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Abstract

An explainable Artificial Intelligence (xAI) approach is proposed to longitudinally monitor subjects affected by Mild

Cognitive Impairment (MCI) by using high-density electroencephalography (HD-EEG). To this end, a group of MCI

patients was enrolled in the study at XXXXXXXXX within a follow-up protocol that included two evaluations steps: T0

(first evaluation) and T1 (three months later). At T1, four MCI patients resulted converted to AD and were included

in the analysis as the goal of the present work was to use xAI to detect individual changes in EEGs possibly related

to the degeneration from MCI to AD. The proposed methodology consists in mapping segments of HD-EEG into

Channel-Frequency maps (i.e., HD-CF epochs) by means of Power Spectral Density (PSD). Such maps are then

used as input to a Convolutional Neural Network (CNN), trained to label the maps as “T0” (MCI state) or “T1”

(AD state). Experimental results reported high intra-subject classification performance (accuracy rate up to 98.97%

(95% confidence interval: 98.68-99.26)). Subsequently, the explainability of the proposed CNN is explored by means

of a Grad-CAM approach. The procedure allowed to detect which EEG-channels (i.e., head region) and range of

frequencies (i.e., sub-bands) resulted more active in the progression to AD. The xAI analysis showed that the main

information is included in the delta sub-band (1-4 Hz) and that, limited to the analyzed dataset, the highest relevant

areas are: the left-temporal and central-frontal lobe for Sb01, the parietal lobe for Sb02, the left-frontal lobe for Sb03

and the left-frontotemporal region for Sb04.
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Introduction

Dementia affects more than 40 million people worldwide, with a serious increasing tendency to more than 60 million

by 2030. Nearly 60% of dementia cases are due to Alzheimer’s Disease (AD). Since AD is still an incurable disorder,

commonly diagnosed in elderly, after the diagnosis the patient has, on average, only 4 to 8 more years to live. As also

postulated by the National Institute on Aging and the Alzheimer’s Association, AD is preceded by a pre-dementia phase,

known as Mild Cognitive Impairment (MCI). This prodromal stage passes often unnoticed as it affects cognitive abilities

in subtle ways. An MCI subject is still able to live his/her daily life autonomously, however, especially in the amnestic

subtype, he/she has a high risk to evolve to dementia due to AD with the aging process. MCI subjects can also remain

stable or recovery1, depending on the inherent causes of the disorder. Hence, longitudinal follow-up programs on MCI are

extremely important to monitor the course of AD and early diagnose it as soon as neural deficits occur. In this context,

electroencephalography (EEG), considered one of the main technology to study the electrical brain activity, provided

promising results in the diagnosis of AD and MCI. EEG is a non-invasive tool consisting in a set of electrodes (i.e.,

channels) located on the scalp to record the electric potentials generated by cortical neurons. Anomalies between inter-

neuron communication may reflect on abnormalities in the EEG recordings. Indeed, the so-called “slowing effect” (i.e., an

increase of the relative EEG power content at low frequencies), loss of complexity and synchronization among channels

are common neurodegeneration phenomena related to AD2. Conventional low-density EEG (LD-EEG) with less than 64

channels is widely used as diagnostic tool. This offers a high temporal resolution but suffers from poor spatial resolution

because of large inter-electrode distance3. High-Density EEG (HD-EEG) overcomes this issue. Indeed, it provides superior

spatial resolution, allowing to detect more relevant features in longitudinal MCI/AD studies.

However, a few number of HD-EEG-based works on AD exists in the literature. In4 authors compared HD-EEG signals

of AD and healthy controls (HC) observing a reduction of activity in all frequency bands in the right cerebral hemisphere of

AD; while, in5 HD-EEG signals of AD and HC were analysed, showing a dysfunction in the parietal and medial temporal

regions and also an adaptive reorganization in AD. Recently, compressive sensing technique was applied6 to reconstruct

HD-EEG of MCI and AD patients aiming to demonstrate that the compression has no measurable effect on the complex

brain network analysis. A few EEG-based longitudinal studies on MCI-to-AD progression exist in the current state-of-

the-art, furthermore, they are based on LD-EEG signals. Authors in7, carried out a longitudinal study on MCI, observing

a decreased alpha global field power and a source localization of alpha, theta and beta frequency in a more anterior area,

in MCI subjects who progressed to AD. Longitudinal changes were also studied in terms of relative power8, reporting

higher theta and lower beta relative power, especially at the temporal and temporo-occipital regions, in AD patients.

