sensors

Article

A Novel Demographic Indicator Fusion Network (DIFNet) for
Dynamic Fusion of EEG and Demographic Indicators for Robust
Depression Detection

Chaoliang Wang !, Qingshu Zhou !, Mengfan Li ?, Jiaxin Li !

check for
updates

Academic Editor: Hyungmin Kim

Received: 29 August 2025
Revised: 19 October 2025
Accepted: 20 October 2025
Published: 24 October 2025

Citation: Wang, C.; Zhou, Q.;Li,M.;
Li,].; Zhao, J. A Novel Demographic
Indicator Fusion Network (DIFNet) for
Dynamic Fusion of EEG and
Demographic Indicators for Robust
Depression Detection. Sensors 2025, 25,
6549. https:/ /doi.org/10.3390/
525216549

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

and Jing Zhao 1-*

The Key Laboratory of Intelligent Rehabilitation and Neuromodulation of Hebei Province, Department of
Electrical Engineering, Yanshan University, Qinhuangdao 066004, China; wang15935859229@163.com (C.W.);
v1837175290@163.com (Q.Z.); lijiaxin@stumail.ysu.edu.cn (J.L.)

School of Health Science and Biomedical Engineering, Hebei University of Technology, Tianjin 300132, China;
mfli@hebut.edu.cn

*  Correspondence: zhaoj0104@ysu.edu.cn

Abstract

Electroencephalography (EEG) has proven to be effective for detecting major depressive
disorder (MDD), with deep learning models further advancing its potential. However, the
performance of these models may be limited by their neglect of demographic factors (e.g.,
age, sex, and education), which are known to influence EEG characteristics of depression.
To address this, we propose DIFNet, a deep learning framework that dynamically fuses
EEG features with demographic indicators (age, sex, and years of education) to enhance
depression recognition accuracy. DIFNet is composed of four modules: a multiscale con-
volutional module, a Transformer encoder module, a temporal convolutional network
(TCN) module, and a demographic indicator fusion module. The fusion model leverages
convolution to process demographic vectors and integrates them with spatiotemporal
EEG features, thereby embedding demographic indicators within the deep learning model
for classification. Cross-validation between data trials showed that the DIFNet fusing
age and years of education achieves a superior accuracy of 99.66%; the dynamic fusion
mechanism improves accuracy by 0.72% compared to the baseline without fusing demo-
graphic indicators (98.94%), outperforming state-of-the-art methods (SparNet 94.37% and
DBGCN 98.30%).

Keywords: electroencephalography (EEG); demographic indicators; deep learning; feature
fusion; depression

1. Introduction

Major depressive disorder (MDD) is a globally prevalent psychiatric disorder charac-
terized by persistent low mood, loss of interest, anhedonia, and even suicidal tendencies [1].
According to a 2017 report by the World Health Organization (WHO) [2], more than
300 million people worldwide suffer from MDD. MDD has imposed a significant eco-
nomic burden on both individuals and society, and effective, rapid diagnostic methods are
urgently needed [3]. Currently, physician—patient communication and psychiatric ques-
tionnaire assessments are the primary diagnostic methods for depression [4]. The former
depends on the physician’s expertise, while the latter may be influenced by the patient’s
subjective biases, denials, and coverups. In addition, it is easy to miss and misdiagnose
patients with mild depression during early screening because their clinical manifestations
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of low mood are very similar to those of people without depression. Therefore, many
researchers have attempted to develop an objective assessment method for depression
testing that does not require a complex clinical diagnosis [5].

Electroencephalography (EEG) is a brain function imaging technology with the advan-
tages of low cost, noninvasiveness, and high temporal resolution. It has played an important
role in the diagnosis of related neurological diseases, including seizures, Alzheimer’s dis-
ease, and depression [6,7]. Detecting depression using EEG involves acquiring EEG signals
from the scalp and processing them to extract features associated with depression. These
features such as max frequency, Renyi entropy, correlation dimension and C0 complexity
have been demonstrated to be effective in depression detection [8-10].

In recent studies, deep learning methods have shown significant potential for appli-
cation in depression detection due to their powerful feature representation and learning
capabilities [7]. Thoduparambil et al. combined a CNN with a Long Short-Term Memory
(LSTM) model to extract serial features of MDD with an average accuracy of 99.07% [11].
Deng et al. developed a SparNet network with an attention mechanism for extracting
spatial-frequency domain features in local brain regions and the whole brain with an aver-
age accuracy of 94.37% [12]. Wang et al. utilized AlexNet to investigate the classification
performance of the 128 EEG channels in MODMA [13] resting-state electroencephalogram
(EEG) data, achieving 76.90% accuracy for the E40 channel [14]. Seal et al. proposed a
CNN that simultaneously considers the temporal and spatial features of EEG signals with
an accuracy of 99.37% [15]. Chen et al. introduced a graph pooling operation with a self-
attention mechanism in the network and added global connections in the adjacency matrix
based on prior knowledge, achieving an accuracy of 84.91% [16]. Li et al. developed a graph
convolution network (GCN) network based on fine-grained EEG signals and graphical
mutual information maximization with an accuracy of 96.37% [17]. Zhang et al. combined
secondary subject partitioning and attention mechanisms with GCN to deliver an accuracy
of 92.87% [18]. Liu et al. proposed an innovative depression prediction strategy that merges
time—frequency complexity and electrode space topology to assist depression diagnosis
with an accuracy of 98.30% [19].

