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Abstract. Graph theory has proven to be useful in studying brain dys-
function in Alzheimer’s disease using magnetoencephalography (MEG)
and fMRI signals. However, it has not yet been tested enough with re-
duced sets of electrodes, as in the 10-20 EEG. In this work, we applied
techniques from the graph spectral analysis (GSA) derived from EEG sig-
nals of patients with Alzheimer, Frontotemporal Dementia and control
subjects. A collection of global GSA metrics were computed, accounting
for general properties of the adjacency or Laplacian matrices. Also, re-
gional GSA metrics were calculated, disentangling centrality measures in
five cortical regions (frontal, central, parietal, temporal and occipital).
These two sort of measures were then utilized in a binary AD/controls
classification problem to test their utility in AD diagnosis and identify
most valuable parameters. The Theta band appeared as the most con-
nected and synchronizable rhythm for all three groups. Also, it was the
rhythm with most preserved connections among temporal electrodes, ex-
hibiting the shortest average distances among T3, Ty, 15 and Tg. In addi-
tion, Theta emerged as the rhythm with the highest classification perfor-
mances based on regional parameters according to a k=5 cross-validation
scheme (mean accuracy=0.74+0.03, mean recall=0.7240.05 and mean
F1l-score=0.72+0.03). In general, regional parameters produced better
classification performances for most of the rhythms, encouraging further
investigation into GSA parameters with refined spatial and functional
specificity.

Graph Spectral Analysis EEG Alzheimer Disease

1 Introduction

Alzheimer’s disease (AD) and Frontotemporal dementia (FTD) represent two
distinct neurodegenerative disorders, each characterized by unique clinical man-
ifestations and neuropathological profiles. AD is physiologically characterized by
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the accumulation of amyloid-plaques and neurofibrillary tangles of tau protein in
the brain, leading to neuronal death. AD symptoms consist mainly of memory
loss and cognitive decline, which is largely due to damage in the hippocam-
pus. The hippocampus is a brain structure, located in the medial temporal lobe
(MTL), which plays a central role in the creation of new memories and the stor-
age of existing memories. On the other side, FTD is more often characterized by
early changes in behavior, personality, and language, depending on the variant.
Even though Alzheimer’s disease and frontotemporal dementia present overlap-
ping features in advanced stages, early discrimination between them remains
crucial due to their distinct clinical trajectories, management strategies, and
prognoses. This clinical heterogeneity poses a challenge for differential diagnosis,
particularly when relying solely on neuropsychological assessments. Recent ad-
vances in neuroimaging and electrophysiological techniques, such as EEG, have
opened new possibilities for distinguishing between these conditions.

Machine learning and deep learning techniques have been widely used in AD
detection for a long time. Examples can be found at [1,7,7,?]. In addition to
AD classification, other reports employed decomposition methods in their stud-
ies. For example, Amezquita-Sanchez et al. introduced the Complete Ensemble
Empirical Mode Decomposition with permutation entropy for detecting subjects
with impaired working memory [2]. In other studies, multiple signal classification
and empirical wavelet transform with nonlinear features such as fractal dimen-
sion were analyzed [3], or implemmentation of classification algorithms based on
enhanced probabilistic neural network models [4, ?].

The use of graph theory to study AD, however, is relatively new. One of the pi-
oneering work is from Stam et al. [5], who investigated whether functional brain
networks were abnormally organized in AD by EEG signals. In particular, he
stated that healthy brains tended to present high clustering coefficients and low
path lengths, which means that healthy networks have ”small world” structure.
In addition, the presence of small world structures tended to disappear in AD
patients. Since then, several authors have used graph theory tools to study con-
nectivity and the existence of different patterns in AD.

There is a large amount of information available in the literature regarding
Alzheimer’s Disease, Adeli et al. [6] provide an extensive review of research on
computational modeling of AD and its markers. Their work covers neurological
models, brain imaging analysis, EEG feature extraction, classification models,
and neural models of memory. Additionally, Adeli et al. [7] offer another review
focusing on time-frequency analysis, wavelet analysis, and chaos analysis. For a
general overview of the clinical neurophysiology of AD, we recommend Bhat et
al. [8]. In the same domain, Hulbert et al. [9] review studies related to EEG and
MEG.

Despite their utility, graph representations lack standardization, which poses
significant challenges when comparing the topology and organization of different
networks [10]. Such comparisons often depend heavily on variables like network
size or density. To address these limitations, Graph Spectral Analysis (GSA) has
emerged within graph theory as a robust approach.
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GSA focuses on analyzing the intrinsic properties of graphs by examining the
spectral characteristics of their Adjacency or Laplacian matrices, providing a
more universal framework for network evaluation. The advantage of GSA is to
deduce invariant properties and structure of a graph from a list of spectral tools
that are easily computable and play a central role in our fundamental under-
standing of graphs.

Late in 2012, de Haan et al. presented their first reports associating GSA and
Alzheimer [11]. They studied the disruption of functional brain networks in AD
by magnetoencephalography (MEG) signals. In particular, they focused on net-
work connectivity, synchronizability and node centrality. The main outcomes
from their work were a general loss of connectivity, altered synchronizability
and depressed centrality in the temporal MEG channels.

EEG and MEG are two complementary, non-invasive neuroimaging techniques
used in the diagnosis of various brain disorders. A key distinction lies in their
cost and technical capabilities: EEG is more cost-effective, whereas MEG offers
superior sensitivity and spatial resolution, a difference partly attributed to the
greater number of channels available in MEG for signal acquisition.