The theta/gamma and alpha3/alpha2 ratios9 were investigated for prognosticating the dementia due to AD progression,

observing that the increase of alpha3/alpha2 ratio was related to the AD conversion. A quantitative spectral analysis on

EEG signals of MCI subjects was carried out in10, revealing a decreased alpha activity in follow-up MCI converted to
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AD, especially over posterior leads; whereas, in11 a complex network based strategy was proposed, showing increasing

characteristic path length and decreasing efficiency along with AD progression. In12 and13 two novel coupling strength

metrics between time series, namely, the Permutation Disalignment Index, (PDI) and the Permutation Jaccard Distance

(PJD), respectively, were introduced. Experimental results reported an increase of PDI and PJD, namely a decrease of

coupling strength in delta and theta sub-band, in the converted patients. Finally, an EEG-based eLORETA longitudinal

analysis on MCI subjects14 was carried out, reporting an increased power in delta and theta bands for subject converted to

AD. Several EEG-based Artificial Intelligence (AI) models have been instead emerging to classify MCI and AD subjects,

achieving impressive results15–20. However, most of these perform an inter-subject classification and are based on LD-

EEG. Hence, the potential advantages of HD-EEG in AD research is still widely unexplored. In order to fill this gap and to

explore the potential of xAI in the dementia field, here, an intra-subject explainable artificial intelligence (xAI) approach

to longitudinal HD-EEG classification is proposed. The objective of the study is to investigate the capability of xAI to

offer new perspectives in follow-up (longitudinal) studies on subjects at risk of developing dementia due to Alzheimer’s,

hence the attention was focused on patients that experienced the conversion from MCI to AD. To this end, a small group of

MCI subjects was enrolled at XXXXXXXXXX within a follow-up program: all patients were diagnosed MCI at time T0

and AD at time T1 (three months later). The study was designed to include a stage of intra-subject classification with the

aim of training an artificial neural network to detect subject-specific characteristics potentially associated with the process

of degeneration from MCI to AD. Specifically, the characteristics of EEG signals in the frequency domain were used as

input to the neural network so that it learned to discriminate between the EEGs recorded from a given subject at time

T0 (MCI condition) from the EEGs recorded from the same subject at time T1 (AD condition) and, on the basis of such

classification, xAI explained what characteristics were more relevant to classification thus are more likely to be involved

in the disease development process. For each EEG channel of the HD-EEG epoch under analysis, the Power Spectral

Density (PSD) is estimated, resulting in a channel-frequency (CF) map, here denoted as HD-CF epoch, used as input to a

custom Convolutional Neural Network (CNN) meant to perform the binary epoch-classification task (AD vs. MCI) of the

patient taken into account. It is worth mentioning that AI-based systems typically work as a black-box and no explanation

of the results are generally provided. Here, xAI is applied to the trained CNN. In particular, a Grad-CAM-based analysis

is carried out by using the HD-CF maps as input to the trained model to investigate which set of channels and which range

of frequencies were mostly relevant to label the input as “AD” rather than “MCI”. This allowed to explore the longitudinal

changes in the brain electrical activity that each subject experienced from time T0 to time T1.
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Materials

Patient description

A groups of 15 MCI subjects were initially recruited in the study at XXXXXXXXXXXXX. The study consisted in a

follow-up program: each participant was evaluated at a baseline time, T0, and after three months (time T1). Unfortunately,

only 11 of them could precisely meet the protocol schedule (3 months between time T0 and time T1). By the time T1, 4

of these 11 patients were diagnosed as converted to dementia due to AD and were therefore included in the present study.