Current research indicates the existence of a complex relationship between EEG charac-
teristics and clinical manifestations of patients with depression, influenced by factors such
as sex, age, and years of education [20-22]. These associations are potentially mediated
by distinct neurobiological and cognitive pathways: sex differences may influence EEG
patterns through divergent emotional regulation strategies and brain activation modes;
aging is often accompanied by metabolic alterations and cognitive decline that shape brain
activity; and educational attainment is thought to build cognitive reserve, thereby buffering
against the clinical impact of the disease. Navarro-Bravo et al. suggested that while young
people and women might initially show higher emotional intelligence (EI), these direct
relationships with age and gender can change when accounting for educational level and
depressive symptoms [20]. Montemurro et al. indicated that education level significantly
moderates the relationship between EEG aperiodic activity and cognitive performance in
aging, with a higher EEG exponent predicting poorer working memory and processing
speed specifically in highly educated older adults, suggesting that the neural correlates of
cognition are shaped by educational experience [21]. These complex interactions conse-
quently highlight the necessity of integrating demographic and neurophysiological data.
This approach is strongly supported by Zhang et al. and Ksibi et al., who markedly im-
proved the performance of an EEG-based depression detection model by incorporating
demographic factors [23,24]. Zhang et al. [23] proposed a custom 1D-CNN featuring an
attention mechanism for the automatic fusion of demographics (e.g., age, sex), reaching
75.29% accuracy. Meanwhile, Ksibi et al. [24] utilized multiple ML models, finding that
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demographics fused with EEG data within a CNN architecture achieved up to 97% accuracy
in a mixed-subject evaluation. However, as demographic indicators and EEG signals reside
in distinct feature spaces, a key challenge remains: how to move beyond the superficial
concatenation of features, as seen in prior studies, and achieve their synergistic integration.

To address this limitation, we propose a novel fusion mechanism that dynamically
weights demographic indicators (age, years of education) with spatiotemporal EEG features.
Distinct from existing works, DIFNet innovatively condenses demographic indicators
into a dynamic scaling factor that globally calibrates the spatiotemporal EEG features,
thereby achieving a more synergistic integration. The two major innovations of DIFNet are
as follows:

(1) Dynamic Weighted Fusion Mechanism: This mechanism employs an interactive fusion
strategy rather than simple concatenation, allowing for more nuanced integration
of demographic indicators with EEG features. This approach enhances the model’s
ability to capture complex relationships between different types of data.

(2) Multiscale Attention—Temporal Collaborative Architecture: This novel architecture
combines a multiscale convolutional module, Transformer encoder module, and TCN
module. By leveraging the strengths of each component, this architecture enables more
effective feature extraction and classification, particularly in capturing long-range
temporal dependencies and subtle mood-related patterns.

The remainder of this paper is organized as follows. Section 2 describes the EEG data
considered. Section 3 describes the DIFNet algorithm and the procedures of performance
evaluation. Section 4 presents results from 53 participants. Section 5 discusses some issues
that arose from this study and outlines future work to improve upon this research. Section 6
summarizes this work.

2. Dataset Description
2.1. Dataset

In this study, we evaluated the proposed DIFNet algorithm using a mental disorder
analysis dataset (MODMA), recorded by the researchers at Lanzhou University in 2020 [13].
A total of 53 subjects participated in the experiment, including 29 MDD subjects and
24 HCs (healthy controls). These subjects were categorized by professional assessment
questionnaires such as the Patient Health Questionnaire-9 (PHQ-9) and Generalized Anxiety
Disorder-7 (GAD-7) and underwent psychiatric assessments. During the experiment,
resting-state EEG data was recorded using a Net Station device at a sampling rate of 250 Hz.
A total of 128 electrodes were placed on the subjects’ scalp according to the international
10-20 system, with the reference electrode placed at Cz. The EEG data for each subject
was recorded for approximately 5 min. Additionally, the MODMA dataset includes three
key demographic indicators, age, sex, and years of education, providing researchers with
comprehensive background data for model training and validation in studies related to
neurological disorders such as depression.

Written informed consent was obtained from all participants prior to the experiment.
Consent forms and study design were approved by the local Ethics Committee for Biomed-
ical Research at the Lanzhou University Second Hospital in accordance with the Code of
Ethics of the World Medical Association (Declaration of Helsinki).