Following de Haan ideas, we aimed at studying the possibilities of GSA in EEG
10-20 configurations, a setup greatly reduced with respect to MEG, in terms
of number of channels and spatial resolution. The potential advantage of suc-
cessfully applying GSA to EEG lies in its easy accessibility, low cost, clinical
interpretation and short study durations that the technique offers.

In this study, we investigated whether global and regional GSA metrics derived
from EEG recordings can effectively distinguish between control participants
and AD/FTD patients. To achieve this, we analyzed network connectivity, node
centrality, stabilization, and path-length distances to evaluate disruptions in
functional brain networks. Also, we addressed a binary AD/control classification
problem based on global and regional GSA metrics. These analyses align with
Stamm’s ”small-world” simulations and De Haan’s MEG findings, providing a
comprehensive framework for understanding alterations in neural connectivity
on the EEG recording modality.

2 Materials

2.1 Dataset Description

The data utilized in this study were sourced from the OpenNeuro repository
(https://openneuro.org/), specifically the dataset identified as DS004504 [12].
This data set comprises electroencephalographic (EEG) recordings from individ-
uals diagnosed with Alzheimer’s disease (AD), frontotemporal dementia (FTD)
and healthy controls of the same age.

The dataset includes a total of 88 participants, categorized into three groups:
AD patients (n = 36), FTD patients (n = 23), and healthy controls (n = 29).
Participants were matched for age and other demographic characteristics to re-
duce potential confounding variables. In fact, age appeared as an unbiased de-
mographic parameter (AD: 66.38 + 7.77 yo vs Controls: 67.89 + 5.30 yo, p =
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0.3829, Mann-Whitney test). However, gender did present a bias in the AD
vs Control groups (AD: 24/35 women vs Controls: 11/30 women, p = 0.0394,
Chi — squared test). The clinical diagnoses of AD and FTD were determined
according to established diagnostic criteria, incorporating comprehensive neu-
ropsychological assessments and clinical evaluations conducted by experienced
professionals. Cognitive and neuropsychological state was evaluated by the in-
ternational Mini-Mental State Examination (MMSE). MMSE score ranges from
0 to 30, with lower MMSE indicating more severe cognitive decline. The aver-
age MMSE for the AD group was 17.75 (sd=4.5), for the FTD group was 22.17
(sd=8.22) and for the CN group was 30 (sd = 0). The duration of the disease
was measured in months and the median value was 25 with IQR range (Q1-Q3)
being 24 - 28.5 months. Concerning the AD groups, no dementia-related comor-
bidities have been reported.

Recordings were acquired from the 2nd Department of Neurology of AHEPA
General Hospital of Thessaloniki by an experienced team of neurologists. For
recording, a Nihon Kohden EEG 2100 clinical device was used, with 19 scalp
electrodes (Fpl, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4,
T6, O1, and 0O2) according to the 10-20 international system and 2 reference elec-
trodes (Al and A2) placed on the mastoids. Each recording was performed with
participants being in a sitting position having their eyes closed. The sampling
rate was 500 Hz with 10uV/mm resolution.

3 Methodology

The EEG signals in the dataset underwent preprocessing and denoising using
the Independent Component Analysis (ICA) method. Initially, a Butterworth
band-pass filter (0.5-45 Hz) was applied to attenuate baseline drift and high-
frequency noise. Subsequently, the signals from the 19 EEG channels were lin-
early decomposed into 19 independent components. Components identified as
artifacts, specifically those associated with jaw or ocular activity, were excluded.
The remaining components, representing artifact-free EEG activity, were used
to reconstruct the original 19 EEG channels. Following ICA-based denoising, the
signals were re-referenced to the A1-A2 montage.

On these signals, we have then accomplished rhythm selection on the following
frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-30
Hz) and gamma (30-45 Hz). Finally, four epochs lasting 7 secs were randomly
selected between "boundary” annotations from the database. For each subject,
functional connectivity and GSA metrics were independently computed for each
epoch. Results were then averaged among these 4 epochs.

3.1 Functional Connectivity

Functional connectivity was estimated from the rhythm-filtered EEG recordings
using the Phase Locking Value (PLV), a widely used measure that quantifies
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the temporal consistency of the phase difference between pairs of oscillatory sig-
nals, regardless of their amplitude [13,?]. This metric is particularly robust to
amplitude variations and allows the assessment of transient or sustained phase
couplings across different frequency bands. For every EEG channel j.k, the in-
stant phase ¢;(t) and ¢y (t) was obtained by applying the Hilbert transform to
the signals. Based on these phases, PLV was computed as follows:

N
1 .
PLV;,, = ~ E PICHORLO) (1)
t=1

where N represents the number of samples in the analysis window, and
(¢;(t) — ¢r(t)) corresponds to the instantaneous phase difference between the
signals. The PLV value ranges from 0 (no synchronization) to 1 (complete syn-
chronization), indicating the degree of phase coupling between the channels con-
sidered. The PLV values for each channel pair were organized into symmetric
adjacency matrices A, where A;; = PLVj ;. These matrices were interpreted
as representations of functional networks, where nodes correspond to electrodes
and weighted edges reflect the degree of phase synchronization between signal
pairs.
The adjacency matrices were then thresholded at different levels, ranging from
05. to 0.9 in 0.1 increments. As a result, weighted thresholded matrices were
obtained. We will call these matrices the Adjacency matrix A(G) or simply A.
In A, in turn, the degree matrix D was computed. D is a diagonal matrix that
contains the total number of connections for every node (EEG channels). D’s
non-zero entries were computed by summing up the raws of the covariance ma-
trix. Subsequently, the Laplacian L was calculated as the difference between D
and A. The metrics presented in this work were calculated based on A and L.
The analysis was systematically carried out for each threshold in order to assess
the dynamics of the metrics in terms of the strength of connection.