Three of them were female. From the very beginning, the objective of the study was to investigate the capability of xAI to

monitor, longitudinally, subjects at risk of developing dementia due to AD. The attention was therefore focused on patients

converted from MCI to AD and a system was designed to learn how to detect subject-specific characteristics potentially

associated with the conversion. Each patient agreed to participate in the study by signing an informed consent document.

The local Ethical Committee approved the clinical protocol and an expert team of neurologists and neuropsychologists

carried out all the cognitive and medical examinations according to the Diagnostic and Statistical Manual of Mental

Disorders (DSM-V21) . All participants were subjected to a neuroradiological examination to exclude any other possible

pathology such as strokes, tumors or other neural deficit. None of patients was undergoing any medical treatment.

Methodology

HD-EEG recording

EEG signals were recorded by using a high-density (HD) EGI 256-channels Geodesic Sensor Net (Figure 1). This is a

wet-electrodes system, it must be kept immersed in a saline solution for 10 minutes before the application on the patient’s

head. The central electrode (Cz) was the reference location and, as recommended by the EGI guidelines, the impedance of

each electrode was kept lower than 50 kΩ, possibly with the help of additional saline solution, and the sampling frequency

fs was set at 250 Hz. EEG recordings took place in the morning. Before staring the EEG acquisition, participants were

interviewed about their last meal and about the quality of their last night sleep. Throughout the recording, patients remained

in an eye closed resting state condition, while an expert operator continuously monitored EEG signals in order to detect

any possible signal trend related to drowsiness. To make the recording conditions of sessions T0 and T1 as similar as

possible, the same patient position and room conditions (noise, temperature, etc) were reproduced, as well as the quality

and quantity of meal and sleep preceding the recording.

HD-EEG pre-processsing

Every EEG recording was pre-processed by applying a band-pass filter between 1 and 40 Hz in order to select the main

EEG rhythms: δ (1–4 Hz), θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz) and γ (30-40 Hz). The filtering operation was carried
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out by the Net Station EEG software of the Electrical Geodesics EEG system. Artifactual segments in the EEG traces were

manually removed by an expert neurophysiologist. In this study, the signals recorded by electrodes located on the cheeks

and on the neck were excluded, as they are likely to be corrupted by muscle artifacts and by bad skin-electrode artifacts,

respectively and provide weak information about the cortical activity. As result, a sub-set of 173 scalp electrodes, those

enclosed in the blue region of the montage representation shown in Figure 1b, were taken into account. Then, each HD-

EEG recording was partitioned into non-overlapping temporal epochs of 1s and processed epoch by epoch. Since fs= 250

Hz, every epoch consisted of M = 250 samples. Finally, every HD-EEG epoch was spatially filtered by means of surface

Laplacian, with the aim of reducing the effects of volume conduction and therefore improving EEG spatial resolution22.

Channel-frequency representation of HD-EEG

Given a HD-EEG epoch, each of the 173 EEG channels were mapped into the spectral domain by means of the Power

Spectral Density (PSD23). A common estimate of PSD is the periodogram, defined as follows:

P (f) =
Ts
M
|
M−1∑
m=0

em(t)e−2πifm|2 (1)

where Ts is the sampling period, e(t) is the HD-EEG recorded by one of the electrodes of lengthM and− 1
2Ts

< f ≤ 1
2Ts

.

It is to be noted that when the input signal (i.e., EEG recording) is multiplied by a window function wm, the modified

periodogram is achieved:

P̄ (f) =
Ts
M
|
M−1∑
m=0

wmem(t)e−2πifm|2 (2)

The modified periodogram allows to reduce the spectral leakage of the standard periodogram and smooth the edges of the

signal. In this study, the PSD of the eth EEG recording was estimated by applying the modified periodogram with basic

rectangular window function. In particular, a vector of F= 40 frequencies in the range (1-40 Hz) was determined in order

to cover the five main EEG sub-bands. For every EEG channel of the epoch under analysis, a PSD vector sized 1 x F = 1

x 40 was evaluated, for an overall of 173 spectral profiles (one per channel). The result is a Channel-Frequency (CF) map

sized N x F = 173 x 40. Hence, every HD-EEG epoch was associated to a CF map (herein denoted to as HD-CF epoch)

meant to be later used as input to the proposed classification system.

