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Abstract

Background: Brain source localization technology enables precise characterization of the spatial distribution of neural activity, serv-
ing as a crucial tool for exploring the pathological mechanisms underlying dementia. However, effectively integrating complementary
diagnostic information from source localization features across multiple frequency bands remains a major challenge to enhancing classi-
fication performance and model interpretability. Methods: An attention-based multi-frequency self-supervised fusion model (AM-SSF)
is proposed to address this issue. Independent contrastive self-supervised encoders are trained for the 6 (4-8 Hz), a (8—13 Hz), § (13-30
Hz), and y (3048 Hz) frequency bands to learn band-specific latent representations. Then, an attention-guided adaptive fusion module
is introduced to dynamically allocate band weights through cross-entropy—based supervised optimization, thereby achieving effective
cross-band information integration. Finally, a random forest classifier is employed to evaluate the model’s performance in distinguish-
ing Alzheimer’s disease (AD) from frontotemporal dementia (FTD). Results: Experimental results show that the proposed framework
achieves a classification accuracy of 93.1% under five-fold cross-validation, significantly outperforming baseline methods such as single-
band self-supervised learning (SSL) and average pooling fusion. Further analysis of the attention weight distributions revealed that the
6 and B bands contributed most to model decision-making, providing interpretability regarding frequency-specific effects. Conclusions:
In summary, the proposed AM-SSF model enhances AD and FTD classification performance while offering valuable insights into the
discriminative roles of frequency band features.

Keywords: brain source localization; self-supervised learning; attention mechanism; multi-frequency fusion; Alzheimer’s disease; fron-
totemporal dementia

1. Introduction ral synchrony, and signal complexity, qEEG offers multi-
faceted perspectives on EEG signals, including frequency,
time, and spatial domain information. The quantifiable na-
ture of these measures further facilitates standardized re-
search [2,3]. Moreover, advances in brain source localiza-
tion techniques have enabled the reconstruction and analy-
sis of cortical neural activity distributions from scalp EEG
signals, thereby providing novel insights into the distinct
pathophysiological mechanisms underlying AD and FTD
[4,5]. Previous studies have demonstrated that neural os-
cillatory activity across different frequency bands (e.g., 9,
0, a, P) is closely associated with specific cognitive func-

Dementia is a neurodegenerative syndrome marked
by progressive cognitive decline, posing a substantial bur-
den on global public health systems. Among its subtypes,
Alzheimer’s disease (AD) and frontotemporal dementia
(FTD) represent the most prevalent forms. However, the
overlap in early clinical manifestations contrasts sharply
with their divergent pathological mechanisms, prognoses,
and therapeutic strategies. Consequently, establishing an
accurate differential diagnosis between AD and FTD is of
critical clinical importance [1].

Electroencephalography (EEG), a non-invasive neu-  tions and pathological processes. For instance, AD is char-
roimaging technique characterized by high temporal resolu-  acterized by pronounced abnormalities in the § band across
tion and low cost, is widely employed to assess brain func-  widespread cortical regions, particularly the frontal lobe,
tional activity and neurological disorders. In dementia re- whereas FTD tends to exhibit distinct anomalies in o ac-

search, quantitative spectral EEG analysis (QEEG) isamong tivity localized to the anterior orbitofrontal cortex and tem-

the most widely utilized approaches. Specifically, through  poral lobes. In addition, both disorders present distinct -
mathematical analyses such as power spectral density, neu-
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band activity patterns in the parietal and sensorimotor re-
gions [6]. These findings suggest that complementary di-
agnostic information resides in the source localization char-
acteristics of different frequency bands. However, effec-
tively integrating these band-specific features while simul-
taneously enhancing model interpretability remains a criti-
cal challenge.

In computational psychiatry, machine learning mod-
els have been extensively applied to assist in the diagnosis
of dementia. Traditional EEG-based approaches typically
rely on manually extracted frequency- or time-domain fea-
tures, which are then combined with classifiers such as Sup-
port Vector Machine (SVM) for diagnostic purposes [7].
Although these methods have achieved moderate success,
their performance remains heavily dependent on labor-
intensive feature engineering and is limited in capturing
the complex, high-dimensional, and nonlinear patterns in-
herent in EEG signals. Furthermore, the scarcity of high-
quality clinical data, resulting from acquisition challenges,
privacy restrictions, and the high cost of professional anno-
tation, often leads to limited sample sizes. This scarcity
severely constrains both the performance and the gener-
alization capacity of traditional supervised learning mod-
els. To address these limitations, self-supervised learning
(SSL) models are capable of automatically learning robust
and generalizable feature representations by pre-training on
unlabeled data. The features obtained through pre-training
can subsequently be leveraged for downstream tasks with
sparse labels, thereby mitigating the small-sample problem
and enhancing overall model performance [§].

Although self-supervised learning has shown promise
in EEG signal analysis, existing methods still exhibit clear
limitations when handling multi-frequency-band source-
localized data. Different EEG frequency bands, such as 0,
a, B, and v, are highly heterogeneous in their physiologi-
cal mechanisms. Conventional feature-level mixing strate-
gies can easily lead to mutual interference and the mask-
ing of band-specific rhythmic information. Therefore, con-
structing independent self-supervised encoders for each fre-
quency band to achieve feature disentanglement is partic-
ularly necessary. Furthermore, given the substantial dif-
ferences in pathological manifestations across frequency
bands between Alzheimer’s disease and frontotemporal de-
mentia, traditional concatenation or averaging-based fusion
strategies are unable to dynamically highlight key diag-
nostic information. This necessitates a network equipped
with an adaptive attention-weighting mechanism. In addi-
tion, purely unsupervised learning without downstream task
guidance tends to fit global EEG noise and struggles to pre-
cisely capture disease-related pathological features that are
directly relevant to diagnosis. Introducing cross-entropy
loss from the classification task as explicit supervision
can force the attention module to focus on the most clin-
ically discriminative frequency bands, thereby effectively
improving model performance. Based on the above analy-

sis, this study proposes an attention-based multi-frequency-
band self-supervised fusion model, AM-SSF. The main
contributions and objectives of this work can be summa-
rized as follows:

(1) Proposing an Attention-based Multi-frequency
Self-supervised Fusion Model (AM-SSF): This model ini-
tially employs independent contrastive self-supervised en-
coders to learn specific latent representations from dif-
ferent frequency bands. Building upon these representa-
tions, we design a supervision-guided adaptive fusion mod-
ule that optimizes attention weights using cross-entropy
loss from classification tasks. This approach emphasizes
frequency band features most relevant for distinguishing
AD from FTD through attention-weighted integration while
enhancing model interpretability via visualizable attention
weights.

