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ARTICLE INFO ABSTRACT

Keywords: Alzheimer’s disease (AD) and Parkinson’s disease (PD) are two of the most common forms of neurodegenerative
EEG diseases. The literature suggests that effective brain connectivity (EBC) has the potential to track differences
Alzheimer’s disease between AD, PD and healthy controls (HC). However, how to effectively use EBC estimations for the research of
P;flrkmson’s disease . disease diagnosis remains an open problem. To deal with complex brain networks, graph neural network (GNN)
Directed structure learning graph neural . . . X ) .
network has been increasingly popular in very recent years and the effectiveness of combining EBC and GNN techniques
Effective brain connectivity has been unexplored in the field of dementia diagnosis. In this study, a novel directed structure learning GNN
(DSL-GNN) was developed and performed on the imaging of EBC estimations and power spectrum density (PSD)
features. In comparison to the previous studies on GNN, our proposed approach enhanced the functionality for
processing directional information, which builds the basis for more efficiently performing GNN on EBC. Another
contribution of this study 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 discrimi-
nation tasks and our approach exhibited the best performance, against the existing methods, 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). 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 the diagnosis of two of the most common neurode-
generative conditions.

1. Introduction higher temporal resolution at a relatively low cost [10]. The features
extracted from EEG can be categorised into two groups: univariate

Alzheimer’s disease (AD) and Parkinson’s disease (PD) are two of the features that are estimated from a single channel, such as amplitude and

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 [1-5].
They most commonly occur among elderly people over the age of 65, but
they may also affect younger individuals [6,7]. According to the World
Health Organisation, more than 55 million people are currently diag-
nosed 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 [8,
9]. Compared with other clinical brain imaging techniques, EEG offers
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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
[11-14]. Brain connectivity is believed to help people develop a deeper
understanding of various neurological conditions that affect the brain
and to untangle and reveal their underlying mechanisms [15-21]. It can
be subdivided into neuroanatomical (or structural), functional and
effective connectivity [15]. Functional brain connectivity represents the
statistical dependencies between regional time series. Effective brain
connectivity (EBC) tends to estimate directed causal connections among

Received 3 August 2023; Received in revised form 16 October 2023; Accepted 7 November 2023

Available online 15 November 2023

0010-4825/© 2023 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:yifan.zhao@cranfield.ac.uk
www.sciencedirect.com/science/journal/00104825
https://www.elsevier.com/locate/compbiomed
https://doi.org/10.1016/j.compbiomed.2023.107701
https://doi.org/10.1016/j.compbiomed.2023.107701
https://doi.org/10.1016/j.compbiomed.2023.107701
http://creativecommons.org/licenses/by/4.0/

