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Abstract: Background: Alzheimer’s disease (AD) is a progressive neurodegenerative
disorder that poses critical challenges in global healthcare due to its increasing prevalence
and severity. Diagnosing AD and other dementias, such as frontotemporal dementia
(FTD), is slow and resource-intensive, underscoring the need for automated approaches.
Methods: To address this gap, this study proposes a novel deep learning methodology
for EEG classification of AD, FTD, and control (CN) signals. The approach incorporates
advanced preprocessing techniques and CNN classification of FFT-based spectrograms
and is evaluated using the leave-N-subjects-out validation, ensuring robust cross-subject
generalizability. Results: The results indicate that the proposed methodology outperforms
state-of-the-art machine learning and EEG-specific neural network models, achieving an
accuracy of 79.45% for AD/CN classification and 80.69% for AD+FTD/CN classification.
Conclusions: These results highlight the potential of EEG-based deep learning models for
early dementia screening, enabling more efficient, scalable, and accessible diagnostic tools.

Keywords: Alzheimer’s disease; frontotemporal dementia; CNN; deep learning; EEG;
spectogram; FFT

1. Introduction

Alzheimer’s disease (AD) is a debilitating neurodegenerative condition and the most
common form of dementia, particularly among older adults [1]. Dementia, in general,
refers to a group of symptoms affecting memory, cognitive abilities, and social functioning
to the extent that they interfere with daily life [2]. AD is the leading cause of dementia,
accounting for an estimated 60-70% of cases worldwide [3]. As the global population
continues to age, the prevalence of AD and other dementias is rising at an alarming rate. In
2020, it was estimated that over 50 million people were living with dementia globally, a
figure projected to increase to 75 million by 2030 and more than double to 152 million by
2050 [4].

AD is a major public health challenge, not only due to its high prevalence but also
because of its devastating impact on patients and families. The disease manifests initially
with subtle memory impairments, particularly in short-term recall, and progressively
worsens, leading to severe cognitive decline, disorientation, language difficulties, mood
disturbances, and ultimately, a complete loss of independence [5]. As the disease advances,
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it impairs bodily functions, ultimately resulting in death. Despite decades of research, there
is currently no cure for AD, and available treatments are primarily aimed at alleviating
symptoms, with limited effectiveness [5]. The urgent need for early diagnosis and inter-
vention has driven extensive research into new diagnostic tools and therapeutic strategies,
including automated methods for screening of patients [6].

Frontotemporal dementia (FTD) is another significant form of dementia, distinct from
AD, primarily affecting the frontal and temporal lobes of the brain. Unlike AD, which
typically manifests in older adults, FTD often presents at a younger age, with the onset
commonly occurring between the ages of 45 and 65 [7]. FTD is characterized by progressive
neuronal loss in the frontal and temporal regions, leading to a range of symptoms that
differ from those seen in AD. Patients with FTD may experience marked changes in
personality and behavior, such as apathy, impulsivity, and socially inappropriate actions,
along with language difficulties, including problems with speech and comprehension [8,9].
However, differentiating between FTD and AD can be challenging, particularly in the early
stages, as there can be overlapping symptoms between the two conditions [10]. As the
disease progresses, these symptoms intensify, severely impacting social and occupational
functioning. FTD is less common than AD, accounting for approximately 10-20% of all
dementia cases, but it is a leading cause of early-onset dementia. The progression of
FTD is typically rapid, and the prognosis is poor, with patients often surviving only 6
to 8 years after the onset of symptoms. Like AD, there is currently no cure for FTD, and
treatment options are limited to managing symptoms and providing supportive care. The
differentiation between FTD and other forms of dementia, such as AD, is crucial for accurate
diagnosis and appropriate care, underscoring the importance of advanced diagnostic tools,
including neuroimaging and machine learning (ML) approaches.

The diagnosis of AD and other types of dementia is an elimination procedure, where
other reasons of cognitive decline are ruled out before the final diagnosis. It is typically
guided by the criteria outlined in the Diagnostic and Statistical Manual of Mental Dis-
orders (DSM-5) [11]. The diagnostic procedure involves several steps, such as clinical
evaluation of the patient’s history, cognitive evaluation, neurological examination, and
neurophysiological assessments. Additionally, clinicians may seek to rule out other po-
tential causes of cognitive decline through blood tests and brain imaging. Also, while the
DSM provides a standardized framework for the diagnosis, the confirmation of AD needs
certain clinical criteria such as accumulation of neuritic plaques and neurofibrillary tangles
containing hyperphosphorylated tau proteins need to be met (which usually are confirmed
postmortem) [12]. This diagnostic workflow is not only costly but also time-consuming,
thus leading to significant neurodegeneration before proper treatment is administered to
the patient [13].

The delay in diagnosis is critical, as early detection enables timely intervention, symp-
tom management, treatment planning, and potentially slows disease progression [14].
In recent years, the importance of early diagnosis has been recognized not only from a
clinical perspective but also from a scientific perspective, and efforts have been made on
employing advanced imaging techniques such as magnetic resonance imaging (MRI) and
positron emission tomography (PET) to detect early AD markers. While these techniques
have enhanced the ability to detect AD, they are still costly, not widely accessible, and
slow. Thus, the need for other faster, more affordable, and cheaper alternative biomarkers
is eminent.

Combining such biomarkers with artificial intelligence techniques could establish a
reliable screening system to accelerate diagnosis and support neurologists.

Alterations in brain activity and disruptions in neural networks are significant indica-
tors in neurodegenerative diseases like AD and FTD. Although several methods exist to
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measure brain activity, they vary widely in terms of spatiotemporal resolution and practi-
cality. Techniques such as single-unit recordings offer high spatiotemporal precision but are
limited by their invasive nature. On the other hand, non-invasive methods like functional
MRI (fMRI) and electroencephalography (EEG) allow for the assessment of brain activity
without the need for surgical intervention. Despite its high temporal resolution, EEG
has historically been underutilized due to its low spatial resolution and susceptibility to
noise. However, recent advancements in computational techniques, such as low-resolution
electromagnetic tomography (LORETA), have improved the ability to estimate the location
of brain activity sources, thereby enhancing spatial resolution. Additionally, techniques like
independent component analysis (ICA) and artifact subspace reconstruction (ASR) have
been developed to mitigate external interferences (e.g., eye movements) and correct signals,
making EEG an increasingly promising tool for diagnosing neurodegenerative diseases.
EEG is a diagnostic tool that quantifies the activity of the brain by capturing the
electrical alterations of the cerebral cortex. It captures the electrical postsynaptic potentials
that are produced by the brain neurons by measuring the potential difference between a
set of electrodes that can either be placed on the scalp or be intracranial. During the last
decade, quantitative EEG has been examined thoroughly as a clinical tool for the detec-
tion, quantification, and assessment of brain conditions and diseases such as epilepsy [15],
Parkinson’s disease [16], and hepatitic encephalopathy [17]. Besides these diseases, it has
also been evaluated on neurodevelopmental disorders and emotional conditions such as
dyslexia [18] and stress. Last but not least, there is a growing interest in the scientific
community in deploying EEG analysis in neurodegenerative disorders such as AD, due
to the consistent findings of abnormal frequency patterns in the brain’s electrical activity.
Specifically, alterations in the beta and theta frequency bands have been observed in AD
patients, with increased theta power and decreased beta power often linked to cognitive
decline and disease progression. These changes in EEG frequency content offer valuable
biomarkers for early detection and monitoring of AD, making EEG an increasingly attrac-
tive tool for non-invasive diagnosis and research. The combination of EEG and artificial
intelligence for the automatic detection of AD (or other dementia) could accelerate the
screening procedure and relieve the medical clinics from a lot of preliminary manual work.
The nature of the EEG signals is complex, non-stationary, and non-linear; thus, a lot of
different feature extraction methods have been explored in order to analyze the different
EEG-related problems. The most common way of analyzing EEG is by decomposing it
into its frequency components, namely the alpha, beta, gamma, delta, and theta frequency
bands. Each of these bands is defined by a different frequency range and represents (or is
associated with) different cognitive and neurophysiological processes [15]. For instance,
the alpha band (8-12 Hz) is related to relaxation and/or a closed-eyes awake state. The beta
band (13-30 Hz) is associated with active thinking, motor control, and alertness, typically
increasing during tasks requiring concentration or movement. The theta band (4-8 Hz) is
connected to memory encoding, drowsiness, and early stages of sleep, playing a role in
working memory and emotional processing. The delta band (0.5-4 Hz) is most prominent
during deep sleep and is involved in restorative processes and brain recovery. Finally, the
gamma band (30-100 Hz) is thought to play a key role in higher cognitive functions, such
as perception, attention, and the integration of sensory information. Alterations in these
frequency bands, such as increased theta and decreased beta power, are often indicative
of neurodegenerative conditions like AD. To capture the frequency content of a signal,
computational signal processing methodologies derived from the Fourier transform are
employed, such as the Fast Fourier Transform (FFT) [19] or the Welch power spectral
density (PSD) [20]. Some more advanced methods attempt to capture the frequency content
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of the signal as a function of time, employing time—frequency decompositions such as the
discrete wavelet transform (DWT) [21,22] or the empirical mode decomposition (EMD) [23].

In cases where brain connectivity patterns are central to understanding the under-
lying pathology, such as in schizophrenia [24] or major depressive disorder (MDD) [25],
methodologies that analyze interactions between different brain regions are crucial. In
these conditions, disruptions in functional and structural connectivity have been linked to
cognitive and emotional dysfunctions. Techniques such as coherence analysis and phase
synchronization [24] are employed to examine the temporal coordination between EEG
signals from various brain regions. Furthermore, approaches rooted in graph theory are
often applied to model the brain as a network, allowing researchers to study properties
like network efficiency, modularity, and hubness, which can reveal important insights into
brain dysconnectivity. For example, in schizophrenia, altered connectivity patterns in the
default mode network and fronto-parietal network have been associated with cognitive
deficits and symptoms such as hallucinations and delusions [26]. Similarly, in MDD, dis-
rupted connectivity between limbic and prefrontal regions is thought to contribute to mood
regulation problems [25].

