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Abstract

Background: Major Depressive Disorder (MDD) is a pervasive psychiatric condi-
tion. Electroencephalography (EEG) is employed to detect MDD-specific neural
patterns because it is non-invasive and temporally precise. However, manual in-
terpretation of EEG signals is labor-intensive and subjective. This problem was
addressed by proposing machine learning (ML) and deep learning (DL) methods.
Although DL methods are promising for MDD detection, they face limitations, includ-
ing high model complexity, overfitting due to subject-specific noise, excessive channel
requirements, and limited interpretability. Methods: To address these challenges,
we propose MS-MDDNet, a new lightweight CNN model specifically designed for
EEG-based MDD detection, along with an ensemble-like method built on it. The
architecture of MS-MDDNet incorporates spatial, temporal, and depth-wise sepa-
rable convolutions, along with average pooling, to enhance discriminative feature
extraction while maintaining computational efficiency with a small number of learn-
able parameters. Results: The method was evaluated using 10-fold Cross-Subjects
Cross-Validation (CS-CV), which mitigates the risks of overfitting associated with
subject-specific noise, thereby contributing to generalization robustness. Across
three public datasets, the proposed method achieved performance comparable to
state-of-the-art approaches while maintaining lower computational complexity. It
achieved a 9% improvement on the MODMA dataset, with an accuracy of 99.33%,
whereas on MUMTAZ and PRED + CT it achieved accuracies of 98.59% and 96.61%,
respectively. Conclusions: The predictions of the proposed method are interpretable,
with interpretability achieved through correlation analysis between gamma energy
and learned features. This makes it a valuable tool for assisting clinicians and in-
dividuals in diagnosing MDD with confidence, thereby enhancing transparency in
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biomarkers and reflect complex brain properties relevant to MDD [1]. Manual analy-
sis of EEG signals is labor-intensive, time-consuming, and prone to inter-observer
variability, underscoring the need for automated machine learning solutions [2-25].
Traditional machine learning (ML) methods typically depend on manually engineered
features, a process that is both resource-intensive and prone to suboptimal outcomes.

The limitations of traditional ML methods have led to the growing adoption of deep
learning techniques. Various deep learning-based architectures, such as convolutional
neural networks (CNNSs) [13], long-short-term memory (LSTM) [26], graph neural net-
works (GNNs) [27], and transformers [28], have been adopted for MDD detection. How-
ever, CNNs and their variants, such as 1D-CNN [10,29,30], 2D-CNN [31-34], and 3D-
CNN [35,36], have been increasingly used for MDD detection due to their ability to learn
rich representations directly from EEG signals. Despite their strong performance, CNN
models, particularly 2D-CNNs and 3D-CNNss, are highly susceptible to overfitting, largely
due to subject-specific noise inherent in EEG data [37]. Although recent studies have intro-
duced architectures designed to mitigate this issue [27-29,33,34,38—40], these approaches
face notable constraints. Specifically, highly complex deep architectures contribute to
elevated computational cost and memory usage. Additionally, many models rely on a
large number of EEG channels as input, posing practical challenges for integrating them
into user-friendly and portable systems. Most critically, the limited interpretability of
these models remains a significant barrier to clinical adoption, hindering transparency and
scalability in healthcare applications.

The evaluation procedure plays a critical role in model design and reliability
assessment. SI-CV protocols often yield inflated performance due to potential overlap
between training and test subjects, as evidenced by consistently higher accuracy
reported in [12,16,17]. In contrast, the CS-CV protocol provides a more realistic
measure of generalization. Studies adopting CS-CV with deep learning [28,29,33] are
comparatively fewer and face issues related to interpretability and deployment.

To address the limitations inherent in the state-of-the-art approaches, we propose
MS-MDDNet, a lightweight neural network model and an efficient ensemble-like
classification framework based on it. MS-MDDNet is specifically designed to capture
both spatial and temporal characteristics embedded within EEG signals pertinent
to Major Depressive Disorder (MDD). It integrates spatial-temporal convolutions,
depth-wise separable convolutions, and average pooling to extract salient features
while maintaining computational efficiency and reducing the risk of overfitting. MS-
MDDNet is a compact neural network model characterized by a small number of
trainable parameters. Unlike conventional ensemble learning methods [18], which
typically involve multiple base learners, our ensemble-like classification framework
relies on a single model. It introduces diversity by segmenting the input EEG signals
rather than relying on multiple models. To assess its generalizability and robustness
against subject-specific noise, the model has been rigorously evaluated using 10-fold
CS-CV across three publicly available benchmark datasets. Furthermore, an intrinsic
interpretability mechanism has been introduced by analyzing the correlation between
the model’s learned features and the gamma band, thereby enhancing transparency
in decision-making and promoting clinical credibility.

The novelty of this study lies in the design and implementation of MS-MDDNet, a
compact, end-to-end deep learning architecture specifically optimized for EEG-based MDD
detection. The main contributions are as follows:

e MS-MDDNet, a novel lightweight CNN model: Unlike conventional CNN or
hybrid models, MS-MDDNet integrates multi-scale spatial-temporal convolu-
tions with depthwise separable convolutions and average pooling in a compact
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design. This architecture is specifically designed for EEG signals to enhance
discriminative feature extraction while reducing computational complexity
and the risk of overfitting. This architecture has not been used in existing MDD
detection methods.

e Ensemble-like Classification Framework: It applies the ensemble principle by di-
viding longer inference-time EEG trials (e.g., 10 s) into sub-trials (e.g., 2 s), which
naturally capture diverse temporal patterns due to the non-stationary and noisy na-
ture of EEG signals [18]. Each sub-trial is treated as an independent observation,
and aggregating the predictions across all sub-trials yields a more robust and reliable
final decision. This approach captures diverse temporal patterns, mitigates noise, and
improves stability, leading to better generalization and higher accuracy compared
to single-segment predictions. Additionally, it allows MS-MDDNet to be designed
as a lightweight model trained on a large number of short trials (e.g., 2 s), reducing
the risk of overfitting with limited data. This strategy avoids the complexity and
storage requirements of conventional ensembles, making it an efficient ensemble-like
classification method.

e Channel Efficiency: Existing deep learning approaches often require a large number
of EEG channels, limiting scalability. Our model achieves high accuracy with minimal
channels, reducing hardware dependency and setup complexity, which is essential for
real-world deployment.

e  An Intrinsic Interpretability Mechanism: To enhance transparency and clinical credi-
bility, we introduced an interpretability method that is based on the analysis of the
correlation between the model’s learned features and the clinically relevant gamma
band in EEG signals.

e A Rigorous Evaluation Strategy: We demonstrated the model’s generalizability and
robustness through extensive evaluation using 10-fold CS-CV across three publicly
available benchmark datasets. Our use of 10-fold CS-CV ensures robust generalization
and mitigates overfitting due to subject-specific noise, a methodological improvement
that strengthens clinical applicability.

e  Superior Performance with Reduced Complexity: Compared to state-of-the-art
methods, MS-MDDNet achieves higher accuracy and F1 scores across multiple
datasets while maintaining a lightweight architecture, making it both practical and
clinically viable.

The remainder of the paper is organized as follows: Section 2 provides details of
the proposed MS-MDDNet architecture and the ensemble framework, while Section 3
describes the evaluation protocol adopted in this study and presents and analyzes the
experimental results and the method’s robustness. Section 4 explores the influence
of various brain rhythms on MS-MDDNet’s decision-making process, investigates
the correlation between the learned features and gamma rhythm, and introduces an
interpretable strategy for explaining model predictions. Finally, Section 5 concludes
the paper.

2. Proposed Method
2.1. Problem Formulation

The brain activity of a subject is recorded using electroencephalography (EEG),
producing an EEG signal (referred to as a trial or epoch) that reflects neural activations
over a specific time window. This EEG trial is then analyzed to determine whether the
subject is a healthy control (HC) or exhibits signs of MDD. The objective is to develop
an automated method capable of distinguishing between HC and MDD based on EEG
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epochs. Given the two target classes, HC and MDD, the detection task is formulated as a
binary classification problem.
Formally, let an EEG trial be represented as a matrix x € R™*" :i.e,,

X1 X120 Xin
X21 X2t Xop

x= | ¥31 X3 - X3p 1)
Xml Xm2 " Xmn

where m represents the number of channels (spatial dimension) and n = sT is the
number of time samples (temporal dimension) recorded with the sampling rate s
over the time interval of T seconds. Each row represents a channel, and each column
denotes one time sample recorded from m electrodes. Let Y = {0,1} represent the set
of labels, where a label of 0 corresponds to HC and a label of 1 corresponds to MDD.
The problem of detecting MDD is framed as a classification problem, where x is the
input and 7 is the corresponding output, i.e., the predicted label of x. We need to
design a mapping f( . ; 0): € R™*" — Y such that f(x; 0) = £, where x € R"*" and
¢ € Y. In this mapping, 0 represents the learnable parameters of f; its complexity
depends on the number of learnable parameters. As the deep learning approach
enables learning a mapping f in an end-to-end manner, we design f as a lightweight
deep neural network model involving a small number of learnable parameters 6. It
ensures avoiding overfitting, as the EEG data for MDD is limited in its capacity to
learn a deep model. The details of the architecture of a deep neural network, called
MS-MDDNet, representing f is presented in the following subsections.