J. Cao et al.

neural regions [22-26]. Besides the strength of the connection, the
directionality of cortical information flow is considered as an additional
biomarker [27,28]. The hypothesis of this study 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 esti-
mation is Granger causality (GC). GC was applied in respect to linear
vector autoregressive (VAR) models of stochastic time-series data in the
field of econometrics [29]. Some modifications were introduced to the
original formula by Geweke [30]. Geweke’s measures of Granger cau-
sality (Geweke-Granger Causality, GGC) were expanded to uncondi-
tional causality to include conditional time series components to make it
possible to distinguish between direct and indirect influences [30-33].
Baccald and Sameshima [34] introduced a novel EBC estimation method
based on Granger causality - Partial Directed Coherence (PDC). It allows
the estimation of causality with the PDC method using a Fourier trans-
form of multivariate autoregressive (MVAR) model coefficients [35,36].
In other words, it operates in the frequency domain, however, it is not
directly related to the power spectrum. Baccala et al. [37] introduced a
modification of that method, called Generalized Partial Directed
Coherence (GPDC), to improve PDC’s performance in cases of 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 [38]. 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
[39,40]. Korzeniewska et al. [41] 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 [15]. On one hand,
Akbarian and Erfanian [42] 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 et al. [43] 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-normalised DTF [44]. Although ffDTF was tested in this study, this
version of the DTF method provides less accurate results in the classi-
fication task, compared with the original DTF. On the other hand, to
obtain imaging features, Saeedi et al. [45] reconstructed a connectivity
image using two connectivity measures (PDC and DTF) and eight fre-
quency 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 [46]
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 con-
trols, PD patients showed reduced Theta- and Alpha-band EBC among
EEG channels, which is estimated by PDC [47]. 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 [48]. A number of studies
have demonstrated that GNN outperforms other machine learning
classifiers in terms of classification accuracy such as convolution neural
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networks (CNN) [12,49-54]. GNN was successfully used to classify AD
from health control and mild cognitive impairment [48] based on the
networks estimated by graph theory. Besides, Zhong et al. [55] obtained
satisfying results by combining 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 [56]. However, the existing research has not employed
EBC estimations as the input of GNN. That is to say, the causal rela-
tionship has not been considered to represent the difference in
dementia-related diseases. Therefore, the effectiveness of the combina-
tion of the mentioned EBC and GNN techniques for dementia diagnosis
requires further investigation. The choice to use GNN in our study stems
from the specific nature of our problem and the unique advantages
offered by GNN over traditional methods. Our problem involves ana-
lysing complex directional relationships between brain regions, which
can be well represented as graphs. GNN are specifically designed to
capture intricate relationships in graph-structured data, making them
well-suited for tasks where understanding the interconnections between
regions is essential. Unlike traditional methods, GNN can learn and
exploit these complex relationships. Besides, the proposed method al-
lows efficiently combining brain connectivity estimations, as multivar-
iate features, with univariate biomarkers. Furthermore, in recent years,
GNN has demonstrated state-of-the-art performance in various tasks.
Their success in a wide array of applications showcases their efficacy in
handling diverse and complex problems.

This study 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 study can be summarised into three folds:

e 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 uni-
variate biomarkers thanks to the mechanism of GNN.

o 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.

e Proper visualisation is used to reveal regional information and the
difference between AD, PD and HC.

2. Methods and materials
2.1. Framework

In the present paper, a novel analytical brain network imaging is
constructed by a graph comprised of PSD as nodes and EBC as direc-
tional 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 Fig. 1,
including the following steps: pre-processing, feature extraction (EBC
and PSD), graph construction, and DSL-GNN classification.

2.2. Preprocessing

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, tem-
porocentral, temporal and centroparietal (F4-C4, T4-C4, T4-T6, C4-P4),
midline frontocentral, centroparietal and left and right parasagittal
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Fig. 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.

central regions (Fz-Cz, Cz-Pz, C3-Cz, C4-Cz), left parietal, parieto-
occipital and temporo-occipital areas (P3-Pz, P3-O1, T5-01), right pa-
rietal, parieto-occipital and temporo-occipital areas (P4-Pz, P4-02, T6-
02) and midline occipital region (01-02)). 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).

2.3. Directed structure learning graph neural network

In this paper, 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 repre-
sentation. The directed graph used in this study is denoted as ¢ = (v, ¢)
with n nodes n; € v, edges (v;,vj)€ e. Its adjacency matrix and feature
matrix are denoted as A € R™" and X € R™¢, respectively, where n is
the number of channels which is 23 and c is the number of features of
each node, which is 5 in this study. The conventional Graph Convolu-
tional Network (GCN) [57] 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
[58] based on the personalized PageRank has been introduced in this
study to encode the directed features. The directed graph Laplacian Ly,
in the symmetric normalised format is expressed as:

| i
LHPP" =1- E 1 gppr

L

1 1
PPP’Hapzpr + HapzprPPP’ THlepr (1)

where Hgppr = mDiag(ﬂapp,). The personalized PageRank Py, is a

transition matrix that includes an axillary node & to sparsify the Lap-
lacian. It is defined as follows:

(1—a)D'A a1™!
Pppr= (2)
p lllxn 0
n
where A = A+ ™", which is the self-loops added adjacency matrix.
D(i,i) = Z]ﬁ(i, j) is the diagonal degree matrix. a is the possibility of the
link between the node n and the auxiliary node &. 7qyr is a part of the
Tippr, Which is the eigenvector of the transition matrix Pyyr. Zppr = (Zappr,
ﬂ'é).
Based on Eq. (2), the directed graph convolution is defined as:

1 - -
H=ReLU|-|m P> +m: P |xe@

2 appr appr appr appr (3)

where H € R4 is the output of the convolution operation with the
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dimension of d. ReLU is the activation function, X is the feature matrix
and @ € R°*¢ is the trainable weight.

