNIRS signals were passed through a third-order 

digital Butterworth filter between 0 and 0.04 Hz. Additionally, baseline correction 

was applied to the fNIRS signals to remove the intra-individual variance of the 

starting values. In this step, the segments were normalised by subtracting the 

median value of the pre-stimulus baseline from the signal in each segment 

(Pfeifer ., 2018).  

Figure 5-2 Layout of a set in the experiment. A single task consisted of a 2 s 
instruction indicating the type of task (0-, 2-, or 3-back), a 40 s task period that 
consisted of 20 trials, a 1 s stop period, and a 20 s rest period. Each participant 
completed nine sets of n-back tasks. 
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It should be noted that there was a general 6 s delay between the stimulus 

representation and peak cortical hemodynamics. This delay was determined by 

the task and HbR and HbO concentrations. Normally, the cerebral 

hemodynamic response does not return to baseline until 10 s after stimulus 

presentation. However, agreement on an ideal time window for analysis had yet 

to be reached because the best temporal length depended on the paradigm 

used and participant characteristics, such as age (Herold ., 2018). This 

Chapter conducted a sensitivity analysis to identify the optimal time window to 

produce the most accurate mental workload estimate and a size of 5s was 

used. The window slides through the whole 40 s period with a 1 s step. This 

analysis was performed independently for each participant.  

5.2.2.2 EEG 

EEG data were also pre-processed using the BBCI toolbox in MATLAB R2019b, 

and resampling was done at 200 Hz. The improved weight-adjusted second-

order blind identification (iWASOBI) method in the automatic artifact removal 

(AAR) toolbox in EEGLAB was used to gain ocular artifact rejection. Initially, 

data augmentation was done by segmenting data samples into smaller but still 

informative segments. Then, the data were bandpass-filtered between 1 and 45 

Hz using a third-order Butterworth digital filter. The EEG epochs were extracted 

spectral density (PSD) was calculated for three frequency bands of EEG 

recordings: delta (0.5–4 Hz), theta (4–7 Hz), and alpha (8–15 Hz) since 

previous studies indicated that low-frequency information made more 

contributions for measuring mental workload (Brouwer ., 2012; Kakkos 

., 2021). The FBC was estimated using four methods: Pearson correlation 

coefficient (PCC), mutual information (MI) in the time domain, magnitude 

squared coherence (MSC), and phase-locking value (PLV) in the frequency 

domain. The principal details are given as follows: 

The PCC was able to evaluate the linear interdependency between two signals 

in the time do

between signals 𝑥𝑥 and 𝑦𝑦 were 
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𝜌𝜌𝑥𝑥𝑥𝑥 =
𝐸𝐸[(𝑥𝑥 𝜇𝜇𝑥𝑥)�𝑦𝑦 𝜇𝜇𝑦𝑦�]

𝜎𝜎𝑥𝑥𝜎𝜎𝑦𝑦
 (5-1) 

where  is the expected value; 𝜇𝜇𝑥𝑥 and 𝜇𝜇𝑦𝑦 are the mean values; and 𝜎𝜎𝑥𝑥 and 𝜎𝜎𝑦𝑦 

are the standard deviations of the 𝑥𝑥 and 𝑦𝑦 time series.  

MSC is a linear method to estimate interconnections between two signals in the 

frequency domain calculated by PSD. The MSC of signals 𝑥𝑥  and 𝑦𝑦  can be 

written as 

where 𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓)  and𝑆𝑆𝑦𝑦𝑦𝑦(𝑓𝑓 ) are the PSDs of signals 𝑥𝑥  and 𝑦𝑦 , respectively; and 

𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓) is the cross PSD at frequency 𝑓𝑓. 

According to information theory, the MI of two random variables, 𝑥𝑥 and 𝑦𝑦, shows 

how one is informative for the other one. Let, 𝑃𝑃(𝑥𝑥) and 𝑃𝑃(𝑦𝑦) be the probability 

distributions of random variables 𝑥𝑥 and 𝑦𝑦, respectively. The entropy of 𝑥𝑥 and 

𝑦𝑦 is defined as 

𝐻𝐻(𝑥𝑥) = �𝑃𝑃(𝑥𝑥𝑗𝑗) 𝑙𝑙𝑙𝑙𝑙𝑙𝑏𝑏(𝑃𝑃(𝑥𝑥𝑗𝑗))
𝑁𝑁

𝑗𝑗=1

 (5-3) 

𝐻𝐻(𝑦𝑦) = �𝑃𝑃(𝑦𝑦𝑗𝑗) 𝑙𝑙𝑙𝑙𝑙𝑙𝑏𝑏(𝑃𝑃(𝑦𝑦𝑗𝑗))
𝑁𝑁

𝑗𝑗=1

 (5-4) 

where  defines window length. 𝐻𝐻(𝑦𝑦|𝑥𝑥)  and 𝐻𝐻(𝑥𝑥,𝑦𝑦)  represent conditional 

entropy and joint entropy between 𝑥𝑥 and 𝑦𝑦, defined respectively as 

MSC𝑥𝑥𝑥𝑥(𝑓𝑓) = 𝐶𝐶𝑥𝑥𝑥𝑥2 =  
𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓)2

|𝑆𝑆𝑥𝑥𝑥𝑥(𝑓𝑓)| × �𝑆𝑆𝑦𝑦𝑦𝑦(𝑓𝑓)�
 (5-2) 

𝐻𝐻(𝑥𝑥,𝑦𝑦) = 𝐸𝐸𝑥𝑥[𝐸𝐸𝑦𝑦[𝑙𝑙𝑙𝑙𝑙𝑙𝑏𝑏 𝑃𝑃(𝑥𝑥,𝑦𝑦)]] (5-5) 

𝐻𝐻(𝑦𝑦|𝑥𝑥) = 𝐸𝐸𝑥𝑥[𝐸𝐸𝑦𝑦[𝑙𝑙𝑙𝑙𝑙𝑙𝑏𝑏 𝑃𝑃(𝑦𝑦|𝑥𝑥)]] (5-6) 



 

248 

where  is the expected value function. The MI of two random variables 𝑥𝑥 and 𝑦𝑦 

is computed as follows: 

𝑀𝑀𝑀𝑀(𝑥𝑥,𝑦𝑦) =  𝐻𝐻(𝑥𝑥) +  𝐻𝐻(𝑦𝑦)  𝐻𝐻(𝑥𝑥,𝑦𝑦) =  𝐻𝐻(𝑦𝑦) 𝐻𝐻(𝑦𝑦|𝑥𝑥) (5-7) 

𝑀𝑀𝑀𝑀(𝑥𝑥,𝑦𝑦) = 0  if and only if random variables 𝑋𝑋  and 𝑌𝑌  are statistically 

independent. Notably, the MI is a nonlinear method in the time domain, 

Phase synchronisation (PS) assumes that two oscillation systems without 

amplitude synchronisation can have phase synchronisation. The phase locking 

value (PLV) is frequently used to obtain the phase synchronisation strength 

(Cao ., 2022). The instantaneous phase of a signal 𝑋𝑋 is given by:  

𝑥𝑥(𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑥𝑥�(𝑡𝑡)
𝑥𝑥(𝑡𝑡)

 (5-8) 

where 𝑥𝑥�(𝑡𝑡) is the Hilbert transform of 𝑥𝑥(𝑡𝑡) which is defined as 

𝑥𝑥�(𝑡𝑡) =
1
𝜋𝜋
𝑃𝑃𝑃𝑃�

𝑥𝑥(𝜏𝜏)
𝑡𝑡 𝜏𝜏

𝑑𝑑𝑑𝑑
+∞

−∞
 (5-9) 

where 𝑃𝑃𝑃𝑃  refers to the Cauchy principal value. The PLV for two signals is 

defined as 

𝑃𝑃𝑃𝑃𝑃𝑃 = �
1
𝑁𝑁
� 𝑒𝑒𝑗𝑗( 𝑥𝑥(𝑗𝑗 𝑡𝑡)− 𝑦𝑦(𝑗𝑗 𝑡𝑡))
𝑁𝑁−1

𝑗𝑗=0

� (5-10) 

where 𝑡𝑡 defines the sampling period, and 𝑁𝑁 indicates the sample number of 

each signal (Mormann ., 2000). The range of PLV was from 0 to 1, where 0 

showed a lack of synchronisation and 1 indicated strict phase synchronisation. 

Notably, the  is a nonlinear method in the frequency domain. 

5.2.3 Feature Selection and Fusion 

A large number of features were extracted from EEG and fNIRS. To be more 

specific, considering three frequency bands (delta, theta and alpha), 28 

channels and four FBC methods, there were 3 × 28 = 84 PSD features and 3 × 

 the EEG recording. 
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According to the time window analysis of the fNIRS signals, the top-10 best time 

windows were chosen. Considering the number of channels, there were 10 × 36 

= 360 features for fNIRS. The next step was to feed the extracted features into 

machine learning classifiers to classify three workloads/tasks. To avoid the 

overfitting problem of machine learning and compare the combined methods 

fairly with the methods using a single type of feature, a statistical significance 

test is used to reduce the feature number. One-way analysis of variance 

(ANOVA) was used to evaluate the significance of differences in the 0-back vs. 

2-back vs. 3-back features. The -value was the criterion for selecting the 

significant features. As a result, the top-10 features with the smallest -values 

were individually selected from EEG-based and fNIRS-based techniques as 

classifier input. Furthermore, the top-5 features from EEG (univariate features 

only) and fNIRS, respectively, were combined, resulting in 10 hybrid features for 

comparison purposes. 

5.2.4 Machine-Learning Classification 

The SVM was applied to achieve workload classification. It constructed an 

optimal separating hyperplane in the feature space based on the structural risk 

minimization principle. The selected features extracted from EEG and fNIRS 

were fed into the SVM with a radial basis function (RBF) kernel. Different 

machine-learning algorithms were tested and compared, such as the k-nearest 

neighbour (KNN), decision tree and LDA. The SVM outperformed other 

methods in classification. Hence, this Chapter mainly used the SVM with RBF to 

represent classification results. To avoid overfitting =in the case of limited data, 

a five-fold cross-validation technique was employed. To be more specific, the 

dataset of each condition was divided into five subsets, and then five iterations 

were undertaken to ensure each subset was used for training and testing (Cao 

., 2021). That is to say, for each iteration, 80% of the dataset was used for 

training and the remaining 20% for testing. Consequently, the classification 

result was calculated by averaging the accuracies from 5 iterations. Totally, 

there were 3 workload levels × 3 series × 3 sessions × 26 participants = 702 
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samples. Before being fed into the classifier, the features were normalised from 

-1 to 1 for each participant to reduce the influence of individual differences. 

5.3 Results 

5.3.1 Time Interval Selection 

The selection of the time interval relied on the classification performance 

implemented on each participant. Figure 5-3(A) represents the mean 

classification accuracy for all participants using fNIRS-based features against 

the moving time window, and sustained growth was observed during the first 30 

s. After a 25 s oscillation, the accuracy reached its peak when the 45–50 s time 

window was used. Consequently, the 10 time-windows in the range of 45 to 54 

s were selected for the next step of feature extraction.   Figure 5-3 (B)(C)(D) 

illustrates the changes in classification accuracy against the length of the time 

Figure 5-3 Time window analysis (A) Time interval analysis for fNIRS 
features; Time window-size evaluation for EEG and fNIRS features for (B) 
0-back vs. 2-back, (C) 0-back vs. 3-back, (D) 2-back vs. 3-back. 
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window of fNIRS and EEG. Notably, the accuracy of using fNIRS-based 

features decreased along with the window-size increment for all three 

classification groups. However, the EEG-based method performed better 

following the window-size increment and peaks at 40 s, particularly for 0-back 

vs. 2-back and 0-back vs. 3-back. As a result, the final window-size selections 

for fNIRS and EEG were 5 and 40 s, respectively. Furthermore, it indicated that 

the fused features outperformed features from a single modality.   

5.3.2 Machine-Learning Classification Performance 

To select the optimal FBC features, four different methods (MI, PCC, MSC and 

PLV) were tested individually, and the nonlinear time-domain method, MI, was 

found to provide the highest classification accuracy. Figure 5-4 shows the 

comparison of the four estimations in the three bands for top-10 average 

classification accuracy. The error bar shows the accuracy from each iteration of 

cross-validation. Therefore, MI was selected as the EEG-based FBC feature for 

the following analysis. 

To classify multi-level mental workload, the classification task was separated 

into three groups: 0-back vs. 2-back, 0-back vs. 3-back and 2-back vs. 3-back. 

The performances using EEG-based features only, fNIRS-based features only, 

and hybrid features were evaluated and shown in Table 5-2，Table 5-3 and  

Table 5-4. To ensure classification fairness, each classification task used 10 

features as the input. The features were selected according to the significance 

test and a sample is given in Supplementary Figure 5-12. The EEG alpha band 

information had the best performance in discriminating the three workload levels 

 EEG fNIRS 
EEG + fNIRS 

 PSD FBC HBO HBR 

0-back vs. 

3-back 

Delta 65% 63% 

62% 72% 

74% 

Theta 69% 72% 75% 

Alpha 71% 77% 83% 
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for both univariate (PSD) and bivariate features (FBC). Meanwhile, the results 

also suggested that the FBC features performed better with an approximately 

5% accuracy increment for all three sub-tasks. When it came to fNIRS, HbR 

outperformed HbO, but the accuracies were both significantly lower than for 

EEG-based FBC features, particularly for 0-back vs. 2-back and 0-back vs. 3-

back. Other references suggested that classifiers, such as LDA, SVM and CNN, 

achieved higher accuracy using HbR indicators (Alhudhaif, 2021; Zaman and 

Md. Rabiul Islam, 2021).  

Overall, the fused features (EEG–fNIRS) improved classification performance. 

For the 0-back vs. 2-back and 0-back vs. 3-back tasks, the hybrid method 

obtains the highest accuracy with 77% (Table 2) and 83% (Table 3), which 

suggests, as expected, there is more difference between 0-back and 3-back 

than between 0-back and 2-back. However, the difference between 2-back and 

3-back was small, as evident by a much lower accuracy. Notably, the results 

suggested that the hybrid features did not have superiority in all tasks. As 

shown in  

 EEG fNIRS 
EEG + fNIRS 

 PSD FBC HBO HBR 

0-back vs. 

3-back 

Delta 65% 63% 

62% 72% 

74% 

Theta 69% 72% 75% 

Alpha 71% 77% 83% 

Figure 5-4 Comparison of four FBC estimations (MI, PCC, MSC and PLV) in 
terms of the average of the Top 10 classification accuracies along with 
maximum and minimum value. 
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Table 5-4, the FBC features in the alpha band had the best performance (62%) 

but the fused features had only 59%. Nevertheless, 2-back and 3-back were 

difficult to distinguish for any features. 

 

 

Table 5-2 SVM classification accuracy of 0-back vs. 2-back using different 
features. 

