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 A B S T R A C T

Early and accurate diagnosis of Alzheimer’s Disease (AD) is crucial for patient care and intervention but 
remains challenging due to the complexity and variability of clinical data. Electroencephalography (EEG) 
has emerged as a promising, non-invasive, and cost-effective tool to detect brain activity patterns associated 
with AD. In this work, we introduce a lightweight Multiscale Temporal Deep Network (MTDNet) that 
integrates multiple temporal convolutions with recurrent modeling to capture both short- and long-term 
EEG patterns. Two patient-level classification strategies are also proposed that combine segment-level EEG 
predictions based on consensus and score aggregation to better align with clinical practice and utility. We 
evaluate our method on four benchmark EEG datasets (ADSZ, APAVA, ADFTD, BrainLat) where it consistently 
outperforms state-of-the-art solutions by about 2% at the segment level and by about 6% at the patient 
level on the most challenging datasets. Unlike recent computationally heavy transformer-based solutions, 
MTDNet achieves superior accuracy with only 20.5K parameters and 1.8M FLOPs, enabling its deployment in 
resource-constrained environments. Ablation studies confirm the critical contribution of the multiscale design 
and show that simple augmentation techniques increase generalization and robustness. Code is available at 
https://github.com/unimib-islab/MTDNet. 
1. Introduction

Alzheimer’s Disease (AD) is a progressive neurodegenerative disor-
der that affects memory, thinking, and behavior. It is the most common 
cause of dementia worldwide with 57 million people globally affected 
by it, as estimated by the World Health Organization in 2021 [1].

The early diagnosis of AD is a challenging and essential task for the 
management and intervention in the treatment of patients affected by 
it. Multiple technologies have been adopted for the study of the human 
brain and the progression of dementia: among the most known and 
adopted technologies, there are Computed Tomography (CT) [2], Mag-
netic Resonance Imaging (MRI) [3], Functional Magnetic Resonance 
Imaging (fMRI) [4], Positron Emission Tomography (PET) [5], Spec-
troscopy [6], Magnetoencephalography (MEG) [7], etc [8]. However, 
most of these technologies require a time-consuming and in some cases 
invasive procedure to collect data from patients, making the entire 
process complex and slow. In this scenario, Electroencephalography 
(EEG) emerged as a promising technology for the monitoring and 
detection of dementia: it represents a fast, non-invasive and reliable 
solution for data collection, providing a cost-effective alternative for 
the disease diagnosis procedure [9,10].
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In recent years, thanks to the advancements in the Computer Sci-
ence field with the advent of Machine Learning and Deep Learning 
techniques, automatic detection and classification of EEG signals for 
dementia assessment has gained a lot of attention from researches. 
Multiple works have proven the potential of EEG in combination with 
machine learning approaches for the early diagnosis of AD and other 
types of dementia [11–13]. Following these first approaches, multiple 
new ones have been developed that exploit more and more complex 
deep learning models [14], based on well-known architectures such 
as VGG and ResNets, eventually ending up using modern architectures 
based on transformer models [15–17]. However, such solutions tend to 
be expensive from the computational point of view, requiring a large 
amount of data to be trained and high-performance servers for model 
training and use, making them less suitable for the use on-board of 
small devices and portable solutions. Even if multiple datasets have 
been collected alongside the proposal of new models and methods, the 
limited availability of recordings and the intrinsic high subjectivity of 
this type of data make the task of dementia assessment still an open 
challenge [18].
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In this context, we propose a lightweight approach for Alzheimer’s 
Disease classification, based on pre-transformers solutions to overcome 
the limitations related to data availability and computational com-
plexity of recent state-of-the-art approaches. Our contributions are 
summarized as follows:

• We present a novel lightweight approach based on multiscale 
temporal feature extraction and Long Short Term Memory (LSTM) 
modules for binary and multiclass Alzheimer’s Disease classifica-
tion.

• We propose two patient-level classification strategies to aggregate 
the predictions of EEG segments.

• Experimental results show that our model can outperform state-
of-the-art methods for Alzheimer’s Disease classification on multi-
ple benchmark datasets, while drastically reducing computational 
costs and model dimensionality.

• An in-depth comparison of current approaches against the pro-
posed solution is conducted in terms of computational costs and 
model dimensionality with respect to model accuracy, showing 
the advantages of our approach.

2. Related works

Methodologies for Alzheimer’s disease classification through the 
analysis of EEG recordings can be divided into two main groups: man-
ual feature extraction-based approaches and end-to-end training-based 
approaches.

Handcrafted feature extraction. The first group includes approaches 
that explore how to extract useful, domain-specific features relating 
to Alzheimer’s disease from EEG recordings. Due to the time-sensitive 
nature of this type of data, feature extraction techniques have primarily 
focused on the time, frequency and time–frequency domains. These 
domains offer different perspectives on analyzing brain activity and 
provide various approaches to analyzing the frequency and temporal 
synchronization and desynchronization of brain regions.

Most of the existing approaches based on time-related features 
exploit statistics such as mean, amplitude, variance, kurtosis, skewness 
and standard deviation [19–21], entropy [21–23], or use principal 
component analysis (PCA) to extract components directly from the raw 
signals [24–26].

Frequency-based approaches adopt different feature extraction tech-
niques, such as the computation of the signal power spectral density 
(PSD) [27–30], the Fourier transform or the Wavelets for the extraction 
of signal frequency features [31–35], or even more complex features for 
the desynchronization analysis of neurons such as the Bispectrum [36]. 
These features are usually extracted from raw EEG signals, sometimes 
in combination with other features.

Finally, recent approaches tend to combine features from both 
domains, adopting combinations of power spectral density and time 
features [37–40], or using raw signals [41], or directly using rep-
resentations such as continuous wavelet transforms (CWTs), which 
can decompose signal frequency information while maintaining time 
coherence and event-related information [11,36].