2.2. Preprocessing

The recorded EEG data were preprocessed according to the following steps. First,
considering both time performance and computational cost, 16 (Fp1/2, F3/4, C3/4, P3/4,
0O1/2, F7/8, T3/4, T5/6) of the 128 electrodes in the dataset were selected for further
analysis [25]. Second, the selected data were processed with a notch filter at 50 Hz and a
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band-pass FIR filter between 1 Hz and 40 Hz. Third, the filtered data were segmented into
data epochs using a 4 s time window with a 75% overlap [15]. Fourth, an automatic artifact
suppression algorithm called Autoreject [26] was used to remove artifacts from the data
epochs. Finally, before entering the network structure, the data underwent standardization,
as indicated by Equation (1):
Xij—H
z=—— )

o
where Xi,j represents the feature vector, | represents the mean of the feature vector, and o
represents the standard deviation of the feature vector.

3. Methods
3.1. Proposed DIFNet Algorithm

The DIFNet algorithm is composed of four modules: a multiscale convolutional mod-
ule, Transformer encoder module, temporal convolutional network (TCN) module, and
demographic indicator fusion module (Figure 1). The multiscale convolutional module
extracts spatiotemporal components of EEG signals from different frequency bands using
three parallel sets of multiscale convolutional layers. The Transformer encoder module si-
multaneously captures the global dependencies of the feature matrix from various positions
and perspectives. The TCN module extracts additional temporal features and incorporates
historical information from the time series. The demographic indicator fusion module
expands demographic indicator vectors using convolution and globally weights them with
the spatiotemporal feature matrix for final classification.
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Figure 1. Proposed DIFNet model architecture.

3.1.1. Multiscale Convolutional Module

The multiscale convolution module consists of three parallel sets of multiscale convolu-
tional layers, each containing a temporal convolution layer for learning different rhythmic
components and a deep convolution layer for extracting spatial features for each temporal
filter. As shown in Figure 2, three temporal convolution kernels with different kernel sizes,
C(1, K11), C(1, K13), and C(1, Kt3), are used to comprehensively extract temporal features
from different scales. Since the dimension of the temporal convolution kernel determines
the observation window of the filter, larger kernel sizes that capture signal variations over
longer time periods allow for information extraction over a wider frequency range, while
smaller kernel sizes that detect signal variations over shorter time periods are suitable for
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separating information in higher-frequency bands. In this study, we set the kernel sizes of
the three temporal convolution kernels, K11, K12 and Kr3, to 250, 125 and 62, respectively.

C(1, K7y) BN D(16, 1) BN ELU Al 4) ngpsc;ut
C(L,Kp) BN D(16, 1) BN ELU Al 4) ngpg;ut
C(1,Kp) BN D(16, 1) I\ ELU A1, 4) ngps(;ut

Convolution Normalization Convolution Pooling

Figure 2. Diagram of the multiscale convolutional module.

For each parallel set, the depth convolution layer with the size of (N¢, 1) then processes
the signal in the space domain, with a depth multiplier of 2. Here, N¢ denotes the number
of electrodes. Moreover, to prevent overfitting, we applied dropout (rate = 0.5) in all
convolutional layers. The multiscale convolution module applies an average pooling layer
of size (1, 4) and a culling layer to reduce the dimensionality of the spatiotemporal features.
The output features are stitched together by a splicing layer and down-sampled by an
average pooling layer of size (1, 8).

3.1.2. Transformer Encoder Module

The Transformer encoder module employs a multi-head attention mechanism to learn
the global dependence of EEG signals. It consists of N identical layers stacked on top
of each other, each with two sublayers, the first of which is a multi-head self-attention
mechanism, and the second is a positionally fully connected feedforward network. The
inputs to each sublayer are connected by residuals and then normalized [27].

In deep neural networks, the attention mechanism attempts to emulate the human
brain’s behavior of selectively focusing on a few significant elements while ignoring oth-
ers [28]. The self-attention layer consists of three main components: query Q, keys K, and
values V. Compute the dot products of the query with all keys and divide each by dk, the
key of dimension. Then, apply a SoftMax function to obtain the weights of the values; the
matrix of outputs is obtained using Equation (2):

QK"
Vi

Multi-head attention allows the model to jointly attend to information from different

Attention(Q, K, V) = softmax( % 2)

representation subspaces at different positions [27]. The multi-head attention layer is
composed of multiple parallel self-attention mechanisms (heads). Here, the query, keys and
values perform H sublinear projections by linear projection; that is, each vector is divided
into H subspaces. For example, the vector Q can be expressed as Q = {Xl, X2,... xH },

d
QM € RN*H,1 < h < H. The self-attention function is then performed in parallel for each
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subspace h, and the output of each head is concatenated and linearly transformed to obtain
the raw size. The procedure can be expressed as Equation (3):

head" = Attention(Q", K", V) € RNxdﬁk 3)
M(Q, K, V) = Concat(head', head?, - - - ,head™) € RN >4

Here, head" represents the output of the h-th head after the attention mechanism;
Concat denotes the operation used to concatenate all head".

