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ARTICLE INFO ABSTRACT
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Accurate and efficient detection of Alzheimer’s Disease (AD) and Frontotemporal Dementia (FTD) poses
significant challenges in neuroscience and healthcare. Our proposed Al framework, Dual-Transformer Cross-
Attention Network (DTCA-Net), combines deep learning and directed Phase Transfer Entropy (dPTE) to
optimize channel selection crucial for the detection of AD and FTD. Our method identified six critical EEG
channels (F7, F8, T3, T4, O1, and 02) through dPTE analysis. We propose the DTCA-Net architecture, which
fuses dPTE and differential entropy (DE) features via a multi-head cross-attention layer, projecting dPTE into
queries and DE into keys/values over the temporal dimension, so that connectivity (dPTE) shifts are explicitly
aligned with spectral complexity (DE), yielding richer spatiotemporal representations. By leveraging a reduced
set of EEG channels identified via dPTE, DTCA-Net performance is comparable to previous state-of-the-art
models. Additionally, we introduce an adaptive post-processing voting mechanism to enhance subject-level
predictions. This approach achieves an F1 score of 84.9% for AD vs. control (CN) detection and 66.5% for
FTD vs. CN detection. Overall, compared to traditional full-channel utilization, our model demonstrates the
practicality of a reduced-channel solution for clinical applications in AD and FTD detection, enhancing the
accessibility and cost-effectiveness of EEG-based diagnostics. The code has been released on GitHub.
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1. Introduction Resonance Imaging (MRI), molecular Positron Emission Tomography

(PET) neuroimaging, and cerebrospinal fluid analyses, are commonly

Alzheimer’s Disease (AD) is a progressive neurodegenerative dis-
order and is the most commonly diagnosed form of dementia in the
elderly [1]. According to the World Health Organization (WHO), AD is
the sixth leading cause of death among all diseases [2]. AD prevalence
is estimated to double every 20 years, reaching 75 million by 2030
and 131 million by 2050 [3]. Notably, 68% of the anticipated global
increase in dementia prevalence by 2050 will occur in low- and middle-
income countries, where current evidence indicates no decline in the
risk of AD and other types of dementia [4].

As the number of individuals affected by dementia continues to
rise, the demand for timely and accurate AD and another type of
dementia, such as Frontotemporal Dementia (FTD) diagnosis, becomes
increasingly critical. Current diagnostic methods, including Magnetic

used in clinical practice [5]. However, these techniques are often ex-
pensive and time-consuming, resulting in delayed diagnoses, typically
after significant neurodegeneration has occurred. This highlights the
need to explore alternative, faster, and more cost-effective options.
One alternative option for the detection of AD or other type of de-
mentia is Electroencephalography (EEG), a non-invasive neuroimaging
technique that captures electrical activity produced by action potentials
across various brain regions. This method shows promise in detecting
distinct patterns associated with AD, potentially enabling early and
more accessible diagnoses [6-8]. Moreover, the observed alterations
in brain activity and disruptions in neural networks are key features
of both AD and FTD [9]. Consequently, EEG emerges as a valuable
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diagnostic option for these conditions, offering the temporal resolu-
tion necessary to match the speed of cognitive processes and thereby
facilitating a deeper understanding of neural network disruptions.

Understanding the connectivity for AD is crucial, as AD is marked by
disruptions in intercellular communication, which are critical for main-
taining effective neural connectivity. Two key types of neuropatho-
logical changes underlie these impairments: first, Beta-amyloid (Ap)
protein molecules can cluster to form extracellular deposits that inter-
fere with neuronal functioning and intercellular communication [10]
and second, Neurofibrillary tangles consisting of tau proteins that have
become twisted into paired helical filaments; these tangles can alter the
structure of neuronal axons and increase cell loss [11]. Consequently,
these pathological changes could lead to alterations in brain activity.
For instance, a recent study [12] found that the Af accumulation
triggers neuronal hyperactivity and hyperconnectivity in brain regions
vulnerable to tau pathology (e.g., temporal lobes). Another study [13]
found that greater tau burden was associated with lower segregated
and integrated functional connectivity of Default Mode Network (DMN)
regions but was related to higher functional connectivity in the salience
network. Additionally, [14] found that in FTD, functional connectivity
changes extend beyond the salience network and affect the interplay
between networks. Moreover, another study [15] found that both AD
and FTD subjects showed increased mean Phase Lag Index (PLI) values
in the theta frequency band, showing that they have some similar
neural connectivity characteristics. It is therefore crucial to explore the
connectivity distribution among AD, FTD, and CN individuals.

Recent advances in EEG-based functional connectivity analysis have
proven effective not only for AD identification using novel machine
learning frameworks such as network-based Takagi-Sugeno-Kang (N-
TSK) models [16], but also for understanding brain network modu-
lation in other clinical and therapeutic settings. For example, stud-
ies have demonstrated that EEG-derived functional connectivity and
spectral power can be modulated by acupuncture stimulation, pro-
viding insights into the brain’s response to treatment [17], and that
periodic-aperiodic EEG measurements can be used to evaluate thera-
peutic efficacy in clinical applications for neural disorders [18]. To that
extent, a recent study [19] introduced a neural-manifold decoder for
acupuncture stimulation based on representation learning, achieving
92.42% precision and offering an effective method for revealing the
clinical efficacy of acupuncture treatment. These findings underscore
the broad utility of functional connectivity analysis in both disease
characterization and therapeutic monitoring.