 EEG fNIRS 
EEG + fNIRS 

 PSD FBC HbO HbR 

0-back vs. 

2-back 

Delta 66% 67% 

62% 68% 

72% 

Theta 68% 73% 75% 

Alpha 70% 74% 77% 

Table 5-3 SVM classification accuracy of 0-back vs. 3-back using different 
features. 

Table 5-4 SVM classification accuracy of 2-back vs. 3-back using different 
features. 

 EEG fNIRS 
EEG + fNIRS 

 PSD FBC HBO HBR 

 EEG fNIRS 
EEG + fNIRS 

 PSD FBC HBO HBR 

0-back vs. 

3-back 

Delta 65% 63% 

62% 72% 

74% 

Theta 69% 72% 75% 

Alpha 71% 77% 83% 
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2-back vs. 

3-back 

Delta 52% 60% 

60% 61% 

57% 

Theta 56% 61% 58% 

Alpha 55% 62% 59% 

To further evaluate the machine learning algorithms performance, accuracy 

( ), sensitivity ( ) and specificity ( ) were calculated: 

where TP = True Positive; FN = False Negative; TN = True Negative; and FP = 

False Positive. Moreover, the receiver operating characteristic (ROC) curve, 

and the area under the ROC curve (AUC) (Lotte ., 2018; Pyrzowski ., 

2015) were used to assess the goodness of classification. Specifically, the ROC 

was constructed from the true positive rate (TPR = sensitivity) in the vertical 

axis and the false positive rate (FPR = 1-specificity) in the horizontal axis 

(Blinowska ., 2017). The resulting accuracy, sensitivity , specificity and AUC 

are shown in Table 5-5. The ROC curves for three binary classification tasks is 

shown in Figure 5-5 

Table 5-5 Performance of classification for 3 binary classification tasks. 

Alpha Hybrid 
Features 

Accuracy Specificity Sensitivity AUC 

0-back vs. 2-back 77% 79% 76% 0.8332 

0-back vs. 3-back 83% 84% 80% 0.9501 

2-back vs. 3-back 59% 57% 63% 0.6721 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
× 100% (5-11) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
× 100% (5-12) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
× 100% (5-13) 
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Figure 5-5 The receiver operating characteristic (ROC) curves for three binary 
classification tasks: 0-back vs. 2-back, 0-back vs. 3-back, and 2-back vs. 3-back. 

5.3.3 Visualisation 

To further explore the difference among the three workload levels, a distinct 

visualisation method was employed. A topographic map was used to represent 

the PSD distribution of the EEG alpha-band (Figure 5-6), which provided about 

70% classification accuracy for the 0-back vs. 2-back and 0-back vs. 3-back 

tasks. The averaged PSD distribution across all participants, illustrated by the 

left column, suggested that the posterior area of 0-back had much higher PSD 

than 2-back and 3-back, while other areas had similar PSD distribution. It 

seemed that, during the low workload level, there was more brain activity in the 

alpha band in the posterior area than during high workload. It matched the 

classification result, which revealed that the posterior midline occipital (POz), 

left occipital (O1) and right occipital (O2) channels contributed more than the 

others. The patterns of 2-back and 3-back are very similar for the whole bran, 

which explains the low classification accuracy (55%) in  
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 EEG fNIRS 
EEG + fNIRS 

 PSD FBC HBO HBR 

0-back vs. 

3-back 

Delta 65% 63% 

62% 72% 

74% 

Theta 69% 72% 75% 

Alpha 71% 77% 83% 
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Table 5-4. The individual PSD distribution, illustrated in the middle column of 

Figure 6, indicates the difficulty of the classification to an extent. Furthermore, to 

validate the observation, the right column of Figure 5-6 shows the accuracy of 

using each channel’s PSD as the input. As expected, the posterior area can 

provide more than 70% accuracy for 0-back vs. 2-back and 0-back vs. 3-back 

tasks.  

The topographic map of HbR features is shown in Figure 5-7. Similar to EEG, 

the averaged HbR distribution of 0-back is significantly different from that of 2-

back and 3-back, shown in the left column. More specifically, the frontal-right 

area has increased HbR following the increment of workload level while the 

Figure 5-6 Topographic map of the EEG alpha-band PSD. Left: average; 
Middle: each participant; Right: Accuracy using each-channel PSD as 
the input. The area that provides the highest accuracy is highlighted. 
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frontal-centre and middle-left areas have decreased HbR following the 

increment of workload level. All these findings have been supported by the 

classification result of individual channels (Figure 5-7). There is no significant 

difference between 2-back and 3-back in terms of the overall pattern. The 

individual HbR distribution is illustrated in the middle column of Figure 5-7. 

Furthermore, to validate the observation, the right column of Figure 5-7 shows 

the accuracy of using each channel’s HbR as the input. It is noted that the right 

frontal area can provide more than 70% accuracy for the 0-back vs. 3-back 
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task. Interestingly, the accuracy of the posterior area (PPOz) was close to 70% 

for 0-back vs. 2-back and 0-back vs. 3-back tasks, which was not easy to 

observe from the feature visualisation. It also matched the findings in the EEG 

analysis. 

To visualise the FBC features, a heat map was used as shown in Figure 5-8. 

The maps for individual participants are illustrated in Figure 8A–C for 0-back, 2-

Figure 5-7 Topographic map of the fNIRS HbR features. Left: average; 
Middle: each participant; Right: Accuracy using each-channel HbR feature 
as the input. The area that provided the highest accuracy is highlighted. 

Figure 5-8 The heat map of MI FBC features and the accuracy results. (A–
C) shows the MI value for each participant in 0-back, 2-back, and 3-back 
task. (D–F) represents the classification accuracy for 0-back vs. 2-back, 0-
back vs.3-back and 2-back vs. 3-back, respectively, using each pair of EEG 

channels as the input where the FBC value was estimated by MI. 
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back and 3-back respectively. The accuracy of the three classification tasks is 

illustrated in Figure 5-8(D)–(F) for 0-back vs. 2-back, 0-back vs. 3-back, and 2-

back vs. 3-back, respectively. It shows that each participant had a similar FBC 

pattern estimated by MI, while the value of different regions varied. 

Furthermore, it helped us to understand the differential contribution of the 

various brain regions for mental workload discrimination. The functional brain 

connectivity between frontal channels and Fp1 estimated by MI had a significant 

increase when the workload level became higher. It was also proved in Figure 

8D–F that the following pairs left frontopolar–anterior midline frontal (Fp1:AFz), 

left frontopolar–left frontal (Fp1:F1),  left frontopolar–right frontopolar (Fp1:Fp2) 

and left frontopolar–right frontal (Fp1:F2) provided relatively higher classification 

accuracy when differentiating 0-back from 2-back and 3-back. 

5.4 Discussion 

A comparative analysis of previous research and the proposed work employing 

EEG and fNIRS in mental workload classification is shown in Table 5-6. This 

Chapter now discusses the results in detail from three aspects: EEG vs. fNIRS, 

univariate vs. multivariate features, and independent vs. hybrid feature. 

Table 5-6 A comparative analysis of the previous research and the proposed 
work. 

Reference Study Setting Classifier Accuracy 

Liu . (Liu ., 
2016) 0-, 1-, 2- N-back LDA 

64.4% (EEG)  
55.6% (fNIRS)  
68.1% (EEG+fNIRS) 

Aghajani . 
(Aghajani ., 
2017) 

0-, 1-, 2-, 3- N-back SVM 
85.9% (EEG) 
74.8% (fNIRS) 
90.9% (EEG+fNIRS) 

Nguyen . 
(Nguyen ., 
2017) 

Simulated driving 
system FLDA 

73.7% (EEG) 
70.5% (fNIRS) 
79.2% (EEG+fNIRS) 
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Saadati . 
(Saadati ., 
2020) 

N-back 
DSR 
Word generation 
LHand vs RHand 

DNN, SVM 

67.0% (EEG-DNN) 
80.0% (fNIRS-DNN) 
87.0% (EEG+fNIRS-
DNN) 
82% (EEG+fNIRS-
SVM) 

Chu . (Chu 
., n.d.)  Mental workload SVM, RF, DT 

55.4% (EEG-RF) 
69.2% (fNIRS-RF) 
78.3% (EEG+fNIRS-
RF) 

Proposed study 0-, 2-, 3-back SVM 

77% (0-back vs. 2-
back) 
83% (0-back vs. 3-
back) 
59% (2-back vs. 3-
back) 

Abbreviations: LDA—Linear discriminant analysis; SVM—Support Vector 

Machine; FLDA—Fisher Linear Discriminant Analysis; DNN—Deep Neural 

Network; RF—Random Forest; DT—Decision Tree; DSR—

discrimination/selection response task. 

5.4.1 EEG vs. fNIRS 

On one hand, EEG needed a longer data length to suggest difference between 

different-level workloads. To be more specific, a 40 s time window was the most 

suitable, while 5 s was suggested for fNIRS. That is to say, fNIRS required less 

response time to support a satisfactory classification accuracy, which meant it 

may be more efficient in actual application. On the other hand, the EEG-based 

features, especially the FBC, represented obvious advantages over the fNIRS-

based features in classification accuracy although the FBC methods were more 

complicated and entailed a higher computational cost.  

The best region for assisting in the discrimination of the mental workload was 

different for EEG and fNIRS. Specifically, the posterior area performed the best 

for EEG (POz) in the alpha band and fNIRS had superiority in the right frontal 

region (AF8). Some studies suggested similar findings. Brouwer . (Brouwer 
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., 2012) found the alpha power of the midline parietal (Pz) region in EEG 

recordings significantly decreased with memory load, effectively distinguishing 

2-back from 0-back. Chu . (Chu ., n.d.) stated that the alpha-power of 

O1 indicated differences between multi-level workloads. Regarding fNIRS, the 

prefrontal areas were well-accepted for measuring variations in mental workload 

(Han ., 2019; Karran ., 2019; Midha ., 2021). However, there was 

limited research pointing out a determined channel that contributes the most. 

Our study narrowed down the region (right frontal) to support the discrimination 

of workloads, as evidenced by the topographic visualisation of the machine-

learning classification results. 

5.4.2 Univariate vs. Multivariate Features 

Considering the EEG features, the bivariate FBC approaches obtained more 

satisfactory accuracy compared to the univariate PSD features. The results of 

this Chapter provide evidence to support the hypothesis that the FBC not only 

estimated the informational intercommunication of separate brain regions but 

also tracked distinct changes for different levels of workload. There are other 

supporting studies for this hypothesis in the literature on workload classification. 

Pei . (Pei ., 2021) suggested the fusion of band power and FBC 

features, which were estimated by PLV and the phase lag index (PLI), 

enhanced the classification performance of workload identification. The PLI-

based FBC was also used by Kakkos . (Kakkos ., 2021), and the study 

implied that using FBC emphasised its ability to serve as a promising indicator 

for different workload levels. Our framework employed four FBC estimations 

that illustrated connections with various properties, and MI outperformed PCC, 

MSC and PLV for the highest classification accuracy. In this case, the proposed 

framework deepened the use of the FBC technique in the field of mental 

workload discrimination. Furthermore, it implied that, among different levels of 

workload, the greatest changes occurred in nonlinear brain connectivity.  

5.4.3 Independent vs. Hybrid Feature 

The hybrid features of EEG and fNIRS outperformed the independent category 

of features in classification results, achieving the highest accuracy of 77% for 0-
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back against 2-back and 83% for 0-back against 3-back. It meant that different 

methods explored distinct information and became complementary to each 

other thereby improving classification performance. The results agreed with the 

conclusion in the literature (Karran ., 2019; Nguyen ., 2017; Saadati 

., 2020). The present Chapter is an advance on previous studies because it 

generated new knowledge about regional information by comparing the foci of 

independent types of features. To an extent, it paved the way to use an EEG–

fNIRS hybrid sensor in real-world workload classifications. 

5.5 Conclusions 

In this Chapter, a novel solution relying on hybrid EEG–fNIRS features was 

proposed to deal with multi-level mental workload classification supported by 

machine-learning classifiers. To be more specific, the univariate PSD and four 

bivariate FBC features were extracted from an EEG recording in three 

frequency bands. With the assistance of HbO and HbR indicators from fNIRS, 

the fused features improved classification performance. Moreover, topographic 

and heat-map visualisation indicated distinct regions for EEG and fNIRS that 

represented difference among 0-back, 2-back and 3-back. Overall, the FBC 

technique based on an EEG recording proved its value in mental workload 

classification, and accuracy improvement emphasised the effectiveness of the 

hybrid EEG–fNIRS. The one limitation of this Chapter was that there was a 

volume conduction effect in the EEG dataset, but the high classification 

accuracy suggested that the functional connectivity was effective for classifying 

different workloads. One potential future work would be to use bipolar channels 

rather than unipolar channels or to pre-process the data to mitigate volume 

conduction. 
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5.6 Supplementary  

Figure 5-9 Channels and locations for the EEG (Left) and fNIRS 
(Right) recordings. 
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Figure 5-11 fNIRS average HbR value of each of 26 participants in 
three levels of workload 

Figure 5-10 fNIRS average HbO value of each of 26 participants in 
three levels of workload 
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6 Effective Connectivity Estimation Using Attention-
based Convolutional Neural Networks  

This Chapter is based a paper under preparation, ‘Imaging of Effective 

Connectivity Network Using Causality Detection Attention-based Convolutional 

Neural Networks (CD-ABCNN)’. 

6.1 Introduction 

Effective brain connectivity (EBC) refers to the causal influence of one brain 

region on another, that is, how one area of the brain affects the activity of 

another area (Cao ., 2022; Zarghami and Friston, 2020). It is a key concept 

in neuroscience and neuroimaging, and it has been used to study a wide range 

of brain functions, including perception, attention, memory, and decision-making 

(Babiloni ., 2003; Chai ., 2019; Maggioni ., 2021; Shaw ., 

2019). Effective connectivity can be estimated using various neuroimaging 

techniques, such as functional magnetic resonance imaging (fMRI) and 

magnetoencephalography (MEG), as well as electroencephalography (EEG) 

(He ., 2019; Yuan Wang ., 2018; Wei ., 2021; Zou and Ji, 2021). In 

recent decades, advances in these and other imaging techniques have allowed 

researchers to delve deeper into the brain's connectivity patterns and how they 

relate to behavior, cognition, and disease. The study of effective connectivity 

networks (ECNs) has provided new insights into the workings of the brain and 

has implications for our understanding of brain disorders such as Alzheimer’s 

disease (AD), Parkinson’s disease (PD), mild cognitive impairment (MCI) and 

epilepsy (Blinowska ., 2017; Maggioni ., 2021; McBride ., 2015; 

Zhou ., 2021). Therefore, finding an effective estimation for ECN has 

excellent clinical and humanistic relevance. 