Longitudinal epoch-based classification system

In this study, we propose a longitudinal HD-EEG epoch-based classification system composed of a custom Convolutional

Neural Network (CNN). This is a class of Deep Learning (DL24) architectures, typically applied to image recognition. It

allows to perform feature extraction automatically by processing the input data through a set of convolution, activation
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and pooling layers. Further theoretical details on CNN are reported in18,25 Figure 2 shows the proposed CNN that consists

of one convolutional layer (Cv1, followed by a ReLU activation function), one max pooling layer (Mp1) and a 2-hidden

layer NN with softmax output function. The convolutional layer has a bank of 8 filters sized 3 x 2 with stride 2; while,

the filters of the pooling layer have dimension 2 x 2 with step size 2. Cv1 outputs 8 features maps sized 86 x 20, whereas

Mp1 produces 8 features maps sized 43 x 10. The latter are reshaped into a single vector sized 1 x (8 x 43 x 10) = 1 x

3440 used as input to a 2-hidden-layer NN with 1500 and 500 neurons. The network ends with a softmax output function

for the binary epoch-classification only related to a subject under analysis: MCI vs. AD. The optimized Adaptive Moment

algorithm was applied with exponential decay values β1, β2 of 0.9 and 0.999, respectively and learning rate equal to 0.001.

Note that the topology and set-up of the developed CNN was designed according to a trial and error procedure. Finally,

the network was implemented in Matlab R2021a and experiments were carried out on a workstation equipped with one

NVIDIA GeForce RTX 2080 Ti GPU and a RAM of 64 GB installed.

Grad-CAM-based analysis of channel-frequency maps

The main challenge of AI is to explain the predictive decisions achieved by the developed networks in order to provide

more trustworthy and reliable systems. In this context, xAI research is emerging. This refers to the methodologies able to

“open” the AI-black box and discover which part of it contributed to achieve a specific result26. In this study, one of the

most widely employed xAI technique to understand CNN-based models, namely, the Gradient-weighted Class Activation

Mapping (Grad-CAM27) is exploited. Specifically, Grad-CAM allows to visualize the input areas that are relevant for

predictions. Let oc the score of a specific category c (i.e., MCI or AD). First, the gradient of oc with respect to the features

representations Rn (with n number of features maps) of a Cv layer is estimated: ∂oc

∂Rn . Here, features maps of the last

convolutional layer are used. Next, the global average pooling is computed to calculate the neuron importance weights

ŵcn, defined as follows:

ŵcn =
1

Z

∑
i

∑
j

∂oc

∂Rn
(3)

Finally, a weighted combination of the features maps Rn is performed:

ŵcn = ReLU(
∑
n

ŵcnR
k) (4)

where wcn are used as weights and the ReLU set all the negative values to zero. The result is the so called Grad-CAM

map or importance map where relevant input parts for the classification are identified with coloration grading from blue

(low importance) to red (high importance). Such relevance map can be overlapped to the original input (i.e. the HD-CF

channel x frequency map) to infer information about the relevance of the input regions. Deriving information about the
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relevance of the input regions (CF maps associated to a HD-EEG epoch) means deriving information about how relevance

changes across channels (thus across the brain regions) and across frequencies. In this study, for each subject, the the Grad-

CAM technique was performed by using the HD-CF epochs, correctly classified as MCI/AD as input to the pre-trained

CNN. The output is a visual attention map able to provide information on both the brain regions (i.e., EEG-channels)

mostly activated in the progression towards AD (at time T1) and the frequency ranges mainly involved. As an example,

Figure 3 reports a Grad-CAM representation of a HD-CF epoch related to Sb01 extracted at time T1 (AD diagnosis).

As can be seen, the area associated to the EEG-channels ranged E51-E61 (refer to Figure 1b for the corresponding scalp

position) in the δ sub-band (1-4 Hz) resulted the most relevant to classifying the corresponding epoch as “AD”.