Timely diagnosis and screening for AD remain critical for early intervention and
symptom management, particularly in light of the global aging population and the disease’s
increasing prevalence. ML has emerged as a pivotal solution to this challenge, offering
scalable and automated approaches to analyze complex biomedical data such as EEG
signals. Numerous ML algorithms have been explored in the literature, ranging from more
conventional methods such as support vector machines (SVMs) [27] to more advanced
techniques like gradient boosting [13]. However, deep learning techniques, particularly
CNNs, have gained substantial popularity due to their ability to automatically learn
hierarchical features directly from raw data, bypassing the need for handcrafted feature
engineering [4]. CNNSs, in particular, excel in generalizability and adaptability, as they
effectively model spatial and temporal patterns in data [28]. Studies leveraging CNNs for
EEG-based AD diagnosis have demonstrated promising results, showing their capability
to capture disease-specific neural patterns with high accuracy and robustness [29]. These
advancements position CNNs as a cornerstone of modern diagnostic frameworks and
underscore their potential for enhancing the early detection of AD, forming the foundation
for this study’s novel approach.

Various automatic methodologies employing ML architectures have been proposed in
recent years to address the challenge of AD detection. However, many of these approaches
suffer from limited generalizability due to small sample sizes, lack of dataset diversity,
or the use of unpublished datasets, making reproducibility difficult. Additionally, inap-
propriate validation methodologies remain a significant issue. For example, the use of
k-fold validation on epoched and overlapping data [27,30-32] often results in biased testing,
where segments from the same subject inadvertently appear in both the training and test
sets, leading to overly optimistic performance metrics. These limitations highlight the
importance of employing validation methods, such as LOSO validation, that are specifically
tailored to EEG-based studies [33,34]. There is a clear need for diagnostic tools that not
only leverage advanced deep learning techniques but also adhere to rigorous validation
standards, ensuring reliable, reproducible, and clinically translatable results.

In this study, we propose a novel methodology for classifying EEG signals to distin-
guish AD and FTD patients from CN controls. Our approach leverages a CNN architecture
designed to analyze EEG-based biomarkers. Specifically, we preprocess the EEG signals
using ICA and ASR artifact rejection techniques, followed by feature extraction via the FFT.
The extracted features are converted into spectrogram-like image representations, where
each row corresponds to an EEG channel and each column to frequency components in the
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4-40 Hz range. These representations are then fed into a CNN model, which automatically
extracts relevant patterns and reduces the dimensionality of the input data. The network
is trained and validated using the leave-N-subjects-out (LNSO) methodology to ensure
robust evaluation and avoid data leakage. The proposed model is also compared against
state-of-the-art ML methods to highlight its superior performance in AD classification and
its potential to generalize to other dementia types. While this study focuses primarily on
AD classification performance optimization, future work could adapt the methodology to
further enhance its capability for FTD diagnosis.

2. Materials and Methods

In this paper, a robust methodology for the automatic discrimination of dementia-
related EEG signals and healthy EEG signals is presented. This methodology is examined
and compared along with other state-of-the-art EEG deep learning architectures, as well as
other state-of-the-art ML algorithms, and is found to achieve superior results. In order to
present the whole spectrum of the analysis, Section 2 is divided into four stages: Database
Description, Signal Preprocessing, Feature Extraction, and Classification, which will be
analyzed individually. Furthermore, the comparison experiments that took place will
be presented in a brief manner. A detailed illustration of the methodology and system
architecture is presented in Figure 1.
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2.1. Database Description

In the following Sections 2.1.1 and 2.1.2, a description of the demographic character-
istics and the acquisition protocol of the EEG signals is provided. However, as we have
also published these EEG recordings in compliance with the increasing demand for open
data sharing and transparency, all of this information can be found in the accompanying
data descriptor paper [35] we have published. This paper details the dataset, which is
publicly available on the online data repository for BIDS-compliant data OpenNeuro [36],
providing full documentation and metadata about the experimental setup, participants,
and the signal acquisition process.

2.1.1. Demographic Characteristics

The evaluation of the proposed methodology has been performed using EEG record-
ings from 88 participants acquired from the 2nd Department of Neurology of AHEPA
General University Hospital of Thessaloniki. The approval of the Scientific and Ethics
Committee of AHEPA University Hospital, Aristotle University of Thessaloniki was estab-
lished under the protocol number 142/12-04-2023 and the whole procedure was carried
out following the rules of the Declaration of Helsinki of 1975, revised in 2008. Informed
consent for the use of their biomedical data was obtained from all participants.

Of the 88 participants, 29 were healthy (11 males and 18 females, denoted as the
control group, CN), 36 were diagnosed with AD (13 males and 26 females), and 23 with
FTD (14 males and 9 females). For every participant, the Mini-Mental State Examination
(MMSE) [37] was calculated to evaluate their cognitive and neurophysiological state. The
MMSE score ranges from 0-30, with higher scores indicating better brain functionality, and
lower scores representing a more severe cognitive decline. A score of 30 represents a healthy
individual. The AD group had an average MMSE score of 17.75 (+4.5), the FTD group had
an average MMSE score of 22.17 (£8.22), while the CN group had perfect cognitive ability,
thus a perfect MMSE score of 30.

Regarding the duration since the onset of the disease, it was reported in months with a
median of 25 months and the interquartile range (q1-q3) being 24-28.5 months. Regarding
the Clinical Dementia Rating (CDR) of the dementia groups, the average of the AD group
was 1 (£0.54) and the average of the FTD group was 0.75 (+0.26). No dementia-related
comorbidities have been reported for any participant. Finally, regarding the age of the
participants, the mean age of the AD group was found to be 66.4 (£7.9), of the FTD group
it was found to be 63.6 (£8.2), and of the CN group it was found to be 67.9 (£5.4). A
summary of the demographic characteristics is presented inTable 1.

Table 1. Demographics of the participants.

Disease Duration in

Gender Age MMSE CDR Months
AD 13/23 66.4 (7.9) 17.75 (4.5) 1(0.54) 25 (9.88)
FID 14/9 63.6 (8.2) 22.17 (8.22) 0.75 (0.26) 23 (9.35)
CN 11/18 67.9 (5.4) 30

2.1.2. Data Acquisition

EEG signals were recorded using a Nihon Kohden EEG 2100 clinical system, with
19 scalp electrodes positioned according to the international 10-20 system (Fp1, Fp2, F7,
F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, O2) and two reference electrodes
(Al and A2) placed on the ears. The recordings followed the clinical protocol in which
participants were seated with their eyes closed. Prior and throughout the recording, skin
impedance was kept below 5 k(). The sampling frequency was set at 500 Hz with a
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resolution of 10 pV/mm. Recording durations were approximately 13.5 min for the AD
group (range: 5.1-21.3 min), 12 min for the FTD group (range: 7.9-16.9 min), and 13.8 min
for the control group (range: 12.5-16.5 min).

2.2. Data Preprocessing and Signal Denoising

The EEG signals preprocessing actions were as follows. First, the signals were re-
referenced to the A1-A2 electrodes. Next, Butterworth band pass filtering of 0.5-45 Hz was
applied to ensure that only the frequency content of interest will be present and also that
the power line noise interference at 50 Hz would be excluded.

Then, 2 automatic denoising methodologies were applied using the EEGLAB [38],
Matlab U/I, namely the ASR [39] and the ICA [38]. ASR is an automatic artifact rejection
methodology able to remove large-amplitude and transient artifacts [40]. Time periods of
lousy data which exceeded the maximum acceptable standard deviation of 17 ona 0.5 s
window were removed. The threshold of 17 was selected after examining the existing
literature which suggests that a window of 10-30 is considered strict [41], and after manual
experimentation with values over 10. Then, the electrode locations were established
based on the channel names according to the “use MNI coordinate file for BEM dipfit
model” option given in the EEGLAB tool (it should be noted that exact channel locations
for each unique subject were not available, thus this was the best workaround). After
channel locations were determined, the RunIlCA ICA algorithm was used to transform the
19 electrodes signal to 19 ICA components. These components were automatically labeled
as brain components, eye artifacts, jaw artifacts, powerline artifacts, or other artifacts
through the ICLabel pretrained routine that can be found in the EEGLAB. The components
labeled as artifacts with a probability greater than 90% were excluded and the remaining
components were used to recreate the cleared EEG signal.

To visually examine the data, the Welch power spectral density (PSD) was extracted
for each subject by dividing it into the 5 frequency bands of interest, alpha (8-13 Hz), beta
(13-25 Hz), gamma (25-45 Hz), delta (4-8 Hz), and theta (0.5-4 Hz), and averaged across
all subjects of each class. Then, the average PSD of each group was expressed in a scalp
heatmap configuration and is represented in Figure 2.

2.3. Feature Extraction

After the signal denoising step, having ensured that the data are as clear as possible,
the data were epoched into 30 s epochs, in a total of 20 epochs per participant. Each epoched
sample consisted of 15,000 time points, given the sampling rate of 500 Hz.

For each epoch, the FFT was applied for each of the 19 channels. The FFT algorithm
computes the Discrete Fourier Transform more efficiently in terms of computational com-
plexity (O(nlogn) instead of O(n?)). Given a series of N discrete time points, the DFT is
defined as follows:

N-1 .
Xe= Y xpme 2™/Ng =0, . ,n—1 (1)
m=0
where ¢2/N is a primitive Nth root of 1.

To calculate the DFT the Cooley-Tukey FFT [42] algorithm was employed. The Cooley—
Tukey algorithm works by recursively breaking down the DFT into smaller DFTs. For
simplicity, let us consider the case where N is a power of 2, i.e., N = 2. The algorithm splits
the DFT into two parts: one for the even indices and one for the odd indices. Expressing
the DFT recursively, the DFT can be split as follows:

N/2-1 o2 2 N2 P
Xp= Y xop-e N2 4T INE YT gy g e (N2 2)
m=0 m=0
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2r
N/2-1 —i———mk
Ex= Y xpu-¢ N/2° (DFT of even-indexed terms)
m=0 o (3)

N/2-1 —i———mk
Oc= Y Xomy1-e N/2° (DFT of odd-indexed terms)
m=0

We can express Xj as X = Ek+e_i2Wnk'Ok,f0rk =0,1,...,N/2—1.

The recursive process continues until reaching the base case, typically a DFT of size 2,
which can be computed directly.
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Figure 2. Scalp heatmaps of the average PSD of the 3 different classes, across the 5 frequency bands
of interest.
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The FFT was calculated for each electrode, resulting in a 4D array of data for each
epoch, with a frequency resolution of 0.033 Hz. Thus, these data were represented as RGB
images, with color representing the frequency spectrum in puV. Figure 3 represents an epoch
from each class in a more viewer-friendly appearance.