Model-based methods are techniques used to estimate effective connectivity in 

the brain by fitting mathematical models to brain imaging data. These models 

describe the relationships between different brain regions and can provide a 

more nuanced understanding of the causal interactions between brain regions 

(Cao ., 2022; Sakkalis, 2011; Salman ., 2018; Zhao ., 2012). Some 
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commonly used model-based methods for effective connectivity include: 

Dynamic Causal Modelling (DCM) (Brown and Friston, 2012; Herz ., 2012; 

Lee ., 2020; Van de Steen ., 2019), Structural Equation Modelling 

(SEM) (Astolfi ., 2004; Babiloni ., 2003; Sartori ., 2012), and 

Granger causality-related methods (Hasanzadeh ., 2022; Seth ., 2015). 

Most of the Granger causality measures are constructed based on 

autoregressive models, in which the present samples of the signals are 

predicted using a linear or nonlinear combination of the past samples 

(Omidvarnia ., 2011; van Mierlo ., 2014; Zhao ., 2013, 2020). 

Besides the traditional Granger method, the Error Reduction Ratio–causality 

(ERR-causality) test was proposed to estimate the time-varying direction and 

strength of linear or nonlinear causality between two signals as well as their 

relative time shift (Sarrigiannis ., 2014; Zhao ., 2012, 2020). However, 

Model-based methods for estimating effective connectivity have some 

limitations and drawbacks: (1) model complexity: model-based methods often 

require the specification of a complex model, which can be difficult to develop 

without sufficient knowledge of the target system and can limit the 

generalizability of the results; (2) model misspecification: if the model used to 

estimate effective connectivity is not an accurate representation of the 

underlying brain dynamics, the results may be biased or misleading; (3) Limited 

flexibility: model-based methods are often inflexible in handling complex data 

structures or large data sets. This can be a problem when dealing with non-

linear relationships or high-dimensional data. These limitations highlight the 

need for continued development and refinement of model-based methods for 

effective connectivity and the importance of developing alternative methods 

(model-free) that can complement or supplement these methods. 

Data-driven (non-parametric) methods gradually represent the power of 

calculation causal intercommunication between the multiple components of 

brain networks. Unlike parametric-model-based methods, data-driven 

approaches do not need to build a model before calculating connections. In 

other words, it could avoid assumptions of an unknown system, improving the 

efficiency of algorithms to a certain extent. The advancement of deep learning 
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technology has facilitated the exploration of novel approaches utilizing deep 

learning methods for the estimating brain effective connectivity networks 

(ECNs). Such methods include multi-layer perceptron neural networks (Talebi 

., 2018), recurrent neural networks (Yueming Wang ., 2018), and effective 

connectivity learning based on spatiotemporal graph convolutional models (Zou 

and Ji, 2021). However, the current deep-learning methods mostly ignore the 

distinction between direct and indirect causality, pursuing learning the effective 

connectivity between each pair of brain areas. In practice, each cortical region 

causally influences the rest of the brain through different paths. The 

convolutional neural networks (CNN) are already successfully applied time-

series problems, including drilling string vibration (Chen ., 2020) and multi-

sensor based human activity recognition problems (Yang ., 2015). 

However, even though time series research is related to EEG brain connectivity 

problem, the potential of CNN to track ECNs from EEGs has not been explored. 

To address those limitations and align with the extension of CNN, the attention 

mechanism is involved to simply the ECNs by removing indirect effective 

connectivity. 

The present Chapter proposes causality detection attention-based convolutional 

neural networks (CD-ABCNN) to estimate ECNs with the purpose of efficiently 

exploring the difference between AD patients and healthy controls (HC) using 

EEG recordings by constructing a directed causal graph of causal relationships. 

The attention mechanism significantly increases the interpretability of ECNs. 

The proposed approach is first validated by the simulated data generated via 

multivariate autoregressive (MVAR) models and then performed on the practical 

EEG dataset of ADs and HCs (N=40). With the assistance of novel and 

advanced visualisation methods, it is found that AD differs from the HC in terms 

of ECNs, and regional information has been revealed. Overall, this Chapter 

provides valuable insights into the complex interplay between brain networks 

and AD and highlights the need for further research to fully understand the 

mechanisms underlying this neurodegenerative disease. 
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6.2 Methods   

6.2.1 Causality Detection Attention-based Convolutional Neural 
Networks (CD-ABCNN) 

 The CD-ABCNN model comprises a set of independent attention-based 

convolutional neural networks (CNNs), each having the same architecture but a 

distinct target time series, and the number of networks (𝑁𝑁) depends on the 

number of channels. Figure 6-1 depicts the architecture of a single network 𝑁𝑁𝑖𝑖, 

which aims to predict its target time series, 𝑋𝑋𝑖𝑖 , by minimizing the loss, 𝐿𝐿 , 

between the predicted value, 𝑋𝑋�𝑖𝑖, and the actual values of 𝑋𝑋𝑖𝑖. The input to the 

network comprises an 𝑁𝑁 ×  𝑇𝑇 dataset, 𝑋𝑋, containing 𝑁𝑁 equal-sized time series. 

During the training process, the attention mechanism computes attention 

Figure 6-1 The architecture of the proposed Causality Detection Attention-
based Convolutional Neural Networks (CD-ABCNN). Here is an example to 
predict 𝒙𝒙𝒊𝒊, with 2 hidden layers (L=2), kernel size K = 2 (shown as arrows) and 
dilation coefficient d = 2, leading to a receptive field R = 8. It consists of N 
channels, one for each input time series. A PReLU activation function is 
applied after each convolution. Weights 𝑾𝑾 are shared across layers, indicated 
by the identical colours. The N channels have T steps, L = 1 hidden layer in the 
depthwise convolution and N×2 kernels with kernel size K = 2. The attention 
scores a are multiplied elementwise with the input time series, followed by an 
elementwise multiplication with the kernel. In the pointwise convolution, all 
channel outputs are combined to construct the prediction 𝒙𝒙𝒊𝒊. 
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scores, 𝑎𝑎𝑖𝑖, indicating where the network focuses its attention while predicting 𝑋𝑋𝑖𝑖. 

As the network employs the attended time series for prediction, this time series 

is likely to contain information that is useful for prediction, implying a causal 

relationship between the attended time series and the target time series, 𝑋𝑋𝑖𝑖. 

The CD-ABCNN incorporates dilated convolutions within its architecture. Dilated 

convolutions employ a kernel over an area larger than its size by skipping input 

values with a certain step size 𝑓𝑓, known as the dilation factor. The dilation factor 

increases exponentially with the chosen dilation coefficient c, such that 𝑓𝑓 =  𝑐𝑐𝑙𝑙  

for layer 𝑙𝑙. The stacked dilated convolutions enable the network to operate on a 

coarser scale without loss of resolution or coverage. 

To enable multivariate causal discovery, a one-dimensional depthwise 

separable architecture is employed in the CD-ABCNN. This architecture keeps 

the input time series separated and employs depthwise convolutions, where 

channels are kept separate by applying a different kernel to each input channel, 

followed by a 1 × 1 pointwise convolution that merges together the resulting 

output channels. The use of a depthwise separable architecture improves 

accuracy and convergence speed and allows for a correct interpretation of the 

relationship between an input time series and the target time series, without 

mixing the inputs (Nauta ., 2019).  

An attention mechanism is incorporated into the CD-ABCNN architecture to 

determine where a network focuses when predicting a time series. Each 

network has its own attention vector 𝒂𝒂𝒊𝒊 = [𝑎𝑎1𝑖𝑖, 𝑎𝑎2𝑖𝑖,𝑎𝑎3𝑖𝑖 … ,𝑎𝑎𝑛𝑛𝑛𝑛]  which is multiplied 

with the input time series 𝑋𝑋𝑗𝑗 in network 𝑁𝑁𝑖𝑖. Attention score 𝑎𝑎𝑗𝑗𝑗𝑗 𝒂𝒂𝒊𝒊   indicates 

how much 𝑁𝑁𝑖𝑖 attends to input time series 𝑋𝑋𝑗𝑗 for predicting target 𝑋𝑋𝑖𝑖. A high value 

for 𝑎𝑎𝑗𝑗𝑗𝑗 𝒂𝒂𝒊𝒊 suggests that 𝑋𝑋𝑗𝑗 might cause 𝑋𝑋𝑖𝑖, while a low value implies that 𝑋𝑋𝑗𝑗 is 

unlikely to be a cause of 𝑋𝑋𝑖𝑖. The attention scores are used after training of the 

networks to identify the potential causes of a target time series. The attention 

scores can be used to identify potential causal relationships even between time 

series in the same network. In addition to detecting causal relationships, the 

proposed CD-ABCNN also determines the time lag between the cause and 

effect. This is accomplished through the kernel weights 𝑊𝑊, which correspond to 
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a causal input time series 𝑋𝑋𝑗𝑗  from a network 𝑁𝑁𝑖𝑖  that predicts the target time 

series 𝑋𝑋𝑖𝑖. The weights 𝑊𝑊 assigned to each channel output indicate the relative 

Figure 6-2 Methodology of CD-ABCNN performed on practical 23 channel 
EEG recordings. CD-ABCNN employs 23 independent CNNs, denoted as 
𝑵𝑵𝑵𝑵. . .𝑵𝑵𝑵𝑵𝑵𝑵, where each network takes each channel of 23-channel EEGs of 
length 𝑻𝑻 as input (𝑵𝑵 is equivalent to the number of time series in the input 
data set). The CD-ABCNN constructs a temporal causal graph, namely 
effective connectivity networks.   
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significance of each time delay. For example, if the past value 𝑋𝑋𝑗𝑗5 of the input 𝑋𝑋𝑗𝑗 

has the highest weights when the network 𝑁𝑁𝑖𝑖  predicting the future value 𝑋𝑋𝑖𝑖8 

target time series 𝑋𝑋𝑖𝑖, the time delay will be 8 5 = 3. In this case, based on the 

attention mechanism and the learnt time delay, the indirect causality has been 

removed from the resulting causal graph.  

Figure 6-2 illustrates an overview of the proposed CD-ABCNN algorithm when 

applied to real-world EEG recordings with 23 channels. The methodology 

involves the use of 23 independent CNN networks, which are denoted as 

𝑁𝑁1,𝑁𝑁2, … ,𝑁𝑁23. For the network 𝑁𝑁𝑖𝑖, 23-channel EEG recordings were fed into the 

𝑖𝑖𝑡𝑡ℎ network to predict 𝑖𝑖𝑡𝑡ℎ-channel EEG. In this case, the output of 𝑖𝑖𝑡𝑡ℎ network is 

the causal information flows from each of the input 23-channel EEG recordings 

to the target channel (𝑖𝑖𝑡𝑡ℎ). The output of each network represents the causal 

information flow from each input channel to the target channel. These causal 

relationships are then combined to construct a directed graph, which represents 

the ECN. The resulting ECN represents the collective causal relationships 

between all 23 EEG channels, providing insights into the underlying effective 

connectivity patterns in the brain. 

6.2.2 MVAR-model Simulation  

A multivariate autoregressive model (MVAR) is a statistical model that 

describes the relationship between multiple time series variables by 

representing each variable as a linear function of its own past values as well as 

the past values of all the other variables in the system (Ghumare ., 2018; Li 

., 2020). The model is specified by a set of parameters that define the 

strength and direction of the interdependence among the variables.  

For a given time series,  𝑿𝑿(𝑛𝑛) = [𝑥𝑥1(𝑛𝑛), 𝑥𝑥2(𝑛𝑛), … , 𝑥𝑥𝑚𝑚(𝑛𝑛)]𝑇𝑇  , a multivariate 

autoregressive (MVAR) model of order 𝑝𝑝 is defined as (Talebi ., 2018): 

𝑋𝑋(𝑛𝑛)  =  

𝑥𝑥1(𝑛𝑛)
𝑥𝑥2(𝑛𝑛)

.

.

.
𝑥𝑥𝑚𝑚(𝑛𝑛)

 =  �𝐴𝐴𝑑𝑑

𝑥𝑥1(𝑛𝑛 𝑑𝑑)
𝑥𝑥2(𝑛𝑛 𝑑𝑑)

.

.

.
𝑥𝑥𝑚𝑚(𝑛𝑛 𝑑𝑑)

 + 

𝜎𝜎1(𝑛𝑛)
𝜎𝜎1(𝑛𝑛)

.

.

.
𝜎𝜎𝑚𝑚(𝑛𝑛)

𝑝𝑝

𝑑𝑑=1

 (6-1) 
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where the 𝐴𝐴𝑑𝑑 is defined as: 

𝐴𝐴𝑑𝑑  =  �
𝑎𝑎11𝑑𝑑 𝑎𝑎1𝑚𝑚𝑑𝑑

𝑎𝑎𝑚𝑚1
𝑑𝑑 𝑎𝑎𝑚𝑚𝑚𝑚

𝑑𝑑
�  ,       𝑑𝑑 = 1,2, … ,𝑝𝑝 (6-2) 

for 𝑑𝑑 = 1,2, … ,𝑝𝑝 . The real-valued coefficient 𝑎𝑎𝑖𝑖𝑖𝑖𝑑𝑑  is the weighting factor that 

characterizes the contribution of 𝑥𝑥𝑗𝑗(𝑛𝑛 𝑑𝑑) to 𝑥𝑥𝑖𝑖(𝑛𝑛). 

6.2.3 Real EEG data 

The Chapter recruited both healthy control (HC) participants and patients diagnosed 

with Alzheimer's disease (AD), confirmed through neuropsychology testing and 

structural and functional MRI scans. The EEG recordings utilized in the Chapter were 

collected during task-free conditions and were previously employed in other research 

studies (Durongbhan ., 2019; Zhao ., 2020). The EEG recordings were acquired 

using a combination of 10/10 and 10/20 international system of electrode placement 

with an XLTEK 128-channel headbox (Optima Medical LTD) and were sampled at a 

rate of 2K Hz (analogue low pass filter at 600Hz) with an earlobe reference. Resting-

state EEG recordings were obtained from each participant for 30 minutes, which 

included distinct 5-minute epochs of eyes open (EO) and eyes closed (EC). The data 

were categorized based on age group, either below 70 or above 70, and were collected 

twice for each participant in the two physiological states of EO and EC. Table 6-1 

provides an overview of the four groups and their respective composition. 