(2) Analyzing Contribution of Different Frequency
Bands in Attention Fusion: Through attention weight visu-
alization and statistical analysis, we explore the relative im-
portance of features across frequency bands in downstream
diagnostic tasks, thereby providing band-level explanations
for understanding model decisions.

(3) Validating the proposed framework’s effectiveness
in AD and FTD differentiation: Through five-fold cross-
validation, comparisons with multiple baseline methods
demonstrate that AM-SSF significantly improves classifi-
cation performance and exhibits strong robustness in small-
sample scenarios.

The remainder of this paper is organized as follows.
Section 1 provides a review of related work. Section 2
is devoted to the description of the proposed method and
model framework, and introduces the dataset together with
the data processing workflow. Section 3 presents the ex-
perimental setup and reports the results. Section 4 offers
a discussion of the findings. The work is finally summa-
rized in Section 5, which also looks ahead to the direction
of future research.

1.1 Related Work

1.1.1 Machine Learning for EEG-Based Dementia
Analysis

Early studies on EEG-based classification of AD and
FTD predominantly relied on manual feature engineering
combined with traditional machine learning models. Ap-
proaches included: (i) constructing multi-layer resting-
state EEG networks across frequency bands and extracting
connectivity features from 6—a and 6—f band differences,
achieving 81.1% classification accuracy [9]; (ii) combin-
ing Multi-Threshold Recurrence Rate Plots (MTRRP) fea-
tures with support vector machines and leave-one-out cross-
validation, achieving 72.88% classification accuracy [10];
and (iii) applying Mann—Whitney U tests and #-tests to se-
lect time-frequency, connectivity, and complexity features,
achieving 87.8% classification accuracy for distinguish-
ing AD from FTD [11]. However, these methods heav-
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ily depend on expert knowledge for feature selection and
extraction, rendering the process both complex and time-
consuming.

In recent years, deep learning methods have been in-
creasingly applied to automatically learn high-dimensional
features, thereby improving classification performance.
Convolutional neural network (CNN) can directly extract
representations from raw or preprocessed EEG signals [12],
for example, by constructing all channels into a three-
dimensional feature matrix to investigate the influence of
electrode spatial information on classification [13]. More
advanced architectures, such as Dual-Input Convolution
Encoder Network (DICE-net), integrate convolutional and
Transformer modules and utilize frequency-band power and
coherence features as inputs. This approach achieved an ac-
curacy of 83.28% in distinguishing AD from CN, thereby
demonstrating strong modeling capabilities for complex
EEG features [14]. Nevertheless, the limited availability
of large-scale annotated EEG datasets continues to impede
the clinical adoption of these methods.

1.1.2 Applications of Self-Supervised Learning in EEG
Analysis

In recent years, SSL has made significant advances
in the fields of natural language processing and computer
vision. A notable example is Bidirectional Encoder Rep-
resentations from Transformers (BERT), which learns lan-
guage representations from unlabeled text by predicting
masked words within sentences [15]. The Simple Frame-
work for Contrastive Learning of Visual Representations
(SimCLR) framework employs contrastive learning to max-
imize the similarity between augmented versions of the
same image, thereby producing robust feature representa-
tions [16]. Meanwhile, the Masked Autoencoder (MAE)
model further employs masked reconstruction tasks to learn
efficient representations from large-scale unlabeled images
[17]. Collectively, these approaches illustrate that SSL can
produce transferable feature representations from unlabeled
data, providing effective solutions for scenarios character-
ized by limited sample sizes and scarce annotations.

Inspired by these successes, researchers have increas-
ingly applied SSL to biomedical signal analysis to address
challenges associated with limited labeled data. Banville et
al. [18] employed a contrastive learning framework on EEG
to obtain cross-task transferable representations. Zhao et
al. [19] improved sleep staging performance through multi-
view contrastive learning, and Wang et al. proposed a self-
supervised pretraining approach that substantially outper-
formed traditional supervised models in emotion recogni-
tion tasks [20]. These studies collectively demonstrate that
SSL can extract discriminative latent representations from
EEG signals, thereby supporting various downstream tasks.
Although self-supervised learning has been successfully
applied to EEG signals, systematic integration of multi-
frequency features and their application in disease classi-
fication tasks are relatively underexplored.
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1.1.3 Attention-Based Multi-Feature Fusion

Attention mechanisms were initially proposed by Bah-
danau et al. [21] for dynamic alignment in machine trans-
lation tasks. Subsequently, the development of the Trans-
former architecture further illustrated the powerful capabil-
ity of attention mechanisms in capturing global dependen-
cies and modeling sequential information [22]. Since then,
attention mechanisms have been extensively applied in nat-
ural language processing, computer vision, and biomedi-
cal signal analysis, where they are commonly employed for
feature weighting and for improving model interpretability.

In EEG analysis, Chen et al. [23] combined graph
convolutional networks with attention mechanisms to ef-
fectively model emotion-related brain regions. Aziz et al.
[24] introduced attention into temporal convolutional net-
works to enhance temporal modeling capabilities for brain-
computer interface tasks. Similarly, in multimodal medical
data analysis, attention mechanisms have been employed to
facilitate feature fusion. For instance, Golovanevsky et al.
[25] integrated multimodal features using attention mech-
anisms to achieve substantial improvements in diagnostic
performance for Alzheimer’s disease.