Classification metrics

Conventional classification metrics are used to measure the performance of the proposed epoch-based classification

system; they are:

Sensitivity =
TP

TP + FN
(5)

Specificity =
TN

TN + FP
(6)

Positive Predicted V alue (PPV ) =
TP

TP + FP
(7)

Negative Predicted V alue (NPV ) =
TN

TN + FN
(8)

Accuracy =
TP + TN

TP + TN + FP + FN
(9)

where TP= True Positive, TN= True Negative, FP= False Positive, FN= False Negative. It is worth noting that the k-fold

cross validation technique (with k=7) was applied. Hence, classification statistics are expressed in terms of mean value

and the corresponding 95% confidence interval28 (95%CI).
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Results

Longitudinal epoch-based classification performance

Table 1 reports the longitudinal epoch-based intra-subject classification results achieved by the proposed CNN. As can

be observed, high performance were observed in all the participants. Indeed, it is worth mentioning that the maximum

classification performance in terms of accuracy was reported by Sb02 with a score of 98.97% (other statistics were:

sensitivity of 98.38% (95% CI: 98.68-99.26) specificity of 99.45% (95% CI: 99.31-99.58), PPV of 99.31% (95% CI:99.14-

99.48), NPV of 98.69% (95% CI:98.30-99.09)); whereas, the minimum result was achieved by Sb04 with an accuracy rate

up even to 97.79% (other statistics were: sensitivity of 99.80% (95% CI: 99.60-100) specificity of 97.42% (95% CI:

95.39-99.45), PPV of 88.71% (95% CI:81.17-96.24), NPV of 99.96% (95% CI:99.94-100)). Overall, the proposed CNN

reported an average accuracy among subjects of about 98.54%.

Explanability of channel-frequency maps

Grad-CAM analysis was performed in order to find out which area of the input HD-CF map most contributed in the

classification process and, consequently, to find out which channels (i.e. head areas) were mostly involved in the evolution

from MCI to AD and in which sub-band. In particular, for every subject, an averaged Grad-CAM map was evaluated by

calculating the mean across the Grad-CAM maps extracted from the HD-CF epochs (i.e., HD-EEG epochs) correctly

classified during the classification process as MCI or AD. Figure 4 shows the average Grad-CAM maps at time T0

(MCI state) and at time T1 (AD state) for each subject Sb01, Sb02, Sb03, Sb04. For example, in Figure 4a, the average

representation of Sb01 at time T0 (MCI state), showed that the region located around 1-4 Hz and related especially to EEG

locations roughly from E11 to E21 (refer to Figure 1b for the corresponding scalp position) appears the most significant

in the decision process. At time T1, when the subject converted to AD, it was observed an alteration of the most relevant

areas especially in terms of set of EEG-channels and range of frequencies. Such line of reasoning can be applied also to

the other patients. It was observed a similar behavior in all the four subjects: overall, different group of channels activated

especially in the δ sub-band at time T0 and T1. No difference among channels could be detected in higher frequency sub-

bands, which indeed showed low relevance in some subjects (blue color in Sb01 T0-T1, Sb02 T0, Sb03 T0-T1, Sb04 T1)

and high relevance in other subjects (red color in Sb02 T1, Sb04 T0). The importance of δ band was also endorsed by the

estimation of common relative powers (RP29) reported in Table 2. As can be seen, the highest contribution was detected in

the δ sub-band at T0 and T1, with an increase at T1 in Sb02 and Sb03, likely due to the slowing process that characterizes

the evolution of AD. Hence, in order to pinpoint the brain activity alterations possibly linked to AD evolution, Figure

5 reports the topographic map of the scalp, only related to the δ sub-band, for each subject at time T0 and time T1. In

particular, Sb01 exhibited high relevance in the central area at T0 (MCI diagnosis) and an alteration of the left-temporal

and central-frontal regions at T1 (AD diagnosis). Sb02 reported high relevance in the left-frontal zone at time T0 and in
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the parietal area at T1, respectively. The left-frontal lobe was the most significant area at time T0 and T1 in Sb03. Sb04

reported that the right-frontal area was involved at time T0, whereas the left-frontotemporal area was the most relevant at

T1.