2.2. MS-MDDNet Architecture

MS-MDDNet is a lightweight model designed to classify an EEG trial x and
predict whether a subject is affected by MDD or is an HC. The proposed architecture
overcomes the limitations of prior methods by enhancing model efficiency, reducing
complexity, and improving generalization performance. MS-MDDNet integrates
various types of convolution operations, including multiscale, depth-wise, spatial,
and separable convolutions, to effectively capture diverse signal patterns. The model
is structured into five main mappings: Spatial Information Integration (¥p,.), Spa-
tial Analysis (¥g), Multiscale Analysis (#)5), High-level Feature Learning (%xry1),
and the Classifier (#;). These mappings collectively define f(.; 8): € R™"*"—=Y,
representing MS-MDDNet, as follows:

f(x;0) = FcoFurrL o Fps © Fs 0F pre(x), 2)

where 6 = {0pn, 0s, Oms, Ouyrr, Ocl represents the learnable parameters of
Fpres Fs, Fums, FurL and Fe, respectively. The subsequent subsections elaborate on each
of these mappings in detail. Figure 1 illustrates the MDDNet framework, with its mappings
represented as block diagrams; Table 1 presents the corresponding specifications. Following
the definition of an EEG trial in Equation (1), the input size 32 x 500 x 1 represents that the
input is an EEG trial that has m = 32 channels, and n = 500 time samples.
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Table 1. The Specification of MS-MDDNet: KS (Kernel Size), KN (Number of Kernels), GN (Group
Normalization), BN (Batch Normalization), ACT (Activation Function), #LPs (Number of Learnable
Parameters), SConv (Spatial Convolution), DTConv (Depth- wise Temporal Convolution), AP (Aver-
age Pooling), PConv (Pointwise Convolution), GAP (Global Average Pooling), FC (Fully Connected
Layer), and SR (Sampling Rate).

Block Layer KS KN Input Size Output Size BN/GN/ACT #LPs
Input - - 32 x 500 x 1 32 x 500 x 1 - -
7 SConvy 1x16 1 16 x 500 x 1 1 x 500 x 1 - 17
Pre " SConv; 1x16 1 16 x 500 x 1 1 x 500 x 1 - 17
Concatenation - - 2 x (1 x 500 x 1) 2 x 500 x 1 - -
Fs SConv 8x1 F1=8 2 x 500 x 1 1 x 500 x 8 GN/ReLU 40
DTConv (51 =SR/2=125) 1x S D=2 1 x 500 x 8 1 x 500 x 16 BN/ReLU 2048
DTConv (S; =SR/4=62) 1x5S; Dy =2 1 x 500 x 8 1 x 500 x 16 BN/ReLU 1040
Fms DTConv (S3=SR/8=31) 1xS3 D=2 1 x500x 8 1 x 500 x 16 BN/ReLU 544
Concatenation - - 3x(1x500x16) 1 x500 x 48 - -
AP 1x4 - 1 x 500 x 48 1 x 125 x 48 - -
DTConv (S3) 1x S5 D=2 1 x 125 x 48 1x 125 x 96 BN/ReLU 3264
PConv 1x1 F3=96 1 x 125 x 96 1 x 125 x 96 BN/ReLU 9504
7 DTConv (S3) 1xS3 Dy =2 1 x 125 x 96 1 x 125 x 192 BN/ReLU 6528
HEL  PConv 1x1 F, =48 1 x 125 x 192 1 x 125 x 48 BN/ReLU 9360
PConv 1x1 F, =48 1 x 125 x 48 1 x 125 x 48 - 2352
GAP - - 1 x 125 x 48 1x1x48 - -
Fc FC - - 1x1x48 1x1x2 SoftMax 98
Total Learnable Parameters 34,812

2.2.1. Spatial Information Integration (& ,,,)

An EEG signal records brain activity using electrodes placed at various locations on
the skull. It is essential to integrate this information adaptively to extract patterns relevant
to MMD. To this end, this mapping independently fuses channels from both hemispheres
based on their spatial location and importance for detecting MDD, as shown in Figure 1.
Mathematically, the mapping Fpy, : R™*"*1 — R2X1x1 jg defined as follows:

@(1) = gpre(x} GPre) = C(@£1)’ @1(1))/ 3)

where

o) = 4 (10"

o) = 49 (p0l")

x = [x;x], x, € Ry € RM>XmX1 - and m; are the numbers of channels in x,
and x;, the parts of x in the right and left hemispheres.
The mapping tpg) (and 1,L7§l)) is defined as a spatial convolution SConv, (and SConv;)

layer with one filter of size m, x 1 (and m; x 1) and 0p,, = {9?),95’)} represent the
learnable parameters of the kernels of SConv layers; C is the concatenation.

Applying spatial convolution enables the model to effectively capture the discrimi-
native spatial features across different channel locations and adaptively fuse them. This
approach allows integration of discriminative information across different spatial locations
by learning patterns specifically indicative of MDD. As a result, the spatial convolutional
layer enhances the representation of the input EEG trial, reduces model complexity, and
ultimately improves generalization and classification accuracy. The concatenation oper-
ation combines the MDD-relevant information from the two hemispheres, making the
representation richer and more discriminative.
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2.2.2. Spatial Analysis (% ,)

The previous mapping adaptively integrates the spatial patterns from each hemi-
sphere. These patterns must be fused to work out the multiple discriminative spatial
patterns specific to MDD. This mapping receives 6! from %, and calculates the multiple
spatial patterns using spatial convolution with many filters. It consists of a single spatial
convolution, followed by feature distribution normalization, and an activation function.
Mathematically, it is the mapping % : R2*"*1 — R1*"<F defined as follows:

0? = 7, (x; 95(;’;1)) —goRoypl (x) (4)

®)
S

where ¢é3) is spatial convolution with learnable parameters .. , & is a feature distribution

normalization, and Z is an activation function. The mapping wgg) is implemented as

a spatial convolutional (SConv) layer with F; filters, and 95(13:)

. are learnable parameters
of these filters. For feature distribution normalization and activation function, there are
different options; empirically, we found that group normalization and ReLU activation
give the best performance. The mapping %; produces 62 € R which consists of F;
temporal channels, each of dimension 1 X n.

Spatial convolution is designed to extract distinctive spatial features while maintaining
the temporal dimension. It reduces the spatial dimension from two spatial channels to
one channel by applying F; spatial filters of size [2 X 1], generating F; temporal feature
channels that integrate spatial information from the left and right hemispheres. Unlike
batch normalization, grouped normalization (GN) is independent of batch size and serves
to stabilize the feature distribution during training, thereby facilitating optimization and
accelerating convergence. The ReLU activation function helps the model capture complex
patterns while maintaining a smooth gradient flow.

2.2.3. Multiscale Analysis (F ;s)

EEG signals are complex and non-stationary; their attributes change over time and
exhibit fractal-like properties, which necessitate their multiscale analysis to reveal mul-
tiple levels of brain activation, from rapid neuronal spiking to slower oscillations, and
extract features. Traditional multiscale analysis techniques, such as the discrete wavelet
transform (DWT) and the Fourier transform, do not adaptively capture the dynamic and
multi-frequency features of EEG signals due to their predefined basis functions. As the
brain activations are short and localized in time, we employ Multiscale Analysis mapping
(F ms) composed of temporal convolutions with several filters of various sizes to capture
multiscale brain dynamics.

The mapping Fys : RV RIX(/4)xGBD1xF) receives 6?€ R and pro-
cesses it with three different operations, as shown in Figure 1, temporal multiscale convolu-
tion, concatenation, and average pooling;:

FMSs <@2) =doCogums (@2)/ (5)
where ¢p5, C and & represent multiscale temporal convolution, concatenation, and average

pooling, respectively.
The multiscale temporal convolution ¢ is defined as follows:

s () = [ (7) 0[5 (7). 0
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where ¢, i =1, 2, 3 are temporal convolution mappings with scales si, i = 1, 2, 3, which
take 0 in parallel and extract features across multiple scales using filters of different sizes,
providing rich and discriminative information.

Each ¢,; is specified as follows:

0} = 9(0% 00)) = Booy() (07),i=1,2,3 @)

where l/Jt(i) represents the ith temporal convolution, % is batch normalization, % is a ReLU
activation function. Each zpt(i) is implemented as a depth-wise temporal convolutional
layer (DTConv) with F1 filters of sizes S;, i =1, 2, 3, and depth D. It drastically reduces the
number of learnable parameters and computational cost, leading to better generalization
with a small amount of training data. We used D = 2. The multiscale features 65, 63, and

63 produced by ¢s are fused using concatenation to yield 63 € R1*"> (3DxFy),

Finally,
the temporal dimension of ©° is reduced by an average pooling layer with a window of
size 1 x 4 and a stride of 4, yielding 6* where 6% R*("/4)x(3D1>F1)

layer reduces model complexity, thereby avoiding overfitting. The %5 mapping computes

. The average pooling

the multiscale information in the form of multiscale spatiotemporal features and produces
6* as an output, which is forwarded to the next block.