Table 6-1

 AD HC 

Above 70 EO 4 10 

Below 70 EO 16 10 

Above 70 EC 4 10 

Below 70 EC 16 10 
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The EEGs recorded in this Chapter were reviewed using XLTEK equipment (Optima 

Figure 6-3 Performance of the proposed CD-ABCNN using the MVAR-model 
simulated data. (a)  the structure of the designed 5-node networks;  the 
simulated data based on 5-node MVAR-simulated networks;  and  the ground 
truth of the causal relationship of the designed 5-node networks;  and   the 
learnt of the causal relationship of the designed 5-node networks; . (b)  the 
structure of the designed 9-node networks;  the simulated data based on 9-node 
MVAR-simulated networks;  and  the ground truth of the causal relationship 
of the designed 9-node networks;  and   the learnt of the causal relationship of 
the designed 9-node networks; (c) the performance of the proposed CD-ABCNN 
on 5-node and 9-node simulated time series. 
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Medical LTD) with bipolar derivations and time-locked video recordings. The available 

bipolar channels were Fp2-F8, Fp1-F7, F8-F4, F7-F3, F4-C4, F3-C3, F4-FZ, FZ-CZ, 

F3-FZ, T4-C4, T3-C3, C4-CZ, C3-CZ, CZ-PZ, C4-P4, C3-P3, T4-T6, T3-T5, P4-PZ, 

P3-PZ, T6-O2, T5-O1, P4-O2, and P3-O1. From each of the 40 healthy control and 

Alzheimer's disease patients, artifact-free EEG epochs were selected for eyes open and 

eyes closed conditions, with each epoch lasting 12 seconds. The data pre-processing and 

export were performed using Spike 2 software (version 8), where a time constant of 𝜏𝜏 = 

0.08s (high pass filter at 2 Hz) was applied to attenuate any delta or slower frequency 

artifacts, such as those generated by eye blinking and movements. 

6.3 Results  

6.3.1 Study 1: Simulated Data 

The proposed CD-ABCNN has demonstrated robustness and efficiency in 

estimating causal relationships among nodes in both 5-node and 9-node 

MVAR-simulated networks. The 5-node model only contained pairwise direct 

causal information flow (Figure 6-3(a) ). The 9-node network (Figure 6-3(b) ), 

designed to include both direct and indirect causality, allowed for an evaluation 

of the attention mechanisms in the proposed model. Simulated 2000-point time 

series were generated for both models, and the simulation process was 

repeated 50 times based on the same MVAR model. Ground truth causality 

networks were compared to the learned networks for both models. The 

simulated time series data exhibited clear causal relationships, as illustrated in 

Figure 6-3(a)  and  and Figure 6-3(b)  and  (ground truth). The learned 

networks, shown in Figure 6-3(a)  and  and Figure 6-3(b)  and , indicate 

that the proposed CD-ABCNN was able to accurately estimate pairwise 

causality for the 5-node network, achieving almost 100% accuracy, recall, and 

precision (Figure 6-3(c)). This suggests that the attention mechanisms were 

effective in simplifying the causality networks. For the 9-node network, the 

precision remained robust (Figure 6-3(c)), which indicates that the proposed 

framework would not learn wrong causal influence between two channels. The 

result also suggests that it correctly identified the direct causal influences 

among nodes without introducing any indirect connections (Figure 6-3(b) ). 
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However, there was a significant decrease in recall (Figure 6-3(c)), due to the 

model ignored some of t

To be more specific, there are two paths from node 4 to node 2. One is node 4 

Figure 6-3(b) ). In this 

case, the latter one is recognised as the indirect connectivity, which will be 

ignored the proposed framework. This observation supports the notion that the 

proposed attention mechanisms simplify the causality networks, highlighting the 

most important causal influences. These results suggest that the proposed CD-

ABCNN can be a useful tool for investigating causal relationships among nodes 

in complex systems. 

6.3.2 Study 2: AD and HC EEG 

To reveal the difference between AD and HC in terms of ECN,  the proposed 

CD-ABCNN was performed on EEG recordings of each participant. Figure 6-4 

illustrates a comparison between an Alzheimer's Disease (AD) patient and a 

Healthy Control (HC) participant. By analysing the learned effective connectivity 

networks of the brain for both participants, it appears that AD may not have a 

significant impact on the whole brain networks, but it does lead to the loss of 

several important connections. The heat maps representing the learned 

pairwise effective connectivity for both participants reveal a similar pattern with 

some notable differences. For instance, the midline centroparietal area (Cz-Pz) 

in the HC participant is causally linked to both the left and right centroparietal 

regions (C3-P3 and C4-P4) with bi-directed effective connectivity, but these 

connections are missing in the AD patient. This observation is significant 

because it sheds light on the potential effects of AD on brain networks. The loss 

of causal connections in specific regions of the brain could have far-reaching 

consequences for brain function, and may help to explain some of the cognitive 

and behavioural symptoms associated with AD. The midline centroparietal area 

is a critical region for attention and working memory (Pezzetta ., 2023; 

Pisauro ., 2017; Salehinejad ., 2021), and its loss of connection with 

the left and right centroparietal regions could explain the impairment of these 

functions in AD patients (Figure 6-4(c) and (f)). Moreover, the finding that AD 
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affects specific connections in the brain rather than whole brain networks 

Figure 6-4 The visualisation of the learnt ECNs of one AD (left) and one HC 
(right). (a) and (d) the heat map of the learnt ECNs; (b) and (e) the chord diagram 
of the learnt ECNs. The order and locations of channels are designed to 
correspond the brain areas;(c) and (f) the learnt ECNs with corresponding brain 
regions. 23 bipolar derivations were created from 8 different brain regions 
labelled by distinct colour: the left frontal (F7–F3, F3–FZ), right frontal (F8–F4, 
F4–FZ), left frontocentral, temporo- central, temporal and centroparietal (F3–C3, 
T3– C3, T3–T5, C3–P3), right frontocentral, temporo- central, temporal and 
centroparietal (F4–C4, T4–C4, T4–T6, C4–P4), midline frontocentral, 
centroparietal and left and right parasagittal central regions (Fz– Cz, Cz–Pz, C3–
Cz, C4–Cz), left parietal, parieto-occipital and temporo-occipital areas (P3–Pz, 
P3– O1, T5–O1), right parietal, parieto-occipital and temporo-occipital areas (P4–
Pz, P4–O2, T6–O2) and midline occipital region (O1–O2)). 
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suggests that targeted interventions or treatments that restore these 

connections may be a promising approach. It is essential to identify the specific 

connections that are most affected in AD and to develop interventions that can 

promote their restoration. These interventions may include cognitive training, 

physical exercise, or even brain stimulation techniques such as transcranial 

magnetic stimulation (TMS) or transcranial direct current stimulation (tDCS). 

Therefore, this Chapter provides valuable insights into the complex interplay 

between brain networks and AD and highlights the need for further research to 

fully understand the mechanisms underlying this devastating disease. 

To further statistically compare the HC and AD in terms of learnt ECNs, the 

ECN of all HC participants (𝑁𝑁𝐻𝐻𝐻𝐻 = 20 ) and AD patients (𝑁𝑁𝐴𝐴𝐴𝐴 = 20 ) were 

summed in eyes closed (EC) and eye open (EO) states (Figure 6-5). Similar to 

previous results obtained from the single participant, the sum of ECNs also 

indicates a likely pattern of HC and AD in EC and EO state, respectively (Figure 

6-5(a), (b), (d) and (e)). The Figure 6-5(c) and (f) illustrate the difference 

between HC and AD (HC-AD). The result is consistent with previous research 

findings that suggest that AD patients exhibit altered effective connectivity in the 

brain, which could be due to neurodegeneration and synaptic dysfunction. 

In the EC condition, some pairwise effective connectivity is learnt for all AD 

patients, such as C3-Cz -Fz, C4- -Fz and Fz- -C3 (yellow-

circle area, Figure 6-5(a)) and (b)), while several HC participants seems not 

have effective connectivity in terms of the mentioned information flows. 

Furthermore, this area witnesses the most significant difference between  HC 

and AD with value of -6 (Figure 6-5(c)). In the EO condition, the causality from 

P4-Pz and P3-Pz to O1-O2 is recognised by the proposed CD-ABCNN for all 

HC participant, while some AD patients loss those connections (green-circle 

area, Figure 6-5(d) and (e)). This results in the difference value of 5 and 3, 

respectively (Figure 6-5(f)). However, the most significant difference occurs at 

channel P3-O1. To be more specific, the most of ADs (15),  indicate that there 

is causal information flow from P3-O1 to T3-C3 under the EO condition while 

small number of HCs (6) represents this learnt pairwise effective connectivity. In 
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contrast, almost all HCs (19) is recognised to have directed relationship of P3-

Figure 6-5 The statistical comparison of AD and HC in terms of the learned ECNs 
under EO and EC condition, using the proposed CD-ABCNN framework. (a) the 
sum of ECNs of HC under EC condition; (b) the sum of ECNs of AD under EC 
condition. The yellow circles indicate specific pairs of channels show learned 
effective connectivity for all AD patients, but not for all HCs. (c) the heat map of 
difference between HC and AD under EC condition, namely (a)-(b); (d) the sum of 
ECNs of HC under EO condition; (e) the sum of ECNs of AD under EO condition. 
The green circles indicate specific pairs of channels show learned effective 
connectivity for all HCs, but not for all AD patients. The red circles indicate 
specific pairs of channels that imply the AD and HC are affected by the eyes’ 
conditions (EO/EC) to varying degrees. (f) the heat map of difference between HC 
and AD under EO condition, namely (d)-(e); (g) the comparison of AD and HC in 
terms of top 15 pairs of channels that shows the most significant difference 
under EC condition; (h) the comparison of AD and HC in terms of top 15 pairs of 
channels that shows the most significant difference under EO condition. Some 
combinations have common EEG channels because a bipolar approach is 
employed (such as F4–C4 and C4–P4), which may result in a misleading high 
false connectivity between some of the bipolar channels. To avoid this issue, the 
authors neglected any pair with common EEG electrodes. Therefore, the 46 
channel pairs that have this characteristic were not considered. 
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O1 -O2, whereas nearly half of ADs (8) loss this connection.  

Besides, the AD and HC are affected by the eyes’ conditions (EO/EC) to 

varying degrees. The red-circle area of ECNs of HC exhibited such a 

phenomenon that there is a huge decrease in terms of the marked effective 

connectivity from EC to EO condition. However, the eyes’ conditions have few 

influences on the ECNs of AD at the same area (red circle). This also explain 

the mentioned findings that this area illustrates the largest gap between HC and 

AD under EO condition, while there is no obvious difference under EC condition. 

Another interesting observation is that, for both AD and HC, there is few 

effective connectivity related to the channel F8-F4 and F7-F3. They do not 

affect other areas at all and are rarely affected by them.  

Finally, Figure 6-5(g) and (h) illustrate the comparison of AD and HC in terms of 

top 15 pairs of channels that show the most significant difference in EO and EC 

conditions. The findings showed that the channels varied significantly between 

the two distinct eyes' conditions, indicating the importance of controlling for the 

eyes' conditions in any diagnosis and monitoring of AD using ECN-related 

features. 

To reveal the distribution of the learnt ECNs, as well as explore the specific 

brain regions that contribute to the significant difference, the learnt ECNs for HC 

and AD under EC and EO are shown in Figure 6-6. The causal relationship that 

represents the most significant difference between HC and AD is highlighted by 

the arrows. In the EC condition, the arrow points out the largest difference that 

more AD patients exhibited the effective connectivity of the left frontal (F3-Fz) 

and midline centroparietal (C3-Cz) (Figure 6-6(a) and (b)), which are known to 

be involved in executive functions such as attention and working memory. In the 

EO condition, the arrow points out the largest difference that more AD patients 

exhibited the information flow from the left temporo-central (T3-C3) to left 

parieto-occipital (P3-O1) (Figure 6-6(c) and (d)), which are involved in visual 

processing and attention. This finding is consistent with previous studies that 

have reported altered visual processing in AD patients. Interestingly, the 

effective connectivity among temporal and occipital regions, highlighted by the 
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green rectangle in Figure 6-6(a) and (c), showed that HCs were more sensitive 

to the eyes’ conditions than ADs. Specifically, there was a dramatical decrease 

in terms of the causality from P3-O1 to T3-C3 and T3-C5 and from T3-C3 to P3 

O1 for the HCs with eyes opening, while ADs patients seem not to obviously 

respond to the change of eyes’ condition in the same areas. This suggests that 

Figure 6-6 The regional comparison of AD and HC in terms of the learned ECNs 
under EO and EC condition, using the proposed CD-ABCNN framework. (a) the 
sum of learnt ECNs of HC under EC condition; (b) the sum of learnt ECNs of AD 
under EC condition. The arrow points out the bi-directed causal relationship 
that represent the most significant difference between HC and AD under the EC 
condition. (c) the sum of learnt ECNs of HC under EO condition; (d) the sum of 
learnt ECNs of AD under EO condition. . The arrow points out the causal 
relationship that represent the most significant difference between HC and AD 
under the EC condition. The width of the lines represents variant numbers of 
participants. Significant difference between EO and EC for HCs are highlighted 
by the green rectangles. 
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AD patients may have difficulty processing visual information, which could 

contribute to the cognitive deficits observed in this population. 

6.4 Discussion  

The present study has important implications for the diagnosis and monitoring 

of AD using effective connectivity networks (ECNs). The findings suggest that 

ECNs can be useful biomarkers for identifying changes in effective connectivity 

in AD patients. Therefore, ECNs have the potential to be used as a diagnostic 

and monitoring tool for this population. Several studies also have consistently 

identified abnormalities of effective connectivity in patients with mild cognitive 

impairment (MCI) and AD (Blinowska ., 2017; Sami ., 2018; Scherr 

., 2021; Xue ., 2019). Sami  (2018) suggested that the use of effective 

connectivity analysis is highly suitable for studying the widespread effects of 

neuropathology, as well as the impact of neurodegenerative disease on 

synaptic and axonal function. It is noteworthy that our study is distinct from 

previous research as we identified global brain networks using ECN and 

introduced a unique perspective by eliminating indirect causal relationships. 

This approach simplified the overall network to a certain extent and significantly 

improved its interpretability. The Chapter also highlights the importance of 

controlling the eyes' conditions in ECN-based diagnostic tools to ensure 

accurate and reliable results. This aspect is in line with prior research. For 

example, Miraglia . (2016) reported that the cortical sources of resting EEG 

in eyes-closed and eyes-open conditions might vary in MCI and AD patients 

compared to normal elderly individuals. 

Moreover, the observation that specific channels showed obvious differences in 

effective connectivity in AD and HC groups could be leveraged to develop more 

targeted interventions for AD patients. Sami  (2018) suggested that many 

neurodegenerative diseases are characterized by regional rather than global 

pathology. Our findings suggest the AD abnormally behaviour in terms of 

intercommunication between the left frontal and midline centroparietal regions, 

as well as left temporo-central and left parieto-occipital. Those cortical areas are 

highly related to cognitive control, memory and decision-making processes in 
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human brain (Badre and Nee, 2018; De Jager ., 2018; Dippel and Beste, 

2015; Herding ., 2019; van Vugt ., 2019). There are numerous 

evidences that the AD can result in cognitive decline and affect the ability of 

memory and decision-making (Durongbhan ., 2019; Khojaste-Sarakhsi 

., 2022; Kunneman ., 2017; Mostafavi ., 2018; Trachsel ., 2015), 

which agree with the observations of our study. 