(a) Healthy Control (b) Alzheimer’s patient (c) Frontotemporal Dementia

patient

Figure 3. The charts depict the FFT transformation of one epoch for a participant from each of the
three classes. The data are presented in a 3D representation to enhance visualization and provide a
clearer view of the frequency distribution across channels (the original data were displayed as flat
RGB images).

In total, 20 epochs were created for each participant, creating a data pool of 1760 im-
ages from the AD, FTD, and CN groups. The initial image size of each image was
19 x 1185.

2.4. Classification

In this section, the proposed deep learning architecture is described, the algorithms
that were used to compare its performance are presented, and the validation method and
performance metrics that were used are analyzed. It should be noted that the input shape of
the images was transformed to rectangular 150 x 150 before feeding them to the classifier.

2.4.1. Model Architecture

The dimensions of the input for the proposed CNN model are an RGB image of shape
150 x 150 (so, input shape 150 x 150 x 3). The proposed CNN model architecture begins
with an initial convolutional layer utilizing 32 filters, each of size 3 x 3, with a linear
activation function. To introduce non-linearity into the network, a LeakyReLU activation is
applied, using an alpha value of 0.1 to allow a small gradient when the unit is not active.
This is followed by a MaxPooling layer with a 2 x 2 pool size and the same padding to
reduce the spatial dimensions, maintaining critical features while reducing computation. A
Dropout rate of 0.25 is then applied to prevent overfitting by randomly setting a fraction of
the input units to zero during training.

The model proceeds with a second convolutional layer, increasing the filter count to
64, while maintaining the same 3 x 3 kernel size and linear activation. Similar to the first
layer, a LeakyReLU activation is used, followed by another MaxPooling layer with a 2 x 2
pool size and the same padding, and a Dropout rate of 0.25 to further reduce overfitting.

The third convolutional layer of the network increases the filter count to 128, utilizing
the same configuration of 3 x 3 kernels and linear activation. The non-linearity is again
handled by a LeakyReLU activation, followed by a MaxPooling layer with a 2 x 2 pool
size and the same padding. To ensure robust feature extraction and avoid overfitting, a
Dropout rate of 0.4 is employed at this stage.
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Following the convolutional layers, the model includes a Flatten layer that trans-
forms the multidimensional output from the previous layers into a one-dimensional vector,
preparing it for the fully connected layers. A Dense layer with 128 units and a linear activa-
tion function is then added, followed by a LeakyReLU activation to introduce non-linearity.
This dense layer is equipped with a Dropout rate of 0.3 to further guard against overfitting.

Finally, the network concludes with a Dense layer with 2 units, representing the output
layer, which uses a softmax activation function. This activation function is suitable for multi-
class classification as it converts the logits into probabilities, with each unit corresponding
to one of the two target classes.

This final configuration of the CNN model was established after extensive experi-
mentation with various architectures and hyperparameters in a series of ablation studies.
Different configurations were tested by varying the number of layers, types of activation
functions, Dropout rates, and other parameters to optimize the model’s performance. These
systematic ablation experiments guided us to the current architecture, which achieved the
best balance between accuracy, computational efficiency, and resistance to overfitting.

The number of epochs used for the training of the model was set to 100 (when referring
to epochs in the context of neural network architectures, we mean the number of times
the model obtained each instance of the training set as input, during the training step).
This number was established after examining the train loss and the test loss, achieving low
training loss but maintaining high generalizability.

2.4.2. Comparison Algorithms

In order to evaluate the effectiveness of this methodology, other state-of-the-art deep
learning architectures specifically designed for EEG classification, as well as other well-
established ML algorithms, had to be examined for a comparison of their performance. In
this section, these algorithms are enumerated, and later, in the Section 3, their performance
is reported and compared with that of the proposed methodology. The EEG specific
architectures tested were as follows:

1.  EEGnet [43];

2. EEGNetSSVEP [44];

3. DeepConvNet [45];

4 ShallowConvNet [45].

Meanwhile, the non-deep learning, well-established ML methodologies examined
were as follows:

XGBoost;

LightGBM;

Cat-Boost;

SupportVectorMachines on PCA-reduced dataset (PCA-SVM);
k-NN on PCA-reduced dataset (PCA-SVM);
MultilayerPerceptron (MLP), with 1 hidden layer of 96 neurons.

AL Y

Every algorithm had its hyperparameters optimized through the Python library Hy-
peropt [46]. In order to train these algorithms, the same dataset was used but the epoching
step was changed to 2 s epochs (in order to populate the dataset with a bigger number
of samples). In order to have similar features but in a 2-dimensional (conventional table)
format, the relative band power for each band of interest was extracted for each channel
with the Welch PSD method.

2.4.3. Validation Methodology, Classification Problems, and Performance Metrics

To validate the robustness of the proposed methodology, an LNSO validation method-
ology was employed. For each classification problem, each dataset group was split into
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5 equal subsets. One subset from each group was left out to be the test set, while the
remaining were used as the training set. This procedure was repeated recursively until all
subsets were used as test set, and the total confusion matrix was created, from which the
performance metrics were calculated.

In the case of epoched EEG datasets, the main issue with k-fold cross-validation
compared to our validation strategy is the potential for data leakage. Since k-fold splits the
data randomly across folds, data from the same subject may appear in both the training
and validation sets. This can lead to an overestimation of performance, as the model may
learn subject-specific features rather than generalizing to unseen subjects, which is the main
goal in many EEG studies. In contrast, LNSO (and generally LOSO validation) ensures that
each subject is fully separated between training and validation, providing a more accurate
evaluation of cross-subject generalization.

The classification problems that were evaluated were as follows: AD/CN, FTD/CN,
AD+FTD/CN, and AD/FTD/CN. For each binary classification problem, the reported
metrics were as follows: accuracy (ACC), precision (PPV), recall (TPR), and F1 score (F1).
For multiclass classification problems, PPV and TPR were not reported.

2.4.4. Experimental Setup

The experimental protocol and the demographic characteristics can be found in the
previous sections. Regarding the preprocessing and denoising of the EEG signals, it took
place in the EEGLAB tool, while the FFT transformations and the creation of the heatmaps
that were used as input in the CNN took place in TensorFlow-Python and MNE-Python,
respectively. The Python version for all the procedures was 3.10 and the training of the
models took place on a CUDA 11.7-supporting GPU, RTX 3060 Ti.

3. Results

In this section, the performance of the proposed model for each problem examined
will be reported, along with the performance of the comparison algorithms.

To evaluate the number of epochs that the neural network architecture should use, an
80-20% train—test split was established in the AD-CN and FD-CN problems and the epoch
number where the test accuracy was maximized was selected. This number was found
to be approximately 100 for both the problems evaluated, so it was selected as the epoch
number for the training of the model for each LNSO run. Figure 4 presents the performance
of the classifier with respect to the number of epochs for the AD-CN problem.

Table 2 presents the ACC results for each of the five batches for AD/CN, FTD/CN,
and AD+FTD/CN, along with the average ACC across batches. Also, a 95% confidence
interval is reported, along with the lower and upper bound.

As observed in the previous table, the reported ACC of the AD/CN problem was
79.45%, the reported ACC of the FTD/CN problem was lower, at 72.85%, and finally,
the reported ACC for the combined AD+FTD/CN problem was the highest reported
(also with the lowest standard deviation), at 80.69%. Regarding the standard deviation,
the AD/CN had the highest reported at 7.06% while the other two problems achieved
relatively low deviation at 3.08% and 2.25%, respectively, allowing an estimation of the 95%
confidence interval with upper and lower bounds at 70.68-88.22% for the AD/CN problem,
69.02-76.67% for the FTD/CN problem, and 77.91-83.48% for the AD+FTD/CN problem.

The precision, recall, and F1 score performance metrics for each class, for these prob-
lems, are reported in Table 3.
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Table 2. Performance in terms of accuracy for the classification problems AD/CN, FTD/CN, and

AD+FTD/CN.
Test Accuracy AD/CN FTD/CN AD+FTD/CN
Batch 1 85.96% 78.12% 83.17%
Batch 2 70.31% 71.18% 78.28%
Batch 3 86.08% 70.27% 83.00%
Batch 4 74.15% 72.00% 79.76%
Batch 5 80.73% 72.66% 79.27%
Average 79.45% 72.85% 80.69%
Std 7.06% 3.08% 2.25%
95% CI 8.77% 3.82% 2.79%
Lower bound 70.68% 69.02% 77.91%
Upper bound 88.22% 76.67% 83.48%
Model Accuracy Model Loss
1.0 25
e 2.0
g 0.8 0 15
3 o
Q -
<07 1.0
0.6 0.5
0.5 0.0
0 20 40 60 80 100 0 20 40 60 80 100
Epochs Epochs

Figure 4. The train accuracy (left) and train loss (right) in the AD-CN problem, with respect to the
number of epochs. An optimal performance is obtained at 100 epochs.

Table 3. Precision, recall, and F1 score for each class, for the problems AD/CN, FTD/CN, and
AD+FTD/CN. The final row of each section represents the averaged metric for all the classes of
the problem.

AD/CN FTD/CN AD+FTD/CN
Precision AD 78.25% - -
CN 74.39% 69.42% 66.81%
FTD - 73.24% -
AD+FTD - - 84.31%
Total 76.32% 71.33% 75.56%
Recall AD 79.23% - -
CN 72.90% 83.40% 68.00%
FTD - 52.48% -
AD+FTD - - 84.31%
Total 76.06% 67.94% 76.15%
F1 score AD 78.67% - -
CN 75.52% 75.53% 66.46%
FTD - 60.17% -
AD+FTD 83.18%

Total 77.60% 67.85% 74.82%




J. Pers. Med. 2025, 15, 27

13 of 25

As reported in the table, the best performance(s) in terms of precision, recall, and F1
score is/are achieved in the AD/CN and AD+FTD/CN problem, ranging from 74.8% to
76.15%, while the FTD/CN problem did not perform as well, with precision, recall, and F1
score ranging from 67.85% to 71.33% (approximately 5% lower). This may be attributed
to either the fact that our methodology may not perform as effectively for distinguishing
FTD cases, or the possibility that the FTD data were less distinguishable, potentially due to
higher MMSE scores in the FTD group or higher variability within the group itself.