Previous research has leveraged the potential of EEG to develop
advanced machine learning models to predict AD [20-23]. While they
have achieved suitable results, a question that remains is how such
models can be adapted for practical use by physicians. Notably, pre-
vious research [20-22] has employed EEG systems with 19 electrodes,
which, while effective, can potentially be reduced further. A reduction
in the number of channels could lead to the development of more
compact and computationally efficient models.

To that extent, we employed the Phase Transfer Entropy (PTE) [24,
25] method, which measures the information flow between EEG chan-
nels, and is well-suited for identifying key connectivity patterns in
AD, FTD and CN Individuals. Recent research [26] has demonstrated
the utility of directed PTE in distinguishing between Attention Deficit
Hyperactivity Disorder (ADHD) and healthy children using EEG data,
proving its applicability.

In our study, rather than selecting channels based solely on sig-
nificant group differences, we focus on identifying EEG channels that
consistently exhibit strong connectivity across AD, FTD and CN indi-
viduals. This strategy aims to find a stable, minimal subset of channels
that are informative regardless of group status, addressing a channel
selection gap left by previous studies such as [20-23,27]. We aim to
determine whether this reduced, cross-group channel set can achieve
performance comparable to or better than approaches that utilize all
available EEG channels.

In summary, our research makes the following main contributions:
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1. We introduced PTE for channel selection across AD, FTD, and
CN groups, which showed consistently strong connectivity in five
frequency bands.

2. We proposed a Dual-Transformer Cross-Attention Network
(DTCA-Net) that integrates PTE-derived connectivity and differ-
ential entropy (DE) features from the selected EEG channels to
achieve accurate dementia classification.

3. We implement an adaptive post-processing mechanism that opti-
mizes prediction sensitivity by determining an optimal threshold
on the training data and applying it to test examples for robust
classification of AD, FTD, and CN.

2. Literature review
2.1. EEG-based Alzheimer’s disease prediction

Several studies have investigated EEG-based prediction of AD. Mil-
tiadous et al. [20] extracted frequency-band power features from 4-s
resting-state EEG epochs in AD, CN, and FTD cohorts, training classi-
fiers to distinguish AD vs. CN and FTD vs. CN. They later extended
this work to 30-s windows, incorporating relative power and spectral
coherence within a dual-transformer architecture to achieve F1 scores
of 84.12% for AD vs. CN and 62.27% for FTD vs. CN [21]. Jain
et al. [28] applied a fuzzy-logic and spiking neural network (FLSNN)
approach to the same dataset, reporting 96.82% accuracy, and Jiang
et al. [29] demonstrated 94.32% accuracy using spectral coherence
features across AD, FTD, and CN groups. However, an important con-
sideration is that most previous studies [20-22,27-30] have used 19
EEG channels for AD detection, where each channel captures unique
information from across the entire brain, allowing the model to learn
a broad range of features. However, using all 19 channels may not be
strictly necessary. Also, in practice, setting up an EEG gel-based system
for patients typically takes between 12 and 60 min [31]. On the other
hand, portable EEG devices usually have fewer channels and could
reduce the setup time to less than 20 min [32]. Therefore, a channel
selection method to identify the most consistently relevant channels
across AD, FTD, and CN groups could help produce faster assessments
with higher performance. In this study, we focused on PTE functional
connectivity to find the most consistent channels across AD, FTD and
CN groups and used those channels only to train the model.

2.2. EEG connectivity measures

There are several methods, other than PTE, that give different in-
formation about the connectivity of EEG channels in AD detection. The
most often used is spectral coherence, which provides a measure of how
consistently two EEG channels maintain the same phase relationship
across different frequency bands [33,34]. The spectral coherence has
been used by previous work [21,29] to identify AD, FTD and CN groups
with high performance. Another method is the Phase Locking Value
(PLV) [35-37], which measures the consistency of the phase difference
between two signals over time. The core difference is that spectral
coherence accounts for both amplitude and phase relationships, while
PLV focuses solely on phase information.

In addition to these, other connectivity metrics — such as Amplitude
Envelope Correlation (AEC), imaginary coherence, Phase Lag Index
(PLI), and weighted Phase Lag Index (wWPLI) — have also been used
and compared. Notably, Briels et al. [38] demonstrated that both the
selected connectivity metric and the analyzed frequency band signifi-
cantly influence AD-related outcomes. For instance, Engels et al. [39]
reported that PLI specifically detects a decline in functional connec-
tivity in the alpha band as AD severity increases. By contrast, PTE
offers a fundamentally different approach, measuring the directional
flow of information by quantifying how the past state of one signal
contributes to predicting the future state of another [24,25]. This
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sets PTE apart from symmetric, non-directional functional connectiv-
ity measures like spectral coherence, PLV, PLI, wPLI, and imaginary
coherence, which primarily assess synchronous relationships without
causal inference. While various functional connectivities have been
used to identify group-specific patterns in AD, FTD, and CN popu-
lations, our study instead leverages PTE to uncover electrodes that
consistently exhibit higher directional connectivity across all groups.
Our aim is not to highlight group differences, but to identify common
channels that maintain prominent causal interactions regardless of clin-
ical condition—an approach better suited for robust channel selection
than group-wise comparisons alone.