3.2 Relative Power Spectral Density for rhythms

Finally, the relative power spectral density (PSD) was calculated for each band,
by calculating each segment’s squared magnitude of their discrete Fourier trans-
forms. To obtain a relative PSD, the PSD of each rhythm was normalized as

follows:
f2
PSD,(f) = 25 PU) (2)

S P()
where [f1, fn] = [0.5,45] and [f1, f2] are determined by the frequency ranges
of the selected rhythm.

3.3 Graph theory tools for connectivity measures. Definitions and
notation

In what follows we mention the definitions we need about graph theory. For more
details see, for example, [14,15]. Let G be a finite undirected weighted graph
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without loops or multiple edges of n vertices labeled 1,2,...,n. We denote the
set of vertices of G by V (or V(G)). We say that two vertices ¢ and j are adjacent
(or neighbors) if they are joined by an edge and we write i ~ j. We denote the
set of edges of G by F (or E(G)), where an edge ij belongs to E if and only if
1 ~ 7. In this case, we say that the edge ¢j is incident with vertices ¢ and j. The
degree or degree centrality (DG) d; of a vertex i is the number of edges incidents
with it. We also denote by N (i) := {j : i ~ j} the set of neighbors of the vertex
i. G is a weighted graph if there exists a non-negative function W;; : V. xV — R
such that W;; = Wj; and Wy > 0 if 4 ~ j. Any weight W;; induces a function

on V(G) given by
W)= > Wi,= Y Wy
JEN(3) JeV(G@)

There exist three matrices associated to a (weighted) graph G in which we
are particularly interested in: the Adjacency matriz A € R™*™ (or A(G)) given
by A;; = W;; if ij € E or 0 in another case; the Degree matric D € R™*™ (or
D(@G)), which is a diagonal matrix with main diagonal given by the vector of
(weighted) degrees (W(1),...,W(n)); and the Laplacian L = D — A.

It is known that L is a symmetric and positive semi-definite matrix, then the
eigenvalues of L are real and positive, so we denote by A\; < ... < A, the
eigenvalues of L counting multiplicities. Let 1 = (1,...,1) € R™, then 1 is an
eigenvector of L associated to A; = 0. The multiplicity of 0 states the number
of connected components of G.

In this work, we studied the following spectral data given the Laplacian and the
Adjacency matrix of a graph G:

— Algebraic connectivity (AC): It is the first non-null eigenvalue of L.
— Laplacian energy (LE): It is the the sum of the differences of each eigenvalue
with respect to the mean eigenvalue:

n

LE(G) =)

i=1

LA
n

— The spectral gap (SG) given by A\, — \,—1 of L. It plays an important role
in the distribution of energy (or information) of a system.

— Figenvector centrality (EC). It measures the relevance of a node with respect
to the importance of its neighbors, which gives a better picture of the highly
connected regions (hub electrodes) [16,17]. Note that A is a symmetric ma-
trix whose entries are non-negative, so to calculate the EC we applied the
Perron-Frobenius theorem, that is, if u; < ... < u,, are the eigenvalues of
A, then:

e The spectral radius (SR) p(A) := ,max |ps| is an eigenvalue of A.

,,,,,

e There exists an (unitary) eigenvector associated to the eigenvalue p(A)
such that every coordinate is no-negative.

If we call = (x1,...,2,) to the unitary eigenvector associated to p(A), then
x; denotes the centrality for the vertex i. So every node has a positive number
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assigned that depends on the connection of the node. That is, a higher number
corresponds to a node that is connected (indirectly) to many nodes.

Besides the spectral measures mentioned above, we also included some other
metrics, detailed bellow:

The clustering coefficient C; of a vertex ¢ with degree d; is usually defined as
the ratio of the number of existing edges, denoted by e;, between neighbors of i,
and the maximum possible number of edges between neighbors if ¢. The formula
for C; is:

261‘
di(d; — 1)

The clustering coefficient C ranges between 0 and 1. Usually C; is averaged
over all vertices to obtain a mean C of the graph (Global Clustering).

Ci=

The Global Clustering coefficient is an index of local structure. It is a ratio
between all possible connections of a vertex and the collections that actually
happens for that vertex. After calculating such a ratio per vertex, all ratios are
then averaged.

Finally we use the Dijkstra’s algorithm to calculate the length path between
nodes corresponding to certain temporal brain cortex, specifically, we considered
the path length between the nodes corresponding to T3 — Ty and T5 — Tj.

3.4 Statistical Analysis

Data are presented as mean + SD. The analyses were performed separately for
each epoch within a frequency band and a patient, then averaged out. Statisti-
cal significance was tested by the non-parametric Kruskal-Wallis test, useful for
median comparison among two or more independent groups. Significance was
considered for p-values < 0.05. When necessary, the Dunn test was performed
applying Bonferroni as the p-adjustment for multiple comparisons. Finally, when
comparing only AD and controls, the nonparametric Wilcoxon rank sum test was
utilized.

To classify Alzheimer’s disease (AD) patients and controls, an XGBoost classifier
was implemented. Two different datasets were tested. A first one consisted of
global features extracted from EEG graphs, such as AC, LE, SG, SR and Global
Clustering coefficient. The second one used the regional parameters Eigenvec-
tor Centrality, Local Clustering and Degree Centrality grouped into five brain
regions (frontal, central, temporal, parietal, and occipital). A 5-fold stratified
cross-validation approach was applied to evaluate the model, ensuring a bal-
anced representation of classes in each fold. The XGBoost classifier was trained
with 300 estimators, a learning rate of 0.01, a maximum depth of tree of 5 and a
subsample size of 0.7. It was evaluated using metrics such as precision, recall, and
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F1 score, following a k-cross validation scheme with k=>5. The cross-validation re-
sults provided mean and standard deviation values for each metric. The dataset
was split into training (80%) and test (20%) subsets. Feature importance was
calculated using the XGBoost model and the contribution of each EEG-derived
feature to the classification was analyzed.