In this work, we incorporated two Transformer encoder modules (N = 2) and designed
an architecture with six parallel attention heads (1 = 6). The dimension of each attention
head was set to 16 (dy = 16) to ensure the effectiveness and efficiency of the model. To
prevent overfitting, we applied dropout (rate = 0.5) in the encoder module.

3.1.3. Temporal Convolutional Network (TCN) Module

TCN is a variant of CNN commonly used in sequence-related tasks, and outperforms
other recurrent architectures such as LSTM and Gated Recurrent Units (GRUs) [29,30]. Its
core concept involves causal convolution, dilated convolution, and residual connections to
address the inefficiencies and limited parallel computing capabilities of traditional recurrent
neural networks when handling long sequence data. Moreover, it enables temporal infor-
mation to be extracted from sequential data using a unique and powerful approach [31,32].
As shown in Figure 3, the TCN module consists of two TCN residual blocks that prevent
gradient vanishing and explosion problems. The residual connection performs an element-
wise addition of the input and output feature map, F(x) + x, which is effective in deep
networks due to its ability to learn the identity function [28]. The TCN residual block is
composed of two dilated causal convolution layers, each followed by a batch normalization
(BatchNorm) layer and an exponential linear unit (ELU) layer.

/ TCN residual block

X l
Dilated
Casual Conv

Dropout

TCN residual
block

BatchNorm

TCN residual
block

BatchNorm

Dilated
Casual Conv

Figure 3. The architecture of the temporal convolutional network (TCN) consisting of multiple
residual blocks. The ellipsis denotes a series of repeated blocks.

In the TCN residual block, as the input and output dimensions are not the same, a
linear transformation of 1 X 1 convolution is used. The receptive field size (RFS) of the
TCN increases exponentially with the number of stacked residual blocks, L, due to the
exponential increase in dilation D with each succeeding block. The RFS [28] is controlled
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by two parameters: the number of residual blocks L and the kennel size KT, as defined in
Equation (4):
RFS =1+2(Ky —1)(2F —1) (4)

TCN was selected for its capability to capture long-range temporal dependencies in
EEG signals [28], which is crucial for accurately distinguishing MDD individuals from HCs.
In this study, we incorporated two residual blocks (L = 2) and utilized 32 filters of size
K =4 for all convolutional layers. The dilation factors for the dilated causal convolutions
in the TCN module were set to 1 and 2, respectively. These values were empirically chosen
to balance local feature extraction and global context modeling. Lastly, a dropout rate of 0.3
was applied to prevent overfitting.

3.1.4. Fusion Module with Demographic Indicators

The fusion module was designed to integrate the TCN module output with the demo-
graphic indicators to improve recognition of depression patients. In this study, demographic
indicators include age, sex, and years of education, and the min-max normalization is
applied to them as defined in Equation (5):

X — Xmin

_— 5
Xmax - Xmin ( )

Xnorm =

Here, X represents the raw value of the particular indicator, X,,;, denotes the minimum
value in the dataset, X, denotes the maximum value in the dataset, and X,,;; denotes
the normalized data. The normalized data of the three indicators are combined to form a
demographic indicator vector V: V = [X,, Xg, X,].

Demographic feature indicators and EEG features are integrated through global
weighted fusion. The specific procedure is as follows: Assume Or is the output ma-
trix of the TCN module, and its dimension is expressed as m x n. The demographic
indicator vector V with the dimension of 3 x 1 is extended to 3 x n and is then convolved
into a scalar feature F. The scalar feature F is fused with the output O7 of the TCN module
by multiplication to generate the final features for classification. A classification block with
a SoftMax activation function was used in this study.

3.2. Performance Evaluation

Ten-fold cross-validation was performed on temporally segmented EEG trials from
each subject, ensuring that trials from the same subject were distributed across training,
validation, and test sets. This setup evaluates the model’s ability to generalize across
temporal variations within individuals, which is critical for longitudinal monitoring of
depression. To further validate the robustness of DIFNet, we conducted subject-specific
finetuning experiments. For each subject, 80% of their trials were used for training and
20% for testing, and the demographic indicators in these sets were normalized separately.
A total of 14,631 trials of training data were used to build a DIFNet model as described
in Section 3.1. To train the DIFNet model to classify depression data, we used the Adam
optimizer, known for its gradient descent efficiency, to optimize the model. In addition,
we utilized the CrossEntropy loss function to measure the discrepancy between predicted
and actual labels. The parameters for training the model were set as follows: the epochs
were set to 200, the batch size was set to 32, and the learning rate was set to 0.001. They
were determined via grid search on the validation set, optimizing for convergence speed
and stability.