3. Methods
3.1. Dataset

The dataset [20] used in this study consists of EEG resting-state
recordings (with eyes closed) from three distinct groups of older adults:
the AD group (36 subjects), the CN group (29 subjects), and the FTD
group (23 subjects), totaling 88 subjects. The EEG recordings include
signals from 19 scalp electrodes, namely: Fpl, Fp2, F7, F3, Fz, F4, F8,
T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, and O2. The sampling rate
for all recordings was set at 500 Hz. The duration of recordings varied
across the groups. For the AD group, recordings lasted an average
of 13.5 min (minimum: 5.1 min, maximum: 21.3 min). For the FTD
group, the average recording duration was 12 min (minimum: 7.9 min,
maximum: 16.9 min). For the CN group, the average recording duration
was 13.8 min (minimum: 12.5 min, maximum: 16.5 min). In total, the
dataset includes 485.5 min of recordings from the AD group, 276.5 min
from the FTD group, and 402 min from the CN group.

The data were preprocessed by the authors of the dataset [20]
which included applying a 0.5-45 Hz bandpass filter, using the Artifact
Subspace Reconstruction (ASR) routine to remove persistent or large-
amplitude artifacts, and performing Independent Component Analysis
(ICA) to eliminate ocular and jaw artifacts. This thorough preprocessing
ensured that the data was clean and ready for analysis.

3.2. Phase transfer entropy

We first downsampled all EEG signals to 256 Hz and then performed
a 9-level Discrete Wavelet Transform (DWT) with the Daubechies-4
(“db4”) wavelet, yielding detail coefficients D1-D9 whose frequency
ranges (in Hz) were D1: 0.5-1, D2: 1-2, D3: 2-4, D4: 4-8, D5: 8-16,
D6: 16-32, D7: 32-64, D8: 64-128 and D9: 128-256. We reconstructed
only those levels corresponding to our frequency bands — D1-D3 for
delta (0.5-4 Hz), D4 for theta (4-8 Hz), D5 for alpha (8-16 Hz), D6 for
beta (16-32 Hz) and D7 for gamma (32-64 Hz) — then converted each
band-limited signal to instantaneous phase via the Hilbert transform.

Following the phase computation, we calculated the delay z, which
represents the average number of time steps between consecutive zero-
crossings in the phase signal. Zero-crossings serve as natural markers
of phase progression, indicating transitions between oscillation cycles.
The delay is calculated as:

L N
Zero Crossings

(€Y

where N is the total number of time points in the signal. The delay
7 is essential for segmenting the phase time series into its current
state and future state after discretizations. It ensures that the anal-
ysis is performed over meaningful time intervals, aligned with the
signal’s inherent oscillatory behavior. This is important because re-
cent work [40] has found that alterations in oscillatory dynamics can
distinguish between AD patients and healthy individuals.

After calculating the delay, we discretized the signals to estimate
the joint and marginal probability distributions required for entropy
calculations. The phase signal ¢(¢) is divided into discrete bins based on
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a bin size computed using Eq. (2). This bin size is determined according
to the Scott’s rule [41]:

LY 6y

d=c- YE

(2

where ¢ is a constant (set to 3.49), m is the number of EEG channels
(rows in the phase matrix), n is the number of time points (columns in
the phase matrix), and 6,(¢) denotes the standard deviation of the ith
channel’s phase values. The phase signal ¢(¢) is then discretized into
bins using this bin size as follows:

¢(t)]

¢q(0) = [— 3)

A

The overall EEG signal was converted to discretized phase signals.
Further, we divided the discretized phase signals into 10-s windows
with 50% overlap, and the joint and marginal probability distributions
based on Eq. (6) are estimated within these windows. Each window is
now looked at as an independent window and is divided into two, the
source signal (x) and target signal (y), based on the delay found from
Eq. (1). The joint entropy of two variables, )’ (the future state) and y
(the current state), is defined as:

H(,y) == p('.ylogp(y/, y), )
vy

where p(y’, y) is the joint probability distribution of y’ and y. Similarly,

the joint entropy for three variables — y/, y, and x — is given by:

H(Y .y, 0 ==Y p0/,y.x)logp(, y,%). ©)
¥opx

Using these definitions, the PTE from x to y is expressed as:
PTE(x = )= HY, )+ Hp,x)~ HY) — HY, ) (6)

Here, H()', y) represents the entropy of the joint distribution of the
future (') and current (y) states of the target phase, H(y,x) captures
the entropy of the joint distribution of the current target phase and the
source phase, H(y) is the entropy of the current state of the target phase
alone, and H(y, y, x) accounts for the joint entropy of the future target
phase, the current target phase, and the source phase. By measuring the
directional information flow from x to y, PTE provides insights into the
interactions between brain regions, which may differ in conditions such
as AD and FTD vs CN.

For the forward direction, the directed PTE was calculated as:

PTE(x — y)

PTE -
dPTEG = %) = 5T = ) + PTEG 5 )

(7)

which represents the proportion of total information transfer that oc-
curs from x to y. Similarly, for the reverse direction, the directed PTE
is computed as:

PTE(y — x)

dPTE(Y = %) = S ) TPTEG = )

®

Here, the denominator normalizes the PTE values by the total
transfer entropy between x and y, ensuring that the sum of dPTE values
for both directions is always equal to 1:

dPTE(x — y) + dPTE(y —» x) = 1. 9

This normalization enables a direct comparison of the relative infor-
mation transfer in each direction, providing a measure of the interac-
tion between x and y signals. Finally, the mean PTE for each subject was
calculated by averaging the PTE values across all windows for different
frequency bands. The resulting matrices for each subject was square
matrices that represent the directional flow between one EEG channel
to another for each frequency band.
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3.3. Ranking EEG channels based on dPTE

To rank the top N source and target EEG channels across different
frequency bands, we leveraged the dPTE. We first formed an indepen-
dent selection set of five subjects per class (CN, AD, and FTD), yielding
15 subjects in total. Channel ranking and hyperparameter tuning were
conducted exclusively on this subset, which was then excluded from all
subsequent model training.