4 Results

4.1 Relative Power Spectral Density

The first exploratory analysis performed on the data was related to the rela-
tive Power Spectral Density (PSD,.) of each band. Figure 1 shows the PSD.,
for every group and every rhythm. Notice that, consistently with the literature,
AD patients presented a significant increase in PSD,. for theta and delta bands
and a significant decrease in the alpha and beta bands (Kruskal-Wallis test with
Dunn’s post hoc analysis, p < 0.016, Bonferroni correction applied to post hoc
comparisons), evidencing a shift toward low frequencies in this group [18].

In particular, the gamma band showed the lowest energy among all EEG fre-
quency bands, an observation that may align with the fact that gamma rhythms
are strongly associated with cognitive load, not elicited by this experimental
task. In the opposite end, the delta band presented the highest PSD, for all
three groups, also in line with the literature [18].

4.2 GSA metrics

After rhythm selection, a thresholded adjacency matrix was conformed by PLV
analysis. When inspecting the adjacency matrices at different thresholds, a greater
loss in the functional connections of AD patients can be observed, especially in
the temporal electrodes. Figure 2 shows the adjacency matrices, graph topolo-
gies and Eigenvector Centrality of a representative AD patient (a) and a control
subject (b) in the theta band at three different thresholds. Notice that in both
cases, graphs are fully connected for a threshold of 0.5, but from 0.7 on, there
exists a greater loss of connections in the AD case. Furthermore, a decrease of
connectivity in the temporal electrodes with threshold can be appreciated in
the AD patient, as observed for thresholds 0.7 and 0.9. Moreover, the temporal
Ts electrode shows an early blackout at threshold 0.5 (Fig 2a, Th = 0.5). These
measures are supported by the EC values across electrodes (middle panels). Fun-
damentally, at thresholds 0.7 and 0.9, a decrease in EC can be observed in the
temporal region. In contrast, Controls kept the EC values more uniform across
the electrodes, preserving to a greater extent the overall connectivity scheme.

The intuitive idea presented in Figure 2 was systematically analyzed for the
three groups in Figure 3, where the network connectivity was quantified by Al-
gebraic Connectivity (AC) and Laplacian Energy (LE) for different rhythms



Graph Spectral Analysis of EEG in Alzheimer Disease 9

PSD by Rhythm and Group

0.7
T - * * * GI’OUD
/= A
0.6 mm C
= F
— 0.5
N
T
~- 0.41
3 L 8 °©
[ o
a 0.3 o
aQ s o s °
0.2 o 8 8§
o] ° 2
15
Delta Theta Beta A/bha Gamma

Rhythms

Fig. 1: Relative PSDs (PSD,.) across groups for the five rhythms analyzed. Notice
that o and B rhythms resulted enhanced, while delta and theta depressed in
the controls with respect to AD or FT groups. * : p < 0.016, (Kruskal-Wallis
test with Dunn’s post hoc analysis, Bonferroni correction applied to post hoc
comparisons).

and thresholds. Control subjects presented greater AC values than Alzheimer or
Frontotemporal patients for all thresholds in the theta and delta bands (Kruskal-
Wallis test with Dunn’s post hoc analysis, p < 0.016, Bonferroni correction for
post hoc comparisons), while the trend was opposite for the beta and alpha
bands (p = NS), with very little connectivity in the gamma band (p = NS).
Please note that the delta band was not shown for spatial organization of the
graphics, but it followed the theta pattern in terms of trend and statistical sig-
nificance. Despite showing different patterns across rhythms, it is evident that
controls presented the least loss of connections as threshold increased, either for
the case where they had greater or lower number of connections at low thresh-
olds. In fact, initially lower AC values for controls ended up matching those of
AD or FT patients at thresholds 0.8 and 0.9. In addition, theta was the rhythm
accounting for the most of AC regardless the group, presenting much lower AC
values for the remaining bands.

In particular in patients with AD, the highest overall connectivity was shown
for the theta band, although significantly lower than the controls, and decreased
its connectivity levels for the remaining bands, showing no significant differences
with respect to controls. This is consistent with the reported shift of AD opera-
tion towards slower rhythms, such as the theta and delta band [18]. Finally, the
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Fig.2: Functional connectivity versus threshold. Adjacency matrices (lower
panel), graphs topologies (upper panel) and Eigenvector Centrality values (mid-
dle panel) of a representative AD patient (a) and a control subject (b), both in
the theta band at three different thresholds (th = 0.9, 0.7, 0.5).

band with the lowest AC values for controls, FT or AD patients was the gamma
band. This fact is consistent with the nature of the task and the relative PSD
of the band (see Fig. 1).
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Fig. 3: Algebraic connectivity (AC) and Laplacian Energy (LE) error-bars for
every rhythm and threshold. Notice the inverse relationship between AC and
LE. * : p < 0.016, (Kruskal-Wallis test with Dunn’s post hoc analysis, Bonferroni
correction applied to post hoc comparisons).

In opposition to AC, Laplacian energy (LE) showed consistent patterns across
rhythms and thresholds. In fact, LE turned out to be significantly lower for con-
trols than AD or FT patients in most frequency bands and thresholds. The fact
that controls presented low LE values can be interpreted in terms of diffusion in
a network. That is, the lower the LE, the faster a perturbation or information
spreads through the net, which implicitly leads to the idea of a more homoge-
neous network.