Traditional machine learning approaches primarily
rely on manually engineered features. Although these
methods have achieved moderate success in early AD and
FTD studies, they are hindered by complex feature ex-
traction procedures and limited generalization capabili-
ties. Deep learning methods can automatically learn high-
dimensional representations to enhance classification per-
formance; however, their practical application is often
constrained by the scarcity of labeled data. Recently,
self-supervised learning has shown considerable potential
for mitigating the small-sample problem in EEG analysis,
whereas attention mechanisms have proven effective for
feature weighting and enhancing interpretability. Existing
research has primarily focused on either employing self-
supervised learning alone to enhance EEG representations
or using attention mechanisms to enhance feature fusion.
Exploration that integrates both approaches remains rela-
tively limited, especially regarding self-supervised fusion
of multi-band EEG source localization features. Accord-
ingly, this study proposes a novel attention-based multi-
band self-supervised fusion framework. By jointly model-
ing and adaptively weighting EEG features across multiple
frequency bands, the framework achieves effective discrim-
ination between AD and FTD while offering interpretability
regarding the relative contributions of each frequency band.

2. Materials and Methods

To address the scarcity of high-quality clinical data,
this study proposes an attention-based multi-frequency
band self-supervised fusion model. The framework is de-
signed to learn latent representations specific to each fre-
quency band and employs a supervision-guided attention
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Fig. 1. Overall framework of AM-SSF. The framework comprises three main phases: (1) Data Processing: filtering and segmenting

raw EEG signals, followed by sSLORETA source reconstruction to extract neural oscillation energy features across frequency bands; (2)

Band-Specific Contrastive Representation Learning: applying random data augmentations to each frequency band feature to generate

augmented views, which are then mapped into latent space via an encoder (comprising a 2-layer fully connected network) and a pro-

jector (non-linear layer), and pre-trained in a self-supervised manner using the InfoNCE loss function; (3) Supervised Attention Fusion:

concatenating the multi-band feature representations and computing attention weights through a fully connected layer and Softmax to

generate weighted fusion features. This phase adopts a multi-task framework that simultaneously optimizes the supervised cross-entropy

loss, unsupervised reconstruction loss, and diversity regularization loss to promote adaptive fusion and improve classification perfor-
mance. AM-SSF, Attention-based Multi-frequency Self-supervised Fusion Model; EEG, electroencephalography; sSLORETA, Standard-
ized Low-Resolution Brain Electromagnetic Tomography; FC, fully connected; InfoNCE, Information Noise-Contrastive Estimation.

mechanism to achieve adaptive feature fusion for classifi-
cation tasks. The architecture of the model is illustrated in
Fig. 1.

2.1 Band-Specific Contrastive Representation Learning

Traditional supervised learning methods are partic-
ularly susceptible to overfitting when applied to small-
sample datasets. To address this issue, we perform self-
supervised pre-training on features from each frequency

band independently before the downstream classification
task, aiming to learn feature representations with strong
generalization capabilities. This stage aims to allow the
model to extract meaningful features from the intrinsic
structure of the data, independent of category labels.

EEG features from each frequency band are processed
independently by an independent self-supervised encoder.
The encoder comprises two components: (1) the encoder
network, consisting of two fully connected layers, which
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maps raw frequency band features into a latent represen-
tation space; and (2) the projector, an additional nonlinear
layer that transforms the latent representations into a sepa-
rate space to facilitate contrastive learning tasks.

During training, two types of random data augmenta-
tion are applied to each sample within every batch. These
augmentations include random scaling, translation, and the
addition of noise to the data. The augmented samples
form a positive pair, whereas the remaining samples in the
batch serve as negative samples. The Information Noise-
Contrastive Estimation (InfoNCE) loss is employed as the
objective function for the self-supervised task. This loss
function seeks to maximize the similarity between posi-
tive pairs while minimizing the similarity between pos-
itive samples and all negative samples. Consequently,
the model learns latent representations that draw similar
samples closer and push dissimilar samples farther apart,
thereby effectively capturing the intrinsic structure of the
data.

exp (sim(:i,Zj) )

. - (M
InfoNCE log Zk# exp (sim (zi, z;) /7)

Here, z; and z; denote the projected representations
of two augmented views originating from the same original
sample, and 7 represents the temperature coefficient. The
similarity metric is computed using normalized cosine sim-
ilarity, which is defined as follows:

Zi " Zj

sim (2 %) = el 2 e

2

the data augmentation function A(+) consists of three opera-
tions: random scaling, random translation, and the addition
of Gaussian noise. For the original feature x, the augmented
feature x’ can be expressed as:

¥=s-z+A+e (3)

where s denotes the scaling factor, A represents the transla-
tion term, and € indicates Gaussian noise.

2.2 Attention Integration Mechanism for Supervision and
Guidance

After obtaining the feature representations for each
frequency band, the effective fusion of this information be-
comes critical for improving classification performance. To
this end, we propose a supervision-guided attention fusion
mechanism that adaptively assigns weights to different fre-
quency bands and directly optimizes the downstream clas-
sification task.

&% IMR Press

Specifically, the fusion mechanism first concatenates
the features f; from each frequency band into a vector
F = [f1,..., fn], where N denotes the total number of
frequency bands. The attention weights w; are computed
using a fully connected layer followed by a Softmax acti-
vation function:

w = Softmax (Linear(F)) 4)

The fused feature fy,qcq is obtained as the weighted
sum of features across all frequency bands:

N

ffusedzzq,:lwi'fi %)

The training objective of this fusion mechanism fol-
lows a multi-task learning framework, comprising three
components: an unsupervised reconstruction loss, a diver-
sity regularization loss, and a supervised cross-entropy loss.
The unsupervised reconstruction loss minimizes the mean
squared error (MSE) between the fused feature and each
original frequency-band feature, ensuring that the fused
representation retains effective information from all bands
while preserving critical details. The diversity regulariza-
tion loss encourages a more balanced distribution of atten-
tion weights by incorporating a negative entropy constraint,
thereby reducing the risk of over-reliance on any single
frequency band. The supervised cross-entropy loss en-
ables end-to-end optimization of the fused features through
a classification head, guiding the attention mechanism to
adaptively focus on frequency bands that are most informa-
tive for distinguishing between AD and FTD. The overall
loss function Ly, is defined as a multi-task learning ob-
jective and expressed as:

Ltotal = Lrecon +a- LCE + 5 : Ldiv (6)

where « and 3 are hyperparameters that control the trade-
off among the three constituent losses. The unsupervised
reconstruction 10ss Lo, 1S defined as:

1 N 2
Lrecon = N Zi:l || fused - fz H2 (7)

where N denotes the total number of frequency bands,
ffusea represents the fused feature vector, and f; corre-
sponds to the original feature vector of the -th frequency
band. The supervised cross-entropy loss Loy is defined
as:
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1 . N

Lop =—~+ [yilog(9;) + (1 — yi) log(1 — ;)]
®)
where M denotes the batch size, y; represents the true la-
bel of the j-th sample, and §j; corresponds to the predicted
probability produced by the model. The diversity regular-

ization loss Lg;, is defined as:

M
M 4~j=1

N _ _
Laiw = _Zk=1 aylogay )

where aj, denotes the average attention weight of the k-
th frequency band, computed across all samples within a
batch.

2.3 Model Evaluation and Analysis

To ensure the reliability of the experimental results,
this study employed repeated cross-validation to assess
model performance. Subjects were used as the grouping
unit during dataset partitioning to ensure that data from the
same subject never appeared simultaneously in both train-
ing and test sets, thus preventing data leakage. Specifi-
cally, 5-fold cross-validation was conducted and repeated
10 times to mitigate biases introduced by random data par-
titioning. In each training iteration, the model was trained
on the training set and evaluated on the corresponding val-
idation set. The final performance metrics were computed
as the mean and standard deviation across all iterations, and
results are reported as mean + standard deviation.

For evaluation, five commonly used classification
metrics were employed. Accuracy is defined as the ratio of
correctly predicted samples (both positive and negative) to
the total number of samples, providing an overall measure
of model correctness.

TP+ TN
ACC = 10
TP+ FN+TN + FP (19)

where TP denotes the number of AD samples correctly
classified as AD, F'P denotes the number of FTD samples
incorrectly classified as AD, F'N denotes the number of AD
samples incorrectly classified as FTD, and TN denotes the
number of FTD samples correctly classified as FTD.

Precision is defined as the ratio of correctly predicted
positive samples to the total number of samples predicted
as positive, providing a measure of the model’s ability to
avoid false positives.

TP
iSO = ——————— 11
Precision TP L FP (11)

Recall is defined as the ratio of correctly predicted
positive samples to the total number of actual positive sam-
ples, providing a measure of the model’s ability to identify
positive cases.

TP
Recall TP+ FN (12)

F1 Score is defined as the harmonic mean of precision
and recall, providing a balanced measure between the two.

2 .- Precision -
Pl = rcicz.szon Recall (13)
Precision + Recall

Specificity is defined as the ratio of correctly identi-
fied negative samples to the total number of actual negative
samples, providing a measure of the model’s ability to cor-
rectly exclude non-AD individuals.

TN
Speci ficity = TN+ FP (14)

These metrics collectively provide a comprehensive
evaluation of the model’s performance from multiple per-
spectives.

2.4 Datasets and Data Processing
2.4.1 Dataset

This study utilized a publicly available dataset col-
lected by Miltiadous et al. [26], consisting of 36 patients
with AD and 23 patients with FTD. Table | shows the mean
age, gender distribution, and Mini-Mental State Examina-
tion (MMSE) scores for each group. The median disease
duration was 25 months (interquartile range (IQR): 24-28.5
months), and no dementia-related comorbidities were re-
ported in the AD group [26]. Details are shown in Table
1.

Table 1. Participant data.

AD (n=36) FTD (n=23)
Sex (m:f) 1:2 14:9
Age 66.4+79 63.9+82
MMSE 1775+ 4.5 22.17+£8.22

MMSE, Mini-Mental State Examination; AD,
Alzheimer’s disease; FTD, frontotemporal de-

mentia; m, male; f, female.

The EEG data were collected in a clinical setting by
experienced neurologists using a Nihon Kohden EEG-2100
system (Nihon Kohden Corp., Tokyo, Japan). Signals were
recorded according to the international 10-20 system with
a total of 19 scalp electrodes (Fpl, Fp2, F7, F3, Fz, F4,
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F8, T3, C3, Cz, C4, T4, TS, P3, Pz, P4, T6, O1, and O2),
with A1-A2 mastoid electrodes serving as the reference.
All recordings were conducted under eyes-closed resting-
state conditions with a sampling rate of 500 Hz. The dura-
tion of EEG recording for each subject was approximately
12—14 minutes.

2.4.2 Data Processing

The raw EEG signals were initially bandpass-filtered
between 0.5 and 45 Hz using a Butterworth filter and sub-
sequently re-referenced to the A1-A2 montage. Anoma-
lous EEG segments were then identified and removed us-
ing the Artifact Subspace Reconstruction (ASR) method in
EEGLab (Swartz Center for Computational Neuroscience,
University of California San Diego, La Jolla, CA, USA),
with a threshold set at 17 standard deviations. The 19-
channel EEG signals were subsequently decomposed into
19 independent components (ICs) using the RunICA algo-
rithm (runica function in EEGLAB, based on the Infomax
algorithm). These ICs were automatically classified and fil-
tered with Independent Component Labeler (ICLabel) to re-
move artifacts related to eye movements and muscle activ-
ity.