However, there are some limitations of this study. First of all, the linear MVAR is 

used to simulate the EEG signal, whereas non-linear causality is not 

considered. In the real world, human brain is a complex system and contains 

non-linear and non-stationary activities. Although the proposed AB-CNN obtains 

satisfying results in the linear simulated dataset, its generalization and 

robustness have not been fully explored. In the future, neural mass models may 

be used to simulate the EEG/MEG data, which have proven especially fruitful 

for understanding brain rhythms (Byrne et al., 2022). Another drawback is that 

this Chapter does not consider different frequency bands separately, namely 

delta (0.5–4 Hz), theta (4– 8 Hz), alpha (8–13 Hz), beta (13–30 Hz) and gamma 

(30–90 Hz).  Moreover, each frequency band is associated with distinct 

cognitive functions. Therefore, the proposed approaches could be performed on 

a specific band and the result is worth expecting. 

To sum up, the Chapter adds to the growing body of literature on the effective 

connectivity changes in AD and provides valuable insights into the potential of 

ECNs as a diagnostic and monitoring tool. In the meantime, EEG is relative low-

cost imaging technique with high temporal resolution in the millisecond range 

(Haufe ., 2013). Therefore, this Chapter provides possibility of a flexible 

mobile wearable device to monitor the progress of AD. This Chapter also 

highlights the importance of effective connectivity analysis in investigating the 

neural mechanisms underlying AD and sheds light on the importance of 

controlling for the eyes' conditions in any future diagnostic and monitoring 

strategies for AD. Further research should explore the potential of effective 

connectivity analysis in early detection and treatment of AD. 
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7 The Application of Effective Connectivity on Dementia 
Classification Supported by Graph Neural Networks 

This Chapter is based a journal paper, ‘Dementia Classification Using a Graph 

Neural Network on Imaging of Effective Brain Connectivity’, Submitted to 

Artificial Intelligence in Medicine. 

This chapter proposed a framework that introduces a novel directed structure 

learning GNN (DSL-GNN) to leverage several brain effective connectivity 

estimations to extract discriminative biomarkers for dementia classification. 

Different from previous ST-GNN, a novel graph-based framework is proposed to 

utilise directional features from brain networks, which allows efficiently 

combining brain effective connectivity estimations, as multivariate features, with 

univariate biomarkers thanks to the mechanism of GNN. The ST-GNN (Chapter 

4) employs functional connectivity and temporal EEG information. 

7.1 Introduction  

Alzheimer's disease (AD) and Parkinson’s disease (PD) are two of the most 

common forms of neurodegenerative diseases, resulting in the loss of memory 

and cognitive impairments for the former while for the latter motor symptoms 

dominate the clinical symptomatology prior to the development of significant 

cognitive deficits typically years later (Amezquita-Sanchez ., 2019; Borzì 

., 2023; Khojaste-Sarakhsi ., 2022; Mano ., 2022; Zhang ., 2022). 

They most commonly occur among elderly people over the age of 65, but they 

may also affect younger individuals (Brookmeyer ., 2007, 1998). According 

to the World Health Organisation, more than 55 million people are currently 

diagnosed with a certain type of dementia. In this case, it has escalated the 

demand to develop efficient diagnosis methods for AD and PD.  

Electroencephalography (EEG) is a non-invasive diagnostic method for studying 

the bioelectrical function and degeneration of the brain (Chen ., 2020; Li 

and Jung, 2021). Compared with other clinical brain imaging techniques, EEG 

offers higher temporal resolution at a relatively low cost (Ng ., 2022). The 

features extracted from EEG can be categorised into two groups: univariate 
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features that are estimated from a single channel, such as amplitude and power 

spectrum density (PSD); and multivariate features that estimate the relationship 

between different regions, namely brain connectivity, which has attracted 

growing attention in recent years. EEG is well-accepted to estimate brain 

connectivity, which can reveal complex interconnections among contiguous and 

remote cortical regions (Cao ., 2022a, 2021; Tafreshi ., 2019; van 

Mierlo ., 2014). Brain connectivity is believed to help people develop a 

deeper understanding of various neurological conditions including brain 

activities and disorders with their underlying mechanisms (Cao ., 2022b; 

Goldenberg and Galván, 2015; Moon ., 2020; Mumtaz ., 2018; Wen 

., 2022; Xie ., 2022; Zheng ., 2022). It can be subdivided into 

neuroanatomical (or structural), functional and effective connectivity (Cao ., 

2022b). Functional brain connectivity represents the statistical dependencies 

between regional time series. Effective brain connectivity (EBC) tends to 

estimate directed causal connections among neural regions (Friston, 2011; He 

., 2013; Seth ., 2015; Wang ., 2018; Zarghami and Friston, 2020). 

Besides the strength of the connection, the directionality of cortical information 

flow is considered as an additional biomarker (Huang ., 2015; Supp ., 

2007). The hypothesis of this Chapter is that imaging of EBC could track more 

differences between AD, PD and healthy controls (HC). 

One of the most popular methods for EBC identification and estimation is 

Granger causality (GC). GC was applied in respect of linear vector 

autoregressive (VAR) models of stochastic time-series data in the field of 

econometrics (Granger, 1969). Some modifications were introduced to the 

original formula by Geweke (1984). Geweke's measures of Granger causality 

(Geweke-Granger Causality, GGC) were expanded to unconditional causality to 

include conditional time series components to make it possible to distinguish 

between direct and indirect influences (Dhamala ., 2018; Geweke, 1982, 

1984; Varsehi and Firoozabadi, 2021). Baccalá and Sameshima (2001) 

introduced a novel EBC estimation method based on Granger causality - Partial 

Directed Coherence (PDC). It allows estimation of causality with the PDC 

method using a Fourier transform of multivariate autoregressive (MVAR) model 
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coefficients (Luiz A. Baccalá and Sameshima, 2001; Haufe ., 2011). In 

other words, it operates in the frequency domain, however, it is not directly 

related to the power spectrum. Baccala  (2007) introduced a modification 

of that method, called Generalized Partial Directed Coherence (GPDC), to 

improve PDC’s performance in cases of innovations noise that would cause 

errors in predictive modelling. Another method based on Granger causality 

called directed transfer function (DTF) was first introduced by Kaminski and 

Blinowska (1991). It applies GC on MVAR that simultaneously models all 

signals. Such a model, describing expressively the dataset, is transformed into 

the frequency domain, which can be changed into the transfer function of the 

system. Elements of the system indicate the causal influence from input to 

output in concrete frequency (Babiloni ., 2016; He ., 2019). 

Korzeniewska  (2003) noticed that the DTF values may be high in the parts 

of the spectrum where the relative power of the signal is very small, making a 

comparison of outflows at different frequencies. This observation led to the 

introduction of the full frequency Direct Transfer Function (ffDTF). Even though 

various EBC methods have been developed, there are limited studies to 

efficiently use the brain networks with directional information flows in clinical 

applications.  

How to effectively use EBC estimations for the research of disease diagnosis is 

still an open problem. There are two popular strategies, including hand-crafted 

and imaging features (Cao ., 2022b). On one hand, Akbarian and Erfanian 

(2020) employed one value to represent each pair of channels by calculating 

DTF, PDC, and GPDC, and then performed a binary softmax classifier on the 

information of EBC networks. Besides, Bae  (2017) estimated features of 

network properties based on Granger causality and successfully designed a 

support vector machine using the selected features to distinguish between 

alcoholics and normal subjects. In addition, a study was conducted on EBC for 

discrimination between Alzheimer’s patients and healthy individuals using non-

normalized DTF (Blinowska ., 2017). Although ffDTF was tested in this 

Chapter, this version of the DTF method provides less accurate results in the 

classification task, compared with the original DTF. On the other hand, to obtain 
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imaging features, Saeedi  (2021) reconstructed a connectivity image using 

two connectivity measures (PDC and DTF) and eight frequency bands as the 

input of deep learning networks. The proposed framework achieved an 

accuracy of 99.24% in the case of major depressive disorder diagnosis. 

Besides, Olejarczyk and Jernajczyk (2017) demonstrated the direction of 

information flow by imaging the strongest connections determined by DTF. It is 

found that, in patients with schizophrenia, there is a greater number of flows 

from the occipital to the frontal part of the brain, compared with healthy people. 

EBC can also play a significant role in the research of PD. Compared to healthy 

controls, PD patients showed reduced Theta- and Alpha-band EBC among EEG 

channels, which is estimated by PDC (Maggioni ., 2021). Those findings 

suggest that EBC has the potential to reveal abnormal cortical brain activity in 

patients with various neurological disorders.  

To deal with complex brain networks, graph neural network (GNN) has been 

increasingly popular in recent years (Song ., 2021). GNN was successfully 

used to classify AD from health control and mild cognitive impairment (Song 

., 2021) based on the networks estimated by graph theory. It shows that GNN 

outperforms other machine learning classifiers in terms of classification 

accuracy. Besides, Zhong  (2020) obtained satisfying results by combing 

GNN and EEG, which considers each EEG channel as a node in the graph. 

Brain functional connectivity was also employed to work with GNN and it 

obtained satisfying results in AD classification (Shan ., 2022). However, the 

existing research has not employed EBC estimations as the input of GNN. That 

is to say, the causal relationship has not been considered to represent the 

difference in dementia-related diseases. Therefore, the effectiveness of the 

combination of the mentioned EBC and GNN techniques for dementia diagnosis 

requires further investigation. 

This Chapter proposed a framework that introduces a novel directed structure 

learning GNN (DSL-GNN) to leverage several EBC estimations to extract 

discriminative biomarkers for dementia classification. The contributions of this 

Chapter can be summarised into three folds: 
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 A novel graph-based framework is proposed to utilise directional features 

from brain networks, which allows efficiently combining brain connectivity 

estimations, as multivariate features, with univariate biomarkers thanks to 

the mechanism of GNN. 

 To the best of the authors’ knowledge, this is the first time GNN has been 

applied to EBC in an attempt to distinguish AD, PD and HC. In comparison 

to existing GNN, the proposed DSL-GNN is capable of dealing with 

directional information. 

 Proper visualisation is used to reveal regional information and the difference 

between AD, PD and HC. 

7.2 Methods and materials 

Figure 7-1 (A) Effective brain connectivity visualised by a heat map marked 
with the corresponding brain regions; (B) the proposed framework includes 
four main steps: pre-processing, feature extraction (EBC and PSD), graph 
construction, and DSL-GNN classification. The proposed DSL-GNN employs 
brain networks as the input, which is constructed by a graph comprised of 
PSD as nodes and EBC as directional edges.   
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7.2.1 Framework 

In the present Chapter, a novel analytical brain network imaging is constructed 

by a graph comprised of PSD as nodes and EBC as directional edges. We 

compared five EBC estimations using EEG recordings: PDC, GPDC, DTF, 

ffDTF and GGC. Then, a directed structure learning GNN (DSL-GNN) is 

developed to classify AD, PD and healthy control (HC) based on the EBC 

networks and frequency response of each channel. The flowchart of the 

proposed framework is shown in Figure 7-1, including the following steps: pre-

processing, feature extraction (EBC and PSD), graph construction, and DSL-

GNN classification. 

7.2.2 Pre-processing  

EEG recordings were filtered with a pass band of 0.1-45 Hz using finite impulse 

response filtering. To reduce volume conduction effects related to the common 

reference electrode, 23 bipolar derivations were created from different brain 

regions the left frontal (F7–F3, F3–FZ), right frontal (F8–F4, F4–FZ), left 

frontocentral, temporocentral, temporal and centroparietal (F3-C3, T3-C3, T3-

T5, C3-P3), right frontocentral, temporocentral, temporal and centroparietal (F4-

C4, T4-C4, T4-T6, C4-P4), midline frontocentral, centroparietal and left and 

right parasagittal central regions (Fz-Cz, Cz-Pz, C3-Cz, C4-Cz), left parietal, 

parieto-occipital and temporo-occipital areas (P3-Pz, P3-O1, T5-O1), right 

parietal, parieto-occipital and temporo-occipital areas (P4-Pz, P4-O2, T6-O2) 

and midline occipital region (O1–O2)). To explore the contribution of different 

bands, each channel of EEG was filtered into five bands: Delta (<4 Hz), Theta 

(4-8 Hz), Alpha (8-12 Hz), Beta (12-32 Hz) and Gamma (>32 Hz).  

7.2.3 Directed Structure Learning Graph Neural Network  



 

304 

In this Chapter, DSL-GNN has been proposed to learn the directed connectivity 

from the processed connectivity map and further extract the structural feature to 

achieve the learning of the high-level representation. The directed graph used in 

this Chapter is denoted as = (𝜈𝜈, 𝜀𝜀) with 𝑛𝑛 nodes 𝑛𝑛𝑖𝑖  𝜈𝜈, edges �𝑣𝑣𝑖𝑖 , 𝑣𝑣𝑗𝑗� 𝜀𝜀. Its 

adjacency matrix and feature matrix are denoted as 𝐴𝐴 𝑛𝑛×𝑛𝑛  and 𝑋𝑋 𝑛𝑛×𝑐𝑐 , 

respectively, where 𝑛𝑛  is the number of channels which is 23 and 𝑐𝑐  is the 

number of features of each node, which is 5 in this Chapter. The conventional 

Graph Convolutional Network (GCN) (Santerne ., 2016) based methods 

cannot be used in the directed graph since it requests the undirected symmetric 

adjacency matrix. To tackle this, an approximate directed graph Laplacian 

method (Tong ., 2020) based on the personalized PageRank has been 

introduced in this study to encode the directed features. The directed graph 

Laplacian 𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 in the symmetric normalised format is expressed as: 

where 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = 1
�𝜋𝜋𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎�1

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝜋𝜋𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) . The personalized PageRank 𝑝𝑝𝑝𝑝𝑝𝑝  is a 

transition matrix  to sparsify the Laplacian. It is 

defined as follows: 

Lappr = 𝐼𝐼
1
2� 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

1
2

𝑝𝑝𝑝𝑝𝑝𝑝 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

1
2 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

1
2

𝑝𝑝𝑝𝑝𝑝𝑝
𝑇𝑇

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

1
2 � (7-1) 

Figure 7-2 The Flowchart of the proposed DSL-GNN. The input is 
constructed by a graph comprised of PSD as nodes and EBC as 
directional edges.   
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where 𝐴̃𝐴 = 𝐴𝐴 + 𝐼𝐼𝑛𝑛×𝑛𝑛 , which is the self-loops added adjacency matrix. 𝐷𝐷�(𝑖𝑖, 𝑖𝑖) =

 𝐴̃𝐴(𝑖𝑖, 𝑗𝑗)𝑗𝑗  is the diagonal degree matrix. 𝛼𝛼 is the possibility of the link between 

node 𝑛𝑛  and the auxiliary node . 𝜋𝜋𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  is a part of the 𝜋𝜋𝑝𝑝𝑝𝑝𝑝𝑝 , which is the 

eigenvector of the transition matrix 𝑝𝑝𝑝𝑝𝑝𝑝. 𝜋𝜋𝑝𝑝𝑝𝑝𝑝𝑝 =  (𝜋𝜋𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 ,𝜋𝜋 )  

Based on Eq. (2), the directed graph convolution is defined as:  

where 𝐻𝐻 𝑛𝑛×𝑑𝑑 is the output of the convolution operation with the dimension of 

𝑑𝑑. 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 is the activation function, 𝑋𝑋 is the feature matrix and 𝛩𝛩 𝑐𝑐×𝑑𝑑  is the 

trainable weight.  