Inspired by HGP-SL [59], we further learned the structure repre-
sentation 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 ¢ is defined to calculate the score of each node
for the k-th layer. It can be written as

€= HLaﬂprkaul C))

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 sub-
graph. The process can be denoted as follow:

i= rank(c,r X nk)
H = H (i,:) )
Ak+l :Ak(l-7 L)

where r is the pooling ratio and rank returns the indices of the required
node number in the next layer, n**1 = r x n¥, 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 S has
been introduced to achieve this, which can be denoted as:

S (i) = ReLU(W [H (p, )| H (g, )] T) + A% (p, q) ®)

where W € R'*?is a trainable weight. H**1(p, :) € R'*¢ and H**1(q,:) €
R4 are the p-th and g-th row in the matrix H**1. || is the concatenation
operation. Specifically, A**!(p, q¢)= 0, if the node n, and n, are not
directly connected. 4 is the parameter to adjust the relatively higher
score of the direct connection. The similarity score function is further
sparsified as S; for the convolution operation, which can be expressed
as:sparsemax 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:

|
H' =ReLU (ESJ"H‘ @k) 8)

As shown in Fig. 2, the pooling operation repeats 3 times, which
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provides different levels of structural information in the graph. All these
levels of subgraphs need to be considered when learning the represen-
tation 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 k-th layer can
be expressed as:

g(H") =ReLU <% Z H*(p, :)‘

ma]ka(:,q)> (C)]
e

The aggregate process can be expressed as:

k
z=" g(H) 10)
i=1
Finally, a classifier with MLP layers and SoftMax function is
employed to achieve the classification. The prediction output Y can be
expressed as:

Y =softmax(MLP(Z)) an
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. Fig. 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 vis-
ualisation with the carefully designed channel order. The principles of
five employed EBC estimators are represented below.

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 [24]. It is defined
in both the time and frequency domains, and it allows for the condi-
tioning out of common causal influences. The mathematical formulation
of Granger causality can be represented with a bivariate linear autore-
gressive model of two variables X; and Xp:

t

B

A a0
iy = -
P z

) @] ) e e —_
3 sp2 SP3
EBC&PSD w’ Network M__t_ﬂ[ﬁ Network ——— Network — Network —+ NMLP — Three
ooling Groups

Fig. 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.

S, (i, j) = sparsemax(S*+ (i, )

@
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» P
X0 =D AunXi(t—j) + Y AnXa(t —j) + Ei(t) 12)
= =1
» P
Xz(t) = ZAZI:/'XI (f 7]) + ZAZZ,/'XZ(t 7]) JrEz(f) (13)
J=1 Jj=1

where p is the maximum number of lagged observations included in the
model (the model order), the matrix A contains the coefficients of the
model (i.e. the contributions of each lagged observation to the predicted
values of X; (t) and X»(t)), and E; and E; are residuals (prediction errors)
for each time series. If the variance of E; (or E,) is reduced by the in-
clusion of the Xj (t) (or X»(t)) terms in the first (or second) equation, then
it is said that X; (t) (or X2(t)) Granger-(G)-causes X; (or X3). Geweke’s
measures of Granger causality [30] expanded the unconditional cau-
sality 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 [31,32,60].

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 in-
fluences of all other signals [13]. PDC improves the concept of Partial
Coherence by estimating causal influences. This method is estimated on
MVAR.