The DIFNet model was then adjusted using the validation set for an optimal network
structure. The model parameters with the highest accuracy were saved for performance
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testing. For the test set, the classification accuracy, precision, recall, F1 score and kappa
coefficient were calculated as shown in Equation (6).

_ TP4IN
Accuracy = tprTNTFNTEP

o . _ TP
Precision —Tw
Recﬂll - m 6
Il = 2 Precision X Recall ( )

Precision+Recall
(TP+FP)x(TP+FN)+(FN+TN)x(FP+TN)

e = TP+FP+FN+TN
K __ Accuracy—P,
appa = —1-p,

Here, TP denotes the true positive trials of the classification results, TN denotes the
true negative trials, FP denotes the false positive trials, FN denotes the false negative trials,
and P, denotes the expected agreement.

In this study, the hardware environment for all models was an Intel (R) Xeon Silver
4210R CPU processor (Intel, Santa Clara, CA, USA), 192 GB RAM memory, and NVIDIA
GeForce RTX 3080 (10 GB) graphics card (NVIDIA, Santa Clara, CA, USA). The software
environment was the Windows 10 operating system and the programming language
environment was Python 3.9. Tensorflow-GPU and Keras, both version 2.60, were used.

4. Results

Figure 4 shows the classification results of the proposed DIFNet method obtained by
fusing different combinations of the three demographic indicators. In the context of depres-
sion diagnosis, high accuracy indicates that the model performs well in classifying overall
data. High precision means that when the model predicts that someone has depression,
this prediction is likely to be correct. High recall signifies that the model can successfully
identify a large proportion of actual depression cases. A high F1 score demonstrates that the
model achieves both high precision and high recall, making it suitable for scenarios where
both metrics need to be optimized. A high kappa coefficient suggests that the classifier’s
performance significantly exceeds random guessing, especially in cases of imbalanced class
distribution, where the kappa value more accurately reflects the model’s true capability.

The results showed that among these combinations, DIFNet-AY fusing both age and
years of education achieved the highest average accuracy of 99.66%, highest precision of
99.68%, highest F1 score of 99.68%, and highest kappa coefficient of 99.31%, demonstrating
strong within-subject consistency. DIFNet-ASY fusing age, sex, and years of education
achieved the highest recall rate of 99.72% and an average accuracy of 99.54%, which is higher
than that of DIFNet-N but lower than that of DIFNet-AY. Additionally, the experimental
results show that compared to DIFNet-N, which did not fuse any indicators, DIFNet-
Y, DIFNet-AY, DIFNet-SY, and DIFNet-ASY all demonstrated significant performance
improvements (p < 0.05). However, DIFNet-S and DIFNet-AS showed no significant
improvement (p = 1, p = 0.09). As for DIFNet-A, which fused age, although its accuracy
declined, this decline was not statistically significant (p = 0.470); hence, we cannot conclude
that the reduction in accuracy was directly caused by the fusion of age.

Figure 5 visualizes the feature representation of the fully connected layer of repre-
sentative DIFNet models for the test trials. The visualization was performed using the
t-SNE algorithm [33,34]. The purple points show the feature distribution of the data trials
from the HC, and the green points show those from the MDD. The results show that the
proposed DIFNet method is effective in converting features mixed together in the raw
data into features that can clearly distinguish between healthy controls and MDD patients.
Additionally, the DIFNet model, which integrates age and education features, exhibits
enhanced feature distribution and separability. The experimental results are consistent
with survey studies [20-24], which show that higher education buffers neurodegeneration
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(a) Raw Data

through cognitive reserve. Age-related research links specific EEG features to declines in
cognitive function.

EDIFNet-N  mDIFNet-A = DIFNet-S DIFNet-Y
® DIFNet-AS ®mDIFNet-AY ®DIFNet-SY ®DIFNet-ASY

100.00
99.50
99.00 _ A .
98.50 i ‘ |
98.00 K . :
97.50 H E II |
97.00 . ' \
accuracy(%)  precision(%) recall(%) F1(%) kappa(%)
m DIFNet-N 98.94 99.12 98.94 99.03 97.86
m DIFNet-A 98.85 99.09 98.78 98.93 97.69
= DIFNet-S 98.94 98.93 99.11 99.02 97.87
DIFNet-Y 99.34 99.24 99.53 99.39 98.67
® DIFNet-AS 99.05 99.08 99.16 99.12 98.09
m DIFNet-AY 99.66 99.68 99.68 99.68 99.31
m DIFNet-SY 99.51 99.53 99.56 99.54 99.01
m DIFNet-ASY 99.54 99.42 99.72 99.57 99.06

Figure 4. Classification results of the proposed DIFNet after fusing different demographic indicators.
DIFNet-N refers to the model fusing none of the indicators, DIFNet-A refers to the model fusing
age, DIFNet-S refers to the model fusing sex, DIFNet-Y refers to the model fusing years of education,
DIFNet-AS refers to the model fusing both age and sex, DIFNet-AY refers to the model fusing both
age and years of education, DIFNet-SY refers to the model fusing both sex and years of education,
and DIFNet-ASY refers to the model fusing all three indicators. The bolded data denotes the
top performance.