Other manual feature extraction-based approaches focus on exam-
ining the brain connectivity, which describes the interactions between 
different brain regions. Multiple approaches have been developed, 
exploiting features such as network resilience, network clustering co-
efficient, versatility [42–44], or phase locking and phase lag index [27,
44,45]. These approaches try to model and detect the different types of 
spatial and temporal desynchronization that characterize Alzheimer’s 
disease patients recording, in order to classify those cases [46]. Meth-
ods analyzing EEG spectral power and functional connectivity have also 
been applied in neuromodulation contexts [47,48], supporting their 
general utility as biomarkers of brain state.

Independently from the manual features used, after they have been 
extracted they are generally classified in a second step using machine 
2 
learning techniques such as support vector machines (SVMs) [49], K-
nearest neighbor (KNN) [50], fuzzy learning models [51] or simple 
multi-layer perceptrons (MLP) [36].
End-to-end models. The second type of approaches for Alzheimer’s 
disease classification is based on end-to-end model training. These 
approaches train a neural network to jointly learn feature represen-
tations and perform classification directly from raw or preprocessed 
EEG signals. Thanks to the promising results of deep neural networks 
in other fields, this research area has expanded rapidly in recent years 
and it has also been widely explored in the field of Alzheimer’s dis-
ease classification. Various neural architectures have been investigated, 
including: Convolutional Neural Networks (CNNs) [13,14,52–55] have 
been employed to exploit local spatial and temporal patterns within 
EEG recordings. Some studies convert EEG into 2D representations 
(e.g., spectrograms) before feeding them to the CNN, while others 
apply 1D convolutions directly on raw EEG. Recurrent Neural Networks 
(RNNs) [26,56] have been used to model long-term temporal depen-
dencies. Graph Neural Networks (GNNs) [45,57,58] have been used 
to explicitly model the spatial structure and connectivity among EEG 
channels. Transformers models [17] are among the most recent and 
most performing approaches. Exploiting the self-attention mechanism, 
they have been used to model complex temporal dependencies.

Despite the advances in this field, the recently proposed solutions 
still present notable limitations and shortcomings. Although these mod-
els achieve good accuracy on multiple datasets, they are generally 
computationally expensive and require large amounts of training data, 
which is usually unavailable in the context of Alzheimer’s disease 
classification. Moreover, the large number of parameters and the high 
dimensionality of these models hinder the possibility of deploying 
them on portable or usable medical devices, designed to be easily 
transported and operated outside of traditional medical settings, such 
as in home care, point-of-care, or mobile clinics. Lastly, to the best of 
our knowledge, current state-of-the-art approaches only process small 
temporal samples extracted from EEG recordings of different lengths, 
focusing the evaluation and analysis on segments without considering 
the entire patient recording.

Inspired by the need for a methodology to process full recordings 
and for efficient, lightweight approaches, we propose a new, multiscale 
temporal approach for short time sequence recordings and two simple, 
yet versatile and effective, strategies for classifying Alzheimer’s disease 
at the patient level.

3. Proposed methodology

While most machine learning research on EEG-based AD detection 
focuses on classifying short temporal segments (typically 1-second 
long), the ultimate goal in real-world applications is to assess the 
cognitive status of a patient based on an entire EEG recording acquired 
during an experimental session [59]. Segment-level classification en-
ables convenient benchmarking and helps in overcoming data scarcity 
by increasing the number of training samples. However, relying solely 
on per-segment accuracy may not reflect a model’s ability to reliably 
classify patient-level outcomes.

This misalignment between evaluation protocol and clinical utility 
motivates the need for methods that can infer a label for an entire EEG 
session by aggregating information from multiple segments. Such an 
approach allows for evaluating a model’s performance in terms that 
are closer to practical diagnostic scenarios.

Although the core of our proposed method is based on single-
segment classification, in this section, we also introduce and evaluate 
two complementary strategies to perform classification at the recording 
level. These strategies — majority voting and score averaging — are ag-
nostic to the specific segment classifier and can thus be adopted to com-
pare any segment-based method in terms of patient-level classification 
performance.
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Fig. 1. Overview of the proposed segment-based prediction model. The overall architecture can be divided in two main parts: a Feature extraction (center) and a 
Classification part (right). The feature extraction is performed at multiple time scales by different convolutional layers. Then the extracted features are aggregated 
and classified using a LSTM followed by two fully connected layers for the classification in two or three classes, depending on whether the task is binary or 
ternary classification.
3.1. Proposed segment-classification method

The central motivation behind our proposed method is to effectively 
capture both the multi-scale temporal patterns present in EEG signals 
and their sequential dependencies over time. EEG data is inherently 
complex, exhibiting dynamics at multiple temporal resolutions and 
contextual patterns that evolve sequentially:  high-frequency bands 
characterized by rapid changes in the signal occurring at a fine tempo-
ral granularity (i.e. beta and gamma bands) and low-frequency bands 
characterized by slower changes in the signal occurring at a coarse 
temporal granularity (i.e. delta, theta and alpha bands). This multi-
scale behavior underlies the rationale of wavelet decomposition-based 
approaches [31,32] which analyze EEG signals at multiple temporal 
resolutions, and also inspired the proposed multiscale feature extraction 
design. Furthermore AD shows its presence in EEG signals not only as 
static features such as the overall slowing of the EEG spectrum and 
reduction in frequency components, but also as an alteration of the 
temporal dynamics such as reduced synchrony or abnormal transitions 
between brain states [60,61]. By combining temporal convolutions with 
recurrent modeling, our approach is designed to capture both short-
term patterns and long-term dependencies. To address these challenges, 
we designed a hybrid architecture that integrates two complementary 
processing components, as illustrated in Fig.  1.

The first component is a multi-temporal convolutional module, 
which employs temporal convolutions with varying kernel sizes. This 
module acts as a feature extractor, enabling the model to capture 
relevant patterns at different time scales — including both fast oscil-
latory components and slower fluctuations — that are informative for 
cognitive state characterization.

The second component is a sequential modeling module based on 
Long Short-Term Memory (LSTM) networks. Applied on top of the 
convolutional features, this module acts as the classifier, learning tem-
poral dependencies across consecutive EEG windows and integrating 
contextual information over time to produce a prediction for each 
segment.