2.2.4. High-Level Feature Learning (% ;)

We design high-level feature learning mapping (% ;) to learn hierarchical and in-
creasingly intricate and abstract features relevant to MDD. It is composed of one sequential
convolution, one shortcut connection, and global average pooling. Mathematically, it is
specified as follows:

FHLF (@4> =dq (‘PHLF (@4) D Py (@4) ) , 8)

where ¢y, © and &, denote sequential convolution, shortcut connection, and global
average pooling; 1, is a pointwise mapping to match the dimensions.
The sequential convolution ¢y r is composed of two mappings ¢>§?p, i =1, 2, specified
as follows:
PHLF (@4) = ¢l o L) <@4) ©)
where
495(27 (@2i+2) — BoRo lp;(f) 0 BoRo lPt(i) <@2i+2), i=12 (10)

here gbt(i) and 1,0,(,[) are depth-wise temporal convolution and pointwise convolution opera-
tions. The mapping <p§;),, is implemented as a separable convolution block, where lpt(l), and

w;i) in 47527 blocks are implemented as depth-wise temporal convolution (DTConv) and
pointwise convolution (PConv) layers. It learns intricate discriminative patterns associated
with MDD while maintaining a low computational cost and parameter complexity, thereby
avoiding overfitting. The shortcut connection is implemented as an element-wise addition
@, but the dimensions of 6 and 6® do not match, so first PConv is applied.

Finally, the mapping &, is realized through a global average pooling layer, which
reduces the dimensionality of the feature space. It mitigates the curse of dimensionality
and overfitting, thereby enhancing the model’s generalization capability.

2.2.5. Classification Function (& )

The features learned by the feature learning mappings described in the previous sub-
sections are used to infer the label of the EEG segment to identify whether the subject is HC
or suffers from MDD. For inference, the features are passed to the classification function
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F¢, which is implemented as a fully connected layer (FC) followed by a SoftMax layer. As
there are two classes, HC and MDD, there are two neurons in the FC layer, which gives the
activations a = [a1, a3]. The SoftMax layer converts the activations into the class probabilities
P =[py, p2], where

et
= —,1 1, 2. 11
P 212:16”1"1 €{1l 2} (11)

2.3. Ensemble-like Classifier Based on MS-MDDNet

In machine learning, the core principle of an ensemble is to combine diverse predic-
tions. Unlike conventional ensemble methods that rely on multiple distinct models, our
approach leverages this principle by subdividing an inference-time EEG trial into sub-trials,
treating each sub-trial as an independent observation, and fusing their outputs to form
a robust final decision. The motivation stems from the fact that EEG signals are highly
non-stationary and subject to noise [18]. By dividing an inference-time EEG trial (e.g.,
10 s) into multiple sub-trials (e.g., 2 s) as shown in Figure 2, we capture diverse temporal
patterns and reduce the risk of missing critical features. Treating each sub-trial as an
independent observation, MS-MDDNet then predicts its label, and these predictions are
fused to determine the final label:

I= fuse(ly, lp, ..., I), (12)

where [ is the final predicted label of an inference-time EEG trial and I3, [, ..., [y represent
the predicted labels of its sub-trials; and fuse is the fusion function, which is used to
combine the predictions of sub-trials. The fusion function used to combine these predictions
is majority voting, which is a widely adopted approach for ensemble decision-making.

Xy

— MS-MDDNet —p

X5

R, . — | MS-MDDNet  —» — ¢(HC/MDD)

X
eoe
[ R RN NN N

tﬂ
—  MS-MDDNet —%»

Figure 2. A prototype architecture of an ensemble learning classifier based on MS-MDDNet.

The aggregation of sub-trial predictions mitigates local noise and improves stability.
This strategy enhances generalization and reduces variance compared to relying on a single
prediction per segment. Our reported results in Section 3.3 confirm that sub-trial-level
voting improves accuracy and F1 scores.

Another motivation is to keep the MS-MDDNet architecture lightweight so that it can
be trained with limited data without overfitting. The design of MS-MDDNet assumes that
input EEG trials are short (e.g., 2 s), which helps keep the number of learnable parameters
small and prevents overfitting when training data is limited. Since a short EEG trial (e.g.,
2 s) may not accurately decode brain states (MDD or HC) due to the non-stationarity of
EEG signals and noise, as demonstrated in Section 3.5, longer EEG trials (e.g., 10 s) are
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used during inference. If longer trials were used for both training and testing, the model
complexity would increase, and the risk of overfitting would rise, since the number of
available training trials would be small.

Furthermore, our approach eliminates the need to maintain multiple trained models,
thereby avoiding storage issues.

Because our method does not strictly follow the conventional ensemble paradigm but
instead relies on the ensemble principle—combining multiple predictions from different
sub-trials to produce a final decision—we term it an ensemble-like classification method.

2.4. Training of MS-MDDNet

MS-MDDNet is modeled as a function f(.; 8): € R"*"— Y, which is composed of
the mappings Fp., s, Fms, FurL and Fc as described in Equation (2), and the detail of
each mapping is given in the previous subsections. The function involves the learnable
parameters 0 = { Opy, 05, Opms, Onrr, Oc}, and learning of MS-MDDNet involves finding the
best values 8 of these parameters using the training set, i.e., it is an optimization problem:

6= argrrbinzilil L(y;, f(x;;0))

where {(x;, yi)}ﬁl is the training set and L(y;, f( x;,0)) is the loss function. We used the
cross-entropy loss.

To solve the problem, we employed ADAM optimizer, which learn the parameters ¢
using the following recursive equation:

P

Gt:Qt_l—zx\/g_i_s, (13)
where .
. t
S L 14
Tt 1— [35 (14)
~ St
§p = ——+, (15)
FE T Bl
re=Byr—1+ (1 —B1)8t (16)
re = PB1r—1+ (1 —B1)8t, (17)

where r and s are the first and second moment estimates, respectively, and g; = VL (6;)
is the gradient of the loss function L(0) = L(y;, f( x;,0)). The learning rate («), the
exponential decay rates 31 and 3, and epsilon (¢) are the hyperparameters. The moments
r and s are initialized as zeros. In accordance with the optimization strategy proposed by
Kingma and Ba [41], we configure the hyperparameters as follows: 31 = 0.9, 32 = 0.999,
o =0.001, and ¢ = 10~8. This configuration facilitates rapid network convergence, thereby
enhancing the overall efficiency of the training procedure.

3. Experimental Results
3.1. Data Sets

The performance of MS-MDDNet and the ensemble-like classifier based on it was
evaluated on three publicly available benchmark datasets (MODMA, MUMTAZ, and
PRED + CT) to assess their robustness and generalizability across diverse data sources.
This approach enables a comprehensive assessment of its effectiveness across contexts,
helping uncover potential limitations that may not become evident when relying on a
single dataset.
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Although MODMA, MUMTAZ, and PRED + CT are relatively small compared to
large-scale image or text datasets, they are among the most widely used and publicly
available benchmark EEG datasets for MDD research. Using three distinct datasets ensures
diversity in recording protocols, subject demographics, and hardware setups, thereby
strengthening the generalizability of our findings.

To mitigate limitations in dataset size, we employed 10-fold CS-CV, a rigorous evalua-
tion strategy that prevents subject-specific bias and overfitting. This approach provides a
more reliable estimate of real-world performance compared to subject-dependent splits
commonly used in prior studies.

EEG-based MDD detection is an emerging field, and large-scale standardized datasets
are currently scarce. Our choice of datasets reflects the current state of the domain, and our
method’s ability to achieve high accuracy across multiple datasets demonstrates robustness
despite these constraints.

However, while dataset size is a limitation inherent to the field, our use of three
independent datasets with rigorous CS-CV evaluation provides strong evidence of the
proposed method’s effectiveness and generalization capability.

The subsequent paragraphs provide detailed descriptions of each dataset. All datasets
were used exactly as provided in their respective repositories, with no additional prepro-
cessing for artifact removal (e.g., EOG, EMG, blinks, ICA, or filtering).

3.1.1. MODMA Dataset (DB1)

The MODMA dataset was acquired from 51 students at Lanzhou University [42].
Among the participants, 28 were HC, while 23 were diagnosed with MDD, with ages
ranging from 16 to 56 years. EEG signals were recorded for a duration of five minutes
under resting-state eyes-closed (EC) conditions using a 128-channel HydroCel Geodesic
Sensor Net (HCGSN; Electrical Geodesics, Inc., Eugene, OR, USA) at a sampling rate of
250 Hz. Data acquisition was performed using Net Station software (version 4.5.4; Elec-
trical Geodesics, Inc., Eugene, OR, USA). Electrode placement followed the international
10/10 system. In our experiments, three subjects (two with MDD and one healthy control,
HC) were excluded due to corrupted recordings, as illustrated in Figure 3.