X(t) is a set of estimated signals from N recording channels:

X:[xl(t)7x2(t)7"'xN(t)]T a4
The MVAR process is an expressive description of the data set X:

P

S AMX(t—r)=E() 15)

r=0

In this model E(t) is a zero-mean multivariate uncorrelated white noise
vector. A(r) are the autoregressive coefficients matrix and its elements
a;(r) indicates the influence of xj(t —r) on x;(t) and P represents the
border of the model.

PDC from the i th channel to the j th channel at the frequency f is
defined as follows:

() = ——220) 6
S A1, )
where Aj(f) is a frequency-domain description of a;(r) [43,61]
P
1— Za[j(r)e’/z””, ifi=j
A;(f) - an

= P
— E al,»,‘(r)e’fz”f'7 otherwise
=1

Generalized PDC (GPDC) is defined as follows by normalising (16)
using standard deviation [13,62]

1 A,
Joilf) as)

() = —=
Ry G370y

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 simul-
taneously [63].

In this model E(t) is a zero-mean multivariate uncorrelated white
noise vector with A(0)= 1. A(1), A(2), ..., A(p) are coefficients and p
represents the model order. Equation (15) can be transformed into the
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frequency domain which is defined as:

ANX () =E(f) 19
AF) = 3 Alr)e s (20)
where.

So, X(f) can be obtained by
X(f)=A""(NE(f) = H()E(f) 2D

H(f) is the transfer function of the system and its element Hj(f) indicates
the causal influence from the jth input to the ith output at the frequency

f-

B=H,(0)| (22)
The DTF is defined as:
Normalised DTF is defined as:
2
H;
=L 2
2
Zl |Hin ()

where }/izj(f) describes the influence ratio of the j th channel-related
cortical area on the i ™ channel-related cortical area with respect to
the influence of all estimated cortical signals [64]. In the above formula,
the denominator is dependent on frequency, so the spectral character-
istics 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 fre-
quencies. In this way, the spectrum of the estimator ffDTF is not influ-
enced by the frequency characteristics of the denominator [44].
= )|2
N
> O Hin ()

m=1

(24)

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 [43].

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 pre-
dominantly aged under 65. The PD cohort was recruited during the
Parkinson’s UK Roadshow in York in July 2018. The remaining partic-
ipants 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 un-
derwent ethics approval by the Yorkshire and The Humber (Leeds West)
Research Ethics Committee (reference number 14/YH/1070). AD pa-
tients 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 as-
sessments were required before their EEG recordings. The final diagnosis
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of AD was based on the NINCDS-ADRDA criteria [65]. The diagnosis was
reached based on a consensus of multidisciplinary evidence, considering
clinical history, neurological examination, neuropsychological scores
and neuro-radiological findings [66]. 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
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 re-
cordings obtained were subsequently reviewed by a neurophysiologist -
on an XLTEK review station - and for each participant, three 12-s
artefact-free mini-epochs of EC and EO were selected. In this study,
the EO and EC data are combined for analysis.

2.6. Classification

As shown in Fig. 1, the EBC and PSD features are fed into the pro-
posed 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 par-
ticipants, 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 [67]. In this case, 80% of the dataset is used as the
training set and the remaining 20% is used as the testing set. The model
training and evaluation were conducted in a workstation with the
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operation system of Ubuntu 18.04. The CPU and GPU of this workstation
are Intel i9-10900k and NVIDIA Quadro RTX 8000, respectively. The
codes were developed in Python and the employed deep learning plat-
form is Pytorch 1.13. For the training process, Adam was employed as
the optimiser with a mini-batch size of 128. The initial learning rate and
the weight decay were set as 0.001, and the number of epochs in training
was set as 250.

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, 23*23 EBC features +23*5 PSD features—=644 features
for Full band; and 23*23 EBC features +23*1 PSD features=552 features
for each of five separate bands.

3. Results
3.1. Classification performance

In this study, the proposed framework was evaluated in four classi-
fication 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 Fig. 3 and Fig. 4 respectively using five EBC es-
timations 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 clas-
sification are extremely close to the PD vs. HC task, because the accu-
racies 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 supe-
riority over the other four estimations when DSL-GNN is employed, by
producing a classification accuracy of over 93% for all four tasks.