By combining these two modules, our architecture leverages the 
strengths of both parallel multi-scale feature extraction and recurrent 
sequence modeling. This joint design enhances the model’s ability to 
discriminate between cognitive states in short EEG segments, providing 
a more robust foundation for downstream aggregation at the patient 
level. We called our proposed method MTDNet (Multiscale Temporal 
Deep Network). The detailed architecture that describes the employed 
layers and operations is reported in Table  1.

Given an EEG recording of several minutes, the proposed approach 
operates by dividing the signal into consecutive segments of duration 
𝑇  seconds each. In our implementation, each recording is split into 
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Table 1
MTDNet architecture details. The parameters of each layer are here reported.
 Scale 1 Scale 2 Scale 3  
 Conv1D
𝑛features = 32/64 
𝑘 = 10, 𝑠 = 10, 𝑝 = 0

Conv1D
𝑛features = 32/64 
𝑘 = 5, 𝑠 = 5, 𝑝 = 0

Conv1D
𝑛features = 32/64 
𝑘 = 2, 𝑠 = 2, 𝑝 = 0

 

 BatchNorm1D 32/64 BatchNorm1D 32/64 BatchNorm1D 32/64  
 ReLU ReLU ReLU  
 – AvgPool1D 𝑘 = 2, 𝑠 = 2 AvgPool1D 𝑘 = 5, 𝑠 = 5 

Concatenate
LSTM input_dim = 96/192 hidden_dim = 16 n_layers = 2

Linear 16 – 16
BatchNorm1D 16

ReLU
Linear 16 - # classes

multiple one-second-long segments, which are individually processed 
by the model and assigned a prediction. During training, each segment 
inherits the label of the full recording as ground truth, under the 
assumption that the cognitive condition remains consistent throughout 
the session. This strategy allows the model to learn from localized 
temporal patterns while benefiting from a greater number of training 
instances. Further details on the segmentation and evaluation protocol 
are provided in Section 4.

3.1.1. Multiscale temporal feature extractor
Given an input EEG segment 𝐞 of duration 𝑇  seconds, collected at 

a sampling frequency 𝑓 , the first component of the proposed model 
performs multiscale temporal feature extraction using parallel one-
dimensional convolutions at multiple scales. Specifically, the architec-
ture operates at three temporal scales: for an input consisting of 𝑇 ⋅ 𝑓
time samples, multiscale features are extracted using three parallel one-
dimensional convolutional layers with kernel sizes of 10, 5, and 2, 
respectively. The stride for each convolution is set to 10, 5, 2 respec-
tively to ensure non-overlapping feature extraction. Feature extraction 
is performed channel-wise, enabling the model to capture correlations 
across EEG channels over short temporal windows. At each scale, the 
output of the convolution is followed by batch normalization and the 
application of a ReLU activation function.

The use of this approach for feature extraction allows the model 
to incorporate multiple branches, each capable of detecting signal 
characteristics that may occur at different temporal scales. This design 
is partially inspired by time–frequency analysis, in which a signal is 
examined to discover how the frequency components change over time. 
In our case, the convolutional kernels not only detect structures at 
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specific temporal resolutions within segments of the signal, but also 
capture inter-channel correlations occurring simultaneously.

The output of this first stage is a set of features extracted at multiple 
temporal scales, as illustrated in Fig.  1. Given an input with 𝑛samples =
𝑇 ⋅ 𝑓 time samples, each convolutional branch 𝑖 produces an output 
of size 𝑛features ×

⌊ 𝑛samples
𝑠𝑖

⌋

, where 𝑠𝑖 denotes the stride of the 𝑖th 
convolutional layer.

Given the first scale of the model and a convolutional kernel of 
size 𝑘𝑖 × 𝑛channels, the convolutional layer produces a subset of features 
denoted as 𝑡𝑙1, where 𝑙 ∈ [1,… ,

𝑛samples
𝑠1

]. The branches corresponding to 
higher scales, using different kernel sizes, generate a varying number of 
features corresponding to the same window 𝑡𝑙1—these are referred to as 
𝑡𝑙2 and 𝑡𝑙3 in Fig.  1. For example, considering the first scale with a kernel 
size of 10, the segment 𝑡11 corresponds to 10 time steps. This results in 
a feature tensor of shape 𝑛features ×1 at the first scale, 𝑛features ×2 at the 
second scale, and 𝑛features × 5 at the third scale.

In order to use the LSTM in the classification phase, features must 
be temporally aligned before performing a concatenation along the 
feature size dimension. To do so, the features obtained from the scales 
higher than the first one are averaged along the time dimension, with 
respect to the timestep subset 𝑡𝑙𝑖 to which they belong to. A visual 
representation of such a relationship is depicted in Fig.  1 highlighted 
with a dashed yellow area below the feature extraction part. Features 
are then aligned using the average pooling operation and then concate-
nated. The final output of this first part is a feature set of dimensions 
𝑛features ∗ 3 ×

⌊ 𝑛samples
𝑠𝑖

⌋

 where each column contains a collection of 
features for the timestep subset 𝑡𝑙, extracted at different scales.

3.1.2. Temporal feature classification
The features extracted in the previous stage are processed by a 

Long Short-Term Memory (LSTM) network, which captures temporal 
dependencies across the aligned feature sequences. Each input to the 
LSTM consists of a feature vector of dimension 𝑛features ∗ 3. We employ 
a two-layer LSTM with a hidden state dimension of 16. The output of 
the LSTM is normalized using batch normalization, then passed through 
a Fully Connected (FC) layer with output dimension 16, followed by 
another batch normalization layer and a ReLU activation function. 
Finally, a second FC layer produces the output logits. The number of 
output logits is either two or three, depending on whether the task is 
binary or ternary classification.

3.2. Patient-level classification procedure

Since the final objective of our study is the classification of entire 
patient recordings, we designed a procedure to combine single tem-
poral sample predictions for classifying recordings of a few minutes’ 
length. Specifically, we designed two different strategies to combine 
predictions obtained from any model able to perform segment-level 
classification. Fig.  2 depicts an overview of the methodology.