Inspired by HGP-SL (Zhang ., 2019), we further learned the structure 

representation of the group through graph pooling that could extract the 

subgraph, which contains the structure information of the graph. If the feature of 

the node in the graph can be reconstructed by the features of its 

neighbourhood, such a node can be removed from the subgraph. To achieve 

that a criterion 𝒄𝒄 is defined to calculate the score of each node for the 𝑘𝑘-th layer. 

It can be written as  

With the calculated node score, the node can be evaluated in this order. The 

nodes that have higher scores will be selected in the pooled subgraph. The 

process can be denoted as follow: 

ppr =  �
(1 )D�−1A� 1n×1

1
n

11×n 0
� (7-2) 

H = ReLU�
1
2� appr

1
2 �

appr

1
2 + appr

1
2 �T

appr

1
2 �X � (7-3) 

c = �LapprkHk�1 (7-4) 

i = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�c, r × nk� 

H�k+1 = Hk(i, : ) 

Ak+1 = Ak(i, i) 

(7-5) 
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where 𝑟𝑟 is the pooling ratio and 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 returns the indices of the required node 

number in the next layer, 𝑛𝑛𝑘𝑘+1 =  𝑟𝑟 × 𝑛𝑛𝑘𝑘, based on the score value. 

After pooling the graph into a subgraph, the new graph structure needs to be 

established by calculating the relationship between each pair of nodes. An 

attention-mechanise-based similarity score function 𝑆𝑆 has been introduced to 

achieve this, which can be denoted as: 

where 𝑊𝑊 1×2𝑑𝑑 is a trainable weight. 𝐻𝐻𝑘𝑘+1(𝑝𝑝, : ) 1×𝑑𝑑 and 𝐻𝐻𝑘𝑘+1(𝑞𝑞, : ) 1×𝑑𝑑 

are the 𝑝𝑝-th and 𝑞𝑞-th row in the matrix 𝐻𝐻𝑘𝑘+1. || is the concatenation operation. 

Specifically, 𝐴𝐴𝑘𝑘+1(𝑝𝑝, 𝑞𝑞) = 0, if the node 𝑛𝑛𝑝𝑝 and 𝑛𝑛𝑞𝑞are not directly connected. 𝜆𝜆 is 

the parameter to adjust the relatively higher score of the direct connection. The 

similarity score function is further sparsified as 𝑆𝑆𝑠𝑠 for the convolution operation, 

which can be expressed as: 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the function that could sparse the matrix with 0 and also provide 

non-negative and sum-to-one properties. 

The structure learning convolution can be expressed as: 

As shown in Figure 7-2, the pooling operation repeats 3 times, which provides 

different levels of structural information in the graph. All these levels of 

subgraphs need to be considered when learning the representation from the 

graph. Therefore, mean pooling and max pooling were used to generate a fixed 

size of the features. Furthermore, the features extracted from subgraphs are 

aggregated together for the structural representation of the graph. The 

generation process for the 𝑘𝑘-th layer can be expressed as: 

𝑆𝑆𝑘𝑘+1(𝑖𝑖, 𝑗𝑗) = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�𝑊𝑊[𝐻𝐻𝑘𝑘+1(𝑝𝑝, : )||𝐻𝐻𝑘𝑘+1(𝑞𝑞, : )]𝑇𝑇� + 𝜆𝜆𝐴𝐴𝑘𝑘+1(𝑝𝑝, 𝑞𝑞)          (7-6) 

Ssk+1(i, j) = sparsemax �Sk+1(i, j)� (7-7) 

Hk+1 = ReLU �
1
2

SskH�k k� (7-8) 

g�Hk� = ReLU�
1

nk
�Hk(p, : )|| max

q=1
Hk(: , q)

nk

p=1

� (7-9) 
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The aggregate process can be expressed as: 

Finally, a classifier with MLP layers and SoftMax function is employed to 

achieve the classification. The prediction output 𝑌𝑌 can be expressed as: 

7.2.4 Effective brain connectivity estimation 

The brain networks are represented by the EBC estimation performed on the 

23-channel EEG recordings, which employs five EBC techniques: PDC, GPDC, 

DTF, ffDTF and GGC. The EBC of EEG tends to be visualised by a heat map. 

Figure 7-1(A) illustrates an example of a 23*23 EBC brain network using a heat 

map. The colour of each kernel represents the strength of the causality from a 

horizontal channel to a vertical channel. The red markers indicate the regional 

information of the proposed visualisation with the carefully designed channel 

order. The principles of five employed EBC estimators are detailed represented 

below. 

7.2.4.1 Granger Causality 

Granger causality can estimate effective interactions from time-series data. It 

implements a statistical, predictive notion of causality whereby causes precede 

and help predict their effects (Seth ., 2015). It is defined in both the time 

and frequency domains, and it allows for the conditioning out of common causal 

influences. The mathematical formulation of Granger causality can be 

represented with a bivariate linear autoregressive model of two variables X1 and 

X2: 

𝑍𝑍 = � g�Hi�
k

i=1

 (7-10) 

Y = softmax�MLP(Z)� (7-11) 

X1(t) = �A11,j X1(t j)
p

j=1

+ �A12,j X2(t j) + E1(t)
p

j=1

 (7-12) 
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where 𝑝𝑝 is the maximum number of lagged observations included in the model 

(the model order), the matrix 𝐴𝐴 contains the coefficients of the model (i.e. the 

contributions of each lagged observation to the predicted values of 𝑋𝑋1(t) and 

𝑋𝑋2(t)), and 𝐸𝐸1and 𝐸𝐸2 are residuals (prediction errors) for each time series. If the 

variance of 𝐸𝐸1 (or 𝐸𝐸2) is reduced by the inclusion of the 𝑋𝑋1(t) (or 𝑋𝑋2(t)) terms in 

the first (or second) equation, then it is said that 𝑋𝑋1(t) (or 𝑋𝑋2(t)) Granger-(G)-

causes 𝑋𝑋1 (or 𝑋𝑋2). Geweke’s measures of Granger causality (Geweke, 1984) 

expanded the unconditional causality to include conditional time series 

components to make it possible to distinguish between direct and indirect 

influences. Besides, GGC can be seen as Granger causality in the frequency 

domain (Dhamala ., 2018; Geweke, 1982; Wang ., 2014). 

7.2.4.2 Partial directed coherence 

PDC is a method that quantifies the relation between each pair of N-channel 

signals, avoiding volume conduction by estimating the influences of all other 

signals (Tafreshi ., 2019). PDC improves the concept of Partial Coherence 

by estimating causal influences. This method is estimated on MVAR.  

𝑋𝑋(𝑡𝑡) is a set of estimated signals from N recording channels:  

 The MVAR process is an expressive description of the data set 𝑋𝑋: 

In this model 𝐸𝐸(𝑡𝑡) is a zero-mean multivariate uncorrelated white noise vector. 

𝐴𝐴(𝑟𝑟) are the autoregressive coefficients matrix and its elements 𝑎𝑎𝑖𝑖𝑖𝑖(𝑟𝑟) indicates 

the influence of 𝑥𝑥𝑗𝑗(𝑡𝑡 𝑟𝑟) on 𝑥𝑥𝑖𝑖(𝑡𝑡) and 𝑃𝑃 represents the border of the model.  

X2(t) = �A21,j X1(t j)
p

j=1

+ �A22,j X2(t j) + E2(t)
p

j=1

 (7-13) 

X = [x1(t), x2(t), … xN(t)]T (7-14) 

�A(r)X(t r) = E(t)
P

r=0

 (7-15) 
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 PDC from the 𝑖𝑖th channel to the 𝑗𝑗th channel at the frequency 𝑓𝑓 is defined as 

follows:      

where 𝐴𝐴𝑖𝑖𝑖𝑖(𝑓𝑓) is a frequency-domain description of 𝑎𝑎𝑖𝑖𝑖𝑖(𝑟𝑟) (Luiz A. Baccalá and 

Sameshima, 2001; Granger and Aug, 2007) 

Generalised PDC (GPDC) is defined as follows by normalising (7-16) using 

standard deviation (Schelter ., 2006; Tafreshi ., 2019) 

 

7.2.4.3 Directed transfer function 

The directed transfer function (DTF) is also based on the concept of Granger 

causality estimated on MVAR, which models all signals simultaneously 

(Kamifiski and Bfinowska, 1991).

 In this model 𝐸𝐸(𝑡𝑡) is a zero-mean multivariate uncorrelated white noise vector 

with 𝐴𝐴(0) = 1. 𝐴𝐴(1), 𝐴𝐴(2),…, 𝐴𝐴(𝑝𝑝) are coefficients and 𝑝𝑝 represents the model 

order.  Equation (15) can be transformed into the frequency domain which is 

defined as:  

 

ij(f) =
A�ij(f)

� A�mj(f)A�mj(f)N
m=1

 
(7-16) 

A�ij(f) =

1 � aij(r)
P

r=1

e−j2πfr , if i = j

� aij(r)
P

r=1

e−j2πfr , otherwise

 (7-17) 

ıȷ� (f) =
1

i� A�ij(f)

� 1
i
2� A�mj(f)A�mj(f)N

m=1

 
(7-18) 

A(f)X(f) = E(f)   (7-19) 
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 where  

 So, 𝑿𝑿(𝒇𝒇) can be obtained by 

𝑯𝑯(𝒇𝒇) is the transfer function of the system and its element 𝑯𝑯𝒊𝒊𝒊𝒊(𝒇𝒇) indicates the 

causal influence from the jth input to the ith output at the frequency 𝒇𝒇.  

 The DTF is defined as: 

 Normalised DTF is defined as: 

where 𝜸𝜸𝒊𝒊𝒊𝒊𝟐𝟐 (𝒇𝒇) describes the influence ratio of the 𝒋𝒋th channel-related cortical area 

on the 𝒊𝒊 th channel-related cortical area with respect to the influence of all 

estimated cortical signals (Babiloni ., 2005). In the above formula, the 

denominator is dependent on frequency, so the spectral characteristics of DTF 

depend on the frequency properties of all EEG channels, not only the EEG input 

channel. To avoid this influence, the ffDTF function was introduced. In ffDTF, 

the denominator is integrated over frequencies. In this way, the spectrum of the 

estimator ffDTF is not influenced by the frequency characteristics of the 

denominator (Blinowska ., 2017).  

A(f) = �A(r)e−j2πf tr

p

r=0

 (7-20) 

X(f) = A−1(f)E(f) = H(f)E(f)                                   (7-21) 

ij
2 = �Hij(f)�

2
 (7-22) 

ij
2(f) =

�Hij(f)�
2

|Him(f)|2N
m=1

 (7-23) 

�ij2(f) =
�Hij(f)�

2

|Him(f)|2N
m=1f

 (7-24) 
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This is an important difference between DTF and PDC since DTF is normalised 

for the structure that receives the signal, whereas PDC is normalised for the 

structure that sends the signal (Luiz A. Baccalá and Sameshima, 2001). 

7.2.5  Dataset 

Participants were recruited from Sheffield Teaching Hospitals NHS Foundation 

Trust Neurology clinics. Health controls (HC) were enrolled through educational 

meetings, word of mouth, family and friends. The Sheffield Teaching Hospital 

memory clinic provided the majority of these patients. This is a young-onset 

memory clinic seeing people predominantly aged under 65. The PD cohort was 

recruited during the Parkinson’s UK Roadshow in York in July 2018. The 

remaining participants were recruited between September 2014 to December 

2019. There were sixty participants in this work (70y>age>48y) and resting 

state EEG recordings were undertaken from all three cohorts by our research 

team based at the University of Sheffield. The subjects from all groups were 

age-matched, HC (12 female/8 male, mean age 61y, +/- SD 6.7y), AD (8 

female/12 male, mean age 60y, +/- SD 4.4y) and PD (10 female/10 male, mean 

age 60.25y, +/-SD 4.96y). The EEG study underwent ethics approval by the 

Yorkshire and The Humber (Leeds West) Research Ethics Committee 

(reference number 14/YH/1070). AD patients had their diagnosis confirmed 

between one month and up to 2 years prior to their EEG recording while they 

had mild to moderate cognitive deficits, according to their Mini-mental state 

examination. All patients and controls had brain magnetic resonance imaging 

(MRI) scans to eliminate other alternative causes of dementia. For the age and 

gender-matched HC cohort, normal MRI brain scans and cognitive 

assessments were required before their EEG recordings. The final diagnosis of 

AD was based on the NINCDS-ADRDA criteria (Dubois ., 2007). The 

diagnosis was reached based on a consensus of multidisciplinary evidence, 

considering clinical history, neurological examination, neuropsychological 

scores and neuro-radiological findings (Blackburn ., 2018). In addition, all 

20 PD patients had a clinical diagnosis by a consultant with expertise in 

diagnosing and managing PD. All had normal cognitive function but they were in 
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different stages of their disease. They also varied in the medication they were 

on and the symptoms they were experiencing.  

EEG recordings were undertaken with an XLTEK 128-channel headbox (Optima 

Medical LTD) and Ag/AgCL electrodes at a sampling frequency of 2k Hz by 

implementing a modified 10-10 overlapping a 10-20 international system of 

electrode placement, with a referential montage (linked earlobe reference). 

Thirty-minute resting state (task-free – participants were instructed to rest and 

refrain from thinking anything specific). EEG recordings were obtained from 

each participant including sustained periods of keeping their eyes closed (EC) 

alternating with periods during which they kept their eyes open (EO). The 

recordings obtained were subsequently reviewed by a neurophysiologist - on an 

XLTEK review station - and for each participant, three 12-second artefact-free 

mini-epochs of EC and EO were selected. In this Chapter, the EO and EC data 

are combined for analysis.  

7.2.6 Classification  

As shown in Figure 7-1, the EBC and PSD features are fed into the proposed 

DSL-GNN to classify AD, PD and HC. To be more specific, for the Full band, 

the edges of DSL-GNN are represented by the EBC network (23*23) estimated 

by full-band EEG and the nodes are represented by the PSD values of 23 

channels in five separate bands. For each band, the edges are represented by 

the EBC networks (23*23) estimated by corresponding-band EEG and the 

nodes are represented by the corresponding-band PSD values of 23 channels. 

There are 19 AD participants, 20 PD participants and 20 HC participants, each 

of which contains 6 epochs of EEG recording. Therefore, for the AD vs. HC 

task, the total number of data samples is 114+120=234; for the AD vs. PD task, 

the total number of data samples is 114+120=234; for HC vs. PD task, the total 

number of data samples is 120+120=240; and for AD vs. PD vs. HC task, the 

total number of data samples is 114+120+120=354. The five-fold cross-

validation is employed to avoid artificial bias resulting from selecting data and 

more efficiently utilise the limited data (Jamal ., 2014). In this case, 80% of 
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the dataset is used as the training set and the remaining 20% is used as the 

testing set.  