~ EEG Data from File: 535_Depression_REST.mat

Amplitude (1V)

0 50 100 150 200 250 300 350 400
Time (s)

Figure 3. A corrupted recording of an excluded subject.
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3.1.2. MUMTAZ Dataset (DB2)

The dataset was collected by Mumtaz et al. [43] at the University of Sains Malaysia
Hospital, Penang, Malaysia. It consists of recordings from 64 subjects aged between
27 and 54 years. Of these, 34 were diagnosed with MDD, while 30 were HC. EEG signals
were acquired using a 19-channel electro-gel sensor EEG cap, with electrode placement
following the international 10/20 system. A five-minute recording was obtained from each
subject under EC resting-state conditions, sampled at 265 Hz. In our experiment, we used
29 MDD and 30 HC participants; 4 subjects were excluded due to poor recording, as shown
in Figure 3.

3.1.3. PRED + CT Dataset (DB3)

This dataset was obtained from the Patient Repository for EEG Data and Computa-
tional Tools, maintained by the University of New Mexico, Albuquerque, NM, USA [44].
It comprises EEG recordings from 121 participants, including 46 individuals diagnosed
with major depressive disorder (MDD) and 75 healthy controls (HC). Recordings were
conducted under eyes-closed (EC) resting-state conditions using 64 Ag/AgCl electrodes,
with a sampling rate of 500 Hz. In our experiment, we excluded seven MDD files and two
HC files: three files did not exist on the site, and six files had poor or corrupted signals.

3.2. Evaluation Procedure

To prevent data leakage and ensure that MS-MDDNet learns exclusively MDD-specific
features while minimizing subject-related noise, the model was evaluated using 10-fold
cross-subject cross-validation (CS-CV). The dataset was divided into ten stratified folds,
each comprising data from distinct subjects. Ten experiments were conducted, with each
iteration using one fold as the test set, another as the validation set, and the remaining
eight folds as the training set. The model performance was reported as the average across
10 folds. The MODMA dataset contains data from 21 MDD subjects, which is fewer than
the 27 HCs. To maintain a stratified fold distribution, 21 HCs were randomly selected to
match the number of MDD patients.

Each subject’s EEG recording spans 5 min. For model training, we fixed the window
size to 2 s and did not explore larger windows for two main reasons. First, the complexity
of MS-MDDNet increases with window length; using longer windows would substantially
increase model complexity. A 2-s window reflects the brain dynamics and provides the best
balance between representational richness and model complexity. Second, the available
datasets are relatively small, and increasing the window size would reduce the number of
training segments, which in turn increases the risk of overfitting. However, for inference,
we used a 10-s window size and an ensemble-like classifier to ensure the prediction is not
influenced by momentary thoughts or distractions.

The 2-s window yields approximately 150 trials per subject and around 5700 training
trials per fold. Despite MS-MDDNet’s lightweight architecture (34,812 LP), this sample
size is insufficient for effective training without overfitting. To address this limitation, we
increase the number of EEG trials with real data by employing a sliding window [45] with
a 0.3-s stride for data augmentation, as illustrated in Figure 4. This technique increases the
number of training trials from 5700 to approximately 36,000 within one fold.

b.3s los

—> 1

| 2s 1

——

. L .

P | .,

) 300s

Figure 4. Training trials creation using an overlapping window; the red arrow represents the stride.
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During testing, a 10-s EEG trial is segmented into 2.0-s epochs. The ensemble classifier
processes each epoch independently using the trained MS-MDDNet, and the final label for
the trial is determined by fusing the individual predictions.

The MS-MDDNet model was implemented and trained using MATLAB’s Deep Learn-
ing Toolbox (R2022b). Training was performed on a single GPU using the Adam optimizer,
as described in Section 2.4, with a piecewise learning rate strategy. The learning rate was
initialized at 0.001, and a learning rate drop factor (LRDF) of 0.1 was used. The model was
trained for a maximum of 25 epochs, with a batch size of 4 times the sampling rate and
a validation patience of 5 as the stopping criterion. To mitigate overfitting and enhance
generalization, L2 regularization was applied with a factor of 0.0001.

To evaluate the performance of the proposed model, widely recognized metrics
were employed, i.e., accuracy (Acc), sensitivity (Sen), specificity (Spe), area under the
receiver operating characteristic curve (AUC), and Fl-score (F1). These measures are
defined as follows:

TP+ TN
ACC = T TN T FP L EN’ (18)
TP
Sen = TF T EN’ (19)
TN
SPe = TN T Fp/ 20)
. 2% TP o

T 2xTP+FP+EN’

where TP, TN, FP, and FN stand for the number of true positives, true negatives, false
positives, and false negatives, respectively.

3.3. The Performance of MS-MDDNet Across Three Public Datasets

Based on the ablation study on the MODMA dataset, the best configuration of MS-
MDDNet was used to evaluate its performance on three public datasets. The results are
shown in Table 2.

Table 2. The performance of MS-MDDNet across three public datasets.

Dataset ACC% Sen% Spe% AUC% F1%

MUMTAZ 96.21 +11.99 95.69 + 13.64 100 = 00 98.83 + 03.48 97.25 + 08.70
PRED + CT 96.61 £ 05.46 98.00 £ 05.26 95.79 £ 05.99 96.31 = 04.84 95.75 + 06.75
MODMA 99.33 £+ 01.61 99.00 + 03.16 99.67 £+ 01.05 99.96 + 00.14 99.31 + 01.69

The results demonstrate the strong generalizability of MS-MDDNet across three bench-
mark EEG datasets. On the MODMA dataset, the model exhibits near-perfect performance
(99.33% accuracy, 99.96% AUC) with small variability (£1.61% accuracy), indicating excel-
lent stability and consistent classification. The PRED + CT dataset exhibits similarly high
accuracy (96.61%) but slightly elevated variability (£5.46%), with a sensitivity-specificity
trade-off (98% Sensitivity vs. 95.79% specificity). It suggests robust class separation (AUC
96.31%) despite potential data heterogeneity. The MUMTAZ dataset exhibits the highest
performance variability (£11.99% accuracy) yet achieves perfect specificity (100%) and a
high AUC (98.83%), indicating consistent identification of healthy controls and moderate
fluctuations in sensitivity (95.69% =+ 13.64%) in detecting MDD cases. The relatively lower
performance on PRED + CT and MUMTAZ datasets may be attributed to MS-MDDNet's
configuration, which was tuned using the MODMA dataset.

Notably, all datasets achieve F1-scores greater than 95% and AUCs greater than 96%,
confirming the model’s reliability across diverse populations and recording conditions. The
minor performance variations likely stem from dataset-specific factors (e.g., participant
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demographics, EEG protocols), but the consistently high metrics underscore MS-MDDNet’s

capacity to generalize. The near-perfect results on the MODMA dataset validate the
architectural optimizations, while outcomes on the MUMTAZ and PRED + CT datasets
validate the method’s resilience to real-world variability, establishing it as a clinically

transferable solution for MDD screening.

3.4. Ablation Study

A series of experiments was conducted to assess the effectiveness of individual

components within the model architecture and to determine the best values for their

corresponding hyperparameters.

3.4.1. The Effect of the Combination of Channels

EEG channels capture neural activity from distinct scalp locations. To investigate

which brain regions, i.e., channels, are most informative for MDD detection, we conducted

experiments using various channel combinations. These experiments employed the model

configuration illustrated in Figure 1 and detailed in Table 1, with all activation functions

replaced by the Swish function. The performance outcomes of eleven tested channel

configurations are summarized in Table 3. The best channel configuration is the “Left and

right central” (Option 9), achieving near-perfect accuracy (98.67% = 3.12%) and F1-score
(98.56% =+ 3.47%), with the lowest variability. It indicates that the channels in the central
brain region, as highlighted in Figure 5 [34], form the most discriminative and stable EEG

signals for MDD detection.

3.4.2. The Effect of Spatial Information Integration

The Fpre block aggregates informative EEG channels from distinct brain regions across

both hemispheres. Within each region, the selected channels were grouped and subse-

quently passed to a convolutional layer, enabling the model to learn localized patterns that

contribute to MDD classification. All experiments employed the configuration described in

Table 1 and depicted in Figure 1, except that all activation functions were replaced with the

Swish function. Three experimental configurations were tested. The results, presented in
Table 4, demonstrate the significance of the Fpre module within the MS-MDDNet architec-
ture, notably improving classification accuracy when convolutional processing is applied,

compared to configurations that use average pooling or independent channel processing.

Table 3. The performance of MS-MDDNet using different combinations of channels.

Options Channels Names ACC% F1%

1 Fp1, Fp2 70.07 £31.23  63.20 +40.78
2 Fpl, Fp2, T7, T8 81.91 £3048 75.79 +40.45
3 Y (Fpl + T7), % (Fp2 + T8) 87.38 £17.34 81.33 £28.12
4 Fp1/Fp2, F3/F4,C3/C4,01/02,F7/F8,T7/T8, P7 /P8 91.00 +15.66  86.15 + 25.82
5 1/3(Fpl + E3 + F7),1/3 (Fp2 + F4 + F8),C3,C4,01,02,% (T7 + P7),%(T8 + P8) 94.68 £ 1573  96.32 +10.48
6 1/7(Fpl+F3+F7+C3+01+T7+P7),1/7(Fp2 +F4+F8 +C4+ 02+ T8 +P8), 8936 +£17.51 83.98 £ 31.57
7 All left and right 95.50 £08.01  96.15 + 06.68
8 Left and right temporal 93.67 £ 15.57  95.41 +10.39
9 Left and right central 98.67 = 03.12  98.56 =+ 03.47
10 Left and right frontal 96.50 4= 06.87  96.97 + 05.82
11 Left and right parietal-occipital 9717 £ 0624  96.74 £ 07.48
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Figure 5. MODMA dataset; highlighted channels are selected from 128 channels.
Table 4. The impact of spatial information integration (% pre) module.