3.2.1. Patient-level classification strategy with consensus
In this case, we classify the entire recording 𝐫 adopting majority 

voting with the predictions obtained from each segment 𝐞 obtained 
from it. Let 𝑦̂𝐞𝑗  be a collection of segment-level predictions—with 𝑗 ∈
[1,… , 𝑁𝐫 ] and 𝑁𝐫 the number of segment obtained from recording 𝐫; 
for the recording 𝐫, its predicted class 𝑦̂𝐫 is obtained with: 

𝑦̂𝐫 = argmax
𝑐∈𝐶

𝑁𝐫
∑

𝑗=1
I
(

𝑦̂𝐞𝑗 = 𝑐
)

(1)

where 𝑐 ∈ [1,… ,𝑀], with 𝑀 corresponding to the number of classes of 
a specific dataset, and I representing the indicator function. This strat-
egy classifies the entire recording based on the label that is predicted 
the most by all the segments extracted from it.
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Fig. 2. Schematic representation of the patient-level classification procedure. 
Given any segment-level classifier (top), an entire recording can be classified 
adopting one of the two proposed strategies: consensus (left) or average score 
(right).

3.2.2. Patient-level classification strategy with average score
This strategy performs recording classification by averaging the 

classification score obtained for each segment 𝐞 of a recording 𝐫 of a 
patient. For the averaging procedure, we use the probabilities obtained 
after the softmax activation 𝑦̃𝐞𝑗 = (𝑝1, 𝑝2,… , 𝑝𝑐 )𝑗 , with 𝑐 ∈ 𝐶 ∶ [1,𝑀], 
with 𝑀 equal to the number of classes, as follows: 

𝑦̂𝐫 = argmax
𝑐

(

1
𝑁𝐫

𝑁𝐫
∑

𝑗=1
𝑦̃𝐞𝑗

)

(2)

These two strategies enable us to make predictions based on entire 
recordings, classifying patients using minutes of recordings rather than 
single segments of a few seconds. These two strategies can be used 
independently of the method selected for classifying single segments, 
which also allows us to fairly compare our proposed approach with 
others in the state of the art.

4. Experiments

4.1. Experimental setup

To assess the performances of the proposed solution we compared 
our model with recent state-of-the-art approaches for the classification 
of Alzheimer’s Disease. In particular, we selected five models: TimesNet 
by Wu et al. [66], Crossformer by Zhang et al. [15], iTransformer 
by Liu et al. [16], Medformer by Wang et al. [17] and LCADNet 
by Kachare et al. [54]. All the mentioned architectures have been 
retrained and tested using the source code provided by Medformer 
authors1 and the available source code. Models have been compared 
using accuracy and macro F1-Score on four different test datasets. In 
order to have a fair comparison with the work previously done by Wang 
et al. [17], the models have been retrained with five different seeds 
(from 41 to 45). The results reported are the average accuracy and 
F1-Score obtained by averaging the results of each separated run. We 
also reported the standard deviation, in order to provide insights on 
models stability across multiple runs. The state-of-the-art approaches 

1 https://github.com/DL4mHealth/Medformer

https://github.com/DL4mHealth/Medformer
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Table 2
Summary of the characteristics of the selected datasets. ADFTD-Binary is a subsample of the ADFTD original dataset, obtained by excluding the subjects belonging 
to the FTD class. The total number of training samples refers to the quantity of 1 s-long segments obtained from the recordings of a dataset, i.e. the total number 
of samples contained in the training and validation splits.
 ADSZ [62] APAVA [63] ADFTD [64] ADFTD-Binary 

[64]
BrainLat-Binary [65]  

 No. of classes 2 (HC | AD) 2 (HC | AD) 3 (HC | FTD | AD) 2 (HC | AD) 2 (HC | AD)  
 No. of subjects 48 (24 | 24) 23 (11 | 12) 88 (36 | 23 | 29) 65 (36 | 29) 67 (32 | 35)  
 Samp. rate (Hz) 128 256 500a 500a 512  
 No. of channels 19 16 19 19 128  
 Avg rec. length (min.) 0.267 4.324 13.211 13.636 7.41  
 No. of training samples 586 4536 55 140 41 737 23 635  
 
Age

HC (avg. 
years ± std)

72 ± N.a. 72.8 ± 6.1 67.9 ± 7.9 67.9 ± 7.9 67.9 ± 8.9  

 AD (avg. 
years ± std)

69 ± N.a. 72.5 ± 8.3 66.4 ± 7.9 66.4 ± 7.9 72.2 ± 7.9  

 FTD (avg. 
years ± std)

– – 63.6 ± 8.2 – –  

 Recording conditions Resting state
eyes open/closed

Resting state
eyes closed, awake

Resting state
eyes closed

Resting state
eyes closed

Resting state
eyes closed, awake 
dim light, attenuated sound

 

a Since the state-of-the-art authors decided to use the ADFTD dataset with a resampling at 256Hz, we employed their available preprocessed version of the dataset to test their 
models.
have been retrained employing the hyperparameters set according to 
the original works, using the open-source code provided by the authors 
of [17] and [54].

For the evaluation, we adopted the Subject-Independent strategy 
proposed by Wang et al. [17] splitting the datasets by subject into train-
ing, validation and test sets with no overlap.2 This strategy involves 
each recording of a subject being part of only one of the splits. The 
test and validation steps are performed on subjects that were not seen 
during the training phase, making the overall task more realistic. This 
approach avoids bias and presents a more challenging task, as the test 
data may differ significantly from the training data due to variability 
in the datasets and subject-specific noise.