Electrophysiological source imaging (ESI) was em-
ployed for source localization to map EEG signals onto pre-
defined cortical regions of interest (ROIs). For example, at
a given time point in an EEG recording, if higher potential
activity is observed at scalp electrodes F3 and Fp1, the Stan-
dardized Low-Resolution Brain Electromagnetic Tomogra-
phy (sLORETA) algorithm can solve the inverse problem
to map the scalp potential distribution onto cortical space.
In doing so, it estimates that the activity most likely origi-
nates from neural sources in frontal brain regions, thereby
achieving a transformation from scalp potentials to corti-
cal source activity. The preprocessed EEG signals were
bandpass-filtered into four frequency bands, 6 (4-8 Hz),
a (8-13 Hz), B (13-30 Hz), and y (30—48 Hz), and subse-
quently segmented into non-overlapping 5-second epochs.
The sLORETA algorithm was then applied to reconstruct
the time series of neural source activity for each brain re-
gion within each frequency band. The total neural oscilla-
tion energy was quantified by computing the sum of squares
of the reconstructed signals. According to signal process-
ing theory, the sum of squares of a time-domain signal is
equivalent to the integral of its corresponding frequency-
domain power spectrum. Therefore, this energy metric di-
rectly quantifies the total oscillatory intensity of each fre-
quency band in every brain region.

Considering that the SLORETA algorithm is highly
sensitive to noise and artifacts, and to address the sam-
ple imbalance caused by the unequal number of subjects
in the AD and FTD groups, we adopted a data-level bal-
ancing strategy after rigorously removing artifacts. Specif-
ically, we carefully extracted eight high-quality 5-second
segments from the valid resting-state EEG of each AD pa-
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tient, and thirteen segments from each FTD patient. The
final classification dataset comprised a total of 587 in-
stances (288 from the AD group and 299 from the FTD
group), achieving a well-balanced distribution between the
two groups. For each instance, the features consist of the
energy values of 68 brain regions across four frequency
bands, resulting in a feature vector of dimensionality 272
(68 x 4), which was subsequently used for training and eval-
uation of the classification models.

3. Results
3.1 Experimental Setup

In the AD-FTD discrimination task, the proposed AM-
SSF model was systematically evaluated for performance.
To ensure reliable and reproducible results, the experi-
ments followed a carefully designed protocol. Independent
self-supervised encoders were trained for each frequency
band. Each encoder comprised two fully connected layers
and incorporated Layer Normalization (LayerNorm), Gaus-
sian Error Linear Unit (GELU) activation, and Dropout to
enhance expressive power and robustness. During self-
supervised training, data augmentation techniques, includ-
ing random scaling, translation, and noise perturbation,
were applied to improve feature generalization. The out-
put feature dimension for each encoder was set to 128, and
training was conducted for 300 epochs.

Different feature fusion methods were subsequently
compared. The average pooling method computed the
mean of features across all frequency bands at the same di-
mension. The attention fusion method integrated features
from different frequency bands through a weighted atten-
tion mechanism. The supervision-guided attention fusion
method introduced a cross-entropy loss to further enhance
the discriminative power of frequency band weight allo-
cation. The attention network consisted of two fully con-
nected layers, and the weight distribution across frequency
bands was obtained through Softmax normalization.

Based on the fused features, a random forest model
was employed as the primary classifier. Performance eval-
uation metrics included accuracy, precision, recall, speci-
ficity, and Fl-score. To ensure robustness, a repeated
group cross-validation strategy was adopted. GroupKFold
is a variant of k-fold cross-validation that ensures all sam-
ples from the same subject are kept together in either the
training or validation set, preventing data leakage across
folds. Specifically, GroupKFold was used to perform 5-
fold cross-validation, repeated 10 times, ensuring that data
from the same subject did not appear simultaneously in both
the training and validation sets, thereby effectively prevent-
ing data leakage.

To further verify that the grouping strategy did not in-
troduce systematic bias, statistical analyses were conducted
at the independent subject level (n = 59) to compare the
demographic baselines between the training and validation
sets in the cross-validation procedure. The results indicated
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Table 2. Classification performance of single-band and combined-band models under cross-validation (mean + standard

deviation).
Band Accuracy Precision Recall Specificity Fl-score
0 0.905+0.040 0.901 £0.047 0.904 +0.069 0.906+0.032 0.901 £ 0.046
a 0.687 +£0.052 0.705+0.110 0.637+0.171 0.747 £0.091 0.655=+0.104

B 0.857 +0.081

0.839£0.119 0.890+0.072 0.827+0.128 0.860 + 0.085

Y 0.639+0.094 0.642+0.116 0.697 +0.097 0.566 +0.232 0.656 = 0.069

0+p 0915+0.047 0.898+0.088 0.942+0.051

0.895+0.086 0.916=+0.046

Ours 0.931+0.028 0.914+0.042 0.949+0.032 0.921 +0.046 0.929 +0.032

Note: The results in the table represent the mean + standard deviation obtained from

10 repetitions of five-fold cross-validation. F1-Score, the harmonic mean of precision

and recall (range 0-1).

that, across all folds, there were no statistically significant
differences between the two sets in terms of age, MMSE
scores, sex distribution, or disease category proportions, as
shown in Supplementary Table 1. These findings confirm
that the training and validation sets achieved good base-
line balance, suggesting that the observed improvement in
model performance is attributable to the model’s effective
extraction of disease-related EEG pathological features.

Furthermore, to analyze the impact of data scale on
model performance, comparative experiments were con-
ducted using different training set proportions. Training
sets comprising 20%, 40%, 60%, and 80% of the data were
used, and evaluation was performed under the same five-
fold cross-validation protocol.

3.2 Single-Band Self-Supervised Feature Analysis

To assess the independent contributions of each fre-
quency band in self-supervised feature learning, single-
band self-supervised learning was conducted separately for
the 6, a, B, and y bands, followed by validation in down-
stream AD/FTD classification tasks. Accuracy, precision,
recall, specificity, and Fl-score were used as evaluation
metrics. The results indicated notable differences in classi-
fication performance among features derived from different
frequency bands. The 6 band achieved the highest perfor-
mance in cross-validation, followed by the B band, whereas
the a and y bands exhibited comparatively lower perfor-
mance.