When assessing the relative importance of a node within a network, on the
other hand, a bunch of graph measures come up [19]. The most straightforward
metric is the Degree Centrality, which assigns a hub status to nodes accord-
ing to its number of connections. Alternative measures focus on the concept
of centrality, with betweenness or closeness centrality as examples, with some
problems related to computational demands [20]. Eigenvector Centrality, on
the other hand, takes into account both the degree of a node and the degrees
of its neighbors [21]. In Fig. 4 we compare three metrics for node centrality as-
sessment on a cortical region basis. On the left panel, the Degree Centrality is
displayed, in the middle panel the Figenvector Centrality can be seen, and on
the rightmost panel the Local Clustering, all of them disentangled for specific
brain regions. In this case, we have grouped electrodes into 5 different cortical
regions, namely: frontal electrodes (F), central electrodes (C), temporal elec-
trodes (T), parietal electrodes (P) and occipital electrodes (O). All five regions
have been computed for all frequency bands at threshold 0.9. Notice that AD
patients showed a diminished Degree Centrality for the Delta and Theta bands
(p < 0.016, Kruskal-Wallis), whereas remained similar to other groups in the
Beta, Alpha and Gamma groups, with much lower values. The same behavior
was evidenced for Local Clustering on a brain region basis. In both cases, an AD
decrease in the temporal and frontal regions can be appreciated for both metrics
in all bands. Moreover, an alternating pattern can be found around frontal, cen-
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tral and temporal electrodes in Eigenvector Centrality and Local Clustering
at Beta, Alpha and Gamma frequency bands.
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Fig. 4: Centrality metrics comparison. Degree centrality, Eigenvector centrality
(EC) and Local Clustering were calculated for all frequency bands at threshold
0.9, and every cortical region, namely, F: frontal, C: central, T: temporal, P:
parietal and O: occipital. Blue: Alzheimer group, Red: Controls. Notice that
lower rhythms (Delta, Theta) accounted for most of the network centrality.

We can see in Fig. 5, an analysis of the path length across electrodes in the
temporal cortical region for every rhythm and threshold. In the upper panels,
the global clustering coefficients are displayed, in conjunction with an average
Dijkstra path length from two pairs of temporal electrodes T5 — Ty and Ts — Tg
(middle panel). Since path length between electrodes can be poorly standard-
ized due to disconnected electrodes, the disconnection rate of these temporal
electrodes is also included on the bottom panel. Notice that Theta came up as
the rhythm with minimum disconnection rate (50 % maximum for AD group,
25% for C or FT groups) for all three groups, particularly for controls, for whom
they showed the shortest path length among temporal electrodes. For the re-
maining rhythms, disconnection rates of temporal electrodes achieved 80 %,
presenting much longer path distances. These minimum path lengths for the
Theta rhythm, in turn, were accompanied by the highest Global Clustering co-
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efficients, which resembles the concept of small world defined by Stamm et al. [5].
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Fig.5: Path length and Disconnection rate across temporal electrodes. Middle)
Errorbars for Average path length between the pairs of temporal electrodes T3-
T4 and T5-Ts. Bottom) Disconnected channels for every rhythm and threshold.
Top) Overall Global Cluster coefficients for the entire network. * : p < 0.016,
(Kruskal-Wallis test with Dunn’s post hoc analysis, Bonferroni correction applied
to post hoc comparisons).

From this figure, we can see that Global Clustering follows AC (see Fig. 3), at
least in terms of trends. In addition, we can infer an inverse relationship between
density and the average length of the path among the temporal electrodes, mea-
sured by the Dijkstra algorithm. This makes sense, since the higher the amount
of connections (on average) in a graph, the more likely the graph is uniformly
connected. This combination of a high number of connections and short paths
resembles, at least conceptually, the small worlds, considered recently by Stam
[22]. Note that Beta and Gamma produced the highest amount of disconnected
electrodes, followed by Alpha. Consistently, the theta band produced the lowest
disconnection rates, accordingly with the lowest mean distances for every group,
highest Global Clustering levels and AC values (see Fig. 3).

To complete the set of SGA tools, we also computed the Spectral Gap (SG) and
Spectral Radius (SR). SG values tell about how long the functional network dy-
namics take to reach a stable state. Thus, a small SG means a fast adaptation to
perturbations. In the theta band, Controls presented a faster synchronizability
at thresholds 0.5, 0.6, 0.7 and 0.8, since they exhibited significantly decreased
SG values (Kruskal-Wallis test with Dunn’s post hoc analysis, p < 0.016, Bon-
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ferroni correction for post hoc comparisons). The same trend, although not at
the corrected significance levels, was found for the alpha and delta bands. This
observation aligns with the physical interpretation of SG. This is, if a physical
system was modeled as a graph, a small spectral gap indicates that the network
allows information to flow more easily through it, while a large spectral gap sug-
gests greater resistance to dispersion [23]. In this case, controls would resist the
less information flow, or, in other words, AD neuronal networks would conform
more rigid systems. It is worth noting that this physical interpretation coincides
with that from the Laplacian Energy, presenting quite consistent results.

The Spectral Radius, meanwhile, reflects the interconnectivity of a network. The
higher the SR, the more dense the network. With respect to SR, the beta and
theta bands made the difference. Table 1 shows the mean + SD SR values for
rhythm and threshold throughout groups. Bold numbers denote statistical signif-
icance at a Bonferroni adjusted p-value of 0.016. In the theta band, the A group
was significantly lower than the controls, while no difference was reported for the
F group. However, the beta band showed significantly lower SR values for con-
trols against the A or F groups. However, when analyzing the AD group against
itself for all thresholds, we can see that the maximum SR value on average was
present in the theta band, suggesting that AD neuronal networks operate mainly
in this frequency band.