Given a dPTE matrix, where each entry dPTE,; quantifies the di-
rectional influence from channel i (source) to channel j (target), we
computed two influence scores per channel:

For each channel i, the total source influence is computed by sum-
ming its outgoing connections across a row:

m
Tsource,i = Z dPTEi,/" (10)
=

Channels with larger row sums exert a stronger influence on others.
Similarly, for each channel j, the total target influence is calculated
by summing the incoming connections down a column:

m

Tiarger; = 2, dPTE, ;. an
i=1

Channels with larger target values receive more influence from others.

We applied this computation for each frequency band and ranked
the channels based on these source and target influences. Specifically,
for each subject within each frequency band, we extracted the top N
channels showing the greatest row (source) and column (target) sums.
We also selected the strongest N channel-to-channel connections by
picking the largest dPTE, ; values.

Next, we aggregated the subject-level rankings to derive a group-
level perspective on the most influential channels and their inter-
connections. In this group-level analysis, we counted the number of
subjects in which each channel or connection appeared within the top
N. Rather than focusing solely on the strength of individual connec-
tions, we emphasized the consistency of appearance in the top N across
subjects. The rationale is that if a channel frequently ranks among the
top N, it consistently exhibits stronger connections relative to other
channels, making it a more reliable indicator of network importance.
This consistency suggests that the channel plays a significant role across
different subjects. Finally, we merged the results from all groups (CN,
AD, and FTD) to identify globally influential channels and connec-
tions that exhibit robust directional connectivity regardless of clinical
condition.

3.4. Feature extraction and preprocessing

Two EEG-derived features, x; and x,, were used to train the model.
x, utilizes the dPTE from EEG data, where each subject’s one-minute
EEG data segment was divided into eleven overlapping segments, each
with a duration of ten seconds, maintaining a 50% overlap between
consecutive segments. The dPTE was computed using DWT, as men-
tioned in Section 3.2, for each of these segments across five frequency
bands. The extracted features from each segment were structured into a
multi-dimensional input matrix for our model, represented as B; x W X
F; XC; xC,, where B, denotes the batch size, W, represents the eleven
ten-second windows, F; corresponds to the five frequency bands, and
C, x C, is the square matrix of dPTE values for the EEG channels.

x, uses differential entropy (DE). The differential entropy is defined
as follows:

h(X) / T Lo L -5 > dx = 2 log(2rec?)
= - e 20 og e 20 x = = log(lreo
- /2702 V2ro? 2

(12)

where it is assumed that the EEG signals X follow a Gaussian distri-
bution. The entropy of a Gaussian-distributed signal increases logarith-
mically with the variance o2, which reflects the level of uncertainty
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or variability in the EEG signal. The constant 2ze in the entropy
expression arises from the mathematical properties of the Gaussian dis-
tribution. DE is a widely used feature in EEG-based emotion recognition
models [42-44] because it captures additional variability information
beyond mere power measurements. This additional insight into fre-
quency variability could also be beneficial for analyzing AD and FTD
subjects. As previous research [20,21] has shown significant power
shifts between groups without quantifying the extent of variability.

The features extracted using DE, with DWT similar to PTE feature
extraction, were shaped as B, x C, x F,, where B, represents the batch
size, C, is the number of EEG channels, and F, denotes the frequency
bands. In contrast to x;, we did not include an additional W, dimension
because DE already encapsulates the variance information; adding an-
other dimension would be redundant and would unnecessarily increase
the complexity of the data. Finally, the extracted features, x; and x,,
provide comprehensive insights into the temporal, spectral, and spatial
characteristics of the EEG signals, ensuring an effective representation
for our proposed architecture.

Furthermore, feature normalization was performed separately
within each cross-validation fold to avoid data leakage. For fold k,
miny(x) and max,(x) denote the minimum and maximum of feature
x computed over the training subjects in that fold. We then applied
Min-Max scaling to both training and held-out test features as

x — miny (x)

Xnorm = . . (13)
max (x) — miny (x)

This ensures that the scaler parameters are never informed by the test
data.

3.5. Network architecture

3.5.1. Dual-input transformer encoders

The proposed network architecture, shown in Fig. 1, consists of dual
inputs. The first input, x,, represents PTE features with an input shape
defined as By, W), F; x C; x C,. Here, B, denotes the batch size, W,
represents 11 overlapping 10-s windows that constitute 1 min of EEG
data (with 50% overlap), F, corresponds to the frequency bands, and
C, x C, is a square matrix representing the PTE. It is important to
note that the dimensions F; X C; x C, are reshaped/flattened, forming
the third dimension of the input. The second input, x,, consists of DE
features. In this input, the shape is defined as B,, C,, F,. Additionally,
a learnable positional embedding is applied exclusively to x; to enable
the model to capture temporal variations within the PTE features.

Both inputs are processed through independent transformer encoder
layers, enhancing the feature representations of x; and x, to produce
the outputs 7, and 1,, respectively. The architecture employs two trans-
former encoders, each utilizing a dropout rate of 0.4, five multi-head
attention heads, two transformer encoder layers, and feed forward
dimension set to 512. To prevent data leakage, hyperparameters —
including dropout — were optimized on a subset of 5 subjects per
class for the binary classification task (CN-AD). More details about the
model’s hyperparameters are detailed in Table 1.