4.2. Datasets and data preparation

In order to compare the proposed approach with the current state-
of-the-art methodologies, we used four well known datasets generally 
used for the Alzheimer’s Disease classification task. Specifically we 
used the ADSZ dataset by Alves et al. [62], the APAVA dataset by 
Escudero et al. [63], the ADFTD dataset by Miltiadous et al. [64] and 
BrainLat dataset by Prado et al. [65]. All of the used datasets are 
currently publicly available. These datasets are all collections of EEG 
recordings taken in resting state, and contain Health Control (HC) and 
Alzheimer’s Disease (AD) classes. The number of recording channels 
vary between the three datasets as well as the sampling frequency 
originally adopted for the recording procedure. The main datasets char-
acteristics are summarized in Table  2. ADFTD and BrainLat datasets 
originally present more than two classes. Specifically, ADFTD offer a 
third class which corresponds to subjects with frontotemporal dementia 
(FTD), while BrainLat presents three more classes, namely behavioral 
variant frontotemporal dementia (bvFTD), multiple sclerosis (MS), and 
Parkinson’s disease (PD). Given these very different types of classes, 
we decided to adopt ADFTD in its original version and a version we 
called ADFTD-Binary, using only the HC and AD classes, while for 
the BrainLat dataset we used only its binary version, which we called 
BrainLat-Binary, obtained by only considering the AD and HC classes.

The proposed approach has been trained on recordings crop of 
one second each (𝑇 = 1 s), which we call segments: each segment 
is a 𝑛channels × 𝑛samples matrix, which is z-score normalized over all 
the channels, in order to maintain the dynamics between the different 

2 The list of subjects in each split of each dataset is provided at https:
//github.com/unimib-islab/MTDNet.
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channels. Before performing the normalization procedure, we com-
puted the mean value of each channel in order to zero center each 
signal; then the normalization previously described is applied to the 
resulting signal. The z-score normalization has been performed using 
the function provided by the python scikit-learn library. For the training 
of the state-of-the-art approaches we adopted the data pre-processing 
described by Wang et al. [17].

In order to provide a fair comparison, the record cropping operation 
has been performed in the same way as done by the previous existing 
works: in the case of ADSZ and APAVA datasets, from each recording 
we extracted segments of 𝑇 = 1 s with an overlap of 0.5 s between 
each segment. In the case of ADFTD, ADFTD-Binary and BrainLat-
Binary instead we extracted samples of 𝑇 = 1 s without overlapping. 
We obtained a total of 768, 5967, 69794, 53215 and 29788 1 s-long 
segments from each of the datasets respectively.

4.3. Training details

The proposed model has been developed in PyTorch v2.5.1 and 
trained on an NVIDIA RTX 4080. The model has been trained for a total 
of 80 epochs on each dataset, with a starting learning rate of 5𝑒 − 4, 
gradually reduced with an exponential learning rate scheduler with 
𝛾 = 0.98. The mini batch size has been set to 256 for all of the datasets 
except for ADSZ, for which it has been set to 128 (due to the small 
dimension of the dataset). We used Adam optimizer with weight decay 
equal to 1𝑒 − 8 and adopted the cross entropy loss function. Moreover, 
we set the 𝑛features parameter according to the number of electrodes in 
the dataset recordings. Specifically, we set 𝑛features = 64 for the BrainLat 
dataset, which has 128 channels, and 𝑛features = 32 for all of the other 
datasets. This configuration was found through empirical testing to 
strike the best balance between performance and model dimensionality. 
Additional layer dimensions are described in Table  1.

5. Results and discussion

In this section we comment on the obtained results and discuss 
the relevance of this work in a clinical setting. Using the patient-level 
evaluation presented in Section 3.2, we are able to assess the quality 
of the work in a more realistic scenario, setting the groundwork for 
clinical applications.

Furthermore, we compare the computational cost of our solution 
with the state-of-the-art. This is particularly relevant in the context 
of the remote monitoring and early detection of the illness. In fact, 
these tasks require portable and low-power hardware [67], which our 
solution is suited to exploit.

https://github.com/unimib-islab/MTDNet
https://github.com/unimib-islab/MTDNet
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Table 3
Comparison of the different methodologies with the selected datasets. For each dataset, the average and standard deviation for the accuracy and F1 score are 
computed using the classification results of five models retrained with five different seeds. Bold for best results, underlined text for second best.
 ADSZ APAVA ADFTD-Binary ADFTD BrainLat-Binary

 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1

Segment-level Classification
 TimesNet 70.22 ± 15.75 67.94 ± 17.14 70.23 ± 3.23 68.74 ± 3.62 61.24 ± 1.33 60.93 ± 1.09 49.34 ± 3.49 47.19 ± 2.69 56.82 ± 2.76 56.32 ± 2.76
 Crossformer 84.73 ± 0.72 84.57 ± 0.74 74.10 ± 2.34 69.07 ± 3.29 71.72 ± 1.90 71.43 ± 1.94 50.18 ± 1.62 45.22 ± 0.96 54.36 ± 1.58 53.67 ± 1.69
 iTransformer 78.79 ± 1.93 78.60 ± 1.85 74.55 ± 1.85 72.30 ± 2.00 73.86 ± 0.69 73.47 ± 0.66 52.61 ± 1.77 46.80 ± 1.26 54.92 ± 1.12 54.61 ± 1.32
 Medformer 85.39 ± 3.53 85.35 ± 3.50 76.38 ± 5.93 73.29 ± 7.06 66.31 ± 2.27 66.20 ± 2.32 52.14 ± 1.92 50.08 ± 1.89 59.21 ± 2.07 58.74 ± 1.93
 LCADNet 81.65 ± 3.26 81.42 ± 3.28 74.16 ± 4.15 72.97 ± 4.55 63.16 ± 1.52 62.34 ± 1.26 52.38 ± 2.19 49.83 ± 1.86 52.00 ± 5.58 45.45 ± 4.30
 MTDNet (Ours) 93.08 ± 0.63 92.92 ± 0.63 86.00 ± 1.79 85.48 ± 1.76 74.60 ± 2.01 74.39 ± 1.91 56.45 ± 2.14 46.86 ± 0.79 61.31 ± 1.81 61.14 ± 1.85