To further verify the complementarity among differ-
ent frequency bands, this experiment compared the classi-
fication performance of single-band models and combined-
band models. The results show that, in the dual-band com-
bination, merging the two best-performing single frequency
bands (8 + ) improved the accuracy to 0.915 and achieved
a recall of 0.942, demonstrating the complementary value
across frequency bands. Ultimately, the complete AM-SSF
model integrating features from all four frequency bands
achieved the best overall classification performance. De-
tailed classification performance metrics are presented in
Table 2.

To rigorously validate the statistical significance of
the performance improvements, Wilcoxon signed-rank tests
were conducted for all models. The results indicate that the
proposed AM-SSF model significantly outperforms both
single-frequency-band models and dual-frequency-band fu-
sion models in terms of accuracy and Fl-score. Detailed
statistical results, including 95% confidence intervals, test
statistic W, and p-values, are provided in Supplementary
Table 2.

To further investigate this discrepancy, t-Distributed
Stochastic Neighbor Embedding (t-SNE) dimensionality
reduction was applied to visualize features learned from in-
dividual frequency bands. Fig. 2 shows the distribution of
features across frequency bands in the t-SNE space. The re-
sults indicate that AD and FTD samples in the 6 and 3 bands
display distinct clustering in the feature space, whereas
differentiation between classes in the a and y bands re-
mains relatively ambiguous. Additionally, three clustering
metrics, Silhouette, Calinski-Harabasz (CH), and Davies-
Bouldin (DB), were computed to quantitatively evaluate
class separability. The 8 and p bands exhibit relatively high
separability, with Silhouette scores of 0.2025 and 0.1542,
respectively. In contrast, the a and y bands show lower met-
ric values, indicating weaker class separability, as summa-
rized in Table 3.

Table 3. Clustering evaluation metrics across different
frequency bands.

Band Silhouette CH Index DB Index  Conclusion
0 0.2025 108.87 1.9091 Best
o 0.0703 29.25 3.7792 Worst
B 0.1542 79.07 2.2698 Second best
% 0.0918 37.43 3.1667 Poor

CH, Calinski-Harabasz; DB, Davies-Bouldin. CH Index
measures the ratio of between-cluster dispersion to within-
cluster compactness; higher values indicate better cluster-
ing quality. DB Index measures the average similarity be-
tween each cluster and its most similar one; lower values

indicate better clustering quality.
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t-SNE Visualization of Band-Wise SSL Feature Embeddings

(a) 8 band (4-8 Hz)

(b) a band (8-13 Hz)

Fig. 2. t-SNE visualization of features learned by self-supervised learning across 0, a, B, and y frequency bands. (a) distribution
of 0-band features in the t-SNE space, (b) distribution of a-band features, (c) distribution of B-band features, (d) distribution of y-band
features. t-SNE, t-Distributed Stochastic Neighbor Embedding; SSL, self-supervised learning.

Although the 6 band exhibits superior performance
in both classification and feature separability, a single fre-
quency band remains insufficient to comprehensively cap-
ture disease-related EEG information. Fusion of features
across multiple frequency bands provides more comprehen-
sive discriminative information, thereby enhancing the per-
formance of downstream classification tasks.

3.3 Multi-Frequency Attention Fusion and Baseline
Comparison

The effectiveness of multi-frequency feature fusion
methods was evaluated based on their performance in
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downstream classification tasks. This study evaluated
model performance using accuracy, precision, recall, speci-
ficity, and Fl-score, and compared the baseline model,
average pooling fusion, attention-based fusion, pretrained
model, and our proposed model. As shown in Fig. 3,
both average pooling and attention-based fusion outperform
the baseline, indicating that multi-frequency-band self-
supervised fusion can significantly enhance the discrimina-
tive capability of the model. However, their performance
is comparable, suggesting that a purely self-supervised at-
tention mechanism provides limited improvement in overall
performance. In contrast, the attention-based fusion model
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Performance Comparison of Different Fusion Methods

Score

Accuracy

Precision Recall

Baseline

Average
Pooling

Attention
Fusion

Ours

F1-score

Specificity

Evaluation Metrics

Fig. 3. Performance Comparison of Different Fusion Methods. Classification performance metrics (Accuracy, Precision, Recall,

Specificity, and F1-score) of baseline, average pooling, attention fusion, and Ours under 10 repetitions of 5-fold cross-validation.

incorporating cross-entropy supervision significantly im-
proves all evaluation metrics. This indicates that task-
guided adaptive attention can effectively steer the allocation
of attention weights, thereby strengthening key frequency-
band features and improving both the discriminative ability
and interpretability of the model.

To further evaluate the effectiveness of the proposed
network architecture and verify the superiority of multi-
frequency-band adaptive fusion over general pretrained
models, two deep learning—based pretrained baseline mod-
els were introduced for comparison. The experimental re-
sults show that the autoencoder and single-SSL models
achieved accuracies of 89.20% and 86.58%, respectively,
representing improvements over the raw-feature baseline.
This indicates that deep pretraining indeed enhances fea-
ture representation capability. However, these pretrained
models without frequency-band disentanglement still per-
form significantly worse than the proposed AM-SSF model.
This further confirms that single global feature extrac-
tion tends to overlook inter-band variability, whereas the
multi-frequency-band adaptive fusion mechanism guided
by cross-entropy supervision can more effectively integrate
core EEG features that are directly relevant to AD/FTD dis-
crimination.

Table 4 presents the average performance and 95%
confidence intervals of each method under 10 repetitions of
five-fold cross-validation. To rigorously evaluate perfor-
mance gains, Wilcoxon signed-rank tests were conducted
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to assess statistical significance among the models. The
results show that the proposed AM-SSF model achieves
the best performance across all metrics, with an accuracy
of 0.931 [0.922, 0.941] and an Fl-score of 0.929 [0.919,
0.940]. Statistical tests indicate that AM-SSF exhibits sig-
nificant differences compared with all competing models in
both ACC and F1-score (p < 0.05). The complete statistical
results and test statistics are provided in Supplementary
Table 2.