Experiment ACC% Sen% Spe% AUC% F1%
Without Fp, 93.71 + 14.30 100 £+ 00 87.82 £ 27.51 99.00 £+ 02.92 95.23 £ 10.61
With %, avg 86.24 + 17.64 81.67 + 33.78 90.33 £ 23.54 95.56 + 11.17 80.87 + 31.44
With Fpye conv 98.67 £+ 03.12 97.67 £ 06.30 99.67 £+ 01.05 100 =+ 00 98.56 & 03.47

3.4.3. The Effect of Normalization Techniques

To investigate the impact of different normalization techniques on model performance,
three approaches—Batch Normalization (BN), Layer Normalization (LN), and Grouped
Normalization (GN)—were evaluated within distinct modules of the MS-MDDNet archi-
tecture. All other architectural components and hyperparameters were held constant, as
specified in Figure 1 and Table 1, with Swish activation functions applied throughout.
The results, summarized in Table 5, demonstrate that employing GN within the spatial
analysis module and BN in all other modules yields the highest classification performance.
In contrast, BN yielded the lowest performance across all blocks, reducing it by 8.14%.

Table 5. The effect of normalization techniques on the performance of MS-MDDNet; T denotes type.

Block ACC% Sen% Spe% AUC% F1%
All Blocks BN 90.63 £ 14.58 87.00 £ 26.59 9452 +£16.21 99.44 £01.50 87.84 +22.42
All Blocks 94.83 £+ 12.38 92.33 £24.24 97.33 £ 08.43 98.21 £03.77  92.61 £ 19.60
Fs GN 98.67 + 03.12  97.67 £ 06.30 99.67 + 01.05 100 + 00 98.56 + 03.47
FMs 95.48 +10.17 93.67 £+ 20.03 97.00 = 09.49 98.29 0541  94.06+ 14.78
All Blocks 97.85 + 04.16 97.33 £ 08.43 98.39 + 02.72 99.63 £00.93  97.65 £ 04.77
Fs LN 94.19+ 13.15 94.00 £ 13.03 9442 £+ 14.72 96.36+ 11.52  94.23 £ 12.65
FMs 98.21 £ 03.43 96.67 £ 07.20 99.67+ 01.05 100+ 00 98.01 4+ 03.91
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3.4.4. The Effect of Different Activation Functions

To investigate the influence of activation functions on MS-MDDNet performance,
five widely recognized functions were tested within the MS-MDDNet architecture. The
experimental setup followed the configuration outlined in Table 1 and Figure 1, with
activation functions being the only variable. As reported in Table 6, ReLU improved the
performance by 0.67% compared to the others, due to its computational efficiency, sparse
activation characteristics, and its ability to mitigate the vanishing gradient problem by
propagating significant positive features while zeroing out non-positive inputs. The Tanh
function exhibited the lowest performance.

Table 6. The effect of different activation functions on the performance of MS-MDDNet.

Activation Function ACC% Sen% Spe% AUC% F1%
ReLU 99.33 &+ 01.61 99.00 + 03.16 99.67 £ 01.05 99.96 + 00.14 99.31 + 01.69
Gelu 98.67 £ 02.19 98.33 £ 03.60 99.00 £ 03.16 99.62 £ 01.05 98.65 £ 02.21
Leaky-ReLU 99.01 £ 01.79 98.00 £ 03.58 100 £ 00 99.96 £ 00.14 98.96 £ 01.87
swish 98.67 + 03.12 97.67 £ 06.30 99.67 £ 01.05 100 £ 00 98.56 £ 03.47
Tanh 95.83 + 08.93 96.67 £ 09.43 95.00 £ 10.57 95.90 £ 08.72 95.90 £ 09.03
clipped ReLU 99.33 £ 02.11 98.67 1 04.22 100 &= 00 99.89 & 00.35 99.29 + 02.26

3.4.5. The Effect of the Number of Filters in the Spatial Analysis Module

To determine the best number of filters in the spatial analysis module, a series of
experiments was conducted using the MS-MDDNet configuration depicted in Figure 1 and
detailed in Table 1. The number of spatial convolution filters (F1) was varied, while all
other parameters were held constant. The results, summarized in Table 7, indicate that
setting F1 = 8 yields the highest classification accuracy. Reducing F1 to 4 resulted in a
slight decline in performance due to underfitting, caused by insufficient capacity to model
complex patterns. Conversely, increasing F1 to 12 led to overfitting, as the expanded model
capacity captured redundant or noisy patterns, thereby diminishing accuracy.

Table 7. The effect of the number of filters in the spatial analysis on the performance of MS-MDDNet.

Number of Filters (F1) ACC% Sen% Spe% AUC% F1%

4 98.83 £+ 02.49 100 £ 00 97.67 + 04.98 98.13 4+ 05.38 98.90 & 02.35
8 99.33 £ 01.61 99.00 + 03.16 99.67 + 01.05 99.96 £ 00.14 99.31 £ 01.69
12 96.17 £ 07.12 100 £ 00 92.33 £ 14.23 96.74 £ 07.39 96.68 + 06.04

3.4.6. The Effect of the Multiscale Analysis Module

To evaluate the impact of multiscale temporal analysis on MS-MDDNet’s performance,
experiments were conducted using the configuration outlined in Figure 1 and Table 1, with
modifications applied only to the multiscale analysis module. As summarized in Table 8,
the absence of this module resulted in diminished performance, indicating its critical role
in capturing relevant temporal features. Notably, the use of three distinct temporal scales
yielded the highest classification accuracy, emphasizing the effectiveness of multiscale
feature representation in improving model generalization.

Furthermore, to determine the optimal number of convolutional filters within each
temporal scale of the multiscale analysis module, a series of experiments was conducted.
The results, presented in Table 9, indicate that employing 125, 62, and 31 filters across the
three respective scales yields the highest classification performance. In contrast, reducing
the number of filters led to a substantial drop in accuracy, exceeding 10%, suggesting
insufficient representational capacity to capture discriminative temporal features.
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Table 8. The effect of scales in the multiscale analysis module on MS-MDDNet’s performance.

# Scales ACC% Sen% Spe% AUC% F1%
Without Fs 91.24 +£13.32 94.67 £ 12.19 87.79 £25.72 98.38 £ 03.89 92.07 £11.03
1(125) 96.23 + 06.66 96.33 £ 11.60 96.24 £ 08.33 98.21 £ 05.24 95.95 + (07.58
2 (125, 62) 93.50 &+ 15.12 88.33 &+ 03.52 98.67 + 04.22 99.00 &+ 03.16 88.91 +£29.22
3 (125, 62, 31) 99.33 £ 01.61 99.00 £ 03.16 99.67 £ 01.05 99.96 + 00.14 99.31 % 01.69
4 (125, 62, 31, 15) 96.06 &+ 09.25 99.33 +£ 02.11 92.82 +18.03 99.65 + 01.12 96.68 + 07.46

Table 9. The effect of the number of filters in %j;s on MS-MDDNet’s performance.
# Filters ACC% Sen% Spe% AUC% F1%
62,31, 20 86.36 + 21.16 89.00 & 23.52 83.67 £ 35.50 84.72 £26.72 86.55 + 2141
125,62, 31 99.33 £ 01.61 99.00 4 03.16 99.67 £ 01.05 99.96 + 00.14 99.31 £ 01.69
250, 125, 62 98.23 £+ 04.15 96.33 £ 08.67 100 £ 00 100 £ 00 97.94 £ 04.96
3.4.7. The Effect of the High-Level Feature Learning Module
To evaluate the contribution of the hierarchical feature learning module (¥yr) and
its constituent layers, a series of experiments was conducted. The results, presented in
Table 10, demonstrate a marked decline in model performance when Fyry, is excluded,
underscoring its critical role in effective MDD detection. Furthermore, the inclusion of
two temporal separable convolution blocks and a skip convolution significantly enhances
performance. The temporal separable convolutions facilitate the extraction of rich, hierar-
chical temporal features, while the skip connection mitigates overfitting and the vanishing
gradient problem, thereby ensuring the extraction of MDD-relevant features.
Table 10. The impact of F_HFL on MS-MDDNet’s performance.