Patient-level Classification with Consensus (Major Voting)
 TimesNet 70.00 ± 18.71 62.98 ± 27.42 80.00 ± 11.18 78.67 ± 11.93 64.29 ± 5.05 63.88 ± 5.17 55.79 ± 2.88 52.13 ± 2.35 67.69 ± 6.44 67.01 ± 6.38
 Crossformer 100.00 ± 0.00 100.00 ± 0.00 75.00 ± 0.00 73.33 ± 0.00 80.00 ± 3.19 79.91 ± 3.24 54.74 ± 6.00 44.08 ± 7.57 61.54 ± 9.42 57.23 ± 12.62
 iTransformer 100.00 ± 0.00 100.00 ± 0.00 75.00 ± 0.00 73.33 ± 0.00 82.86 ± 3.91 82.64 ± 3.81 60.00 ± 4.71 46.49 ± 2.80 64.62 ± 4.21 63.06 ± 4.96
 Medformer 96.00 ± 5.48 95.96 ± 5.53 75.00 ± 0.00 73.33 ± 0.00 75.71 ± 3.91 75.35 ± 3.87 55.79 ± 4.71 52.75 ± 5.86 67.69 ± 11.41 67.08 ± 11.13
 LCADNet 94 ± 5.48 93.94 ± 5.53 80.00 ± 11.18 78.67 ± 11.93 70.00 ± 3.19 67.63 ± 2.83 61.05 ± 6.00 57.37 ± 7.93 55.39 ± 6.44 48.84 ± 3.21
 MTDNet (Ours) 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 87.14 ± 5.98 86.99 ± 6.04 62.11 ± 4.40 47.75 ± 4.07 72.31 ± 6.88 71.78 ± 7.46

Patient-level Classification with Average Score
 TimesNet 70.00 ± 18.71 62.98 ± 27.42 80.00 ± 11.18 78.67 ± 11.93 64.29 ± 5.05 63.88 ± 5.17 56.84 ± 4.40 53.02 ± 3.04 67.69 ± 6.44 67.01 ± 6.38
 Crossformer 100.00 ± 0.00 100.00 ± 0.00 75.00 ± 0.00 73.33 ± 0.00 80.00 ± 3.19 79.91 ± 3.24 55.79 ± 6.00 44.88 ± 7.30 61.54 ± 9.42 57.23 ± 12.62
 iTransformer 100.00 ± 0.00 100.00 ± 0.00 75.00 ± 0.00 73.33 ± 0.00 82.86 ± 3.91 82.64 ± 3.81 58.95 ± 4.40 45.71 ± 2.69 63.08 ± 6.44 61.65 ± 6.57
 Medformer 94.00 ± 5.48 93.94 ± 5.53 75.00 ± 0.00 73.33 ± 0.00 77.14 ± 5.98 76.74 ± 5.96 56.84 ± 4.40 54.36 ± 5.57 66.15 ± 11.67 65.09 ± 11.90
 LCADNet 90.00 ± 0.00 89.90 ± 0.00 80.00 ± 11.18 78.67 ± 11.93 70.00 ± 3.20 67.63 ± 2.83 61.05 ± 6.00 57.37 ± 7.93 56.93 ± 6.88 49.90 ± 2.82
 MTDNet (Ours) 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 88.57 ± 6.39 88.47 ± 6.45 62.11 ± 2.35 48.40 ± 0.99 72.31 ± 6.88 71.78 ± 7.46
Finally, we present an analysis of the convolutional activations to 
gain a deeper understanding of the model feature extraction capabili-
ties.

5.1. Comparison with state-of-the-art

Table  3 reports comparisons between state-of-the-art models and the 
proposed model on each dataset selected. As can be seen, the proposed 
approach outperforms state-of-the-art models for all of the considered 
datasets. The most significant results were obtained on the original 
ADFTD dataset: the proposed model achieved around 3.8% higher accu-
racy than the second best model. For the two-class datasets, our model 
outperforms state-of-the-art approaches in terms of both accuracy and 
F1 score. Generally speaking, our model outperforms all approaches; 
second place is typically achieved by Medformer or iTransformer at 
segment-level classification. As shown in Fig.  3, not only does our 
approach achieve better results than existing methods, it also does it at 
a lower computational cost and with a smaller dimensionality footprint 
(see Section 5.2 for more details).

When considering classification strategies for the entire recording, 
our study shows that ADSZ and APAVA stand out as the simplest 
datasets due to the very small number of subjects. As can be seen, most 
models tend to correctly classify all subjects when classifying entire 
recordings. Despite the lower number of subjects with respect to ADSZ, 
APAVA appears more challenging. Still, for patient-level classification, 
our model is the only one able to correctly classify all subjects. ADFTD 
(both versions) and BrainLat, however, still present a challenge in 
the classification task. Nevertheless, even for these two datasets, our 
proposed solution outperforms state-of-the-art methods.

5.2. Analysis on computational costs

To better analyze the efficiency of the proposed solution, a compar-
ison in terms of model dimensionality and computational complexity 
has been performed. Here we counted the number of parameters of 
each approach and computed the total amount of Multiply–Accumulate 
Operations (MACs) Floating Point Operations (FLOPs) and memory us-
age as measures of models complexity. In particular, MACs and FLOPs 
are computed using an input segment of 1 s (256 data samples and 19 
channels). Table  4 shows the results of such computation, while Fig. 
6 
Table 4
Comparison of models in terms of number of parameters and computational 
complexity. For each model are reported, alongside its dimensionality, the 
Multiply–Accumulate Operations (MACs), Floating Point Operations (FLOPs), 
and Memory Usage of model parameters, computed on a segment of 1 s (256 
data samples) with 19 channels. The lower the better.
 # Params (M) MACs (G) FLOPs (G) Memory Usage (KB)
 TimesNet 112.58 28.7925 57.5833 450 318  
 Crossformer 2.16 0.2445 0.4911 8649  
 iTransformer 0.84 0.0157 0.0323 3341  
 Medformer 7.97 0.3341 0.7404 31 895  
 LCADNet 36.3 0.0148 0.0018 145 200  
 MTDNet (Ours) 0.02 0.0015 0.0018 82  

3 represents the tradeoff between FLOPs, number of parameters and 
accuracy on each of the used datasets. As can be seen TimesNet repre-
sents the most cost expensive model, with around 113M parameters and 
≈ 58 GFLOPs. Fig.  3 shows also how heavy is this model in comparison 
to all the others, underlining how expensive the model is considering 
the overall accuracy achieved over all the datasets. LCADNet is the 
second best lightweight solution in terms of MACs and FLOPs, however 
the model present a very high number of parameters and show low 
accuracies on all of the considered datasets.