EEG
Rhythm

Threshold
0.7

0.5 0.6 0.8 0.9

Delta

16.99 £ 2.43
17.43 +£2.95
16.77 £ 3.31

16.96 = 2.90
17.42 + 3.02
16.73 + 3.62

16.89 = 2.82
17.40 £ 2.87
16.59 £ 3.69

16.65 = 2.08
17.37 £2.39
16.29 +2.54

15.76 =1.14
17.15+1.21
15.20+1.34

Beta

10.74 +£2.43
8.49 £2.95
10.62 £ 3.31

9.35+£2.90
7.08 + 3.02
9.56 + 3.62

7.26 +2.82
5.39 + 2.87
7.65 £+ 3.69

4.83 £2.08
3.72+£2.39
5.10 £2.54

2.39+1.14
1.69£1.21
242+1.34

Theta

13.65 £ 2.70
15.64 +=1.40
14.39 £ 2.94

12.95 +3.28
15.43 £1.79
13.95 + 3.44

11.92 +3.83
14.95 £+ 2.42
13.24 + 4.09

10.03 +4.38
13.70 £+ 3.52
12.06 +4.74

6.83 £4.31
10.00 £+ 4.59
8.54 +4.74

Alpha

10.34 £ 2.93
9.15 £ 3.41
10.29 + 3.17

9.23£3.15
8.49 £ 3.36
9.28 +3.43

7.69 + 3.092
7.42 £ 3.05
7.79 £3.59

5.49 £ 2.67
5.84 £ 2.39
5.70 £3.15

2.94 £1.68
3.07£1.33
2.87+1.83

Gamma

Q| "aQs|"9Qr|"aQs|"qa>

8.39 £ 2.67
8.41 + 2.62
8.87 £ 2.46

7.42 £+ 2.69
7.32 £2.69
7.87+2.43

6.22 + 2.41
5.85 £ 2.66
6.42 £ 2.06

4.56 £1.90
4.35 £ 2.67
4.61 £1.53

2.38 +£1.20
2.34+£2.51
2.44+£1.23

Table 1: Network integration. Spectral Radius across threshold, group and EEG

rhythm.
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4.3 Classification between AD patients and controls

In order to answer the question addressed in this work related to the utility of
GSA for AD diagnosis in EEG records, we attempted to run some simple Al
models to assess the performance of these GSA metrics when used in the bi-
nary AD/Controls classification problem. As usual, before jumping into an Al
model, an exploratory data analysis is desirable. Fiig. 6 shows the kernel density
estimates (KDEs) for almost every parameter analyzed in this work. KDEs for
every rhythm and parameter were calculated on the entire population at a fixed
threshold of 0.5 (middle panel). Parameters are aligned between the PSD scalp
topology for a control subject (top) and an Alzheimer patient (bottom). Notice
the decreasing power, evident on the scalp topologies, for higher rhythms in the
AD patient, unlike the control subject. KDEs are refined histograms that tell
about the parameter’s probability distributions for every group, giving insight
into their utility as markers for the diagnosis based on EEG of Alzheimer’s dis-
ease. Note that either for the most connected or the least connected rhythms,
Delta and Gamma, parameters tended to distribute normally, whereas in the
remaining rhythms parameters showed more irregular distributions. In particu-
lar, the Alpha band exhibited bimodal distributions in many cases, such as SR,
Global Clustering and AC.

Moving further into the classification problem, two different models have been

trained in order to discern AD from controls; one using global parameters and
the other one using regional parameters. Table 2 shows the performances for an
XGBoost binary classification under a cross validation scheme (k=>5), by rhythm
and modality (global vs regional parameters). In addition to the GSA features,
age was included in all cases. It can be appreciated a better performance of the
regional parameters over the global ones for most rhythms. Theta appeared as
the rhythm with the best metrics for both the global and the regional parame-
ters.
The three most important features, on the other hand, are presented in Table 2
for each modality. Note that the global feature EC,, ranked top-3 in all of the
outputs, whereas ECc and age appeared as the most important parameters in
the regional case. Moreover, the model for the Theta band in the regional modal-
ity exhibited 2 out of 3 top-3 features (the eigenvector and degree centralities)
associated to the temporal cortical region. Supporting this observation, Fig 7
displays the Receiver Operating Characteristic (ROC) curves for both modal-
ities: Global features (left) and Regional features (right) for every rhythm at
threshold 0.7. Note the superiority of the area under the curve (AUC) values for
regional features against global ones.

5 Discussion

The main contribution of this paper is the collection of evidence supporting the
usefulness of GSA in EEG signals, using a reduced 10-20 setup, for distinguish-



16 Bonomini et al.

PV HZ

i A 5 R ! | = — J
— | A AD
- = LA °] LA 23 A K
00 100 20.0 X X ; 0.0 50 10.0 15.0 00 25 50 7.5 00 25 50 75
S | L=\ | Zaxn |
=5 I 5. . | __/—‘
0.0 20.0 40.0 50.0 80.0 20.0 40.0 0.0 BD.O 20.0 40,0 60.0 BO.O 0.0 20.0 40.0 60.0 BO.O 0.0 25.0 50,0 75.0
posn —n 1
2L A - A | LA Ve
n] N ] Vo, N | L{, \ 1 L% : 1
00 05 10 oo 10 20 30 0.0 2.0 4.0 00 z0 40 &0 a0 1.0 2.0
- 1
5] Al | f ol | [ LA ]
= 0.0 50 10.015.0 20.0 0.0 10.0 200 0.0 50 10.0 15.0 0.0 50 100 150 00 50 10.0 150
v—( 70— 7
E |/_\ T | (ﬁ-“-‘-‘-"'_ / = L e T ——
a0 2.0 EX) 2.0 4.0 00 20 40 6O 00 20 40 6.0 00 20 40 6.0