Experiment ACC% Sen% Spe% AUC% F1%
Without Fyrr 94.33 +09.79 94.33 +16.78 94.33 + 12.58 94.02 £11.34 93.74 £11.95
Without 1st separable 96.17 £ 08.09 100 £+ 00 92.33 +16.18 100 &+ 00 96.78 + 06.79
Without skip-convolution ~ 98.67 + 04.22 100 £ 00 97.33 £08.43 98.48 + 04.81 98.82 £ 03.72
With Fyrr 99.33 £+ 01.61 99.00 + 03.16 99.67 £ 01.05 99.96 + 00.14 99.31 + 01.69

3.4.8. The Effect of Pooling Layers

MS-MDDNet incorporates two pooling layers, one within %5 and another in Fyry,
to reduce computational complexity and enhance representational efficiency. To examine
the impact of different pooling strategies, experiments were conducted with three configu-
rations: max pooling (MP) and global max pooling (GMP), average pooling (AP) and GMP,
and AP and global average pooling (GAP). All other architectural and hyperparameter
settings adhered to the specifications outlined in Figure 1 and Table 1, with the pooling
method being the only variable. As presented in Table 11, the results demonstrate that
average pooling consistently outperforms max pooling, attributing to its superior capacity
for distributed feature representation, enhanced generalization, and reduced sensitivity
to noise. Unlike max pooling, which extracts only the peak values and may amplify dis-
continuities and noise, average pooling integrates continuous activations across channels,
ensuring a more comprehensive feature aggregation.

The ablation experiments systematically revealed the importance of key components
of the MS-MDDNet. Using left and right central electrodes, it achieved the best accuracy
(98.67% = 3.12%) and F1-score (98.56% =+ 3.47%), outperforming all other configurations.
The spatial analysis module significantly enhanced its performance. For normalization,
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GN in the spatial analysis module, combined with BN elsewhere, yielded the best re-
sults, while LN performed poorly. Among activation functions, ReLU proved superior
due to computational efficiency and mitigation of vanishing gradients, outperforming
Swish and Tanh.

Table 11. The effects of different pooling techniques.

Experiment ACC% Sen% Spe% AUC% F1%
MP, GAP 95.00 £ 11.55 97.00 £ 09.49 93.00 £ 22.14 99.98 +7.02 x 1074 95.64 & 09.39
AP, GMP 94.86 £ 12.99 97.00 £ 06.75 92.76 £ 19.91 97.39 £ 08.26 95.57 4 10.68
AP, GAP 99.33 £ 01.61 99.00 4 03.16 99.67 £+ 01.05 99.96 + 00.14 99.31 4 01.69

Further, tuning revealed that eight filters in the spatial analysis module provided the
best model capacity, with fewer filters resulting in underfitting and more leading to overfit-
ting. The multiscale temporal module was critical for performance; using three temporal
scales with 125, 62, and 31 filters, respectively, maximized accuracy. The hierarchical feature
learning module with skip connections is indispensable, as it enhances temporal feature
extraction and prevents overfitting. Finally, average pooling consistently surpassed max
pooling across modules due to its robustness to noise and ability to capture distributed
activations. Collectively, these components and hyperparameters yielded a highly accurate
and efficient architecture for MS-MDDNet in MDD detection.

3.5. The Robustness of MS-MDDNet and Ensemble-like Classifier

In this section, we address three key questions: (1) is the method robust; (2) is an
ensemble-like classifier effective; and (3) is there overfitting?

To address the first question, the 10-fold cross-validation results for the MODMA
dataset are presented in Table 12, which demonstrate exceptional consistency and robust-
ness in the detection capability of the method. Eight out of ten folds achieved the best
performance (Folds 1, 3-9), while the lowest-performing fold (Fold 2) still attained high
results (95% accuracy, 90% sensitivity, 100% specificity). All folds achieved near-perfect
AUC values, confirming that the method performs well in discriminating between classes.
Fold 10 showed a minor reduction in specificity (96.67%), but overall metrics remained
outstanding (98.33% accuracy, 98.36% F1-score). The negligible standard deviation across
folds highlights the method’s stability and robustness. It is important to note that, in
each fold, the training, validation, and test sets contain data from different subjects; this
procedure substantially reduces the likelihood of data leakage.

Table 12. The 10-fold performance of the method on the MODMA dataset.

Fold ACC% Sen% Spe% AUC% F1%
1 100 100 100 100 100
2 95.00 90 100 99.56 94.74
3 100 100 100 100 100
4 100 100 100 100 100
5 100 100 100 100 100
6 100 100 100 100 100
7 100 100 100 100 100
8 100 100 100 100 100
9 100 100 100 100 100

10 98.33 100 96.67 100 98.36

To address the second question, the 10-fold cross-validation results of both the ensem-
ble model and the single MS-MDDNet are presented in Table 13. The results indicate that
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the ensemble classifier outperforms the single model and demonstrates greater robustness,
as reflected by the lower standard deviation across all metrics. This is because, in the
ensemble approach, errors made by MS-MDDNet on certain segments are compensated for
by other segments, thereby reducing both bias and variance.

Table 13. The Performance of only MS-MDDNet and Ensemble-like Classifier.

Model ACC% Sen% Spe% AUC% F1%
Ensemble-like classifier =~ 99.33 £ 01.61 99.00 & 03.16 99.67 £ 01.05 99.96 £ 00.14 99.31 & 01.69
Single model 92.00 + 14.07 93.00 £ 22.10 91.00 £ 21.00 95.79 £ 08.20 91.09 £ 17.80

Regarding the third question on overfitting, despite the high performance observed
in Table 12, we consider the risk of overfitting to be minimal for two reasons. First, the
method was evaluated using CS-CV; this ensures the model is tested on unseen subjects,
thereby preventing it from learning subject-specific noise. Second, the high accuracy
is attributed to the ensemble-like structure of the classifier (as explained above), which
improves generalization rather than simply memorizing the training data. However, we
acknowledge that the dataset is relatively homogeneous, which yields high within-dataset
separability but may not fully reflect real-world heterogeneity. Therefore, the near-perfect
results should be interpreted primarily as within-dataset performance, which is a limitation
of the current study.

Second, overfitting is typically characterized by a widening gap between training and
validation curves as training progresses. However, Figure 6 illustrates that the gap between
the training and validation curves progressively narrows, and the algorithm terminates
once the two curves converge closely. This convergence indicates that the model generalizes
well and does not exhibit signs of overfitting.
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Figure 6. Training and validation curves of MS-MDDNet.

Furthermore, we qualitatively illustrated that the learned features are highly discrimi-
native. To demonstrate this, we extracted 48 learned features from the GAP layer of the
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test sets for the best fold, worst fold, and all folds and visualized them using t-Distributed
Stochastic Neighbor Embedding (t-SNE), as shown in Figure 7a—c. The visualization of
48-dimensional features projected via t-SNE reveals near-complete separation between
MDD (class 1) and HC (class 0) in the best fold (Figure 7a), illustrating the model’s ca-
pacity to extract neurophysiological distinct patterns. Even in the worst fold (Figure 7b),
separation remains strong, with minimal overlap confined to a small cluster in the bottom
right; this is consistent with the fold’s slight sensitivity drop. Notably, the concatenated
features across all 10 folds (Figure 7c) exhibit robust clustering with no significant class
mixing, highlighting the consistency of the learned representations across data partitions.
The two key strengths are obvious. First, the clear separation across folds indicates that
MS-MDDNet captures discriminative EEG signatures specific to MDD, likely reflecting
altered brain dynamics (e.g., asymmetric frontal activity or aberrant oscillatory patterns).
Second, minimal overlap in the worst fold and preserved separation in the concatenated
features illustrate the model’s resilience to data variability.

(c)

Figure 7. The t-SNE plot of (a) the best fold, (b) the worst fold, and (c) the features extracted from
10 folds, where 1 represents MDD and 0 represents HC.
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3.6. Comparison with the SOTA Methods

A summary of the comparison between the MS-MDDNet-based method and SOTA
methods across the three datasets is given in Table 14.

Table 14. Comparison of the MS-MDDNet-based method with the SOTA methods. Here #Ch stands
for the number of channels.

Study/Year 4Ch Method Performance
Acc% Spe% AUC% F1%
MODMA
Zhang et al., 2023 [29] 64 RNN-LSTM-2D-CNN  93.77 92.18 95.32 -
Carlle et al., 2023 [39] 13 2D-CNN 50.9 - - -
Xu et al., 2024 [27] 128 GCN-2D-CNN 90.56 - - 91.80
Proposed method 32 1D-CNN 99.33 99.68 99.09 99.31
MUMTAZ
Xia et al., 2023 [28] 19 2DCNN 91.06 91.33 89.8 -
Carrle et al., 2023 [39] 13 2D-CNN 79.8 - - -
Zhou et al., 2024 [33] 20 2D-CNN 98.59 98.77 98.39 -
Gan et al., 2025 [36] 19 3D-CNN 92.1 90.0 - 924
Wang et al., 2025 [30] 19 1D-CNN-Transformer  95.1 - - 924
Proposed method 2 1D-CNN 96.21 95.69 100 97.25
PRED + CT
Xu et al., 2024 [27] - GCN-2D-CNN 96.51 - - -
Wang et al., 2025 [30] 19 1D-CNN-Transformer 82.2 - - 81.8
Proposed method 6 1D-CNN 96.61 98.00 95.79 95.75

The MS-MDDNet-based method demonstrates a balance between computational effi-
ciency, data representativeness, and classification performance compared to SOTA methods
across MODMA, MUMTAZ, and PRED + CT datasets. Unlike complex architectures such
as that by Zhang et al. (2023) [29], which utilizes a fusion of RNN, LSTM, and 2D-CNN
with high time and space complexity, or the model developed by Gan et al. (2025) [36] using
3D-CNN, or that by Xu et al. (2024) [27], which is a hybrid of GCN and 2D-CNN with high
spatial complexity, MS-MDDNet leverages a streamlined 1D-CNN design. It also contrasts
with Xia et al. (2023) [28], which relies on multi-head self-attention but ignores temporal
dynamics, thereby limiting generalizability. The architecture of MS-MDDNet significantly
reduces the number of learnable parameters and avoids excessive computational overhead,
making it both time- and memory-efficient.