(b) DIFNET-N (c) DIFNET-AY

Figure 5. Feature representation of the representative network models. Black and purple represent
HCs. Green represents MDD. HC is represented by purple, and MDD is represented by green.

5. Discussion
5.1. Influence of Demographic Indicators on Depression Features

Demographic indicators such as age, sex, and years of education, which are related
to an individual’s physical and psychological state, have been shown to affect EEG sig-
nals [23,24]. To investigate the effect of these indicators on depression-related characteristics,
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this study categorized the subjects according to each indicator. For example, taking into

account the age indicator, subjects were categorized as under 30 years old and 30 years

old and above, and differential entropy (DE), which is commonly used as a biomarker

representing the degree of depression, was calculated for each category using Equation (7):

W) = [ ) In(f ()i )

Figure 6 shows the DE features acquired from the EEG trials of the HC and MDD
subjects for different categories. In Figure 6a, the red boxes represent DE values obtained

from subjects under 30 years of age, and the blue boxes represent DE values obtained

from subjects aged 30 years and older. The results showed that there are differences in DE

features between HC and MDD subjects in different age groups. Specifically, among MDD

subjects under 30 years of age, the average DE value is —10.151, with a variance of 0.096;

among MDD subjects aged 30 years and older, the average DE value is —10.097, with a

variance of 0.149. The DE features for healthy subjects also exhibited variation. Among HC

subjects under 30 years of age, the average DE value is —10.227, with a variance of 0.148;

among MDD subjects aged 30 years and older, the average DE value is —10.151, with a

variance of 0.096. In Figure 6b, the red boxes represent DE values obtained from female

subjects, and the blue boxes represent DE values obtained from male subjects. In Figure 6c,

the red boxes represent the DE values of subjects with less than 16 years of education, and

the blue boxes represent DE values of subjects with 16 or more years of education. The

statistical results of paired t-tests showed significant differences between the DE values of

both the HC and MDD subjects (p < 0.01) between the age categories, sex categories, and

years of education categories.
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Figure 6. DE features of the HC and MDD subjects with different categories.

Figure 7 shows the evaluation results of the DIFNet-N model trained and tested using
data from specific categories of subjects. Here, the category All indicates all the subjects

in the dataset, A1l indicates the subjects under 30 years of age, A2 indicates the subjects

aged 30 years and older, S1 indicates the female subjects, S2 indicates the male subjects, Y1

indicates the subjects with less than 16 years of education, and Y2 indicates the subjects

with 16 or more years of education. The DIFNet-N method achieved higher performance

in classifying the subjects of any one category than in classifying all the subjects. One

possible reason is that the depression features extracted by DIFNet-N exhibit distinct

distributions between different categories. As shown in Figure 7, DIFNet-N for all subjects

achieved an average accuracy of 98.94%. Among other categories, DIFNet-N obtained the

highest average accuracy of 99.74% in classifying data from category Y1, and the lowest

accuracy of 99.20% in classifying data from category S1. Note that DIFNet-N achieved

the lowest accuracy in category S1, indicating its suboptimal performance specifically for
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female subjects. Both Salk’s and Wang's literature point out that depression has a higher
prevalence in females and is associated with more diverse and complex psychosocial risk
factors [35,36]. This higher prevalence and the variety of risk factors may lead to greater
neurophysiological heterogeneity among female MDD patients, causing their EEG patterns
to potentially vary more significantly from one another. Alternatively, the lack of a relatively
consistent EEG pattern within the female gender itself might mean that the gender indicator
contributes negatively to the classification outcome, which is also consistent with the results
presented in Figure 4.

H DIFNet-N Al = DIFNet-N A2 = DIFNet-N S1 = DIFNet-N S2
u DIFNet-N Y1 ®mDIFNet-N Y2 m DIFNet-N All

100.00

99.50

99.00

98.50

98.00

97.50

97.00

96.50

accuracy(%) precision(%) recall(%) F1(%) kappa(%)

EDIFNet-N Al 99.57 99.58 99.57 99.57 99.14
u DIFNet-N A2 99.45 99.54 99.54 99.54 98.87
= DIFNet-N S1 99.20 99.32 99.37 99.35 98.33
DIFNet-N S2 99.68 99.60 99.68 99.64 99.36
mDIFNet-N Y1 99.74 99.32 99.66 99.49 99.31
m DIFNet-N Y2 99.55 99.57 99.77 99.67 98.99
m DIFNet-N All 98.94 99.12 98.94 99.03 97.86

Figure 7. Evaluation results of DIFNet-N trained and tested using data from specific categories
of subjects. The category All indicates all the subjects in the dataset, Al indicates the subjects
under 30 years of age, A2 indicates the subjects aged 30 years and older, S1 indicates the female
subjects, S2 indicates the male subjects, Y1 indicates the subjects with less than 16 years of education,
and Y2 indicates the subjects with 16 or more years of education. The bolded data denotes the
top performance.