3.5.2. Multi-head cross-attention mechanism

After being processed through the transformer encoders, the fea-
tures ¢; and ¢, are obtained, shown in Fig. 1, and are further refined
using a multi-head cross-attention mechanism [45]. This mechanism
combines the outputs using scaled dot-product attention, as shown in
the equation below:

. QKT

Attention(Q, K, V) = softmax \Y 14
dy

where Q € RYo*% is the query matrix, K € REx*d is the key matrix,

V € RE&*4 js the value matrix, and d, is the dimensionality of the keys

and queries, used to scale the dot-product for numerical stability.
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Fig. 1. Overview of the proposed model architecture. The input features x, (Phase Transfer Entropy features, with dimensions B,,W;, F; x C, X C,) and x, (Differential Entropy
features, with dimensions B,,C,, F,) are processed through separate stacks of N-layer Transformer Encoders, producing intermediate representations 7, and r,, respectively. These

representations are fed into the Multi-Head Cross-Attention Mechanism, where ¢, serves as the query Q, and t, provides the keys K and values V. The cross-attention output

undergoes scaling, softmax, and aggregation, followed by a classifier that includes a flattening step and a fully connected (FC) layer, producing the final predictions .

Table 1

DTCA-Net hyperparameter search space. Best parameters (in bold)
were selected using a subset of five subjects per class for CN vs.
AD classification, and then applied to CN vs. FTD as well.

Hyperparameter Value
PTE Branch Input
dmodel 180
DE Branch Input
dmodel 5
Common Parameters
dhidden 256, 512, 1024
Mayers 1,234
Mheads 1,5
doutput 64, 128, 256
Paropout 0.1, 0.2, 0.3, 0.4
Multi-Head Cross-Attention
dCl’OSS 128
Mheads 2, 4, 8,16
Training Settings
L (Loss Function) CrossEntropyLoss
n (Learning Rate) 1x107*
N, 100

epochs

In our framework, the PTE features are used as Q, as they represent
directional relationships between EEG channels that query additional
spectral context. The DE features are assigned to K and V, providing
frequency-domain information that the PTE queries can attend to. This
design allows the model to augment causal interaction features (PTE)
with complementary spectral details (DE), producing a richer, more
informative representation.

The multi-head cross-attention mechanism applies multiple atten-
tion heads to jointly attend to different representation subspaces at dif-
ferent positions. The equation for the multi-head attention mechanism
is defined as:

MultiHead(Q, K, V) = Concat(head,, head,, ..., headh)WO (15)

head, = Attention(QW?, KWX, VW) (16)

where W,.Q, W,.K , and W}’ are learnable parameter matrices for each
attention head, and WO is the output projection matrix.

We used eight heads for the multi-head cross-attention mecha-
nism. The output of the multi-head cross-attention mechanism is then

flattened and passed through a dropout layer with a rate of 0.7 to
prevent overfitting. We chose this specific dropout rate because previ-
ous work [46] demonstrated that a similar setting after their attention
fusion module improved the model’s generalization on a different EEG
classification task. Finally, a classification layer projects the features
into a binary classification space, enabling the model to distinguish
between the two target classes effectively.

3.6. Performance evaluation method

For performance evaluation, we employed a subject-stratified 10-
fold cross-validation strategy, repeated 30 times. The number of ex-
periments was set to 30 to ensure statistical power to perform a
confidence interval across the accuracy of the experiments. In this
setup, the data from each subject appears exclusively in either the train-
ing or the test set, ensuring no data leakage across folds. This design
is particularly well-suited for biomedical and physiological datasets,
where inter-subject variability is high and the ability to generalize to
unseen subjects is critical. By using subject-stratified partitioning and
repeated trials, we obtain a more robust and reliable estimate of model
performance.

Furthermore, we incorporate a post-processing voting mechanism to
consolidate sample-level predictions into a single subject-level decision.
Let )A’S’,- represent the predicted label for the ith sample of subject s,
where ¥,; = 1 indicates a prediction of “AD or FTD” and ¥;; = 0
otherwise. The subject-level prediction ¥, is then determined by the
following equation:

S
¥ = 1 if N Z Y,
i=1

0 otherwise.

v

6 a7

where N, is the total number of samples for subject s, and 6 represents
the predefined thresholds (20%, 30%, 40%, 50%). This method com-
putes the ratio of a subject’s samples classified as “positive” (e.g., AD)
and compares it to the threshold 6. The threshold for the test set is
determined by selecting the best threshold identified on the training
set. By adjusting 6, we can control the trade-off between recall and
specificity at the subject-level.

Finally, the subject-level predictions were used to compute evalua-
tion metrics, including accuracy, precision, recall, and F1 score macro.
It is important to note that the Area Under the Receiver Operating
Characteristic Curve (AUC-ROC) score was calculated at the sample-
level, rather than at the subject-level, in order to obtain a more precise
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Table 2
Top 5 most frequent outgoing channels.
Channel Hits Groups (C/FTD/AD)
01 39 4/5/4
02 37 4/5/4
F7 28 2/4/4
T4 27 4/2/4
C3 27 3/4/4

estimate of the true area under the curve. By aggregating predictions
at the subject-level for all other metrics, we ensure that the evaluation
more accurately reflects the model’s performance in a clinically mean-
ingful context—where diagnostic decisions are made on a per-patient
basis rather than per individual sample.