MS-MDDNet demonstrates robust channel efficiency across multiple EEG datasets,
outperforming or matching SOTA methods with significantly fewer input channels. On
MUMTAZ, it achieves 96.21% accuracy using only 2 channels, compared to the 20 chan-
nels required by Zhou et al. (2024) [33] or 19 channels used by Gan et al. (2025) [36] and
Wang et al. (2025) [30] for comparable results. Similarly, on MODMA, MS-MDDNet uses
32 channels, compared with 64 in Zhang et al. (2023) [29] and 128 in Xu et al. (2024) [27],
while on PRED + CT it uses only 6 channels (Xu et al. did not specify the channel count).
This lightweight configuration substantially reduces hardware complexity and setup re-
quirements, addressing limitations in existing high-density systems, such as those with 128-
channel montages or limited channel attribution (e.g., Xu et al., 2024 [27]), thereby enhanc-
ing feasibility in wearable, resource-constrained, and clinical neurodiagnostic environments.

MS-MDDNet consistently delivers high performance across key classification metrics,
including accuracy, specificity, F1 score, and AUC, while maintaining low architectural
complexity and interpretability. On the MODMA dataset, it achieved 99.33% accuracy
using 32 channels, outperforming Zhang et al. (2023) [29] with 93.77% (64 channels), Carlle
et al. (2023) [39] with 50.9%, and Xu et al. (2024) [27] with 90.56%. Similarly, on PRED + CT,
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MS-MDDNet slightly outperformed Xu et al. (2024) [27], achieving 96.61% accuracy versus
96.51%, along with stronger specificity (98.00%) and F1 score (95.75%). MS-MDDNet
outperforms Wang et al. (2025) [30] by improving accuracy by ~15%. On MUMTAZ,
although its 96.21% accuracy is modestly lower than Zhou et al. (2024)’s [33] 98.59%, MS-
MDDNet uses only 2 channels instead of 20 and achieves perfect AUC (100%), indicating
optimal class separability. Unlike Carlle et al. (2023) [39], who rely on synthetic data,
and other SOTA methods such as Xia et al. (2023) [28] and Zhou et al. (2024) [33], which
emphasize attention mechanisms or custom activations at the expense of transparency,
MS-MDDNet preserves interpretability while excelling across metrics.

Moreover, MS-MDDNet avoids the pitfalls associated with the use of synthetic data
and excessive preprocessing, as noted in studies such as Carlle et al. (2023) [39], which
exhibited poor generalizability and chance-level performance with artificial datasets. The
proposed method enhances robustness through real-data augmentation via overlapping
sliding windows, a strategy that maintains EEG signal integrity while expanding the
training set.

The complexity of a deep learning model is measured by the number of learnable
parameters. The more learnable parameters the model has, the more complex it becomes,
and the greater the chances of overfitting when the available labeled data is limited. The
last column of Table 1 lists the number of learnable parameters for each model module,
and the total is 34,812. Deep learning-based models in SOTA methods involve hundreds of
thousands of learnable parameters; for example, the model by Xia et al. [28] has 3,295,378
parameters. Given this, the proposed model is surely lightweight.

Overall, the lightweight MS-MDDNet-based ensemble classifier has shown superiority
in three interlinked dimensions: model simplicity, channel economy, and generalization
performance. It consists of a small number of learnable parameters due to its simple
architecture, which includes separable convolutions. The model avoids overfitting by
following a cross-subject evaluation procedure. Furthermore, the MS-MDDNet interprets
the decision-making process and feature learning capabilities, as well as the influence of
brain rhythms. Its adaptability across multiple datasets, minimal reliance on preprocessing,
and its interpretability position it as an effective and scalable solution for EEG-based
MDD detection.

4. Discussion

There are several advantages of MS-MDDNet. First, it has a lightweight architecture
that can be trained using a limited amount of data, thereby minimizing the risk of overfitting.
Second, it learns discriminative features that are relevant to MDD and healthy controls.
Third, its predictions are interpretable and explainable. Fourth, it strikes a good balance
between complexity and performance, producing results comparable to those of state-of-
the-art methods with significantly less complexity.

4.1. The Effect of Brain Waves on MDD Detection

EEG signals are usually decomposed into five frequency bands (brain waves or
rhythms)—Delta (0.5-4 Hz), Theta (4-8 Hz), Alpha (8-13 Hz), Beta (13-30 Hz), and Gamma
(30-100 Hz), each associated with distinct neural activities. Prior studies differ in the extent
to which band-related features are associated with MDD: alpha [46—48] and beta [4,49,50].
To examine the frequency-specific contribution to MS-MDDNet’s decision-making process,
test set EEG trials were separately filtered into individual waveforms and fed into the
pre-trained MS-MDDNet model to infer their corresponding labels. The classification
results for each frequency band are reported in Tables 15-17, which reflect the model’s

https://doi.org/10.3390/diagnostics16020363


https://doi.org/10.3390/diagnostics16020363

Diagnostics 2026, 16, 363

23 of 30

performance across three experimental conditions: best-performing fold, worst-performing
fold, and the average across ten cross-validation folds.

Table 15. Testing performance of the best fold when extracting frequency bands.

Fold 7 ACC% Sen% Spe% AUC% F1%
Delta (5) 100 100 100 100 100
Theta () 52.38 0 100 100 0
Alpha (o) 52.38 0 100 100 0
Beta (f3) 52.38 0 100 82.93 0

Gamma (y) 100 100 100 100 100

Table 16. Testing performance of the worst fold when extracting frequency bands.

Fold 2 ACC% Sen% Spe% AUC% F1%
Delta (9) 73.33 96.67 50.00 90.67 78.38
Theta (0) 50.00 0 100 39.67 0
Alpha (o) 50.00 0 100 4411 0
Beta (B) 50.00 0 100 61.22 0

Gamma (y) 100 100 100 100 100

Table 17. Testing performance of the average 10 folds when extracting frequency bands.

All Folds ACC% Sen% Spe% AUC% F1%
Delta (5) 78.00 92.00 64.00 87.48 82.07
Theta () 50.95 21.00 80.00 67.16 15.15
Alpha (o) 50.48 30.00 70.00 60.43 20.00
Beta (3) 50.48 20.00 80.00 64.01 13.33
Gamma () 95.00 100 90.00 90.01 96.67

The gamma band unequivocally emerged as the most salient neurophysiological
biomarker for MDD detection. It exhibited near-perfect performance across all evalua-
tion metrics, including 100% accuracy, sensitivity, specificity, AUC, and F1-score, in both
the best- and worst-performing folds. When averaged across 10 cross-validation folds,
gamma-band features continued to yield exceptional classification performance (95% ac-
curacy, 100% sensitivity, and 96.67% F1-score). These findings are corroborated by prior
studies [34,51-53], which substantiate gamma’s relevance in MDD detection and reinforce
the biological plausibility of MS-MDDNet. This prominence aligns with gamma activ-
ity’s established role in modulating mood, cognition, and emotional regulation, which are
notably disrupted in MDD.

In contrast, other bands showed limited utility. Alpha, Beta, and Theta failed to detect
MDD cases (0% sensitivity across best- and worst-performing folds), with accuracy near
chance (~50%). Delta displayed moderate but unstable performance (73-100% accuracy),
with low specificity (50-64%) and inconsistent performance across folds.

These results emphasize that the gamma band is the primary EEG biomarker for MDD
detection, while slower bands lack reliable diagnostic relevance. This insight prioritizes
gamma-focused analysis for future depression diagnostics and aligns with established
neurophysiological studies of MDD.

4.2. The Correlation of Features with the Gamma Band

The findings from the preceding section indicate that the gamma band serves as the
primary EEG biomarker, influencing MS-MDDNet’s decision-making process for detecting
MDD. In this section, we investigate the relationship between the learned features and
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gamma energy to determine how the gamma-band correlates with the high-level features
learned by the model. Figure 8 illustrates the correlation profiles for the best, worst, and
average results across 10 folds of a 10-fold cross-validation, highlighting the relationship
between the gamma band and the learned features for both the MDD and HC classes.
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Figure 8. The correlation of learned features with Gamma Energy, (a—c) for the best, the worst, and
the average across 10-folds, left (i) and right (ii) columns correspond to HC and MDD, respectively.
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The magnitude and sign of the correlation coefficient r indicate the nature of the
relationship between variables. A positive or negative value denotes the direction of the
correlation, whereas its absolute value reflects the strength: strong correlation (v > 0.7),
moderate correlation (0.7 > r > 0.3), and weak correlation (0.3 > r > 0).