Fig. 4 presents the distribution of attention weights
across different frequency bands. The results indicate clear
differences in the model’s attention allocation across fre-
quency bands. The 0 and  bands exhibit higher median
attention values and relatively compact distributions, sug-
gesting that the model places greater emphasis on features
within these bands. In contrast, the a and y bands dis-
play lower attention values with greater variability, imply-
ing a relatively smaller contribution to the classification
task. Notably, this observation is consistent with the find-
ings from the single-frequency band feature analysis in Sec-
tion 3.2, confirming that the 6 and B bands possess stronger
discriminative power in AD/FTD classification.

3.4 Impact of Data Volume Dimension on Results

To evaluate the model’s performance under different
training data scales, this study utilized 20%, 40%, 60%,
and 80% of the dataset as training sets. Five-fold cross-
validation was conducted under identical experimental con-
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Table 4. Statistical comparison of fusion strategies based on Accuracy and F1-score.

Method Accuracy [95% CI]  Fl-score [95% CI]  p-value (vs. Ours)
Baseline 0.862 [0.847,0.876] 0.870[0.860, 0.881] <0.001
Single-SSL 0.866 [0.839, 0.893] 0.868 [0.843, 0.894] <0.001
Autoencoder 0.892[0.868, 0.916] 0.894[0.871,0.917] <0.001
Average Pooling  0.910[0.903,0.918] 0.909 [0.901, 0.918] 0.0089
Attention Fusion 0.909 [0.901, 0.917] 0.908 [0.899, 0.917] 0.0062

Ours 0.931[0.922,0.941] 0.929[0.919, 0.940] -

Attention Weights Distribution Across Frequency Bands

0.40 A

0.35 -

0.30 g
—_ 1T
0.25 -

0.20 -

Attention Weight

0.15

0.10 -

0.05 -

=

0 (4-8 Hz) a (8-13 Hz)

B (13-30 Hz) v (30-48 Hz)

Frequency Bands

Fig. 4. Attention weight distributions of Ours across 0, a, B, and y frequency bands.

ditions, and performance was compared with the Baseline
method. Table 5 summarizes the classification performance
metrics obtained under different training data volumes. The
results show that when using 20% of the training data, both
models achieve comparable performance. However, the
proposed model outperforms the Baseline across all met-
rics, demonstrating greater stability. As the amount of train-
ing data increases, the model performance exhibits a steady
upward trend, with notably larger gains over the Baseline
at 40% and 60% training data ratios. Overall, the proposed
method surpasses the Baseline across all data scales, con-
firming its effectiveness and robustness.

3.5 Performance Comparison With Existing Studies

To comprehensively evaluate the effectiveness of the
proposed model, this study compares the classification per-
formance of AM-SSF with recent methods applied to the
same public dataset for AD and FTD discrimination. Table
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6 (Ref. [11,27,28]) summarizes the feature extraction tech-
niques, classification models, and key performance metrics
of these studies.

Recent related studies have primarily focused on ex-
tracting handcrafted features from the sensor space, such
as nonlinear dynamics and network connectivity, and com-
bining them with traditional machine learning classifiers for
prediction. For example, Rostamikia et al. [11] systemati-
cally extracted multidimensional handcrafted features, in-
cluding time-domain, frequency-domain, nonlinear com-
plexity, and brain network connectivity features, and em-
ployed an SVM classifier, achieving a highest accuracy
of 87.8% under 10-fold cross-validation. Another study
utilized manually extracted Singular Value Decomposition
(SVD) entropy features combined with a sliding window
technique with 90% overlap and a K-Nearest Neighbors
(KNN) model, reporting an accuracy of 91.0% [27]. In ad-
dition, a brain network analysis method based on cross-plot
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Table 5. Comparison of classification performance between AM-SSF and baseline methods under different training data

proportions.
Data volume  Method Accuracy Precision Recall Fl-score
20% Ours 0.764+0.210 0.719+0.385 0.698+0.401 0.682+0.365
Baseline  0.738 £0.148  0.639+0.367 0.717+0.393  0.647 +0.339
40% Ours 0.862+0.115 0.874+0.181 0.884+0.122 0.857 +0.109
Baseline  0.786+0.149  0.806+0.202 0.869+0.189 0.795+0.130
0% Ours 0.877+0.066 0.876£0.100 0.858 £0.059 0.864 +0.068
Baseline  0.645+0.095 0.599+£0.103 0.694+0.089 0.640 £+ 0.087
80% Ours 0.931+£0.033 0914+£0.066 0.949+0.032 0.929+0.037
Baseline  0.862+0.051 0.831+£0.094 0.926+0.051 0.870+0.036

AM-SSEF, Attention-based Multi-frequency Self-supervised Fusion Model.

Table 6. Performance comparison of methods for AD vs. FTD classification on the same dataset.

Reference Feature Space Classifier/Model Accuracy  Fl-score
Ranjan and Kumar (2024) [28] Sensor space (CPTE network parameters) RF/KNN 0.876 -
Rostamikia et al. (2024) [11] Sensor space (Multi-dimensional hand-crafted features) SVM 0.878 -
Lal et al. (2024) [27] Sensor space (SVD entropy) KNN 0.910 0.915
Ours Source space (Self-supervised features) Attention fusion + RF  0.931 0.929

AD, Alzheimer’s disease; FTD, frontotemporal dementia; CPTE, Cross-plot transition entropy; RF, Random Forest; KNN, K-Nearest Neigh-

bors; SVM, Support Vector Machine; SVD, Singular Value Decomposition.

transition entropy (CPTE) achieved an overall accuracy of
87.6% in distinguishing between the two groups [28].

In contrast, the proposed AM-SSF model achieves
a highest accuracy of 93.1%, demonstrating the advan-
tage of deep self-supervised representation learning over
traditional handcrafted feature engineering. This study
overcomes the physical limitations of the sensor space by
employing deep networks to extract neural energy fea-
tures in the source space, effectively reducing spatial blur-
ring caused by volume conduction effects. Furthermore,
the introduced multi-frequency-band self-supervised fusion
mechanism eliminates the need for manually selecting spe-
cific frequency bands based on prior knowledge, enabling
adaptive integration of high-dimensional discriminative in-
formation across the full spectrum.