3.7. Experimental environment

Our method was implemented using PyTorch (Python version
3.10.13) and trained on an NVIDIA RTX A6000 GPU. The model was
trained for 100 epochs with a batch size of 32. We employed the Adam
optimizer with a learning rate of 1 x 10~ and utilized the standard
cross-entropy loss function to optimize the model. To address class
imbalance, we applied the Synthetic Minority Over-sampling Technique
(SMOTE) only to the training split within each fold of our stratified
cross-validation; no synthetic samples were ever used in validation or
test splits. This ensures that oversampling is fully nested inside each
fold and prevents any leakage of information from test subjects. Fi-
nally, we evaluated model generalization via 10-fold, subject-stratified
cross-validation repeated 30 times with different random splits.

We trained our model using only six EEG channels, selected based
on the most consistently and strongly connected nodes identified
through the dPTE analysis. The model’s hyperparameters, summarized
in Table 1, were tuned exclusively on a subset of five subjects used
during the dPTE-based channel selection process. These subjects were
then excluded from all subsequent model training and evaluation to
prevent data leakage and ensure fair assessment.

4. Results and experiments
4.1. Global top-5 EEG connections

The top-5 connections extracted separately for each frequency band
and participant group are plotted in Fig. 2. Pooling the per—band results
across all five bands yields three aggregate lists, outgoing sources,
incoming sinks, and complete source—target pairs, summarized in
Tables 2-4. Here, hits denotes the number of times a given channel
or connection was selected among the top-5 for each subject in a
specific frequency band, reflecting its consistency across subjects and
bands. The five channels that most frequently acted as sources were O1
(39 hits), 02 (37), F7 (28), T4 (27) and C3 (27). The most frequently
targeted channels were O1 (38 hits), T3 (36), 02 (32), F7 (31) and
C3 (27). The five edges with the greatest hit counts were O1-T4
(12 hits), 02—T4 (11), F7—-02 (10), F8—02 (10) and 02—T3 (9); the
corresponding group-wise hit distributions (CN /FTD/AD) are reported
in Table 4. These five connections involve six unique channels (01, 02,
T3, T4, F7, and F8) and represent the most consistent information-flow
pathways across diagnostic groups and frequency bands. Based on these
results, the six channels O1, 02, T3, T4, F7, and F8 were selected as
inputs for training our proposed DTCA-Net architecture.

4.2. Model performance

DTCA-Net demonstrated strong discrimination between CN and
AD participants. On the CN-AD task (Table 5), it achieved a mean
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Table 3
Top 5 most frequent incoming channels.
Channel Hits Groups (C/FTD/AD)
01 38 3/5/3
T3 36 5/4/3
02 32 3/5/4
F7 31 5/4/4
C3 27 4/3/4
Table 4

Top 5 most frequent connections.

Connection Hits Groups (C/FTD/AD)
Ol - T4 12 3/2/2
02 - T4 11 2/3/2
F7 - 02 10 3/2/1
F8 — 02 10 3/3/2
02 - T3 9 4/2/0

accuracy of 85.22% (+12.07) and an Fl-score of 84.92% (+12.17),
corresponding to 95% confidence intervals of [80.72%, 89.73%] for
accuracy and [80.38%, 89.47%] for F1. Precision and recall averaged
87.22% (+11.83) and 85.28% (+12.11), respectively, while the ROC
AUC reached 0.83 (+0.01; 95% CI [0.83, 0.84]). In the CN-FTD clas-
sification (Table 6), DTCA-Net yielded moderate performance, with a
mean accuracy of 67.72% (+11.45; 95% CI [63.45%, 72.00%]) and
an F1-score of 66.56% (+11.46; 95% CI [62.28%, 70.83%]). Precision
and recall were 67.78% (+12.31) and 70.83% (+14.55), respectively,
and the AUC-ROC was 0.63 (+0.03; 95% CI [0.63, 0.65]). These results
indicate that DTCA-Net consistently achieves at least 80% accuracy and
Fl-score in the CN-AD task across folds and repetitions, and between
63% and 71% in the CN-FTD task.

4.3. Ablation study

To assess the impact of dual-stream fusion, we compared DTCA-Net
against PTE-only and DE-only transformer variants. For CN-AD classifi-
cation (Table 5, Fig. 3), DTCA-Net reduced the AD-CN misclassification
rate to 15.9%, versus 17.2% for the PTE transformer and 23.8% for
the DE transformer. In CN-FTD classification (Table 6, Fig. 4), DTCA-
Net misclassified 28.7% of FTD cases, compared to 31.3% for PTE and
38.9% for DE. These results demonstrate that integrating PTE and DE
inputs via cross-attention consistently improves true positive rates and
lowers false negatives across both tasks.

4.4. State-of-the-art model comparison

Table 7 summarizes performance on the CN-AD and CN-FTD tasks
for DTCA-Net and nine benchmark models evaluated on a similar
dataset. On CN-AD, DTCA-Net achieves an F1 score of 84.9% with
only six channels, outperforming single-modality methods — LightGBM
(77.8%), MLP (75.3%), XGBoost (77.2%), MMSE (EEG) (79.0%) and a
CNN-based classifier (77.6%) — and closely matching the multimodal
DICE-Net (84.1%). Higher accuracies (96%-97%) reported by FLSNN
[28], N-TSK [16] and EEGConvNeXt [27] rely on the full 19 EEG
channels.