Discussion

The presented research is a proof of concept aimed at investigating the the capability of xAI to offer new personalized

diagnostics opportunities in follow-up studies on subjects at risk of developing dementia due to AD. The study was

designed to include a stage of intra-subject classification with the aim of training an artificial neural network (i.e.,

CNN) to detect subject-specific characteristics potentially associated with the process of degeneration from MCI to AD.

Experimental results showed that the proposed CNN was able to successfully detect MCI from AD epochs of a same patient

with high classification performance in all the participants. In order to find out which EEG channels (scalp electrodes),

thus which head regions, were more likely to have been involved in the evolution of the disease from the MCI condition to

AD condition, a Grad-CAM-based analysis was carried out. In particular, the inspection of the highly importance regions

(depicted in red color) allowed to detect not only the corresponding most significant EEG-channel (i.e., head region) but

also the frequency range (i.e., sub-band) involved. It is worth mentioning that subjects experiencing a worsening from

MCI to AD are not expected to exhibit the same involvement in terms of head regions deterioration. Some general trend

can be find in the literature about MCI conversion to AD (i. e. slowing effect, loss of functional connectivity, etc), but

individual and subject-dependent characteristics should be expected. To the best of our knowledge, this is the first work

that attempts to explore the longitudinal changes from MCI to AD by means of xAI. Nonetheless, the proposed approach

has some drawbacks. The major limitation lies in the small number of patients involved. In the future, a significant cohort

of MCI subjects will be recruited and monitored longitudinally, considering also more steps in the follow-up program (i.e,

T2, T3 etc..). This is indeed strictly necessary and of extreme importance to objectively estimate the evolution of MCI

to AD and also to improve the reliability and validity of the proposed AI-based model. Furthermore, since AD causes a

gradual decline of the brain, MCI and AD patients may experience different states of the disease. This means that an EEG

epoch of a severe MCI can show similar patterns to an EEG epoch belonging to a mild AD patient, in this way causing

a misclassification of that epoch and consequently a decrease of the classification performance. Despite some rather

universal characteristics of AD development (slowing in EEG rhythms, functional connectivity decrease, etc), the way the

disease affects a given area of the brain can vary significantly across patients as the brain deteriorates in an individual

way. This makes clear why follow-up studies are crucial in AD development monitoring and why we did not expect to

observe similar results in all the patients. Intra-subject, follow-up, studies are prone to a bias induced by an inherent

correlation between samples recorded within the same session. This is a challenging issue in all follow-up studies which,

however, are strictly necessary for monitoring neurodegenerative disorders longitudinally. In order to reduce such bias and
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to make the recording conditions as similar as possible across T0 and T1 sessions, the same patient’s position and room

conditions (noise, temperature, etc) were reproduced, as well as the quality and quantity of meal and sleep preceding the

recording. Furthermore, each EEG recording was pre-processed conveniently to delete noise/artifacts and was inspected

by an expert EEG technician in order to exclude any defective electrode. The impedance of each electrode was set lower

than 50 k. Notwithstanding, the identifiability of the session cannot be hypothesized to have been totally suppressed. In the

future, longitudinal changes in EEGs could be compared with longitudinal changes detected by means of other diagnostic

techniques like, for example, functional Magnetic Resonance Imaging (fMRI) or functional Near-Infrared Spectroscopy

(fNIRS), even though it is worth to keep in mind that both techniques are sensitive to blood oxygenation rather than to the

electrical activity of the brain thus cannot offer a different perspective on the very same phenomenon.

Conclusion

In this work a longitudinal epoch-based classification approach able to discriminate CF maps of HD-EEG signals recorded

at time T0 (MCI diagnosis) and at time T1 (AD diagnosis) was proposed. A custom CNN was developed to perform the

intra-subject binary epoch-based classification: MCI vs. AD, reporting accuracy rate up to 98.97% (95% CI: 98.68-99.26)

(Sb02). Furthermore, in order to identify the input channel-frequency regions that were mostly involved in the classification

process, xAI was employed. Specifically, Grad-CAM-based analysis allowed to detect which head region activated during

the progression of AD. However, there is still a long way to go in the longitudinal monitoring of AD. In the future, a large

number of participants will be enrolled in a follow-up program and high-density EEG recordings will be collected. In

addition, motivated by the encouraging results, we intend to use the proposed framework also to investigate the evolution

of other forms of neural disorders.