For comparison, a Support Vector Machine (SVM) classifier is employed. To 

fairly reveal the performance difference, the same features extracted by EBC 

and PSD are fed into the proposed framework and SVM classifier, namely, 

  for Full band; and 

 for each of five separate 

bands. 

Figure 7-3 Classification accuracy in Full band using DSL-GNN, employing five 
EBC estimations: PDC, GPDC, GGC, DTF and ffDTF. 

 

Figure 7-4 Classification accuracy in Full band using SVM, employing five EBC 
estimations: PDC, GPDC, GGC, DTF and ffDTF. 
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7.3  Results 

7.3.1 Classification Performance 

In this Chapter, the proposed framework was evaluated in four classification 

tasks, namely, AD vs. HC, PD vs. HC, PD vs. AD and HC vs. AD vs. PD. The 

resulting accuracy achieved by SVM and DSL-GNN in the Full band is shown in 
Figure 7-4Error! Reference source not found. and Figure 7-3 respectively using 

five EBC estimations individually. Overall, there is a significant improvement in 

accuracy (at least a 30% increase) for all four tasks using the proposed method, 

which suggests that DSL-GNN can simultaneously utilise both EBC 

(multivariate) and PSD (univariate) features more efficiently than SVM. The 

greatest increase occurred in the three-group discrimination, where DSL-GNN 

achieved 93.0% while SVM only provided 35% using both ffDTF and PSD 

features. As observed in Error! Reference source not found., the average 

performance of SVM in the three-group classification task is close to 33% while 

that of all other three binary classifications is slightly higher than 50%, 

suggesting the relatively poor performance of this approach. DSL-GNN is only 

limited by the worst accuracy among the binary classifications. For example, the 

results of the three-group classification are extremely close to the PD vs. HC 

task, due to the accuracies of this task are lowest among the three binary 

classification tasks. Accuracies of DSL-GNN (96.6%) and SVM (80.0%) for 

classifying PD vs. AD are highest within the four tasks, which indicates that the 

difference between PD and AD is the most significant. It should be noted that 

the EBC estimation with the best performance changes from DTF for SVM to 

ffDTF for DSL-GNN. Furthermore, ffDTF estimation has obvious superiority over 

the other four estimations when DSL-GNN is employed, by producing the 

classification accuracy of over 93% for all four tasks. 
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7.3.2 Band Contribution 

To further explore the contribution of each band, the EBC and PSD features 

from every single band are used for comparison. Table 7-1 and Table 7-2 

represent the classification accuracy based on different EBC techniques 

together with PSD in five separate bands, using SVM and DSL-GNN 

respectively. It can be found that DSL-GNN using single-band features performs 

much worse than the Full band due to a significant reduction of feature number, 

while it has smaller influences on SVM. The contribution of 5 bands to the 

classification outcome for SVM and DSL-GNN differs a lot. Specifically, for the 

AD vs. HC task, the Theta band performed better than other bands using the 

DSL-GNN method (about 75%), while SVM provides the highest accuracy in the 

Gamma band (71.4%) using the DTF technique. For the PD vs. HC task, SVM 

Delta 56.88 51.26 61.53 51.26 49.13
Theta 54.71 48.29 64.91 68.41 54.73
Alpha 52.56 42.75 64.52 68.82 55.56
Beta 62.40 44.01 62.38 57.72 51.30

Gamma 54.31 47.42 56.85 71.41 62.01
Delta 52.92 43.33 73.75 56.25 47.08
Theta 55.00 40.83 71.25 73.08 49.17
Alpha 57.08 43.33 70.83 74.58 46.67
Beta 60.83 50.00 72.92 70.00 46.25

Gamma 57.50 44.17 68.33 65.83 48.75
Delta 54.67 51.28 69.66 67.05 48.69
Theta 57.65 46.61 71.40 73.94 51.76
Alpha 58.96 51.30 68.44 66.61 56.42
Beta 62.77 48.30 70.09 70.88 52.16

Gamma 56.40 46.61 71.80 65.83 62.00
Delta 32.20 30.23 34.46 32.20 31.07
Theta 31.92 26.55 37.29 31.07 31.07
Alpha 32.20 25.99 32.20 34.75 28.53
Beta 32.77 26.84 32.49 31.92 28.53

Gamma 30.23 29.66 33.33 39.83 32.49

AD vs. HC

PD vs. HC

PD vs.AD

PD vs. HC 
vs. AD

Table 7-1 Classification accuracy using SVM in five different 
bands using five EBC estimations and PSD (%) 
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performs the greatest in the Alpha band (74.58%) using DTF, while DSL-GNN 

provides the highest accuracy in the Gamma band (75.83%) using GPDC. For 

the PD vs. AD task, the best performance is provided by DTF in the Theta band 

(73.94%),  

while DSL-GNN achieved the highest accuracy of 84.99% in the Gamma band 

by employing ffDTF. For the three-group classification, both SVM and DSL-

GNN obtained unsatisfactory classification performance, even though DSL-

GNN performs better than SVM with about a 15% increase in accuracy. 

Besides, single-band features provide much worse performance in comparison 

to Full-band classification with a more than 30% decrease in accuracy, while the 

influence on binary classification is much less. It seems that the three-group 

classification task requires much more features than the other three tasks. This 

Delta 62.43 62.70 60.99 61.50 70.99
Theta 75.23 76.43 74.37 74.37 75.60
Alpha 60.30 69.58 59.83 61.13 69.48
Beta 57.69 54.61 58.49 57.32 61.10

Gamma 49.63 58.59 51.63 51.70 67.84
Delta 50.00 58.75 49.17 49.17 67.08
Theta 63.75 66.25 61.67 63.33 62.92
Alpha 62.50 60.83 61.67 59.58 70.42
Beta 50.00 54.17 50.42 50.00 63.33

Gamma 67.92 75.83 63.33 63.75 71.25
Delta 49.63 61.17 59.18 53.81 72.40
Theta 71.29 73.86 71.69 71.22 76.90
Alpha 61.90 78.54 64.03 69.98 81.95
Beta 55.55 59.46 51.34 49.86 65.48

Gamma 59.39 79.81 54.78 56.52 84.99
Delta 36.69 46.27 32.53 33.10 54.27
Theta 55.91 56.53 55.05 55.59 59.31
Alpha 45.43 53.37 44.59 42.08 52.56
Beta 35.30 44.42 36.71 33.75 45.19

Gamma 46.22 48.90 42.02 38.09 44.89

AD vs. HC

PD vs. HC

PD vs.AD

PD vs. HC 
vs. AD

Table 7-2 Classification accuracy using DSL-GNN in five different 
bands using five EBC estimations and PSD (%) 
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finding may imply that the features and bands that contribute to each binary 

classification task vary, resulting in the Full band with more information can 

support better performance in three-group discrimination. In the meantime, the 

proposed DSL-GNN’s ability to deal with a great number of features is 

necessary, relying on the novel graph analysis of brain networks. 

7.3.3 Feature Visualisation 

The heat map (Figure 7-5) and topography method (Figure 7-6) are used to 

visualise the normalised average EBC estimations and PSD values, 

respectively. In Figure 7-5, it is obvious that the frontal areas are rarely 

influenced by other regions since the ffDTF value of the first two rows is 

extremely close to zero for three groups in every band. Compared to HC, the 

AD and PD groups exhibit different changes. For example, the ffDTF value of 

the AD group in occipital regions (Effect) increases dramatically, especially in 

the low-frequency bands (Delta, Theta and Alpha) from 0.5 of HC to 0.8 of AD, 

which suggests stronger information flow from the whole brain to the occipital 

area. It should be noted that the biggest change of AD occurs in the Theta 

band, where the whole brain networks have a significant difference. That 

explains the highest accuracy of discriminating AD from HC is achieved by 

DSL-GNN in the Theta band to a certain extent. The left parietal and right 

occipital of the PD group are more causally influenced by the other regions in all 

bands, evidenced by the increase of ffDTF value from 0.4 to 0.8. It is worth 

noting that the bidirectional information flows within the parietal and occipital 

almost disappear for the PD group, which is significantly different from AD and 

HC. These findings agree with the classification results of PD vs. HC and PD 

vs. AD, which suggests the best performance is achieved in the Gamma band. 
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The topographic map is normalised in each band and group individually. That is 

to say, Figure 7-6 only illustrates the different patterns of PSD distribution and it 

is meaningless to compare the absolute values in each topography. In Figure 

7-6, it is observed that the PSD distribution of PD shows more difference, 

compared with HC and AD. Specifically, in the low-frequency band, PD has 

clear higher PSD values in the parietal region of 0.8-0.9, while HC and AD 

range from 0.3 to 0.7. In the Gamma band, the frontal PSD of PD (<0.1) is 

significantly lower than both AD and HC (>0.8). HC and AD are relatively similar 

Figure 7-5 The normalised average ffDTF in different band for HC, AD and PD 
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in almost all bands. The greatest difference occurs in the Alpha band, in which 

the PSD of HC is 0.3 and AD is 0.7 in the parietal region; and PSD of HC is 0.8 

and AD is 0.6 in the occipital areas. Therefore, the bands and areas that 

contribute the most to AD and PD classification from HC differ, and the degree 

of difference between AD and HC, and PD and HC varies.  

7.4 Discussion 

Figure 7-6 The normalised average PSD in different bands for HC, AD and PD. 
The PSD distribution of PD shows more difference, compared with HC and 
AD. 
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The novelty of this Chapter lies in the development of a new Graph Neural 

Network, called DSL-GNN, to better diagnose AD by integrating both univariate 

(PSD) and multivariate features (EBC) from EEG recording. The results have 

proven its effectiveness in improving the classification of HC, AD and PD based 

on the studied dataset. Table 7-3 compares our proposed method with the 

Table 7-3 Performance of popular features and classifiers that are implemented on the 
same dataset in the discrimination task of AD or PD 

Reference Features Task Classifier Accuracy 

(Wang et al., 
2020) PSD AD vs. HC SVM 70.2% 

(Nimmy et al., 
2019) Mutual information AD vs. HC SVM 77.23% 

(Engels et al., 
2015)(Kabbara 

et al., 2017)  
Phase locking value AD vs. HC SVM 72.11% 

(Shan et al., 
2022) Wavelet coherence AD vs. HC GNN 92.3% 

(Maggioni et al., 
2021) GC PD vs. HC GNN 86.2% 

(Hassan et al., 
2017) PSD +Phase locking value PD vs. HC SVM 82.9% 

(Yuvaraj et al., 
2016) 

Correlation+Coherence+Phase 
lag index PD vs. HC SVM 80.2% 

(Jeong et al., 
2016) Wavelet coherence AD vs. PD 

vs. HC LDA 40.4% 

Our study EBC+PSD 

AD vs. HC 

DSL-GNN 

94.0% 

PD vs. HC 94.2% 

AD vs. PD 97.4% 

AD vs. PD 
vs. HC 93.0% 

 



 

321 

existing methods in terms of the discrimination of AD and PD from HC. The 

literature review suggests that very limited research focuses on the three-group 

classification of AD, PD and HC, although several studies obtained good results 

in binary classification, e.g., AD vs. HC and PD vs. HC. As cognitive 

dysfunctions can emerge over time in PD patients as the majority develop 

dementia over a decade (Jeong ., 2016)there is a clinical need in finding 

promising biomarkers to explore the differences between AD and PD patients. 

Our study not only achieved satisfying classification results in distinguishing 

dementia from HC, but also obtained an accuracy of 93.0% in three-group 

discrimination. Notably, Jeong  (2016) performed linear discriminant 

analysis (LDA) on the functional connectivity estimated by Wavelet coherence 

and obtained approximately 80% accuracy in three binary classification tasks. 

However, the three-group classification was not conducted. The same features 

and classifier are used to deal with our dataset in the task of AD vs. PD vs. HC 

and the accuracy is 40.4%, which is quite similar to the results obtained by SVM 

using EBC in this Chapter. The proposed framework significantly outperforms 

this method with an accuracy of 93.3%. Besides, Shan  (2022) also used 

Wavelet coherence as the indicator, but GNN was applied to classify AD from 

HC only. The combination of Wavelet coherence and GNN achieved an 

accuracy of 92.3%, which is slightly lower than this Chapter. Therefore, the 

existing research and our findings suggest that the GNN-based classifier has 

more capabilities in making use of numerous and complex brain network 

features. In the meantime, the EBC could provide more information than 

functional connectivity to an extent, as directionality is also used. Relying on the 

advancement of the proposed DSL-GNN method considering directional edges, 

it is not surprising that the classification performance is improved dramatically. 

The Theta band outperforms other bands in the AD vs. HC task, whichever EBC 

method is used. Besides, low-frequency bands (0-12 Hz including Delta, Theta 

and Alpha) perform better than the high-frequency band (12-45 Hz including 

Beta and Gamma). This finding is also supported by several previous studies 

(Babiloni ., 2016; Blinowska ., 2017; Lehmann ., 2007), which 

suggest that the abnormalities of EEG recording at a specific frequency band 
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(<12 Hz) are easier to be found in AD populations. Different from the AD vs. HC 

task, the Gamma band contributes the most to the discrimination of PD 

participants with relatively higher accuracy, which agrees with several recent 

research studies. For example, Muthuraman  (2020) found abnormal 

cross-frequency coupling at the Gamma band, which was not revealed within 

the control subject. Besides, Yuvaraj  (2016) reported that there are no 

significant differences between PD patients and HC participants observed in 

Delta and Theta frequency bands. However, a significant difference is observed 

in the Beta and Gamma bands. They used four functional brain connectivity 

methods, including correlation, coherence, phase synchronization index, and 

bispectrum. Therefore, the band used to diagnose AD and PD from HC is quite 

different, which may explain the unsatisfying accuracy obtained by individual 

bands in the three-way classification task (about 50%), whereas DSL-GNN 

provides a highly promising accuracy of 93% using full-band features. 

Although deep learning methods play an important role in the study of dementia 

diagnosis in recent years (Bi and Wang, 2019; Ieracitano ., 2020; Shah 

., 2020),  effectively making use of numerous features is still challenging. 

Many studies suggest that more features do not always provide higher 

classifying accuracy (Jeong ., 2016; Kakkos ., 2021). That is to say, the 

best performance is obtained using a certain percentage of various features. 