For CN-FTD, DTCA-Net attains an F1 of 66.5% using six channels,
substantially surpassing LightGBM (57.7%), MLP (59.2%), XGBoost
(57.4%) and DICE-Net (62.3%), and approaching the CNN-based model
(67.8%). EEGConvNeXt achieves 98.6% F1 on CN-FTD with 19 chan-
nels. Overall, DTCA-Net offers a favorable trade-off between mini-
mal channel usage, computational efficiency and robust classification
performance.
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delta - AD delta - CN delta - FTD delta - Global

Fig. 2. Top 5 connections identified from the dPTE calculation across all five frequency bands for each group. The first five rows represent the five frequency bands, while the
last row shows the global top 5 connections across all frequency bands. The first three columns correspond to each group (AD, CN, and FTD), and the final column represents the
top connections across all groups for each frequency band or across all frequency bands.
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Table 5
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Ablation study of CN-AD for the proposed model (%), each model’s first row presents mean and std over

30 repetitions of k-fold cross-validation at subject-level evaluation. The row below it shows the confidence
interval in brackets. AUC-ROC is reported at the sample-level.

Model Accuracy Precision Recall Fl-score AUC-ROC
DTCA 85.22 + 12.07 87.22 + 11.83 85.28 + 12.11 84.92 + 12.17 0.83 + 0.01
[80.72, 89.73] [82.80, 91.64] [80.76, 89.80] [80.38, 89.47] [0.83, 0.84]
PTE 78.67 + 10.42 80.83 + 11.47 78.89 + 10.48 78.44 + 10.32 0.78 + 0.01
[74.78, 82.56] [76.55, 85.12] [74.97, 82.80] [74.59, 82.30] [0.77, 0.78]
DE 70.78 + 6.31 71.81 + 7.88 71.67 + 7.64 70.76 + 6.27 0.80 + 0.02
[68.42, 73.13] [68.86, 74.75] [68.81, 74.52] [68.42, 73.10] [0.80, 0.81]
Table 6

Ablation study of CN-FTID for the proposed model (%), each model’s first row presents mean and std over

30 repetitions of k-fold cross-validation at subject-level evaluation. The row below it shows the confidence
interval in brackets. AUC-ROC is reported at the sample-level.

Model Accuracy Precision Recall Fl-score AUC-ROC
DTCA 67.72 + 11.45 67.78 + 12.31 70.83 + 14.55 66.56 + 11.46 0.63 + 0.03
[63.45, 72.00] [63.18, 72.37] [65.40, 76.27] [62.28, 70.83] [0.63, 0.65]
PTE 64.61 + 10.13 64.72 + 10.69 68.33 + 14.34 63.44 + 9.60 0.59 + 0.02
[60.83, 68.39] [60.73, 68.71] [62.98, 73.69] [59.86, 67.03] [0.59, 0.61]
DE 61.67 + 5.53 60.28 + 5.96 61.39 + 8.74 60.06 + 5.42 0.66 + 0.02
[59.60, 63.73] [58.05, 62.50] [58.13, 64.65] [58.03, 62.08] [0.66, 0.67]

73.2%

CN AD CN

(a) Dual Transformer

Fig. 3.

67.1% 63.5%

71.3%

CN FTD CN

(a) Dual Transformer

(b) PTE Transformer

(b) PTE Transformer

AD CN AD

(c) DE Transformer

Confusion matrices of transformer models for CN-AD classification.

CN 67.9%

68.7% FTD 61.1%

FTD CN FTD

(c) DE Transformer

Fig. 4. Confusion matrices of transformer models for CN-FTD classification.

5. Discussion
5.1. Importance of selected channels

The channels selected through dPTE analysis were O1, 02, T3, T4,
F7, and F8—primarily located in the occipital, temporal, and frontal
regions. These selections were based on data from only five subjects
per class (AD, CN, and FTD), due to the limited dataset. However, the
chosen regions align with prior findings that emphasize their relevance
in both AD and FTD. For instance, in the occipital region (O1 and
02), [15] reported that AD patients exhibited increased theta-band

node degree along with decreased alpha-band clustering coefficient and
local efficiency—a pattern not found in FTD. Our analysis similarly
revealed consistent activity in the occipital region, where channels
01 and O2 frequently acted as both sources and sinks (see Table 2).
Notably, all five FTD subjects showed high hit counts in these channels
(5/5), suggesting their potential significance.

Moreover, it is well-established that the frontal and temporal re-
gions are primarily affected in both AD and FTD [48-50]. In our
analysis, the selected frontal channels (F7 and F8) and temporal chan-
nels (T3 and T4) demonstrated intensified activity via dPTE channel
selection, further supporting their importance. Complementary to our
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Table 7

Model performance comparison for CN-AD and CN-FTD classification tasks.
Model Evaluation Protocol #Ch CN-AD CN-FTD

Acc F1 Acc F1

LightGBM [21] LOOCV 19 76.2 77.8 69.1 57.7
MLP [21] LOOCV 19 73.6 75.3 69.9 59.2
XGBoost [21] LOOCV 19 75.5 77.2 69.2 57.4
DICE-Net [21] LOOCV 19 83.3 84.1 75.0 62.3
FLSNN [28] Hold-out (60/20/20) 19 97.1 97.1 - -
MMSE (EEG) [47] 10-fold CV 19 79.0 - 80.3 -
EEGConvNeXt [27] LOOCV 19 96.3 96.3 98.6 98.6
N-TSK [16] 5-fold CV 16 97.3 - - -
CNN-Based [30] LOOCV 19 79.4 77.6 72.8 67.8
DTCA-Net (Ours) Repeated 10-fold CV (30x) 6 85.2 84.9 67.7 66.5

findings, [51] reported that better cognitive performance in AD patients
is associated with higher EEG power in frontal and temporal areas.
Furthermore, reduced EEG activity in these regions has been linked
to lower MMSE scores, which are often used to evaluate executive
functions, attention, and working memory [52].