On the other hand, the proposed solution shows a very low impact 
in terms of model dimensionality and computational complexity, with 
a total amount of 20.5K of parameters and only 1.5M MACs and 
1.8M FLOPs. Despite its lightness, the model shows higher accuracy 
than most of the state-of-the-art approaches and a much lower com-
putational cost, exhibiting the best tradeoff in terms of accuracy and 
computational costs. MTDNet shows strong potential for integration 
within portable and non-invasive BCI systems for Alzheimer’s Disease 
diagnosis. Its lightweight design and high efficiency make it suitable 
for real-time EEG decoding even on low-power embedded devices, fa-
cilitating deployment in home-care or clinical screening environments. 
The proposed approach aligns with current advances in neural manifold 
decoding frameworks [68], which demonstrate how low-dimensional 
EEG representation can effectively capture cognitive impairments and 
sensorimotor processes.
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Fig. 3.  Comparison of models performance in terms of accuracy and computational complexity measured in Floating Point Operations (FLOPs). The area of each 
circle is proportional to the number of parameters of each model (Millions of parameters), which is reported below each model name. The best models live in 
the lower right part of the plots, i.e. low number of parameters and FLOPs while having high accuracy.
5.3. Ablation study on data augmentation

In order to reduce the overfitting risk and to enhance the general-
ization capabilities of the model, we adopted simple data augmentation 
steps in the training phase. Specifically on each 𝑇  second segment three 
augmentation functions are randomly applied: (i) time flipping, (ii) 
electrode channel shuffling, and (iii) dropout on input values (random 
zero values). These three transformations could occur all at the same 
time: each transformation has a probability of 50% to be applied to the 
input before feeding them to the model during training phase. In order 
to determine the impact of the different data augmentation strategies 
we performed an ablation study by retraining the model with different 
combination using ADFTD-binary datasets. We chose this one since is 
the largest one considered in terms of total recording length. The model 
has been retrained with each combination with five different seeds 
as done for the main experiment. Results of the ablation in terms of 
accuracy and F1-Score are reported in Table  5.
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As can be seen, the use of augmentation techniques brings a huge 
benefit to the final trained model, giving a boost of ≈ .6% in accuracy 
and ≈ 8% in F1-Score. While all the techniques brought benefits in 
the training procedure, the highest improvements are given by the
Channel Shuffling procedure. Even if the use of the Flipping and Input 
dropout techniques produces a marginal improvement, we used them in 
combination with the Channel Shuffling, combining the benefits coming 
from all of the augmentations techniques.

5.4. Ablation study on scales contribution

To assess the contribution given by the different scales defined in 
the proposed architecture, we performed an ablation study to deter-
mine their impact when used alone and in different combinations. The 
results are presented in Table  6.

We trained the proposed model on both versions of the ADFTD 
dataset with different combinations of scales used for the Temporal 
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Table 5
Ablation study on data augmentation techniques: Accuracy and F1-Score 
values obtained by retraining the model on the ADFTD-Binary dataset with 
every combination of Flip, Channel shuffling and Input dropout.

Ablation with ADFTD-Binary
Flip Channel shuffling Input dropout Accuracy F1-Score

– – – 66.61 ± 2.11 65.92 ± 2.42
3 – – 67.72 ± 2.44 66.78 ± 2.94
– 3 – 73.21 ± 2.35 72.95 ± 2.37
– – 3 67.83 ± 1.57 67.00 ± 1.87
3 3 – 72.41 ± 1.02 72.19 ± 1.04
3 – 3 68.99 ± 2.12 68.37 ± 2.44
– 3 3 73.17 ± 2.19 72.89 ± 2.29
3 3 3 74.60 ± 2.01 74.39 ± 1.91

Table 6
Ablation study on the impact of features extracted at different scales: Accuracy 
and F1-Scores of different combinations of scales on ADFTD dataset (both in 
the binary and ternary versions).
 Scales ADFTD-Binary ADFTD

 1 2 3 ACC F1 ACC F1  
 3 – – 73.95 ± 4.55 73.58 ± 4.73 54.28 ± 2.47 46.76 ± 2.38  
 – 3 – 70.46 ± 3.26 70.17 ± 3.52 52.79 ± 3.42 44.97 ± 3.29  
 – – 3 68.48 ± 2.73 68.10 ± 2.81 52.20 ± 2.88 44.63 ± 1.22  
 3 3 – 71.94 ± 4.19 71.74 ± 4.11 50.18 ± 2.40 44.06 ± 2.46  
 – 3 3 73.07 ± 1.88 72.54 ± 2.19 54.29 ± 1.98 47.33 ± 1.80  
 3 – 3 73.97 ± 2.44 73.82 ± 2.37 55.34 ± 1.63 47.45 ± 1.55 
 3 3 3 74.60 ± 2.01 74.39 ± 1.91 56.45 ± 2.14 46.86 ± 0.79  

Features Extraction phase. The first three rows correspond to the three 
versions of the model where a single scale at the time is used, while the 
others are different combinations of scales at the same time. Finally, the 
last row reports the results of the proposed model which uses all of the 
scales simultaneously.

As can be seen in Table  6, the combination of multiple scales 
together brings benefits in terms of accuracy, F1-Score and also model 
stability. Among the single-scale models, the first and largest scale is the 
one that achieves the best results, at the expense of overall stability, 
as shown by the highest standard deviation values. In general, the 
adoption of multiple scales mitigates such phenomenon, in particular 
when using the third scale in combination with the other two. The com-
bination of scales brings overall improvements in both performances 
and stability. More prominent improvements can be observed on the 
ADFTD version of the dataset, where the combination of the first 
and third scales brings the best results among the observed versions. 
This phenomenon demonstrate the actual contribution of very different 
scales in the features extraction procedure. Finally, the results obtained 
by the combination of all the considered scales shows the best results 
overall, confirming the contribution of each scale to the final trained 
model. A final note on the F1-Score obtained by the final model on 
ADFTD: as can be seen the model achieved a slightly lower score, while 
drastically reducing standard deviation. This confirms how applying 
multiple scales can improve model stability (same improvement can 
be also noticed with ADFTD-Binary) while improving also generaliza-
tion capabilities, as demonstrated by the results obtained on multiple 
datasets.