Regarding the multiclass AD/FTD/CN problem, although not the main goal of this
study, the achieved performance is reported in Table 4. The reported accuracy was 54.28%,
which is not great for a three-class problem. Again, taking into account the individual
performances of each class in terms of precision, recall, and F1 score, it is apparent that
FTD is the problematic class, with 33.74% individual precision, 19.55% individual recall,
and 23.54% individual F1 score, making apparent that further exploration or better data are
needed to make assumptions about the competence of this methodology on FTD detection,
as it is further analyzed in the Section 4.

Table 4. Performance in terms of accuracy, precision, recall, and F1 score for the multiclass classifica-
tion problem AD/FTD/CN.

Test Accuracy AD/FTD/CN
Batch 1 57.58% AD 55.71%
Batch 2 50.56% Precisi CN 61.78%
Batch 3 63.06% recision FID 33.74%
Batch 4 51.47% Total 50.41%
Batch 5 48.73% AD 59.65%
Average 54.28% Recall CN 74.57%
Std 5.92% FTD 19.55%
95% CI 7.36% Total 51.26%
Lower bound 46.92% AD 57.00%
bound 1.63% N .98%
Upper boun 61.63% F1 score C 66.98%
FTD 23.54%
Total 49.17%

To facilitate the visual inspection of the input data, the spectrogram heatmaps that
were used as input for the model were separated in their respective classes and averaged,
creating an average heatmap for each class. For better understanding, the following
Figures 5 and 6 represent the average frequency content of the classes in the 0.4—45 Hz
range, but also in the 0.4-25 Hz range (which is expected to contain the most information
related to the given problem, since the literature claims that AD is mainly associated
with alterations in alpha, rhythm, or alpha-theta [47-49] and beta—theta ratios [10]. By
visualizing these averaged spectrograms, we aim to highlight the characteristic differences
in frequency content between the classes, which could provide insights into the distinct
neural patterns underlying each condition. Observations regarding this averaged image
analysis are provided in the Section 4.
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Figure 5. Averaged FFT heatmaps for each group in the 0.5-45 Hz frequency range. Each row
represents a channel and each column represents a frequency value. The units are uV?/Hz.

FTD 0.5-25Hz CN0.5-25Hz

Figure 6. Averaged FFT heatmaps for each group in the 0.5-25 Hz frequency range. Each row
represents a channel and each column represents a frequency value. The units are uV?/Hz.

To compare and validate the performance of the methodology, some well-established
ML methodologies were examined using the same features, in 2 s epochs and with LOSO
validation. Also, some state-of-the-art EEG-specific neural networks were examined using
raw EEG signal as input, again with LOSO validation. All these algorithms and models
have been reported in the Section 2. Their performance results of the ML algorithms that
use the same extracted features are reported in Table 5 (AD/CN) and Table 6 (FTD/CN),
while the performance of the raw-signal EEG neural networks are reported in Table 7
(AD/CN) and Table 8 (FTD/CN). The evaluation process for each algorithm was repeated
10 times and the averaged results are reported in the tables. The standard deviation of the
proposed methodology results is presented in parentheses, and the * symbol next to the
performance of a comparison algorithm indicates that the value was significantly lower
than the corresponding proposed methodology value.

As observed, the proposed methodology outperforms all the other ML methodologies
that were examined. In the AD/CN problem, the LightGBM achieved the best performance
in terms of accuracy (76.28%) and F1 score (75.83%) yet being outperformed by the pro-
posed methodology by 3.17% and 1.77%, respectively. The proposed methodology also
outperformed all the comparison algorithms in terms of precision and recall.
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Table 5. Performance comparison of the proposed methodology in the AD/CN problem with well-
established classification methodologies using the same feature vector in 2 s epochs. Asterisks (*)
indicate performances that are statistically significantly lower than those of the proposed methodology
(p < 0.05)

AD/CN Accuracy Recall Precision F1
LightGBM 76.28% * 75.08% 76.67% 75.83% *
XGBoost 75.53% * 75.08% 76.55% * 75.29% *
CatBoost 75.39% * 74.50% * 76.68% 75.05% *
SVM+PCA 73.75% * 70.51% * 74.60% * 74.89% *
PCA-kNN 72.52% * 70.30% * 77.41% 73.69% *
MLP 73.69% * 72.98% * 77.80% 75.31% *
Proposed

Methodology 79.45% (1.2) 76.06% (1.54) 77.32% (2.21) 77.60% (0.98)

Table 6. Performance comparison of the proposed methodology in the FTD/CN problem with
well-established classification methodologies using the same feature vector in 2 s epochs. Asterisks (*)
indicate performances that are statistically significantly lower than those of the proposed methodology
(p <0.05)

FTD/CN Accuracy Recall Precision F1
LightGBM 69.13% * 51.57% * 65.72% * 57.79% *
XGBoost 69.22% * 52.02% * 65.71% * 57.44% *
CatBoost 68.66% * 47.41% * 66.02% * 55.19% *
SVM+PCA 70.93% 45.85% * 75.26% 56.98% *
PCA-kNN 67.80% * 41.50% * 66.82% * 51.20% *
MLP 69.98% * 53.60% * 66.21% * 59.24% *
Proposed o o o o
Methodology 72.85% (2.47) 67.94% (2.51) 71.33% (1.91) 67.85% (2.22)

Table 7. Performance comparison of the proposed methodology in the AD/CN problem with
state-of-the-art EEG-specific neural network configurations that take as input raw EEG signal.

AD/CN
Model Accuracy Recall Precision F1

EEGNet 41% 47.20% 37.89% 42.04%
EEGNetSSVEP 51.46% 56.78% 47.65% 51.82%
DeepConvNet 54.21% 45.43% 48.71% 47.01%
ShallowConvNet 42.18% 46.50% 49.74% 48.07%

Proposed o o o Y
Methodology 79.45% 76.06% 77.32% 77.60%

Table 8. Performance comparison of the proposed methodology in the FTD/CN problem with
state-of-the-art EEG-specific neural network configurations that take as input raw EEG signal.

FTD/CN
Model Accuracy Recall Precision F1
EEGNet 46% 42.20% 45.21% 43.65%
EEGNetSSVEP 61.46% 53.51% 51.40% 52.43%
DeepConvNet 64.21% 62.41% 58.14% 60.20%
ShallowConvNet 46.38% 42.58% 42.37% 42.47%
Proposed 72.85% 67.94% 71.33% 67.85%

Methodology
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Regarding the FTD/CN problem, the performance of the comparison algorithms was
also lower than their respective performance on the AD/CN problem, indicating that the
poorest performance on the FTD/CN problem is not model-related but rather data-related.
The SVM-PCA algorithm achieved the best performance in terms of accuracy (70.93%)
yet being outperformed by the proposed methodology by 1.92%. The MLP algorithm
achieved the best performance in terms of F1 score (59.24%) yet being outperformed by
the proposed methodology by 8.58%. The proposed methodology also outperformed all
the comparison algorithms in terms of precision and recall, except the SVM-PCA, which
achieved a precision of 75.26% while the proposed methodology fell short by 3.93%.

Regarding the performance of the state-of-the-art EEG neural networks, it is apparent
that they failed in classifying the AD/CN and the FTD/CN problem. The highest accuracy
on the AD/CN problem was 54.21% by DeepConvNet and the highest accuracy on the
FTD/CN problem was 64.21%, again by the DeepConvNet, falling short by a staggering
25.24% and 8.64%, respectively. They are not well suited for the specific classification tasks
and are outperformed by even the most basic ML methodologies on spatial features; thus,
they should not be taken into consideration for the validation of the performance of our
proposed methodology.

4. Discussion

A novel deep learning architecture for the automatic detection of AD and/or FTD
signals was proposed in this study. The methodology consisted of the following: (a) a
preprocessing step that employed basic preprocessing (filtering, re-referencing, etc.) and
more computationally expensive artifact rejection methods (ICA and ASR), (b) a feature
extraction step, which consisted of 30 s epoching, FFT calculation, and heatmap creation
(where each row represented a channel and each column a frequency in the range of
4-40 Hz), which were used as input in (c) a deep learning convolution model which was
implemented in TensorFlow and evaluated using the LNSO validation methodology. The
performance of the model was compared with the performance of state-of-the-art raw-
signal deep learning architectures specifically designed for EEG classification, as well as
well-established ML algorithms with the same feature-extraction process, and was found
to outperform them all in terms of accuracy and F1 score.

The findings of this study demonstrate the efficacy of the proposed methodology
for detecting AD and/or FID signals from EEG data. The model achieved superior
performance compared to both state-of-the-art raw-signal deep learning architectures
and well-established ML algorithms. Specifically, for the AD/CN and AD+FTD/CN
classification tasks, the proposed architecture consistently outperformed all benchmarks in
terms of accuracy and F1 score, with results ranging from 79.45% to 80.69%, depending on
the task. These results highlight the robustness of the proposed methodology in identifying
distinct neural patterns associated with AD and its ability to generalize across multiple
classification problems.

In contrast, the performance for the FTD/CN problem was notably lower, with met-
rics such as accuracy (72.85%), precision (71.33%), recall (67.94%), and F1 score (67.85%),
approximately 7% lower than for the AD/CN problem. This disparity may stem from
two factors: (a) the inherently less distinguishable EEG features of FTD compared to CN,
possibly due to overlapping spectral patterns or greater variability within the FID group,
and (b) the higher average Mini-Mental State Examination (MMSE) scores in the FTD
group, suggesting less severe cognitive decline and subtler EEG alterations compared to
AD patients.

For the AD/FTD/CN multiclass problem, the overall performance metrics were lower
than the binary classification tasks. The average accuracy was 54.28%, with individual
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class metrics showing that FTD had particularly low precision (33.74%), recall (19.55%),
and F1 score (23.54%). This is likely due to the challenges introduced by the FTD group,
as their features seem to overlap significantly with both the AD and CN groups, leading
to increased misclassifications. The results suggest that the EEG patterns of AD and CN
are more distinct than those of FTD and either AD or CN, underscoring the need for more
tailored methodologies or additional features to improve the classification of FTD cases.