Accuracy using SVM
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Fig. 3. Classification accuracy in Full band using SVM, employing five EBC estimations: PDC, GPDC, GGC, DTF and ffDTF.
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Accuracy using DSL-GNN
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Fig. 4. Classification accuracy in Full band using DSL-GNN, employing five EBC estimations: PDC, GPDC, GGC, DTF and ffDTF.

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 1 and
Table 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
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,

Table 1
Classification accuracy using SVM in five different bands using five EBC esti-
mations and PSD (%).

Group EBC Band PDC GPDC GGC DTF ffDTF
AD vs. HC 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
PD vs. HC Delta 52.92 43.33 73.75 56.25 47.08
Theta 55.00 40.83 71.25 77.08 49.17
Alpha 57.08 43.33 70.83 84.58 46.67
Beta 60.83 50.00 72.92 70.00 46.25
Gamma 57.50 44.17 68.33 65.83 48.75
PD vs.AD Delta 54.67 51.28 69.66 67.05 48.69
Theta 57.65 46.61 71.40 76.94 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
PD vs. HC vs. AD 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

Table 2
Classification accuracy using DSL-GNN in five different bands using five EBC
estimations and PSD (%).

Group EBC Band PDC GPDC GGC DTF ffDTF
AD vs. HC 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
PD vs. HC 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
PD vs.AD 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
PD vs. HC vs. AD 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

both SVM and DSL-GNN obtained unsatisfactory classification perfor-
mance, 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 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.

3.3. Feature visualisation

The heat map (Fig. 5) and topography method (Fig. 6) are used to
visualise the normalised average EBC estimations and PSD values,
respectively. In Fig. 5, it is obvious that the frontal areas are rarely
influenced by other regions since the ffDTF value of the first two rows is
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Fig. 5. The normalised average ffDTF in different band for HC, AD and PD.

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 dramati-
cally, 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 accu-
racy 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
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Fig. 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.

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.

The topographic map is normalised in each band and group indi-
vidually. That is to say, Fig. 6 only illustrates the different patterns of
PSD distribution and it is meaningless to compare the absolute values in
each topography. In Fig. 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 re-
gion 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 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.

4. Discussion

The novelty of this study lies in the development of a new Graph
Neural Network, called DSL-GNN, to better diagnose AD by integrating
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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 3
compares our proposed method with the 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 [68] there is a clinical need in finding promising bio-
markers 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 et al. [68] 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 study.
The proposed framework significantly outperforms this method with an
accuracy of 93.3%. Besides, Shan et al. [56] also used Wavelet coher-
ence 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 study. 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. Furthermore, to explore the
effectiveness of the neural networks, Table 4 compares the recent studies
that employed EEG combined with the deep learning techniques for AD
or PD diagnosis. It can be found that the artificial neural network (ANN),
CNN, Multilayer Perceptron Neural Network (MLP-NN) and GNN all
obtained promising results in terms of classification accuracy.

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 [39,44,79], which suggest
that the abnormalities of EEG recording at a specific frequency band
(<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 et al. [80]

Table 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
[69] PSD AD vs. HC SVM 70.2%
[70] Mutual information AD vs. HC SVM 77.23%
[71,72] Phase locking value AD vs. HC SVM 72.11%
[56] Wavelet coherence AD vs. HC GNN 92.3%
[471 GC PD vs. HC GNN 86.2%
[73] PSD -+ Phase locking value PD vs. HC SVM 82.9%
[74] Correlation + Coherence + PD vs. HC SVM 80.2%
Phase lag index
[68] Wavelet coherence AD vs. PD LDA 40.4%
vs. HC
Our study  EBC + PSD AD vs. HC DSL- 94.0%
PD vs. HC GNN 94.2%
AD vs. PD 97.4%
AD vs. PD 93.0%
vs. HC
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Table 4
Summary of the use of EEG combined with the deep learning techniques for AD
or PD diagnosis in recent years.