Table 1. Performance of the proposed longitudinal epoch-based classification approach for each subject. Results are showed in
terms of mean value and the corresponding 95% confidence interval (CI) reported in the square brackets.

Subject Sensitivity [%] Specificity [%] PPV [%] NPV [%] Accuracy [%]

Sb01 98.30, (97.37-99.22) 98.97, (98.65-99.30) 97.54, (96.78-98.29) 99.30, (98.92-99.68) 98.78, (98.48-99.07)
Sb02 98.38, (97.89-98.88) 99.45, (99.31-99.58) 99.31, (99.14-99.48) 98.69, (98.30-99.09) 98.97, (98.68-99.26)
Sb03 98.39, (97.81-98.96) 98.72, (98.13-99.31) 96.74, (95.29-98.20) 99.38, (99.16-99.60) 98.63, (98.22-99.04)
Sb04 99.80, (99.60-100) 97.42, (95.39-99.45) 88.71, (81.17-96.24) 99.96, (99.94-100) 97.79, (96.08-99.49)

Table 2. Relative Power (RP) calculated at time T0 and T1 for each subject.

Relative Power (RP) at time T0 [%] Relative Power (RP) at time T1 [%]
Subject δ θ α β γ δ θ α β γ

Sb01 97.55 3.38 0.47 0.36 0.23 97.46 8.53 0.44 0.01 0.08
Sb02 66.15 41.23 9.19 0.50 0.02 97.65 2.67 0.55 0.38 0.32
Sb03 65.23 42.36 9.37 0.51 0.02 98.36 2.96 0.21 0.13 0.07
Sb04 78.78 33.17 2.82 0.08 0.01 66.19 41.15 9.13 0.53 0.03
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(a)

(b)

Figure 1. (a) The High-Density (HD) EGI 256-channel Geodesic Sensor Net EEG system. (b) Electrodes layout of the
256-channel HD EEG 30, where black sensors correspond to the conventional 19-channel montage and the blue zone refers to
the 173 sensors on the scalp used in this study. Note that the 256-channels of the Geodesic Sensor Net EEG system are
labelled as E1, E2,..,E256. In the Figure, for sake of readability, the letter ”E” is omitted.
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Figure 2. Architecture of the proposed longitudinal epoch-based classification system.
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Figure 3. Grad-CAM visualization map of a high-density channel-frequency epoch. Red areas correspond to the input regions
highly relevant for the classification; vice-versa, blue areas are the input regions less relevant.
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Sb01 MCI at time T0
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Sb01 AD at time T1
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Sb03 MCI at time T0
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Sb04 MCI at time T0

1 4 8 13 30 40

Frequency [Hz]

E1

E11

E21

E31

E41

E51

E61

E72

E84

E98

E116

E130

E144

E161

E179

E193

E206

E222

C
h

a
n

n
e

ls

Sb04 AD at time T1

1 4 8 13 30 40

Frequency [Hz]

E1

E11

E21

E31

E41

E51

E61

E72

E84

E98

E116

E130

E144

E161

E179

E193

E206

E222

C
h

a
n

n
e

ls

(d)

Figure 4. Grad-CAM maps of Subject 01 (a), Subject 02 (b), Subject 03 (c), Subject 04 (d) at time T0 (MCI state) and at time T1
(AD state). Red colour denotes regions with the highest relevance; vice-versa, blue colour denotes regions with the lowest
relevance.
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(a)

(b)

(c)

(d)

Figure 5. Topographic representations of the Grad-CAM maps, only related to the δ sub-band, for Subject 01 (a), Subject 02 (b),
Subject 03 (c), Subject 04 (d) at time T0 (MCI state) and at time T1 (AD state). Red colour denotes regions with the highest
relevance; vice-versa, blue colour denotes regions with the lowest relevance.
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