5.2. Influence of Frequency Band

Existing studies have found that the specific rhythm components of EEG signals are
significantly different between MDD and HC subjects [30-34,37]. To evaluate the influence
of different frequency bands on the proposed DIFNet algorithm, this study preprocessed
the EEG data using band-pass filters for delta (1-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta
(13-30 Hz), and gamma (30-40 Hz), respectively. The filtered data for each band was then
used to evaluate the performance of the DIFNet-AY model in the 10-fold cross-validation.
The evaluation results of the DIFNet-AY trained and tested using filtered data from six
frequency bands are shown in Figure 8.

The results showed that DIFNet-AY achieved varied performance when using different
frequency bands. DIFNet-AY using the beta band achieved the highest accuracy of 99.88%,
while DIFNet-AY using the delta band delivered the lowest accuracy of 95.90%. These
results are consistent with the findings of Hasanzadeh et al. and Sun et al. that the alpha
and beta bands contain better depression EEG information than the two low-frequency
bands, delta and theta [37,38].
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B DIFNet-AY Delta u DIFNet-AY Theta u DIFNet-AY Alpha
DIFNet-AY Beta m DIFNet-AY Gamma ® DIFNet-AY All bands

100.00
99.00
98.00
97.00
96.00
95.00
94.00
93.00
92.00
91.00
90.00
accuracy(%)  precision(%) recall(%) F1(%) kappa(%
EDIFNet-AY Delta 95.90 94.54 97.75 96.12 91.77
m DIFNet-AY Theta 98.14 98.04 98.54 98.29 96.26
u DIFNet-AY Alpha 99.26 99.37 99.24 99.30 98.52
DIFNet-AY Beta 99.88 99.93 99.84 99.88 99.75
EDIFNet-AY Gamma 99.72 99.84 99.64 99.74 99.44
m DIFNet-AY All bands 99.66 99.68 99.68 99.68 99.31

Figure 8. Evaluation results of DIFNet-AY trained and tested using data filtered at different frequency
bands. The bolded data denotes the top performance.

5.3. Ablation Study of DIFNet-AY

A comprehensive ablation study was conducted to evaluate the individual and syner-
gistic contributions of the Transformer encoder (T1) and the TCN (T2) modules, as well
as to validate the significance of their processing order. Table 1 shows the progressive
improvement achieved by each component. The baseline model, which contains neither
T1 nor T2, achieved an accuracy of 88.37%, setting a foundational performance level. In-
troducing the Transformer encoder alone (+T1) led to a substantial performance jump,
increasing the accuracy to 98.67%. This indicates the module’s powerful capability to cap-
ture global contextual dependencies within the data. Similarly, employing the TCN alone
(+T2) also resulted in a significant gain, yielding an accuracy of 99.03%, which highlights
its effectiveness in modeling local temporal patterns.

Table 1. Ablation results on different model variants.

Model

Variants Accuracy (%)  Precision (%) Recall (%) F1 (%) Kappa (%) p
Baseline 88.37 86.10 93.56 89.67 76.43 <0.001
+T1 98.67 98.74 98.81 98.77 97.33 <0.001
+T2 99.03 98.68 99.53 99.10 98.05 <0.001
+T2+T1 99.56 99.66 99.53 99.59 99.12 0.36
+T1+T2 (Ours) 99.66 99.68 99.68 99.68 99.31 -

Note: T1 denotes the Transformer encoder module; T2 denotes the temporal convolutional network (TCN) module.
The notation “+T1+T2” indicates that the input is processed by T1 first, followed by T2. The p-value is calculated
from a statistical significance test (e.g., t-test) to compare the performance of each model against the proposed
final model (+T1+T2).

The experiment with different module orders provides the most critical insight. The
model +T2+T1, which processes data with the TCN followed by the Transformer, already
shows excellent performance with an accuracy of 99.56%. However, our proposed configu-
ration, +T1+T2, which first leverages the Transformer for global context and then refines
features with the TCN for local precision, achieves the best overall results. It attains the
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highest scores across all metrics, including 99.66% accuracy and a 99.31% kappa value,
thereby establishing the optimal processing sequence. In addition, the p-values reported
in the table quantify the statistical significance of the performance difference between
each model variant and our final proposed model (+T1+T2). The highly significant results
(p < 0.001) for the baseline, +T1, and +T2 confirm that the superior performance of +T1+T2
over these models is not due to random chance. The non-significant p-value (p = 0.36)
for the +T2+T1 model indicates that while our method achieves the highest scores, the
difference from this particular variant is not statistically significant in this evaluation.