5.5. Discussion on multi-scale layers activations

In order to analyze the impact of using a multiscale approach 
further and improve our understanding of the EEG data, we examined 
the features extracted by the first three convolutions. These features 
were taken after the alignment procedure and before the concatenation 
operation was performed. This analysis was performed on the test set of 
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the ADFTD-Binary dataset, as it is the most challenging of the datasets 
considered.

For each scale, we applied the Fast Fourier Transform (FFT) to the 
three sets of features, each of size 𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 × 𝑡𝑛, using the Scipy v1.14.1 
function, in order to study the frequency components of each feature. 
We then computed the average frequency from each FFT coefficient 
array extracted from the activations of each convolutional kernel. Fig. 
4 shows the boxplots obtained for each scale and kernel, divided by 
label, with all features extracted from each sequence. Fig.  5 also shows 
the boxplot obtained using all the samples in different combinations 
based on classification accuracy. As can be seen, the extracted fea-
tures generally differ greatly between the two classes, demonstrating 
the model’s ability to discriminate between them. Overall, features in 
healthy patients tend to appear within certain ranges with low standard 
deviation values. In contrast, features appear much less frequently in 
patients with Alzheimer’s disease and show a high standard deviation. 
Generally, we can assume that patients with Alzheimer’s disease exhibit 
features similar to those of healthy individuals, but these features tend 
to manifest with a notably lower frequency compared to the other 
class. The multiscale temporal feature extraction captures both high-
frequency oscillatory alterations (𝛼 and 𝛽) and slow-wave dynamics 
(𝛿 and 𝜃), which are known biomarkers of cognitive impairment [69]. 
Differences can also be observed between scales.

Fig.  5 illustrates a significant comparison between the ‘‘All’’ case, 
which includes all segments, and the ‘‘HC Wrong’’ case, where healthy 
subjects are misclassified as Alzheimer’s patients. Analyzing these two 
cases reveals that the most noticeable characteristic is the shift in 
statistics when considering samples that were incorrectly classified as 
patients with Alzheimer’s disease. This shift in the mean and median 
values represents a lower overall frequency of appearance of the fea-
tures for these specific samples. Note that in the ‘‘AD Wrong’’ case, 
which shows the distribution of AD class samples incorrectly classified 
as healthy, there is no increase in mean or median frequencies.

One possible explanation for this phenomenon is that, when con-
sidering a one-second time sample, for example, the brain activity of 
the two types of patient may be the same, regardless of their disease 
status. These specific segments would not contain useful information 
for the classification task, resulting in poorer classification accuracy and 
incorrect training outcomes. Therefore, some samples are irrelevant for 
classifying a patient’s condition. If these samples could be identified, 
they could be excluded from the classification pipeline, thereby im-
proving the training procedure, inference, and potentially leading to 
significant performance enhancements.

6. Conclusions

In this work we proposed a novel and lightweight approach for 
Alzheimer’s Disease classification based on EEG signals, called MTDNet, 
leveraging a multiscale temporal feature extractor combined with a 
simple LSTM-based classifier. Our proposed method is specifically de-
signed to address the challenges posed by the limited data availability 
and the high computational cost of current state-of-the-art deep learn-
ing models, such as Transformer-based architectures. To better align the 
evaluation protocol with clinical utility we also introduced two patient-
level classification strategies based on aggregating the predictions from 
EEG segments, that allow a more robust diagnosis.

Through extensive experiments on four publicly available datasets, 
we demonstrated that our model achieves competitive or superior per-
formance compared to recent state-of-the-art methods with an accuracy 
improvement of ∼ 2% at the segment classification level and ∼ 6%
at the patient-level on the most complex datasets such as ADFTD and 
BrainLat. Furthermore, unlike recent transformer-based approaches, 
which are computationally intensive, MTDNet achieves higher accuracy 
with just 20.5K parameters and 1.8M FLOPs. Our model exhibits re-
markable stability and generalization capabilities across datasets, even 
when compared to more complex and resource-intensive approaches. 
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Fig. 4. Analysis of the frequency of the activations per kernel and scale. For each scale, for each convolutional kernel, it is shown a boxplot computed over the 
FFT transform of the activations for all the sample of each class. The boxplot shows the mean and average values respectively with a full and a dotted white 
line. This visualization is computed over the ADFTD-Binary dataset. The last column shows the average over all the activations, regardless of the kernel.
Fig. 5. Analysis of average activation frequencies per scale. The analysis is 
reported for each scale, with samples selected based on their classification.
All: all samples are used; Correct: Only correctly classified samples are used;
AD Wrong: Only AD class samples incorrectly classified as healthy are used;
HC Wrong: Only HC class samples incorrectly classified as Alzheimer’s patients 
are used; Both Wrong: Only incorrectly classifies samples are used.

The ablation studies conducted further confirmed the importance of the 
multiscale feature extraction strategy and highlighted the contribution 
of simple yet effective data augmentation techniques in improving 
model performance and preventing overfitting. Our findings under-
line that combining multiscale convolutional feature extraction with 
temporal modeling is a powerful and efficient strategy for EEG-based 
Alzheimer’s Disease classification. The biggest shortcoming of the cur-
rent approach relates to the patient-level evaluation, which, in its 
current state, is effective but still very basic. Guided by the analyses in 
Section 5.5, future work will focus on introducing and studying strate-
gies that focus on the actual dynamics of the signals in the recording, 
with the aim of developing more specific strategies for patient-level 
classification, such as segment selection and weighted voting systems.
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