While the selection of these channels based on a limited sample size
(n = 5 per class) restricts generalizability, the consistency of our results
with previous literature suggests that these regions are promising for
further investigation. Thus, although our current findings should be
interpreted cautiously due to sample size constraints, they still provide
valuable insight into the potential role of specific brain regions in
differentiating AD and FTD via EEG analysis.

5.2. Comparative performance analysis

Our model uses post-processing voting and makes predictions at
the subject-level, whereas prior studies operate at the sample-level.
This, together with our use of PTE and DE, pose challenges to di-
rect comparison. However, we noticed that prior CN-AD and CN-
FTD approaches fall into two groups. The first group comprises large
or complex architectures — EEGConvNeXt [27], FLSNN [28], DICE-
Net [21], and N-TSK [16] - that used 19 EEG channels and reported
high accuracies (83.3%-98.6%) under single hold-out or LOOCV pro-
tocols. The second group includes classical machine-learning baselines
— LightGBM, XGBoost, and shallow MLP models [21] — which, while
computationally efficient, generally plateau in the 73.6%-79.4% ac-
curacy range on the same benchmarks. By contrast, DTCA-Net uses
only six strategically selected electrodes and connectivity-aware PTE
and DE features, yet achieves 85.2% accuracy (84.9% F1) on CN-AD
and 67.7% (66.5% F1) on CN-FTD under a strict subject-stratified 10-
fold CV repeated 30 times. In this way, DTCA-Net closes much of the
gap to heavyweight models while retaining the low channel count and
computational efficiency of classical models.

5.3. AD and FTD detection

Our proposed model achieved an F1 Score of 84.9% and 66.5%
for detecting AD-CN and FTD-CN, respectively. A key strength of our
approach lies in its ability to predict these conditions using only a
reduced set of EEG channels and a 1 min signal window. This is a signif-
icant extension of prior work, where studies utilized shorter windows,
such as 4 s [20] and 30 s [21], with 19 EEG channels compared to
our 6 EEG channels. We have demonstrated that reliable predictions
can be achieved with longer signal durations and fewer channels,
which makes our method more practical for clinical applications. By
employing dPTE, our method captures causal functional connectivity
between brain regions, offering dynamic feature representations that
go beyond traditional electrode-level features like DE or PSD, which
primarily reflect localized brain activity rather than directed causal
interactions. Furthermore, we opted for a 1 min window to take full
advantage of sequential models like transformers, which are capable
of learning from extended sequences through positional encoding. This

enables the model to capture long-range dependencies that are difficult
for other models to detect when using shorter sequences. Additionally,
longer sequences can reveal more meaningful temporal patterns related
to underlying neural connectivity, a feature that may be critical for
detecting complex neurological conditions. However, this approach
introduces a trade-off. The use of longer signal windows reduces the
number of available training samples, potentially limiting the amount
of data the model can learn from. Despite this challenge, our results
demonstrate that the model effectively captures long-range dependen-
cies through the PTE transformer branch in DTCA-Net. Also, our fusion
strategy — combining multi-head attention with spectral features (DE)
— enhances the model’s capacity to distinguish between target classes.

Although our model does not match the performance of state-
of-the-art methods such as N-TSK [16], FLSNN [28], and EEGCon-
vNeXt [27], it outperforms baseline classical machine-learning models
and several advanced deep-learning architectures — including DICE-
Net [21], MMSE (EEG) [47], and CNN-based frameworks [30] — on
CN-AD classification and achieves competitive results on CN-FTD tasks.
Furthermore, by reducing the number of EEG channels required, our
approach enhances clinical feasibility by lowering hardware complexity
and simplifying data-collection procedures.

5.4. Limitations and future work

Our study faces some limitations. First, channel selection was based
on a very small sample (N = 5 per class), which may hinder the
generalizability of the resulting electrode subset to a larger population.
Nevertheless, the channels identified with the subjects achieved a good
performance on the remaining subjects of the dataset, thus showing
their potential for discriminating between different AD states. More-
over, the identification of occipital, temporal, and frontal channels as
relevant channels is consistent with previous AD and FTD research [48-
52]. Second, we validated our dPTE-based selection on a single dataset;
to strengthen our approach, future work will use one independent
cohort for channel selection and a separate dataset for performance
evaluation. Finally, our analysis is confined to resting-state EEG. Fu-
ture studies should (1) extend the framework to diverse demographic
cohorts [53] to develop more generalizable channel sets, and (2) apply
it to task-based EEG — where cognitive processes are actively engaged
— using larger datasets such as PEARL [54], particularly in cognitively
healthy, middle-aged individuals genetically at risk for AD.

6. Conclusions

Our study demonstrates the effectiveness of using dPTE to identify
significant EEG channels, F7, F8, T3, T4, O1, and O2, in the frontal,
temporal, and occipital regions for AD and FTD detection, aligning
closely with previous findings. By employing our proposed model with
a multi-head cross-attention mechanism, which enhances data repre-
sentation by fusing connectivity (dPTE) and spectral complexity (DE),
we achieved reliable predictions using a reduced set of six EEG channels
with 84.9% F1l-macro for CN vs AD and 66.5% for CN vs FTD. Our
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method was robustly validated using Subject-stratified 10-fold cross-
validation, repeated 30 times, yielding upper-bound AUC-ROC values
of 0.84 and 0.63 for the two tasks, respectively, confirming robust
discriminatory power. By reducing channel count, our approach could
lower EEG acquisition time and patient burden, demonstrating the
practical value of targeted channel selection for scalable, EEG-based
AD or dementia screening.
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