These findings not only validate the proposed model’s capability for AD detection
but also highlight the challenges faced in FTD-related tasks. Importantly, the observed
limitations in the FTD/CN and AD/FTD/CN classifications are likely data-related rather
than inherent to the model. This conclusion is supported by the fact that comparison
methodologies, including both ML and deep learning approaches, exhibited similarly
reduced performance for FTD-related tasks. If the issue were model-related, we would
expect other methodologies to outperform the proposed model, which is not the case.
Instead, the consistent drop in performance across all approaches suggests that the FTD
data themselves may be less distinguishable, likely due to higher variability within the
group, overlapping EEG patterns with other classes, or the relatively higher MMSE scores of
FTD participants. Addressing these challenges will require better-quality or more extensive
datasets, improved class balance, or the integration of additional biomarkers to enhance the
differentiation of FTD cases. Nonetheless, the model’s strong performance in the AD/CN
and AD+FTD/CN tasks establishes it as a robust tool for early dementia detection, with
the potential to achieve even greater success with enriched data resources.

Regarding the visual inspection of the averaged spectrograms, distinct spectral pat-
terns have been observed across the three groups. These patterns are in line with known
neurophysiological changes associated with each condition.

In CN spectrograms, the alpha (8-12 Hz) and beta (13-30 Hz) bands display greater
spectrum power, particularly in the posterior regions (occipital lobe: O1, O2; parietal lobe:
P3; and temporal regions: T6, T5, T3, T4). This distribution is symmetrical and typical
of a closed-eyes, calm condition. These participants” states of alertness and restfulness
are consistent with the alpha rhythm’s primacy in the occipital brain and its symmetrical
propagation to the temporal regions. These results are in line with the typical EEG patterns
seen in clinical recordings of healthy people.

The spectrograms indicate a generalized slowing of activity for AD patients, with
increased theta activity (4-7 Hz) and decreased power in the alpha band (8-12 Hz). These
changes are particularly evident in the posterior regions (O1, O2) and the temporal lobes
(T6, T5), compared to healthy controls. Additionally, there is a notable asymmetry, with
increased beta power in the right temporal lobe (T4) compared to the left, and increased
power in the left frontal lobe (F7) compared to the right. This asymmetry reflects the
often-uneven neurodegenerative progression in AD, particularly in frontotemporal regions.
These spectral shifts highlight the disruption of normal neural oscillations and connectivity
characteristic of AD pathology.

As for the FTD group, the spectrograms reveal a shift toward higher theta activity that
is more diffused over frontal and temporal regions (T3, T4, F7, F8), along with a noticeable
decrease in alpha power in the temporal and occipital regions, which is comparable to
AD. Unlike AD, FTD displays slightly elevated power in the temporal and frontal regions,
with reduced activity in posterior regions. The underlying neurodegenerative processes
of FTD, which primarily impact the frontal and temporal lobes, are consistent with this
pattern. Different pathogenic pathways are highlighted by the proportionate increase in
power in the frontal and temporal regions when compared to AD, which helps distinguish
the two disorders. The different neuronal oscillatory signatures linked to the HC, AD, and
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FTD groups are highlighted by these visual comparisons of averaged spectrograms. The
observed patterns align with known pathophysiological changes.

We now further discuss the spectral patterns observed in Figures 5 and 6 which pro-
vide valuable insights into the neurophysiological differences between the CN and the
dementia groups (AD and FTD). These patterns reflect the disrupted brain dynamics asso-
ciated with neurodegeneration, aligning with findings in the existing literature. Specifically,
the CN demonstrates well-defined alpha activity localized to the occipital (O1-O2) and
posterior temporal (T5-T6) regions, consistent with normal brain function during resting-
state eyes-closed conditions. This localized alpha activity is a hallmark of healthy cortical
networks, particularly in the posterior regions, which are involved in visual processing and
memory functions [50]. The distinct drop in alpha power in other channels (e.g., frontal
and central regions) further emphasizes the functional segregation in healthy brains [51]. In
contrast, the dementia groups (AD and FTD) exhibit diffuse alpha activity across broader
regions, including frontal, temporal, and central areas (e.g., T4-T3, F8-F7, P4-P3, F4-F3,
Fp1-Fp2). This shift from posterior-dominant alpha activity to more widespread distri-
butions aligns with the disrupted connectivity and desynchronization of neural networks
often observed in neurodegeneration [4,52]. For AD, the shift of alpha power from poste-
rior to anterior regions is a recognized phenomenon, reflecting the progressive atrophy
of parietal and occipital areas and the involvement of more frontal regions as the disease
advances [53]. The dementia groups also show an increase in delta and theta activity,
which is consistent with established findings linking these slower oscillations to cortical
dysfunction. Delta and theta power increases are strongly correlated with the degree
of neurodegeneration and cognitive decline, particularly in regions affected early in the
disease, such as the hippocampus and frontal lobes [10]. These findings are significant,
as they highlight the potential of these spectral features as biomarkers for detecting and
monitoring neurodegenerative diseases. Interestingly, the dementia groups also exhibit
higher beta activity in regions such as T4-T3 and F8-F7. While this is less commonly
reported, it could indicate compensatory mechanisms or increased neural noise resulting
from disrupted cortical networks. Elevated beta power has occasionally been linked to
maladaptive plasticity or hyperexcitability in response to neurodegeneration. This finding
warrants further investigation, as it may represent an additional feature for characterizing
these conditions or understanding their progression.

However, comparing the spectral patterns between AD and FTD proves more difficult.
The heatmaps appear very similar, which aligns with the known challenge of differentiating
these conditions based on EEG alone. Both disorders involve diffuse cortical dysfunction,
leading to overlapping spectral changes [27]. However, subtle differences may exist in the
frontal and anterior temporal regions (e.g., F7-F8, T3-T4), which are more prominently
affected in FID. FTD is characterized by localized degeneration in the frontal and anterior
temporal lobes, whereas AD typically involves more posterior regions in earlier stages.
While these differences may not be clearly discernible in Figures 5 and 6, further analysis
using advanced techniques or additional frequency bands may uncover more distinct
features. For example, connectivity measures or non-linear analysis methods could provide
deeper insights into the underlying pathophysiological differences.

To evaluate and benchmark our study, a comprehensive analysis of recent advancements
in ML and DL applications for EEG-based dementia detection is required. A systematic review
of neuroimaging approaches, including EEG, for AD detection highlights the increasing use
of deep learning models such as CNNs and recurrent neural networks (RNNs). While these
methods are promising, there are still challenges such as limited datasets and the need for
effective feature representations. Unlike many prior studies that rely on raw EEG signals [54],
our approach incorporates advanced preprocessing steps—specifically, ICA and ASR—to
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mitigate artifacts and enhance signal quality, and employs FFI-based feature extraction,
offering a structured representation of frequency-domain information that is particularly
relevant for distinguishing neurodegenerative conditions like AD and FID.

Another notable trend in recent literature is the application of transfer learning for
AD detection using EEG data [55,56]. Even though pretrained models are a viable solution
in addressing the limitations of small datasets, as transfer learning allows for leveraging
knowledge from related tasks, such methods are usually constrained by the variability
in EEG data and the reliance on datasets that are not related to dementia-related signals.
Our methodology refrains from this and relies solely on dementia-related EEG data which
are problem-specific and publicly available for further exploration or validation. Last but
not least, another trend in automated dementia detection is the combination of multiple
biomarkers or modalities such as EEG, audio data, MRI, and others in complex, multi-
modal approaches [57,58]. These studies do achieve superior performance (for example,
Sun et al. [58] combined EEG, MR, and f3-protein indicators and achieved a remarkable
precision of 91.6% in estimating the A{31-42/A{3-40 content through ML), yet they face is-
sues regarding data integration, increased computational complexity, data availability, and
acquisition speed, making them less practical for widespread application. Our approach,
focusing solely on EEG data, maintains relatively high classification performance while
ensuring minimum acquisition time, making it promising as a screening step in the AD
detection protocol, particularly in resource-limited settings.

The novelty of our approach lies in combining advanced preprocessing, FFT-based
feature extraction, and a specialized deep learning (DL) model. The use of ICA and ASR
significantly enhances signal clarity, while FFT-based features effectively capture relevant
spectral information linked to AD (and FTD). Our tailored CNN architecture leverages
these features to achieve robust performance, outperforming both traditional ML models
and state-of-the-art EEG-specific DL architectures in binary and multiclass classification
tasks. The consistent drop in performance observed across all methodologies for FID-
related tasks further supports the argument that these challenges are data-related rather
than model-specific. This highlights the importance of addressing dataset limitations to
improve the detection of FID cases. Our study not only aligns with the current advance-
ments in EEG-based dementia detection but also addresses existing limitations through a
comprehensive preprocessing pipeline and a specialized DL architecture. This results in a
more accurate and reliable classification model, setting a new benchmark for EEG-based
AD and FTD detection.

To provide a comprehensive understanding of our methodology’s effectiveness, it is
crucial to compare it with other studies that utilize the same dataset in terms of methodology
and performance. A detailed comparison not only highlights the strengths and potential
of our approach but also identifies areas for improvement relative to existing techniques.
In Table 9, we present a summary of related studies, showcasing their methodologies,
reported performance metrics, and limitations. These include a variety of approaches
such as entropy-based measures [31], dual-branch networks [30], and connectivity-based
features [59], evaluated through differing validation methods. For instance, Velichko et al.
achieved 88.45% accuracy using a novel entropy measure and SVM [31], while Rostamikia
et al. reported a notable 93.5% accuracy for AD+FTD/CN classification using traditional
time-frequency features and SVM [27]. Additionally, studies like Wang et al. leveraged
aperiodic EEG components for AD/FTD classification with an AUC of 0.73 but relied on
k-fold validation [32], which introduces potential limitations. Through this analysis, we
aim to position our methodology within the broader research landscape, highlighting its
performance and areas for future exploration.
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Table 9. Comparison of the methodology of studies that use the same dataset as the dataset used in
this study.