Reference Task Classifier Accuracy
[75] AD vs. MCI vs. HC CNN 97.1%
[76] AD vs. HC ANN 89.0%
[771 AD vs MCI vs HC CNN 98.9%
[78] PD vs. HC MLP-NN 73.5%
[2] PD vs. HC CNN 92.9%
Our method AD vs. HC DSL-GNN 94.0%
PD vs. HC 94.2%
AD vs. PD 97.4%
AD vs. PD vs. HC 93.0%

found abnormal cross-frequency coupling at the Gamma band, which
was not revealed within the control subject. Besides, Yuvaraj et al. [74]
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 in-
dividual 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 [81-83], effectively making use of
numerous features is still challenging. Many studies suggest that more
features do not always provide higher classifying accuracy [68,84]. 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. Our proposed DSL-GNN method demonstrated its superi-
ority in systematically using various brain-network markers since the
mechanism of GNN supports a reasonable combination of distinct fea-
tures. 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 addi-
tional interconnection and even the direction among the nodes. That
explains the GNN-based method performs significantly better than other
machine learning algorithms in this study, especially in the three-group
classification task in the Full band where more features are employed.

This study is noteworthy as it moves beyond a dichotomous binary
perspective; namely distinguishing between the most common form of
dementia (i.e., AD) and age matched healthy controls. By achieving a
very high three-way classification accuracy, between HCs, AD and PD
patients, our work shows the potential of our proposed EEG based
framework, in detecting disease specific brain network deficits.
Impressively this is highest in the distinction of participants with PD
versus AD, suggesting the framework detects disease specific electro-
physiological signatures. It paves the way for the development of a low
cost, easy to administer, EEG-based test, for the diagnosis of the two
most common neurodegenerative disorders, AD and PD, to be used in
everyday clinical practice, to include primary care. This would allow
early lifestyle interventions [85] and facilitate identification of suitable
patients to administer newly developed disease modifying treatments
for AD [86]. However, future longitudinal studies are required to
determine the electroclinical associations, between the motor and
cognitive deficits in the early and moderate stages of PD and AD,
respectively, on one hand and the severity of EEG brain network dys-
functions, on the other. This could then translate into an objective
EEG-based surrogate biomarker, of disease-specific, brain network fail-
ures, to be used in clinical trials.

In terms of generalisation and robustness of our proposed approach,
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we acknowledge the validation of them is beyond the scope of the cur-
rent study. We intend to explore and validate the applicability of our
model in diverse applications related to neurophysiological signals and
effective connectivity in future research. This article provides a prom-
ising tool (DSL-GNN) for analysing various neuroimaging modalities,
such as EEG, MEG and fMRI that can be used to estimate effectivity
connectivity. The satisfying results demonstrate its capability in dealing
with directional networks and numerous features. In other words, our
research opens up a novel direction for studies that previously lacked an
effective strategy to combine various univariate and brain connectivity
features. Furthermore, it would be worthwhile to investigate how our
model can be utilized in various domains of EEG analysis, including but
not limited to cognitive neuroscience, clinical diagnostics, brain-
computer interfaces, and neurofeedback applications.

5. Conclusion

In this study, 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 study 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
0f 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. Although the proposed DSL-GNN method has shown
promising results when compared to recently published approaches, it
does have certain limitations. One notable limitation is the omission of
state-of-the-art features in both brain connectivity (e.g., PDC, GPDC,
DTF, ffDTF and GGC) and univariate feature (e.g., PSD). Besides, this
article only employs accuracy as the metric for evaluating performance,
which may not provide a comprehensive understanding of the costs or
consequences of associated with misclassifications. It is important to
recognise that different misclassification errors can carry varying de-
grees of significance, and accuracy alone does not capture this important
aspect. We will incorporate additional metrics such as precision, recall,
and F1-score in our future studies. 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 con-
nectivity and single-channel biomarkers. It can be expected the perfor-
mance will be further improved if more robust features are utilized.
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