]
J] AL AT Z2Aal ] LS
s A A A] 1A | (A

- ot . —
0o 100 200 0.0 10,0 200 0.0 50 10.0 15.0 00 25 50 75 00 25 S50 75

vz
HVEHz

Fig. 6: Kernel density estimates (KDEs) and scalp PSD topologies. Middle) Pa-
rameters KDEs for threshold 0.7 across Alzheimer (blue) and Controls (red).
Alzheimer distributions are far more distant to normal distributions than Con-
trols are. Top) Scalp PSD topologies by rhythm for a representative Alzheimer
patient. Note the energy decrease with rhythm’s central frequencies. Bottom)
Scalp PSD topologies for a Control subject.
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EEG Metrics
Rhythm Mode Accuracy Recall F1l-score Features
Delta Global 0.67+0.06 0.70£0.16 0.66+0.09 SR, ECq4,, AC
Regional 0.72+0.05 0.78£0.07 0.73+0.05 DCr, Age, DCFr
Global 0.64+0.06 0.67+0.16 0.64+£0.06 SR, ECqv,
Beta
plength
Regional 0.64+£0.07 0.50£0.10 0.57+£0.06 ECc, DCp,
DCe
Theta Global 0.76 £ 0.08 0.78£0.04 0.76£0.03 SG, ECqy,
Regional 0.71+0.04 0.80£0.09 0.72+0.03 ECT, DCr,
ECc
Alpha Global 0.57£0.07 0.60£0.16 0.55£0.12  ECqy, plength
P Regional 0.67+0.09 0.71+0.14 0.67+0.10 EC¢, ECFr, Age
Global 0.66 £0.11 0.73£0.25 0.67£0.14 LE, EC4,, SG
Gamma

Regional 0.64+0.03 0.75+0.05 0.66+0.02 FECp, Age, DCp

Table 2: Classification according to global or regional GSA parameters plus age.
Mean + std of accuracy, recall and Fl-score for random forest model and a
cross validation scheme with k=5, for an intermediate threshold = 0.7. EC;:
Eigenvector Centrality associated to i cortical region, DC;: Degree Centrality
associated to i cortical region. Notice that regional parameters that produced
the best performance were associated to the temporal region: ECp, DCrp.

ing Alzheimer patterns from controls. By successfully applying GSA to EEG, we
highlight its advantages as a readily accessible, cost-effective, and time-efficient
technique for brain network analysis.

Besides easy of access, GSA on small graphs has many advantages. Firstly, inter-
pretability is increased. When dealing with fewer nodes, topological results (such
as centrality or connectivity between specific regions) are easier to interpret clin-
ically, especially if grouped by cortical regions (frontal, temporal, etc.). This is
useful for linking functional biomarkers with specific clinical symptoms (e.g., loss
of temporal connectivity in Alzheimer’s). In fact, Table 2 and Figure 7 in the
paper illustrate this, with regional GSA markers providing the best classification
metrics and AUC values. Secondly, GSA metrics describe network connectivity
in terms of their spectrum. The spectrum is invariant, since it depends only on
the geometric structure of the graph and not on its graphical representation. This
gives us an overview of the graph’s connectivity, and also provides metrics, such
as eigenvector centrality, that focus on local features within the network [23].
Finally, despite the reduced number of channels, the study shows that GSA with
10-20 EEG managed to identify significant differences between clinical groups
(AD, FTD, controls), reproducing patterns similar to those observed in stud-
ies with MEG [22] or high-density EEG (e.g., loss of small-worlds, alteration in
centrality, etc.) [11].
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ROC Curves for global GSA features ROC Curves for regional GSA features
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Fig. 7: Receiver Operating Characteristic (ROC) curves for global (left) and re-
gional (right) parameters for all rhythms and threshold = 0.7. Note the supe-
riority of regional features over global ones, producing the highest AUC values.
AUC: Area under the curve.

Regarding distribution of energy across rhythms, our results confirmed the
slowing down of EEG in AD patients, with powered theta and delta bands, and
low alpha and beta bands (see Fig. 1), in consistency with the literature [18].
The predominance of theta as the strongest rhythm in AD patients, as revealed
by relative PSD, aligns with the GSA findings—where theta and delta emerged
as the preferred frequency bands displaying the highest connectivity, synchro-
nizability, and dynamic properties in AD networks (see Figs. 3-5).

Using an increasingly higher threshold successfully revealed differences in con-
nectivity between Alzheimer’s disease (AD) patients and healthy controls, not
only in the number of connections, but also in their strength (see Fig. 2). There
is plenty of debate on graph thresholding. Techniques like proportional thresh-
olding [24] or density-based thresholding [25] have been proposed, with the aim
of standardizing the number of connections of graphs. These approaches force
the graphs to contain the same number of connections, and therefore, same den-
sity, allowing comparison of graphs, eliminating density as a confounder [26].
However, the latter do not allow for the comparison of strength of connection
and posses the drawback of including spurious connections if the rate of sur-
viving connections or the desired density are badly selected. Maybe an hybrid
thresholding approach might be adequate to test both topology and density si-
multaneously.