Study Year Methodology Performance Limitations
. New entropy measure: ACC =88.45% in R
Velichko et al. [31] 2023 NNetEn along with SVM AD/CN k-fold validation
Dual-branch network o -
Chen et al. [30] 2023 combining vision 21(;(/:1;1"18)0/2(?1\/; mn k-fold validation
transformers (ViTs) and CNN
. ACC =93.5% in
Time, frequency, and AD+FTD/CN
Rostamikia et al. [27] 2024 time—frequency features; o k-fold validation
SVM ACC =87.5% in
AD/FTD
CEEMD-enhanced microstate Prediction of MMSE: Derlyed metrics
Wan et al. [60] 2024 sequence non-randomness R2 = 0.940 require further
index, LOSO validation e validation
k-fold validation,
Use of aperiodic components assumes accurate
Wang et al. [32] 2023 such as aperiodic exponent AUC =0.73 AD/FTD  separation of

and offset periodic-aperiodic

components

Ma et al. [59]

2024 phase locking index, SVM

EEG connectivity measures, AD/CN = 76.9%,

FTD/CN =90.4%

No comparison with

classifier, LOSO validation advanced DL models

Nedelijkovic et al. [61]

2023

Hjorth parameters (activity,
mobility, complexity),
skewness, and kurtosis;
dimensionality reduction via
info gain, random forest,
XGBoost, LNSO

AD/CN ACC =76.5%, No comparison with
F1=77.5% advanced DL models

A critical aspect in evaluating methodologies within the field of EEG-based dementia
classification is the choice of validation strategy. As observed in Table 9, the majority
of studies, including those employing advanced methodologies such as NNetEn [31] or
dual-branch networks [30], rely on k-fold cross-validation for performance evaluation.
While k-fold validation is a widely used approach, its application to epoched datasets
can inadvertently lead to overly optimistic performance estimates. This occurs because
epoched datasets often contain temporally overlapping or correlated segments from the
same subject, which can inadvertently appear in both training and testing sets, violating
the independence assumption of cross-validation.

In contrast, only two studies [59,60] adopted the more stringent LOSO, which ensures
that data from each subject are exclusively used for either training or testing, thus providing
a more realistic estimate of generalization performance. The consistent use of LOSO
validation in future research is critical for reducing the risk of inflated metrics and ensuring
robust and clinically translatable results. Greater awareness and caution in selecting
validation methods will help address this methodological pitfall and enhance the reliability
of findings across studies.

Having established the strengths and the effectiveness of our methodology, what is
left is for the limitations to be addressed. The first and most important limitation regarding
this study is the poor performance achieved in the FTD classification, in comparison to the
AD classification. Although our methodology outperformed all the comparison algorithms
in the FTD/CN problem (ACC = 72.85%, F1 score = 67.85%), these scores cannot be deemed
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effective and further research should be performed in order for them to be increased. Since
the FTD/CN performance is poor across all algorithms, the issue appears data-related
rather than model-related, underscoring the need to enrich the dataset with more diverse
and higher-quality FTD recordings. Furthermore, another great limitation of this study is
that it is ignorant of precursor AD states, which would be of outmost importance in the
early diagnosis and intervention of AD. This is due to the fact that the dataset does not
incorporate earlier state data such as mild cognitive impairment (MCI) data.

We acknowledge this limitation and are actively working to expand the published
dataset (or develop a second version) with an adequate number of MCI recordings from
the same hospital. Regarding the applicability of other time—frequency-based transforms
besides the implemented FFT spectrogram, we acknowledge that alternatives such as the
wavelet transform do offer better time—frequency resolution and could be applicable in the
context of this research, but given the fact that in eyes-closed resting-state recordings, time-
domain inconsistencies are what we are looking for, we preferred the more computationally
affordable FFT solution. Moving on to more technical limitations, the connection of func-
tional connectivity disruptions with AD has already been established in the literature [62].
Thus, connectivity data such as EEG coherence could have been employed in the study
to try to achieve a greater classification performance. This has not been the case though,
in this study, since it has not been found to be particularly additive in the classification
performance of this dataset, in a previous study. Alternatively, the reader can check the
importance of the EEG coherence in the classification of AD in the same dataset on our
study cited here [4]. Last but not least, not exploring the potential effectiveness of our
methodology on other types of dementia such as Lewy body dementia can be considered
a limitation.

The proposed spectrogram-based convolutional architecture demonstrates significant
potential for accurate dementia EEG signal screening. Future work could explore several
directions to further improve its performance and generalizability. A key priority is the
expansion of the dataset, which would enhance the model’s robustness and applicabil-
ity across diverse populations. Additionally, efforts should focus on testing the model’s
adaptability to varied EEG electrode setups, facilitating broader adoption in clinical en-
vironments. The incorporation of graph theory approaches could also be investigated to
leverage spatial information from EEG channels, potentially improving the model’s ability
to capture complex interchannel relationships. Also, we could explore the use of alternative
time—frequency transforms, such as wavelet transforms or empirical mode decomposition,
to capture localized time—frequency patterns and further enhance the model’s ability to
analyze non-stationary EEG signals. Finally, the methodology could be extended to include
other neurodegenerative diseases, such as Lewy body dementia, building on its existing
application to FTD as examined in this study. These advancements hold promise for re-
fining DL techniques in EEG-based dementia detection, with significant implications for
clinical practice and patient care.

5. Conclusions

In this study, we explored the potential of using an FFT spectrogram-based CNN
DL architecture for the automated detection of AD in EEG recordings, also evaluating its
effectiveness on FTD detection. We evaluated the performance of the methodology on our
previously published clinical dataset recorded at AHEPA General Hospital of Thessaloniki,
Greece, and published on the OpenNeuro repository. The methodology consisted of
advanced preprocessing steps for automated artifact rejection (namely ICA and ASR),
transformation to frequency-domain spectrogram representations and employment of a
deep CNN architecture, and it achieved state-of-the-art classification performance (ACC
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=79.45%, F1 score = 77.60%), outperforming several baseline models that were used for
comparison. These findings add to the growing body of literature utilizing EEG for the
automated detection of neurological disorders like dementia, with the potential to assist
clinicians in timely patient screening and improved monitoring of AD.

Author Contributions: Conceptualization, N.G. and A.M.; methodology, A.M., N.G. and K.S;;
software, K.S.; validation, K.S., K.D.T. and A.T.T.; formal analysis, A.M. and E.G.; investigation, K.M.;
resources, A.M. and K.T; data curation, K.S., KM., C.B. and G.S.; writing—original draft preparation,
AM. and K.D.T.; writing—review and editing, A.M., M.G.T. and E.G,; visualization, K.S and C.B.;
supervision, A.M. and A.T.T,; project administration, N.G.; funding acquisition, A.T.T. All authors
have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted in accordance with the Declara-
tion of Helsinki and approved by the Ethics Committee of AHEPA University Hospital, Aristotle
University of Thessaloniki, under Approval No. 142/12-04-2023.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Datasets related to this article can be found at https://openneuro.org/
datasets/ds004504, hosted at OpenNeuro [36].

Acknowledgments: We acknowledge the use of language models (ChatGPT-40) solely for language
refinement and we are fully responsible for the originality, validity, and integrity of the content of the
manuscript, complying with all of MDPI's publication ethics policies.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Atri, A. The Alzheimer’s Disease Clinical Spectrum. Med. Clin. N. Am. 2019, 103, 263-293. [CrossRef] [PubMed]

2. Mendez, M.; Cummings, J. Dementia: A Clinical Approach; Butter-worth Heinemann: Philadelphia, PA, USA, 2003; ISBN
0750674709.

3. Gao, S.; Burney, H.N.; Callahan, C.M.; Purnell, C.E.; Hendrie, H.C. Incidence of Dementia and Alzheimer Disease Over Time: A
Meta-Analysis. . Am. Geriatr. Soc. 2019, 67, 1361-1369. [CrossRef] [PubMed]

4. Miltiadous, A.; Gionanidis, E.; Tzimourta, K.D.; Giannakeas, N.; Tzallas, A.T. DICE-Net: A Novel Convolution-Transformer
Architecture for Alzheimer Detection in EEG Signals. IEEE Access 2023, 11, 71840-71858. [CrossRef]

5. Shin, I.-S,; Carter, M.; Masterman, D.; Fairbanks, L.; Cummings, J.L. Neuropsychiatric Symptoms and Quality of Life in Alzheimer
Disease. Am. |. Geriatr. Psychiatry 2005, 13, 469-474. [CrossRef]

6. Miltiadous, A.; Tzimourta, K.D.; Giannakeas, N.; Tsipouras, M.G.; Afrantou, T.; loannidis, P.; Tzallas, A.T. Alzheimer’s Disease
and Frontotemporal Dementia: A Robust Classification Method of EEG Signals and a Comparison of Validation Methods.
Diagnostics 2021, 11, 1437. [CrossRef]

7. Kirshner, H.S. Frontotemporal Dementia and Primary Progressive Aphasia, a Review. Neuropsychiatr. Dis. Treat. 2014, 10,
1045-1055. [CrossRef]

8.  Neary, D.; Snowden, ].; Mann, D. Frontotemporal Dementia. Lancet Neurol. 2005, 4, 771-780. [CrossRef]

9. Antonioni, A.; Raho, EM.; Lopriore, P; Pace, A.P; Latino, R.R.; Assogna, M.; Mancuso, M.; Gragnaniello, D.; Granieri, E.; Pugliatti,
M.; et al. Frontotemporal Dementia, Where Do We Stand? A Narrative Review. Int. ]. Mol. Sci. 2023, 24, 11732. [CrossRef]

10. Azami, H.; Zrenner, C.; Brooks, H.; Zomorrodi, R.; Blumberger, D.M.; Fischer, C.E.; Flint, A.; Herrmann, N.; Kumar, S.; Lanct6t,
K.; et al. Beta to Theta Power Ratio in EEG Periodic Components as a Potential Biomarker in Mild Cognitive Impairment and
Alzheimer’s Dementia. Alzheimer’s Res. Ther. 2023, 15, 133. [CrossRef]

11.  Diagnostic and Statistical Manual of Mental Disorders: DSM-5; American Psychiatric Association: Washington, DC, USA, 2013; ISBN
9780890425558.