5.4. Comparison with State-of-the-Art Algorithms

The performance of the DIFNet-AY algorithm in recognizing MDD is compared
with five state-of-the-art algorithms demonstrated to be effective in depression classi-
fication [12,14,18,19,24]. Table 2 shows the comparison results of these algorithms validated
on the same MODMA dataset. The evaluation metrics not reported in the corresponding
references are not listed in this table.

Table 2. Experimental results of the different methods.

Scholar Year Model Accuracy (%) Precision (%) Recall (%)  F1 (%) Kappa (%)
Zhang et al. [23] 2020 1DCNN 75.29 - - 71.6 -
Deng et al. [12] 2022 SparNet 94.37 - - 94.40 -
Wang et al. [14] 2023 AlexNet 73.90 - - - -
Zhang et al. [18] 2024 SSPA-GCN 92.87 92.23 92.00 91.12 -
Liu et al. [19] 2024 DBGCN 98.30 - - - -
Ours DIFNet-AY 99.66 99.68 99.68 99.68 99.31

As highlighted in the Introduction, individual variability in EEG signals poses a
major challenge for depression detection. The dynamic fusion mechanism in DIFNet-AY
directly addresses this by adaptively weighting demographic indicators, leading to a 99.66%
accuracy that surpasses SparNet (94.37%) and DBGCN (98.30%). The results show that the
proposed algorithm obtained superior performance to the state-of-the-art algorithms.

5.5. Validation on a Reduced-Montage Dataset

To further evaluate the generalizability of our proposed method, we validated it on
a public EEG dataset for MDD provided by Mumtaz et al. [39]. This dataset comprises
EEG recordings from 34 MDD patients (17 female/17 male, mean age 40.3 = 12.9 years)
and 30 age-matched HCs (9 female/21 male, mean age 38.3 & 15.6 years). All patient
diagnoses conformed to the DSM-1V criteria, and this study was approved by the ethics
committee of Hospital Universiti Sains Malaysia (HUSM). The EEG signals were recorded
from 19 electrodes positioned over the frontal (Fp1, Fp2, F3, F4, F7, F8, and Fz), temporal
(T3, T4, T5, and T6), parietal (P3, P4, and Pz), occipital (O1 and O2), and central (C3, C4,
and Cz) regions.

For the validation, we first preprocessed all EEG trials from the 19 electrodes by
following the preprocessing steps outlined previously. Subsequently, we shuffled the data
trials from all the subjects and performed a cross-validation between these trials to evaluate
the model’s performance. Since years of education are not available in the Mumtaz dataset,
Table 3 consequently compares only the performance of DIFNet-A, which integrates the age
indicator, against DIFNet-N, which uses no demographic indicators. The results show that
the proposed DIFNet-A method achieved improved performance compared to DIFNet-N
on the Mumtaz dataset with a reduced montage. This enhancement is crucial for practical
use, as relying on fewer EEG channels enables the development of simpler, lower-cost, and
more portable diagnostic devices.



Sensors 2025, 25, 6549

14 of 16

Table 3. Validation results on the Mumtaz dataset with a reduced montage.

Model Accuracy (%) Precision (%)  Recall (%) F1 (%) Kappa (%)

DIFNet-N 99.87 99.83 99.91 99.87 99.74
DIFNet-A 99.93 99. 89 99.96 99.92 99.85

6. Conclusions

This paper proposes a novel DIFNet algorithm to integrate EEG data with subjects’
demographic information to enhance the performance of recognizing MDD. The evaluation
results of cross-validation between data trials showed that DIFNet, fusing age and years
of education, achieved an accuracy of 99.66%, an improvement over the state-of-the-art
algorithms. The higher accuracy with age and years of education fusion may stem from
age-related EEG variability and education-level impacts on cognitive reserve. These results
demonstrate the effectiveness of the proposed algorithm in depression classification and
emphasize the importance of considering demographic factors. Despite its high accuracy,
deploying DIFNet in real-world clinics necessitates addressing dataset bias (e.g., limited
sample size) and ethical concerns (e.g., demographic privacy). In future work, we will
consider incorporating additional demographic indicators and exploring dynamic fusion
strategies to adaptively weight these indicators (such as race and socioeconomic status)
based on individual EEG signatures. Furthermore, we will validate the algorithm on a
broader range of datasets and validate DIFNet in multi-center trials.
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ELU Exponential Linear Unit

DE Differential Entropy
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