4. Discussion

This study proposes an attention-based multi-
frequency self-supervised fusion model designed to
classify AD and FTD using EEG signals. The model
learns disease-specific representations from distinct EEG
frequency bands through independent self-supervised
encoders. Under the supervision of the classification task,
the model employs an attention mechanism to adaptively
integrate cross-frequency features, thereby enhancing its
ability to capture disease-related information. Experi-
mental results demonstrate that the proposed AM-SSF
model significantly outperforms both single-band models
and conventional fusion methods in overall classification
performance while maintaining high robustness under
small-sample conditions.
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4.1 Analysis of Single-Band Feature Self-Supervised
Representations

First, the performance of individual frequency bands
was evaluated within the SSL framework. The results indi-
cated that self-supervised features from the 6 and B bands
achieved the best classification performance, with average
accuracies of 90.5% and 85.7%, respectively. In contrast,
the a and y bands achieved relatively lower accuracies,
ranging from 60% to 70%. These findings reveal signifi-
cant differences in the contributions of various frequency
bands to dementia classification, with the 6 and B bands ex-
hibiting stronger discriminative power. Further evidence
from clustering metrics and t-SNE visualization corrobo-
rated these findings, showing superior category separation
of 0 and P band features in the latent space. This discovery
is consistent with existing neurophysiological evidence on
abnormal 0 and f oscillations in AD and FTD [29,30], sug-
gesting that subsequent multi-band fusion strategies should
prioritize these critical frequency bands.

4.2 The Role of Multi-Band Self-Supervised Learning and
Attention Fusion in Downstream AD/FTD Classification
In the AD/FTD classification task, although the base-
line method exhibited some discriminative capability, its
overall performance remained limited. After introduc-
ing multi-frequency self-supervised features, the model
achieved a significant improvement in classification perfor-
mance, indicating complementary information across fre-
quency bands. Notably, both average pooling and attention
fusion achieved comparable performance; however, aver-
age pooling could not differentiate the relative importance
of frequency bands, whereas the attention mechanism adap-
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tively adjusted the weight distribution. When further com-
bined with cross-entropy supervision, the model achieved
the best overall performance (accuracy = 0.931). Specifi-
cally, the 6 and B frequency bands received higher attention
weights, consistent with single-band results and supported
by existing neuroscientific evidence. This outcome high-
lights the advantage of the attention mechanism in feature
fusion and demonstrates the model’s ability to focus auto-
matically on the most relevant frequency band features.

4.3 Model Validity Under Small Sample Conditions

Under small-sample conditions, the proposed model
maintained robust performance (accuracy = 76.4%) and
outperformed the baseline in both precision and F1-score.
This demonstrates that self-supervised pretraining, together
with attention fusion, effectively mitigates performance
degradation under limited data conditions. As the train-
ing dataset expanded, model performance progressively im-
proved, reaching its peak at 80% data coverage (accuracy
=93.1%). The proposed method consistently outperformed
the baseline across all data proportions, confirming its ro-
bustness and stability under small-sample scenarios. This
characteristic is particularly valuable for EEG research sce-
narios with limited data availability and high annotation
costs.

4.4 Computational Complexity

In practical applications of medical artificial intelli-
gence, whether an auxiliary diagnostic model can be de-
ployed in real clinical environments is largely constrained
by computational complexity. To this end, we evaluated
the computational cost of the proposed AM-SSF model. In
terms of theoretical computational scale, the model avoids
large-scale deep matrix operations. The total number of
trainable parameters in the deep learning component is
350.34 K, and the floating-point operations per single for-
ward pass (FLOPs) amount to 0.35 M. In terms of practical
runtime efficiency, the average inference time per sample is
54.06 milliseconds, which meets the requirements of auxil-
iary diagnosis in real clinical scenarios.

4.5 Limitations

Nevertheless, several limitations should be acknowl-
edged. First, this study currently relies on a single-
center cohort. In real-world settings, EEG acquisition de-
vices and subject population characteristics vary inherently
across different clinical centers, which may introduce un-
known effects on the stability of multi-frequency-band self-
supervised features. Therefore, future work should incor-
porate multi-center cohorts to validate cross-domain gener-
alization ability. Second, the current attention mechanism
only reveals feature importance at the frequency-band level
and has not yet established precise spatial mapping rela-
tionships between abnormal frequency bands and specific
affected brain regions or dynamic neural circuits. Finally,
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the subjects included in this study are primarily typical AD
and FTD patients, and the model’s discriminative ability
has not been fully evaluated in clinically common mixed
dementia cases or patients at very early disease stages. Fu-
ture work will focus on integrating EEG source localization
techniques to construct a spatio-temporal-frequency multi-
dimensional interpretable fusion framework, and to vali-
date and optimize the model in real clinical cohorts with
more complex pathological types. Meanwhile, consider-
ing the efficient optimization of feature fusion weights, ad-
vanced swarm intelligence optimization algorithms may be
explored in the future to further enhance the model’s gen-
eralization performance in complex environments [31].

5. Conclusions

In this study, a model termed AM-SSF is proposed for
the classification of AD and FTD. The model enhances fea-
ture representation through self-supervised pretraining and
employs an attention mechanism to adaptively weight in-
formation across distinct frequency bands, thereby enabling
the effective integration of discriminative features. Ex-
perimental results demonstrate that AM-SSF significantly
outperforms baseline methods across varying training data
proportions. Its highest accuracy reaches 93.1%, with an
Fl-score of 92.9%, and it maintains robustness even un-
der small-sample conditions. Furthermore, the attention
fusion module with cross-entropy supervision not only en-
hances classification performance but also improves the in-
terpretability of frequency-band weighting. The model as-
signs higher attention weights to the 8 and B bands, which
aligns with previously reported EEG rhythm abnormalities
in AD and FTD, thereby supporting the biological plausi-
bility and interpretability of the proposed approach.
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