12.  The National Institute on Aging and Reagan Institute Working Group on Diagnostic Criteria for the Neuropathological Assessment

of Alzheimer’s Disease. Consensus Recommendations for the Postmortem Diagnosis of Alzheimer’s Disease. Neurobiol. Aging
1997, 18, S1-S2. [CrossRef]


https://openneuro.org/datasets/ds004504
https://openneuro.org/datasets/ds004504
https://doi.org/10.1016/j.mcna.2018.10.009
https://www.ncbi.nlm.nih.gov/pubmed/30704681
https://doi.org/10.1111/jgs.16027
https://www.ncbi.nlm.nih.gov/pubmed/31220336
https://doi.org/10.1109/ACCESS.2023.3294618
https://doi.org/10.1097/00019442-200506000-00005
https://doi.org/10.3390/diagnostics11081437
https://doi.org/10.2147/NDT.S38821
https://doi.org/10.1016/S1474-4422(05)70223-4
https://doi.org/10.3390/ijms241411732
https://doi.org/10.1186/s13195-023-01280-z
https://doi.org/10.1016/S0197-4580(97)00057-2

J. Pers. Med. 2025, 15, 27 23 of 25

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Miltiadous, A.; Tzimourta, K.D.; Aspiotis, V.; Afrantou, T.; Tsipouras, M.G.; Giannakeas, N.; Glavas, E.; Tzallas, A.T. Enhanced
Alzheimer s Disease and Frontotemporal Dementia EEG Detection: Combining LightGBM Gradient Boosting with Complexity
Features. In Proceedings of the 2023 IEEE 36th International Symposium on Computer-Based Medical Systems (CBMS), L'Aquila,
Italy, 22-24 June 2023; pp. 876-881. [CrossRef]

Emilien, G.; Beyreuther, K.; Masters, C.L.; Maloteaux, ].-M. Prospects for Pharmacological Intervention in Alzheimer Disease.
Arch. Neurol. 2000, 57, 454. [CrossRef] [PubMed]

Miltiadous, A.; Tzimourta, K.D.; Giannakeas, N.; Tsipouras, M.G.; Glavas, E.; Kalafatakis, K.; Tzallas, A.T. Machine Learning
Algorithms for Epilepsy Detection Based on Published EEG Databases: A Systematic Review. IEEE Access 2023, 11, 564-594.
[CrossRef]

Geraedts, V.J.; Boon, L.I.; Marinus, J.; Gouw, A.A.; van Hilten, J.J.; Stam, C.J.; Tannemaat, M.R.; Contarino, M.F. Clinical Correlates
of Quantitative EEG in Parkinson Disease. Neurology 2018, 91, 871-883. [CrossRef] [PubMed]

Amodio, P.; Marchetti, P.; Del Piccolo, F.; de Tourtchaninoff, M.; Varghese, P.; Zuliani, C.; Campo, G.; Gatta, A.; Guérit, ].M.
Spectral versus Visual EEG Analysis in Mild Hepatic Encephalopathy. Clin. Neurophysiol. 1999, 110, 1334-1344. [CrossRef]
[PubMed]

Christodoulides, P.; Miltiadous, A.; Tzimourta, K.D.; Peschos, D.; Ntritsos, G.; Zakopoulou, V.; Giannakeas, N.; Astrakas, L.G.;
Tsipouras, M.G.; Tsamis, K.I; et al. Classification of EEG Signals from Young Adults with Dyslexia Combining a Brain Computer
Interface Device and an Interactive Linguistic Software Tool. Biomed. Signal Process. Control 2022, 76, 103646. [CrossRef]
Cochran, W.T.; Cooley, ].W.; Favin, D.L.; Helms, H.D.; Kaenel, R.A.; Lang, WW.; Maling, G.C.; Nelson, D.E.; Rader, C.M.; Welch,
P.D. What Is the Fast Fourier Transform? Proc. IEEE 1967, 55, 1664-1674. [CrossRef]

Solomon, O.M,, Jr. PSD Computations Using Welch’s Method [Power Spectral Density (PSD)]. Sandia National Laboratories:
Albuquerque, NM, USA; Livermore, CA, USA, 1991.

Sharmila, A.; Aman Raj, S.; Shashank, P.; Mahalakshmi, P. Epileptic Seizure Detection Using DWT-Based Approximate Entropy,
Shannon Entropy and Support Vector Machine: A Case Study. J. Med. Eng. Technol. 2018, 42, 1-8. [CrossRef]

Singh, N.; Dehuri, S. Multiclass Classification of EEG Signal for Epilepsy Detection Using DWT Based SVD and Fuzzy KNN
Classifier. Intell. Decis. Technol. 2020, 14, 239-252. [CrossRef]

Singh, G.; Kaur, M.; Singh, B. Detection of Epileptic Seizure EEG Signal Using Multiscale Entropies and Complete Ensemble
Empirical Mode Decomposition. Wirel. Pers. Commun. 2021, 116, 845-864. [CrossRef]

Lechner, S.; Northoff, G. Prolonged Intrinsic Neural Timescales Dissociate from Phase Coherence in Schizophrenia. Brain Sci.
2023, 13, 695. [CrossRef]

Mumtaz, W.; Ali, S.5.A.; Yasin, M.A.M.; Malik, A.S. A Machine Learning Framework Involving EEG-Based Functional Connectiv-
ity to Diagnose Major Depressive Disorder (MDD). Med. Biol. Eng. Comput. 2018, 56, 233-246. [CrossRef] [PubMed]

Zhao, Z.; Li, X,; Feng, G.; Shen, Z.; Li, S.; Xu, Y.; Huang, M.; Xu, D. Altered Effective Connectivity in the Default Network of the
Brains of First-Episode, Drug-Naive Schizophrenia Patients With Auditory Verbal Hallucinations. Front. Hum. Neurosci. 2018, 12,
456. [CrossRef] [PubMed]

Rostamikia, M.; Sarbaz, Y.; Makouei, S. EEG-Based Classification of Alzheimer’s Disease and Frontotemporal Dementia: A
Comprehensive Analysis of Discriminative Features. Cogn. Neurodyn. 2024, 18, 3447-3462. [CrossRef]

Cheng, Q.; Cheng, J.; Ren, Z.; Zhang, Q.; Liu, ]. Multi-Scale Spatial-Temporal Convolutional Neural Network for Skeleton-Based
Action Recognition. Pattern Anal. Appl. 2023, 26, 1303-1315. [CrossRef]

Xia, W.; Zhang, R.; Zhang, X.; Usman, M. A Novel Method for Diagnosing Alzheimer’s Disease Using Deep Pyramid CNN Based
on EEG Signals. Heliyon 2023, 9, e14858. [CrossRef]

Chen, Y.; Wang, H.; Zhang, D.; Zhang, L.; Tao, L. Multi-Feature Fusion Learning for Alzheimer’s Disease Prediction Using EEG
Signals in Resting State. Front. Neurosci. 2023, 17, 1272834. [CrossRef]

Velichko, A.; Belyaev, M.; Izotov, Y.; Murugappan, M.; Heidari, H. Neural Network Entropy (NNetEn): Entropy-Based EEG
Signal and Chaotic Time Series Classification, Python Package for NNetEn Calculation. Algorithms 2023, 16, 255. [CrossRef]
Wang, Z.; Liu, A,; Yu, J.; Wang, P; Bi, Y;; Xue, S.; Zhang, J.; Guo, H.; Zhang, W. The Effect of Aperiodic Components in
Distinguishing Alzheimer’s Disease from Frontotemporal Dementia. Geroscience 2024, 46, 751-768. [CrossRef]

Trambaiolli, L.R.; Spolaér, N.; Lorena, A.C.; Anghinah, R.; Sato, ].R. Feature Selection before EEG Classification Supports the
Diagnosis of Alzheimer’s Disease. Clin. Neurophysiol. 2017, 128, 2058-2067. [CrossRef]

AlSharabi, K.; Salamah, Y.B.; Aljalal, M.; Abdurraqeeb, A.M.; Alturki, EA. EEG-Based Clinical Decision Support System for
Alzheimer’s Disorders Diagnosis Using EMD and Deep Learning Techniques. Front. Hum. Neurosci. 2023, 17, 1190203. [CrossRef]
Miltiadous, A.; Tzimourta, K.D.; Afrantou, T.; Ioannidis, P.; Grigoriadis, N.; Tsalikakis, D.G.; Angelidis, P.; Tsipouras, M.G.;
Glavas, E.; Giannakeas, N.; et al. A Dataset of Scalp EEG Recordings of Alzheimer’s Disease, Frontotemporal Dementia and
Healthy Subjects from Routine EEG. Data 2023, 8, 95. [CrossRef]


https://doi.org/10.1109/CBMS58004.2023.00335
https://doi.org/10.1001/archneur.57.4.454
https://www.ncbi.nlm.nih.gov/pubmed/10768617
https://doi.org/10.1109/ACCESS.2022.3232563
https://doi.org/10.1212/WNL.0000000000006473
https://www.ncbi.nlm.nih.gov/pubmed/30291182
https://doi.org/10.1016/S1388-2457(99)00076-0
https://www.ncbi.nlm.nih.gov/pubmed/10454268
https://doi.org/10.1016/j.bspc.2022.103646
https://doi.org/10.1109/PROC.1967.5957
https://doi.org/10.1080/03091902.2017.1394389
https://doi.org/10.3233/IDT-190043
https://doi.org/10.1007/s11277-020-07742-z
https://doi.org/10.3390/brainsci13040695
https://doi.org/10.1007/s11517-017-1685-z
https://www.ncbi.nlm.nih.gov/pubmed/28702811
https://doi.org/10.3389/fnhum.2018.00456
https://www.ncbi.nlm.nih.gov/pubmed/30568584
https://doi.org/10.1007/s11571-024-10152-7
https://doi.org/10.1007/s10044-023-01156-w
https://doi.org/10.1016/j.heliyon.2023.e14858
https://doi.org/10.3389/fnins.2023.1272834
https://doi.org/10.3390/a16050255
https://doi.org/10.1007/s11357-023-01041-8
https://doi.org/10.1016/j.clinph.2017.06.251
https://doi.org/10.3389/fnhum.2023.1190203
https://doi.org/10.3390/data8060095

J. Pers. Med. 2025, 15, 27 24 of 25

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Miltiadous, A.; Tzimourta, K.D.; Afrantou, T.; Ioannidis, P.; Grigoriadis, N.; Tsalikakis, D.G.; Angelidis, P.; Tsipouras, M.G.;
Glavas, E.; Giannakeas, N.; et al. A Dataset of EEG Recordings from: Alzheimer’s Disease, Frontotemporal Dementia and Healthy
Subjects. OpenNeuro 2023, 1, 88. [CrossRef]

Kurlowicz, L.; Wallace, M. The Mini-Mental State Examination (MMSE). J. Gerontol. Nurs. 1999, 25, 8-9. [CrossRef] [PubMed]
Delorme, A.; Makeig, S. EEGLAB: An Open Source Toolbox for Analysis of Single-Trial EEG Dynamics Including Independent
Component Analysis. ]. Neurosci. Methods 2004, 134, 9-21. [CrossRef] [PubMed]

Kothe, C. The Artifact Subspace Reconstruction Method. 2013. Available online: https://sccn.ucsd.edu/wiki/ Artifact_Subspace_
Reconstruction (accessed on 13 January 2025).