For MDD subjects, gamma energy shows predominantly positive correlations across
features. In the best-performing fold, 65% (31/48) of features exhibited strong positive
correlations (r > 0.7), with one feature showing moderate correlation. This pattern persists
across the average of 10 folds, where more than 50% of features remain positively correlated
(including 4 strong correlations), although the worst fold shows weaker positive associa-
tions. Conversely, HC subjects demonstrate divergent behavior: the best fold splits features
evenly between strong positive (50%) and negative correlations (50%), while both the worst
fold and 10-fold average show predominantly moderate positive correlations between
33 and 25 features, respectively. Critically, more than 50% of features display opposite
correlation directions between MDD and HC in the average of 10 folds (e.g., positive in
MDD but negative in HC, or vice versa). This opposition highlights their discriminative
power for classification, with nine features consistently positive for MDD and twelve for
HC across folds. The MS-MDDNet leverages the correlation between gamma energy and
the learn [34,51-53] features to distinguish between groups. However, subject-specific
variability in the CS-CV protocol may influence the correlation strengths. Overall, gamma
energy correlates more strongly and uniformly with features in MDD, whereas HC shows
greater heterogeneity, with notable negative correlations in high-performing folds.

4.3. Interpretability of Predictions

Following the analysis of correlation plots derived from the best-performing fold,
the worst-performing fold, and the average across ten folds (as shown in Figure 8), it
was observed that Features 10 and 48 exhibit a consistent pattern: both are negatively
correlated with gamma energy in HC and positively correlated in individuals with MDD
across all three scenarios. This consistent divergence suggests that these features can serve
as effective biomarkers for interpreting the decision-making process of MS-MDDNet.

To further validate their discriminative capacity, we computed the mean and standard
deviation of these two features, as illustrated in Figure 9. The figure reveals that the range
of values for Features 10 and 48 in HC and MDD do not overlap. This separation further
reinforces the notion that these features can reliably distinguish between the two classes.
Given their respective value ranges and correlations with gamma energy, the MS-MDDNet’s
predictions of a subject’s state from their EEG trial (MDD or HC) can be considered reliable.
This interpretability is based on their consistent negative or positive correlation with gamma
energy, which plays a crucial role in MDD detection, as demonstrated in our findings in
Section 4.1 and corroborated by previous studies [34,51-53].
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Figure 9. The Average activations of features 10 and 48 across 10 folds.
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While the gamma band has been associated with MDD, it is not an exclusive or
definitive marker. EEG signals are complex and influenced by multiple frequency bands,
spatial patterns, and temporal dynamics. Relying solely on gamma band power can lead
to oversimplification and reduced diagnostic accuracy. Our model does not merely detect
the gamma band; it learns multiscale spatial-temporal representations across all relevant
frequency bands. The observed correlation with gamma energy validates the model’s
interpretability, but the classification decision is based on a richer feature set that captures
subtle patterns beyond gamma. Gamma band characteristics can vary significantly across
individuals and recording conditions. Our approach mitigates this variability by leveraging
deep learning to extract robust features and by aggregating across sub-trials, improving
reliability compared to a single-band heuristic.

The correlation analysis is provided to enhance interpretability, not to imply that
gamma alone drives the decision. By showing that learned features align with known
biomarkers, we increase clinician confidence in the model while still benefiting from the
complex, non-linear feature interactions that deep learning captures.

In short, gamma-band correlation supports interpretability, but the proposed ap-
proach is essential because it combines multiple discriminative features and thereby
improves robustness.

4.4. Clinical Relevance and Implications

Major Depressive Disorder (MDD) affects over 322 million people worldwide and
remains difficult to diagnose due to reliance on subjective assessments. Electroencephalog-
raphy (EEG) provides a promising, non-invasive tool for diagnosing MDD. However,
robust and explainable diagnosis requires analyzing the broader spatiotemporal dynamics
of EEG signals.

The proposed MS-MDDNet framework addresses these limitations by extracting
multiscale spatial-temporal features from EEG signals, enabling more comprehensive and
accurate detection. Importantly, the model achieves high accuracy using a minimal number
of EEG channels, reducing hardware costs and setup complexity—critical for outpatient
clinics and telemedicine applications. Furthermore, the model’s interpretability is enhanced
through correlation analysis with gamma-band energy, bridging the gap between deep
learning and clinically recognized biomarkers. This transparency fosters clinician trust and
supports integration into diagnostic workflows.

Robustness is another key clinical advantage. EEG recordings are often affected by
noise and subject variability. By employing an ensemble strategy across subsegments,
MS-MDDNet mitigates these issues and improves reliability in real-world settings. The
model’s strong performance across three independent datasets further demonstrates its gen-
eralization capability, which is essential for deployment in diverse clinical environments.

Beyond diagnosis, the approach has broader implications for continuous monitoring
and personalized treatment planning. Integration with wearable EEG devices could en-
able home-based assessments, reducing healthcare burdens and improving accessibility
for patients in remote areas. Objective biomarkers derived from EEG can complement
psychometric evaluations, enabling more precise, data-driven clinical decisions.

Overall, MS-MDDNet is not merely a technical advancement but a clinically relevant
solution that combines accuracy, interpretability, and scalability.

4.5. Limitations and Future Work

Despite MS-MDDNet’s excellent performance, we acknowledge several limitations.
First, the current model does not classify MDD severity levels (e.g., mild, moderate,
severe), which is clinically important for guiding treatment strategies. Second, generaliz-
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ability may be limited due to the relatively small size of the publicly available datasets
(MODMA, MUMTAZ, PRED + CT) used in the field compared to those in large-scale
clinical repositories. Third, the correlation analysis was restricted to the gamma band,
despite evaluating all frequency bands, due to its established relevance to MDD, and
provided valuable insights. Excluding correlation patterns in other frequency bands
limits interpretability and constrains the analysis to the frequency domain. Expanding
to spatial and temporal attribution methods could yield a deeper understanding of the
neural mechanisms underlying MDD.

Also, we trained and evaluated MS-MDDNet using cross-subject cross-validation
(CS-CV), ensuring that no information from the test subjects was present in the training set.
This setup allows the model to be assessed on individuals entirely unseen to it, providing
a realistic approximation of independent external validation. However, we acknowledge
that CS-CV cannot fully replace true external validation on data collected from different
sites or acquisition conditions.

Future work will extend MS-MDDNet to classify MDD severity levels, validate per-
formance in large-scale multi-center trials, and explore real-time deployment in telehealth
platforms. To further enhance accuracy and interpretability, we plan to integrate mecha-
nisms such as self-attention. Beyond frequency-domain correlation, intrinsic interpretability
strategies—such as spatial attribution maps, temporal attention, multi-band feature disen-
tanglement, interpretable convolutional filters, and prototype-based learning—can provide
richer insights. Incorporating these methods will expand interpretability from spectral
analysis to spatial-temporal dynamics, strengthening both clinical trust and scientific un-
derstanding.

We did not address subjects with comorbid conditions such as anxiety or bipolar
disorder because the publicly available datasets used in this study do not include them.
Addressing such conditions would require access to datasets that explicitly contain these
scenarios, either through future public releases or through our own data collection efforts.
This is also an important direction of future work.

In its current state, however, MS-MDDNet already represents a powerful and efficient
tool that can support neurologists in the timely and accurate diagnosis of MDD.

5. Conclusions

In this study, we introduced MS-MDDNet, a lightweight, end-to-end deep learning
model and an ensemble-like method based on it for effective MDD detection from EEG
signals. The model architecture, which leverages a combination of spatial and temporal con-
volutions, average pooling, and separable convolution, demonstrates a powerful capacity
for extracting dominant neurophysiological features while maintaining low computational
complexity. The analysis of the performance of the model across well-known frequency
bands confirms that the gamma band is the most salient and discriminative biomarker
for MDD detection. Furthermore, correlation analysis between gamma energy and the
features learned by MS-MDDNet revealed that specific learned features, notably Features
10 and 48, exhibited consistent, opposing correlations with gamma energy across the MDD
and HC groups, indicating that these features explain the model’s predictions and make
them transparent.

The robustness and generalization capabilities of MS-MDDNet were rigorously vali-
dated across three distinct, publicly available benchmark datasets using the CS-CV protocol.
This protocol ensures that there is no overfitting through splitting the data by subjects, such
that the data of a subject appears in either the training or test set. The model achieved
accuracies of 96.21% on the MUMTAZ dataset and 96.61% on the PRED + CT data, which
are comparable to those of the state-of-the-art (SOTA) methods. It achieved 99.33% ac-
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curacy on the MODMA dataset, improving upon all SOTA methods by 9%. Further, the
model achieves these accuracies despite having much less model complexity and using
a small number of EEG channels compared to SOTA methods. These results establish
the superiority of the MS-MDDNet-based method over current SOTA methods, not only
in performance but also in architectural efficiency, as it requires significantly fewer EEG
channels and fewer learnable parameters. These characteristics of the model help it avoid
overfitting and the high computational resource demands, which are the potential pit-
falls of more complex models or those reliant on synthetic data. The model’s robustness
and the interpretability of its predictions make it a valuable tool for supporting clinicians
and individuals in diagnosing MDD with confidence, thereby enhancing transparency in
decision-making and strengthening clinical credibility.
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