Network integration capacity of all three groups, reflected on the Algebraic Con-
nectivity (AC) and the Density and the Spectral Radius (SR), was higher for
controls in the Theta and Delta bands (see Fig. 3 and Table 1). At this point, a
discrepancy with de Haan et al. [11] is found, since they reported significant AC
changes in the beta, gamma and sub-alfa bands. In addition, their AC values
differed considerably from those of this work, with very low values. We believe
these differences are due to the following: First, the Adjacency matrix being con-
structed differently. We have utilized PLV followed by a thresholding procedure
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whereas de Haan’s used Synchronization Likelihood (SL) with no thresholding
at all. In addition to SL [27], there are also other metrics for functional con-
nectivity assessment, such as coherence analysis [28] or correlation coefficient
[29]. In our experience, we compared LVP, coherence, and Pearson correlation
coefficient, and LVP turned out to be the most cost-effective technique. While
all three yielded similar results, LVP obtained the best performance from the
XGboost model. Furthermore, coherence took excessively long to complete the
analysis (4559 seconds), while LVP and Pearson correlation took 136 and 65 sec-
onds, respectively. Second, DeHaan et al. analyzed MEG data, presenting higher
spatial resolution, determined by 149 electrodes, unlike conventional EEG stud-
ies, which consist of twenty electrodes.

Regarding other functional connectivity measures, Mammone et al. [30] [31]
employed a dissimilarity matrix, fundamentally differing from our PLV-based
approach. In their method, the i,j-entry of the matrix represents a distance met-
ric, specifically the Permutation Jaccard distance between elements i and j. By
definition, this results in a matrix with zeros along the diagonal (since d[i,i]=0)
and strictly positive off-diagonal values (as d[i,j]; for i # j). In contrast, our
framework utilizes a matrix derived from the difference of phase between pairs
of EEG channels. Unlike a distance matrix, the adjacency matrix derived from
PLV is not constrained by metric axioms; then, it does not require non-negativity
or the triangle inequality. This distinction is evident in Fig. 2 (threshold = 0.9),
where the graph associated to the adjacency matrix remains disconnected, while
the dissimilarity matrix (due to its inherent distance properties) would always
produce a connected graph. Thus, our approach offers greater generality, as it
accommodates a broader spectrum of structural relationships. The adjacency
matrix inherently captures both direct and indirect associations between chan-
nels, ensuring connectivity even under sparsity, whereas strict distance-based
matrices may fail to preserve such global coherence.

Network integration, measured by the length of paths between nodes, was re-
stricted in this study to the temporal cortical region. In this area, activity in
the Theta band showed once again behavior compatible with a ”small-world”
organization, characterized by a high simultaneous capacity for integration and
segregation [5]. This was reflected in high clustering coefficients and short aver-
age path lengths in the temporal region. This observation is consistent with that
reported by Vecchio et al., who found significant differences in the characteristic
path length and clustering coefficients of fMRI data in the Theta band from a
global perspective [32]. Likewise, De Haan et al. reported a decrease in eigen-
vector centrality in the temporal region, accompanied by an increase in parietal
areas, suggesting a compensatory functional reorganization [11]. In line with
these findings, our results also revealed an increase in the centrality of parietal
areas, along with a relative preservation or decrease in connectivity in temporal
regions, which could be interpreted as a compensatory mechanism for the loss
of efficiency in temporal regions.

Centrality measures, such as Eigenvector Centrality or the Global Clustering
Coefficient, provide information about the network’s segregation capacity. In
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functional terms, segregation refers to the brain’s ability to perform specialized
processing within densely interconnected groups of cortical regions. In our anal-
ysis, the control group showed higher global clustering values in the Delta and
Theta bands (see Fig. 4). Regarding local clustering, it was reduced in frontal
and temporal electrodes for the Alzheimer’s disease (AD) group, while controls
showed a more uniform distribution across cortical regions. Although decreased
temporal centrality in AD patients has been widely reported in the literature
[21], frontal involvement has not been described with the same frequency , at
least to our current knowledge.

One of the key contributions of this study is having demonstrated, that the
loss of ”small-world” organization observed in AD patients is closely linked to
the decreased eigenvector centrality in two key cortical regions: the temporal
and the frontal. Finally, regional rather than global parameters accomplished
good performances in a binary classification task, with numbers comparable to
the literature [33,?,?]. However, it should be mentioned that the classification
in this study was only intended to compare the value of the global vs. regional
GSA characteristics, but not to optimize an automated diagnosis of Alzheimer’s.

6 Conclusions

This study highlights the potential of Graph Spectral Analysis (GSA) applied
to 10-20 EEG recordings to identify distinctive patterns in Alzheimer’s patients
compared to healthy controls. Through global and regional metrics, our results
suggest that theta and delta bands represent the most preserved rhythms in
terms of connectivity and synchronization in Alzheimer’s patients, whereas alpha
and beta bands show a significant impairment. This finding supports the notion
of a shift towards low frequencies in neural networks affected by Alzheimer’s
disease.

Network integration metrics, such as algebraic connectivity (AC) and spectral
radius (SR), indicated a more robust network in healthy controls, particularly
in theta and delta bands. On the other hand, centrality and segregation metrics,
such as eigenvector centrality (EC) and clustering coefficient, showed significant
alterations in temporal and frontal regions in Alzheimer’s patients, underlining
a weakening of the ”"small world” structures that characterize a healthy brain.
Additionally, this work provides evidence that GSA-derived parameters can be
useful for binary classification problems (Alzheimer/Control), achieving an av-
erage accuracy of 71% in regional metrics for the theta band. These results not
only highlight the applicability of GSA in more accessible and low-cost EEG
contexts, but also open new opportunities for its use in diagnostics and longitu-
dinal studies of neurodegenerative diseases.

In conclusion, this study validates the efficacy of GSA as a tool for the analysis
of functional networks in the brain and lays the foundation for future research
seeking to refine its diagnostic capacity and explore its applicability in clinical
settings.
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