Plechawska-Woéjcik, M.; Augustynowicz, P.; Kaczorowska, M.; Zabielska-Mendyk, E.; Zapata, D. The Influence Assessment of
Artifact Subspace Reconstruction on the EEG Signal Characteristics. Appl. Sci. 2023, 13, 1605. [CrossRef]

Miyakoshi, M. Artifact Subspace Reconstruction: A Candidate for a Dream Solution for EEG Studies, Sleep or Awake. Sleep 2023,
46, zsad241. [CrossRef]

Bekele, A. Cooley-Tukey FFT Algorithms; COMP 5703: Advanced Algorithms: Carlston University, Ottawa, ON, Canada, 2016.
Available online: https://people.scs.carleton.ca/~maheshwa/courses/5703COMP /16Fall/FFT_Report.pdf (accessed on 13
January 2025).

Lawhern, V.J.; Solon, A.].; Waytowich, N.R.; Gordon, S.M.; Hung, C.P,; Lance, B.]. EEGNet: A Compact Convolutional Neural
Network for EEG-Based Brain-Computer Interfaces. J. Neural Eng. 2018, 15, 056013. [CrossRef]

Waytowich, N.; Lawhern, V.J.; Garcia, ].O.; Cummings, J.; Faller, J.; Sajda, P.; Vettel, ] M. Compact Convolutional Neural Networks
for Classification of Asynchronous Steady-State Visual Evoked Potentials. J. Neural Eng. 2018, 15, 066031. [CrossRef]
Schirrmeister, R.T.; Springenberg, ].T.; Fiederer, L.D.].; Glasstetter, M.; Eggensperger, K.; Tangermann, M.; Hutter, F.; Burgard, W,;
Ball, T. Deep Learning with Convolutional Neural Networks for EEG Decoding and Visualization. Hum. Brain Mapp. 2017, 38,
5391-5420. [CrossRef]

Bergstra, J.; Komer, B.; Eliasmith, C.; Yamins, D.; Cox, D.D. Hyperopt: A Python Library for Model Selection and Hyperparameter
Optimization. Comput. Sci. Discov. 2015, 8, 014008. [CrossRef]

Schmidt, M.T.; Kanda, P.A.M.; Basile, L.EH.; da Silva Lopes, H.ES.; Baratho, R.; Demario, J.L.C.; Jorge, M.S.; Nardi, A.E.; Machado,
S.; Ianof, ].N.; et al. Index of Alpha/Theta Ratio of the Electroencephalogram: A New Marker for Alzheimer’s Disease. Front.
Aging Neurosci. 2013, 5, 60. [CrossRef] [PubMed]

Ozbek, Y,; Fide, E.; Yener, G.G. Resting-State EEG Alpha/Theta Power Ratio Discriminates Early-Onset Alzheimer’s Disease from
Healthy Controls. Clin. Neurophysiol. 2021, 132, 2019-2031. [CrossRef] [PubMed]

Fonseca, L.C.; Tedrus, G.M.A.S.; Fondello, M.A; Reis, LN.; Fontoura, D.S. EEG Theta and Alpha Reactivity on Opening the Eyes
in the Diagnosis of Alzheimer’s Disease. Clin. EEG Neurosci. 2011, 42, 185-189. [CrossRef] [PubMed]

Xie, X.M,; Sha, S.; Cai, H.; Liu, X,; Jiang, I.; Zhang, L.; Wang, G. Resting-State Alpha Activity in the Frontal and Occipital Lobes
and Assessment of Cognitive Impairment in Depression Patients. Psychol. Res. Behav. Manag. 2024, 17, 2995-3003. [CrossRef]
[PubMed]

Kang, J.-H.; Bae, ].-H.; Jeon, Y.-]. Age-Related Characteristics of Resting-State Electroencephalographic Signals and the Corre-
sponding Analytic Approaches: A Review. Bioengineering 2024, 11, 418. [CrossRef]

Wu, S.; Zhan, P; Wang, G.; Yu, X.; Liu, H.; Wang, W. Changes of Brain Functional Network in Alzheimer’s Disease and
Frontotemporal Dementia: A Graph-Theoretic Analysis. BMC Neurosci. 2024, 25, 30. [CrossRef]

Ishii, R.; Canuet, L.; Kurimoto, R.; Ikezawa, K.; Aoki, Y.; Azechi, M.; Takahashi, H.; Nakahachi, T.; Iwase, M.; Kazui, H.;
et al. Frontal Shift of Posterior Alpha Activity Is Correlated with Cognitive Impairment in Early Alzheimer’s Disease: A
Magnetoencephalography-Beamformer Study. Psychogeriatrics 2010, 10, 138-143. [CrossRef]

Cassani, R.; Estarellas, M.; San-Martin, R.; Fraga, F].; Falk, T.H. Systematic Review on Resting-State EEG for Alzheimer’s Disease
Diagnosis and Progression Assessment. Dis. Markers 2018, 2018, 5174815. [CrossRef]

Wan, Z; Yang, R.; Huang, M.; Zeng, N.; Liu, X. A Review on Transfer Learning in EEG Signal Analysis. Neurocomputing 2021, 421,
1-14. [CrossRef]

Leela, M.; Helenprabha, K.; Sharmila, L. Prediction and Classification of Alzheimer Disease Categories Using Integrated Deep
Transfer Learning Approach. Meas. Sens. 2023, 27, 100749. [CrossRef]

Jesus, B.; Cassani, R.; McGeown, W.J.; Cecchi, M.; Fadem, K.C.; Falk, T.H. Multimodal Prediction of Alzheimer’s Disease Severity
Level Based on Resting-State EEG and Structural MRI. Front. Hum. Neurosci. 2021, 15, 700627. [CrossRef] [PubMed]

Sun, J.; Xie, Z.; Sun, Y,; Shen, A.; Li, R,; Yuan, X,; Lu, B.; Li, Y. Precise Prediction of Cerebrospinal Fluid Amyloid Beta Protein for
Early Alzheimer’s Disease Detection Using Multimodal Data. MedComm 2024, 5, e532. [CrossRef] [PubMed]

Ma, Y;; Bland, ].K.S.; Fujinami, T. Classification of Alzheimer’s Disease and Frontotemporal Dementia Using Electroencephalogra-
phy to Quantify Communication between Electrode Pairs. Diagnostics 2024, 14, 2189. [CrossRef] [PubMed]


https://doi.org/10.18112/openneuro.ds004504.v1.0.8
https://doi.org/10.3928/0098-9134-19990501-08
https://www.ncbi.nlm.nih.gov/pubmed/10578759
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://www.ncbi.nlm.nih.gov/pubmed/15102499
https://sccn.ucsd.edu/wiki/Artifact_Subspace_Reconstruction
https://sccn.ucsd.edu/wiki/Artifact_Subspace_Reconstruction
https://doi.org/10.3390/app13031605
https://doi.org/10.1093/sleep/zsad241
https://people.scs.carleton.ca/~maheshwa/courses/5703COMP/16Fall/FFT_Report.pdf
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.1088/1741-2552/aae5d8
https://doi.org/10.1002/hbm.23730
https://doi.org/10.1088/1749-4699/8/1/014008
https://doi.org/10.3389/fnagi.2013.00060
https://www.ncbi.nlm.nih.gov/pubmed/24130529
https://doi.org/10.1016/j.clinph.2021.05.012
https://www.ncbi.nlm.nih.gov/pubmed/34284236
https://doi.org/10.1177/155005941104200308
https://www.ncbi.nlm.nih.gov/pubmed/21870471
https://doi.org/10.2147/PRBM.S459954
https://www.ncbi.nlm.nih.gov/pubmed/39176258
https://doi.org/10.3390/bioengineering11050418
https://doi.org/10.1186/s12868-024-00877-w
https://doi.org/10.1111/j.1479-8301.2010.00326.x
https://doi.org/10.1155/2018/5174815
https://doi.org/10.1016/j.neucom.2020.09.017
https://doi.org/10.1016/j.measen.2023.100749
https://doi.org/10.3389/fnhum.2021.700627
https://www.ncbi.nlm.nih.gov/pubmed/34566600
https://doi.org/10.1002/mco2.532
https://www.ncbi.nlm.nih.gov/pubmed/38645663
https://doi.org/10.3390/diagnostics14192189
https://www.ncbi.nlm.nih.gov/pubmed/39410593

J. Pers. Med. 2025, 15, 27 25 of 25

60. Wan, W.; Gu, Z,; Peng, C.K.; Cui, X. Beyond Frequency Bands: Complementary-Ensemble-Empirical-Mode-Decomposition-
Enhanced Microstate Sequence Non-Randomness Analysis for Aiding Diagnosis and Cognitive Prediction of Dementia. Brain Sci.
2024, 14, 487. [CrossRef]

61. Nedeljkovi¢, M.; Padin, P.; Nikoli¢, S. Low Dimensional EEG Classification for Alzheimer’s Disease Recognition. In Proceedings
of the 2023 31st Telecommunications Forum, TELFOR 2023—Proceedings, Belgrade, Serbia, 21-22 November 2023; Institute of
Electrical and Electronics Engineers Inc.: Piscataway, NJ, USA, 2023.

62. Rodinskaia, D.; Radinski, C.; Labuhn, ]J. EEG Coherence as a Marker of Functional Connectivity Disruption in Alzheimer’s
Disease. Aging Health Res. 2022, 2, 100098. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/brainsci14050487
https://doi.org/10.1016/j.ahr.2022.100098

	Introduction 
	Materials and Methods 
	Database Description 
	Demographic Characteristics 
	Data Acquisition 

	Data Preprocessing and Signal Denoising 
	Feature Extraction 
	Classification 
	Model Architecture 
	Comparison Algorithms 
	Validation Methodology, Classification Problems, and Performance Metrics 
	Experimental Setup 


	Results 
	Discussion 
	Conclusions 
	References