Undeniably, the selection of features would reduce the efficiency of the 

classifying framework due to it is computationally demanding. I proposed DSL-

GNN method demonstrated its superiority in systematically using various brain-

network markers since the mechanism of GNN supports a reasonable 

combination of distinct features. Specifically, the proposed framework 

constructs a graph using univariate features (PSD) and multivariate features 

(EBC) and feeds the constructed graph to the classifier. In this case, it is more 

robust than simply feeding all mixed features into the classifier. It learns the 

additional interconnection and even the direction among the nodes. That 

explains the GNN-based method performs significantly better than other 

machine learning algorithms in this Chapter, especially in the three-group 

classification task in the Full band where more features are employed. 
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7.5 Conclusion 

In this Chapter, a novel DSL-GNN was developed and performed on the EBC 

estimations and PSD features for AD dementia classification. In comparison to 

the previous studies on GNN, our proposed approach enhanced the 

functionality of processing directional information, which builds the basis for 

more efficiently performing GNN on EBC. Another contribution of this Chapter is 

creating a new framework for learning univariate and multivariate features 

simultaneously. The proposed framework and DSL-GNN are validated in four 

discrimination tasks and our approach exhibited the best performance with the 

highest accuracy of 94.0% (AD vs. HC), 94.2% (PD vs. HC), 97.4% (AD vs. PD) 

and 93.0% (AD vs. PD vs. HC), Additionally, the contribution of different bands 

is verified for these four tasks. Specifically, the most significant band varied, for 

example, the Theta band for AD vs. HC, the Gamma band for PD vs, HC, the 

Alpha and Gamma band for PD vs. AD, and the Theta band for AD vs. PD vs. 

HC. This research empowers the application of GNN in dementia diagnosis 

based on its significant outcomes. Finally, the proposed framework raises 

several opportunities and challenges for future research. The proposed 

framework employs 5 EBC techniques as the multivariate features and PSD as 

the univariate features, while there are an increasing number of promising brain 

connectivity and single-channel biomarkers. It can be expected the performance 

will be further improved if more robust features are utilised. 
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8 Conclusion 

8.1 Contribution to Knowledge 

Many promising approaches related to brain functional and effective 

connectivity are incessant springing up in recent years and contribute to 

neurological research. However, there is a lack of comprehensive review in the 

last five years in terms of estimation, applications, and particularly their 

associated machine learning approaches. Moreover, numerous researchers 

developed various visualisation methods to represent functional and effective 

connectivity, but there is a lack of review on them. To fill those research gaps, I 

reviewed EEG-based functional and effective connectivity studies undertaken 

over the last few years, in terms of estimation, visualization, and applications 

associated with machine learning classifiers. Methods are explored and 

discussed from various dimensions, such as either linear or nonlinear, 

parametric or nonparametric, time-based, and frequency- based or time-

frequency-based. Then it is followed by a novel review of brain connectivity 

visualization methods, grouped by Heat Map, data statistics, and Head Map, 

aiming to explore the variation of connectivity across different brain regions. 

Finally, the current challenges of related research and a roadmap for future 

related research are presented. I published this review paper in Human Brain 
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Mapping, titled “Brain functional and effective connectivity based on 

electroencephalography recordings: A review”.   

I propose a novel brain functional connectivity method, Revised Hilbert-Huang 

Transformation (RHHT), which can better track dynamic and nonlinear brain 

network information. The effectiveness of the RHHT is evidenced using 

simulation data and practical EEG recordings. The results of two simulation 

examples demonstrate that, within a certain statistical confidence level, the 

proposed novel RHHT-based brain connectivity method outperforms the 

wavelet-based method in terms of classification accuracy and time-frequency 

resolution. The result suggests that the proposed method has the potential to 

better differentiate epileptic patients and healthy controls, and to be translated 

into a long-overdue biomarker and a diagnostic method for Alzheimer’s disease 

(AD), benefiting from the enhanced measure of dynamic time-frequency 

association. The results produce two journal papers. Those findings imply that 

the proposed RHHT approach could better track dynamic and nonlinear 

functional connectivity information, paving the way for the development of a 

novel diagnostic approach. A journal paper has been published by IEEE 

Transactions on Neural Systems and Rehabilitation Engineering, titled ‘A 

Revised Hilbert-Huang Transformation to Track Non-stationary Association of 

Electroencephalography Signals’. Besides, a journal paper has been published 

in Journal of Neural Engineering, titled ‘Ultra-high-resolution time-frequency 

analysis of EEG to characterise brain functional connectivity with the application 

in Alzheimer's disease.  

I proposed a novel framework to diagnose epilepsy based on interictal seizure-

free EEG data only using a set of estimates of linear and nonlinear brain 

functional connectivity. Unlike most of the existing works focusing on either 

seizure data or single-variate method, I introduced a multi-variate method to 

characterise sensor level brain functional connectivity from interictal EEG data 

to identify patients with generalised epilepsy. Despite no interictal abnormalities 

like IEDs - the empirical diagnostic hallmark of epilepsy - were included in this 

work, my framework achieved a very high classification accuracy between HC 
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and EG cohorts, which outperforms the state-of-the-art single channel findings. 

The findings demonstrate that seizure-free EEG recordings contain invisible 

information that can be revealed with appropriate methodology to identify 

patients with generalised epilepsy. Besides, EEG epochs during periods of 

eyes-open and eyes-closed differ significantly, reflecting the dynamic brain 

network changes between the two conditions. The results produced a journal 

paper, which was published by Biomedical Signal Processing and Control, titled 

“using interictal seizure-free EEG data to recognise patients with epilepsy based 

on machine learning of brain functional connectivity”.  

There is high demand for techniques to estimate human mental workload during 

some activities for productivity enhancement or accident prevention. Most 

studies focus on a single physiological sensing modality and use univariate 

methods to analyse multi-channel EEG data. This paper proposes a new 

framework that relies on the features of hybrid EEG–fNIRS, supported by 

machine-learning features to deal with multi-level mental workload 

classification. Furthermore, instead of the well-used univariate PSD for EEG 

recording, I propose using bivariate functional brain connectivity (FBC) features 

in the time and frequency domains of three bands: delta (0.5–4 Hz), theta (4–7 

Hz) and alpha (8–15 Hz). It was determined that the best region to assist the 

discrimination of the mental workload for EEG and fNIRS is different. 

Specifically, the posterior area performed the best for the EEG in the alpha 

band and fNIRS had superiority in the right frontal region. Based on those 

findings, a journal paper was submitted to IEEE Transactions on Cognitive and 

Developmental Systems, titled ‘Characterising EEG/fNIRS signals for mental 

workload classification’.  

I developed novel GNN-based deep learning methods, including Spatial-

Temporal GNN and DSL-GNN. Those two methods focus on dynamic and 

directional information individually. The performance is better than the 

traditional machine learning method and prove that the GNN can better use the 

brain network features. Those findings provide new biomarkers, tools, and 

frameworks for the diagnosis of dementia. On one hand, different from existing 
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studies that are based on either topological brain function characteristics or 

temporal features of EEG, the proposed ST-GCN considers both the adjacency 

matrix of functional connectivity from multiple EEG channels and corresponding 

dynamics of signal EEG channel simultaneously. Different from the traditional 

graph convolutional neural networks, the proposed ST-GCN makes full use of 

the constrained spatial topology of functional connectivity and the discriminative 

dynamic temporal information represented by the 1D convolution. The results 

demonstrate that the proposed method achieves better classification 

performance than the state-of-the-art methods. This approach can not only help 

diagnose AD but also better understand the effect of normal ageing on brain 

network characteristics before we can accurately diagnose the condition based 

on resting-state EEG. On the other hand, in comparison to the previous studies 

on GNN, the proposed DSL-GNN approach enhanced the functionality for 

processing directional information, which builds the basis for more efficiently 

performing GNN on EBC. Another contribution of this Chapter is the creation of 

a new framework for applying univariate and multivariate features 

simultaneously in a classification task. The proposed framework and DSL-GNN 

are validated in four discrimination tasks and the approach exhibited the best 

performance, against the existing methods. In a word, this research provides a 

robust analytical framework to deal with complex brain networks containing 

causal directional information and implies promising potential in dementia 

diagnosis. The results produce two journal papers. A journal paper was 

published by Human Brain Mapping, titled ‘Spatial-Temporal Graph 

Convolutional Network for Alzheimer Classification based on Brain Functional 

Connectivity Imaging of EEG’. Besides, a journal paper is about to be submitted 

to Artificial Intelligence in Medicine, titled ‘Dementia Classification Using a 

Graph Neural Network on Imaging of Effective Brain Connectivity’. 

The effective connectivity between brain regions provides valuable insight into 

the underlying neural mechanisms of cognitive processes and disease states. 

However, the current research more relies on the parametric approaches, which 

are generally limited by model complexity, model misspecification and data 

requirements. I proposed causality detection attention-based convolutional 
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neural networks (CD-ABCNN) to estimate ECNs. The effectiveness of the  

proposed approach is first validated by the simulated data generated via 

multivariate autoregressive (MVAR) models. Then, the learned ECNs of AD 

patients and HC participants were compared to explore the differences between 

the two groups. The results suggest that AD patients exhibit disrupted 

connectivity in regions involved in cognitive control, memory and decision-

making processes in human brain. The Chapter adds to the growing body of 

literature on the effective connectivity estimation and highlights the potential 

usefulness of ECNs in identifying AD-related changes in brain function,  

providing valuable insights into the potential of ECNs as a diagnostic and 

monitoring tool for neurodegenerative diseases. 

8.2 Impact  

Firstly, the review analyses the properties of well-accepted BiFEC and 

visualisation methods, as well as suggests the appropriate scenario for each 

one. It suggests potential directions and possible strategies, which will help 

deepen the understanding of brain functional and effective connectivity from a 

variety of novel perspectives, as well as how to enhance their availability and 

reliability. The related research community will benefit from this review by better 

understanding BiFEC’s potential and exploring the identified future 

opportunities.  

Using brain connectivity methods in Alzheimer’s disease, epilepsy, Parkinson’s 

disease and workload classification studies obtained better performance 

compared with traditional methods that are based on a single channel. That is 

to say, functional and effective connectivity may track more changes from 

healthy people to patients to some extent. Furthermore, it provides the 

possibility for doctors and patients to diagnose the disease earlier and more 

accurately. 

The findings indicate that specific regions of the brain can contribute to the 

diagnosis of epilepsy and dementia disease as well as workload classification 

based on brain connectivity. By advising the appropriate placement of EEG 

sensors based on these identified regions, doctors and researchers can more 
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efficiently and accurately diagnose and classify these neurological disorders. 

This can ultimately lead to earlier and more effective interventions, improving 

patient outcomes and reducing the burden on healthcare systems. 

The findings suggest that EEG, which is a relatively low-cost imaging technique 

with high temporal resolution, could potentially be used in a flexible mobile 

wearable device to monitor the progression of dementia. By utilizing a wearable 

device, patients can be monitored outside of traditional clinical settings, 

providing more comprehensive and continuous monitoring of disease 

progression. This could lead to earlier detection of cognitive decline and allow 

for more personalized treatment plans, ultimately improving patient outcomes. 

Additionally, the use of a low-cost imaging technique such as EEG could make 

this monitoring more accessible and cost-effective for patients and healthcare 

systems. 

8.3 Limitation and Future Work 

EEG studies are valuable for understanding brain function, but they have 

several limitations that must be taken into consideration when interpreting the 

results. EEG findings can be challenging to interpret, as they are complex and 

often vary between individuals (Abdullah ., 2010; Hu ., 2011; Jeong 

., 2019; Pandey and Seeja, 2022). This can make it challenging to draw clear 

and universal conclusions about the underlying neural activity. A variety of 

factors can influence EEG signals, including age, gender, and medications (Asif 

., 2019; Hu ., 2011; Yasin ., 2021). This variability can make it 

difficult to compare results across studies or draw general conclusions about 

brain function. Similarly, the strength and direction of connectivity between brain 

regions can vary across individuals and across different experimental conditions 

(Greene ., 2020; Van Overwalle ., 2019; Zhang ., 2020). This 

variability can make summarising general conclusions about brain connectivity 

patterns challenging. The brain is a highly complex system, with multiple levels 

of organisation and multiple networks that interact with each other. Studying the 

connectivity between brain regions can be challenging because the 

relationships between different networks are not fully understood. To overcome 
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the mentioned limitation, using standardised methods for EEG data acquisition 

and analysis can help to ensure consistency across studies and increase the 

reliability of results. This includes standardised electrode placement, data pre-

processing techniques, and statistical analysis methods. A large dataset is 

needed to cover people of different ages, genders and disease conditions to 

develop and evaluate universal brain connectivity methods (Cao ., 2022b). 

Scalp EEG measures electrical activity on the scalp, which provides limited 

information about the spatial distribution of neural activity within the brain 

(Greene ., 2020; Van Overwalle ., 2019; Zhang ., 2020). The scalp-

recorded EEG signals resulted from the summed electrical activity of thousands 

or even millions of neurons, making it difficult to pinpoint the exact location of 

neural activity. Besides, to reduce volume conduction effects from a common 

reference, bipolar derivations were used to assess the degree of differences 

between various pairs of electrodes for two different cohorts of subjects (Cao 

., 2022a; Shan ., 2022). With this approach—using bipolar pairs of 

electrodes—the effects of volume conduction are reduced but not eliminated. I 

recognise that the work is based on a sensor-level scalp EEG analysis, and I do 

not claim to be able to precisely localise the spatial characteristics underpinning 

the EEG sensor findings. In this case, one potential future direction for EEG 

research is to combine it with other imaging techniques, such as fMRI or 

magnetoencephalography (MEG), to provide better spatial resolution and more 

comprehensive insights into brain function (Cichy and Oliva, 2020; McIntosh 

., 2021). Combining multiple imaging techniques could help overcome the 

limitations of individual techniques and provide a complete understanding of 

brain function. Besides, source localisation is a technique for estimating the 

location of brain activity underlying EEG signals. Using source localisation 

methods can help to overcome the spatial resolution limitations of EEG and 

provide more accurate localisation of brain activity. 

Brain connectivity studies could be extended to clinical populations, such as 

those with neurological or psychiatric disorders, to understand better the neural 

mechanisms underlying these conditions. These studies could also help identify 
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potential biomarkers for diagnosis or treatment monitoring. For some of my 

studies, only a two-group classification (HCs vs AD) has been carried out, 

without considering preclinical or prodromal populations or staging of disease 

severity of AD patients. The proposed method has demonstrated effective 

performance in the case of HCs vs AD, and it may have the potential to deal 

with the classification of HCs vs MCI vs AD. In the future, I am willing to collect 

data from MCI, and this three-class classification will be tested in further 

studies. 

Longitudinal studies could investigate how brain connectivity changes over time 

and how these changes are related to behaviour, cognition, or disease (Filippi 

., 2021, 2020; McQuail ., 2021). This could provide insights into the 

dynamic nature of brain networks and help identify critical periods for 

intervention. Longitudinal studies that track changes in brain connectivity over 

time could identify critical periods for intervention in neurological or psychiatric 

disorders. For example, if changes in connectivity occur early in the course of a 

disease, this could suggest that early intervention is critical to prevent further 

deterioration of brain function. Besides, studying connectivity changes over time 

in healthy individuals could improve our understanding of normal brain 

development and how it is influenced by factors such as genetics, environment, 

and experience. This could provide insights into optimising brain development 

and improving cognitive function in children and adolescents. 
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