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Abstract: Objective quantification of Major Depressive Disorder (MDD) remains a substantial clinical
challenge due to the inherent subjectivity of traditional diagnostic interviews. This paper presents a
novel multimodal deep learning framework that synergistically integrates neurophysiological signals
and behavioural cues for automated depression detection. Utilizing the Multi-modal Open Dataset for
Mental-disorder Analysis (MODMA), we analyze synchronized 128-channel EEG and video recordings
obtained during professional clinical assessments. Our architecture employs a dual-stream approach: a
Graph Convolutional Network (GCN) combined with a Long Short-Term Memory (LSTM) network to
capture the spatiotemporal dynamics of brain activity, and a 3D Convolutional Neural Network (3D-
CNN) with a temporal attention mechanism to extract behavioral markers from facial expressions. A
sophisticated cross-modal attention module is implemented to fuse these modalities, allowing the
model to learn the complex interdependencies between neural states and overt behavior. To ensure
clinical generalizability and prevent data leakage, the framework was evaluated using a strict subject-
independent 10-fold cross-validation scheme. Experimental results demonstrate latest performance,
achieving an Accuracy of 92.1 % and an F1-Score of 92.5 %. These findings suggest that the proposed
multimodal integration offers a powerful and objective tool for mental health screening, enhancing
diagnostic precision through the fusion of brain and behavioral biomarkers.

Keywords: Depression Detection; MODMA Dataset; Graph Convolutional Networks (GCN); Affective
Computing; Electroencephalography (EEG)

1. Introduction

Major Depressive Disorder (MDD) is a pervasive global health crisis, standing as one of the leading causes
of disability worldwide. The disorder imposes a profound socioeconomic burden, affecting individual well-
being, workforce productivity, and public health infrastructure. Despite its prevalence, the ** gold standard *
for diagnosing remains the structured clinical interview, guided by criteria from manuals such as the DSM-5
and augmented by self-report questionnaires like the Hamilton Depression Rating Scale (HDRS)or Beck
Depression Inventory ( BDI-II ). These traditional methods are intrinsically subjective, relying heavily on
patient self-reflection, recall accuracy, and the interpretive expertise of the clinician, while key to psychiatric
practice. This subjectivity often leads to high diagnostic variability, highlighting an urgent need for objective,
data-driven technologies capable of supporting clinical assessment with quantifiable biomarkers. In response
to this diagnostic uncertainty, the field of affective computing has advanced significantly, leveraging machines
learning to decipher human emotional states from physiological and behavioral data. Although existing
approaches predominantly rely on unimodal analysis, examining single data flow such as vocal prosody, facial
expressions, or neurophysiological signals in isolation. While promising, unimodal methods frequently fall
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short of capturing the multifaceted nature of depression, which manifests as a complex confluence of internal

neurophysiological disruptions and external behavioral changes. To address these limitations, this research

presents a novel multimodal deep learning framework that synergistically integrates electroencephalography

(EEG) and video data. While EEG provides a direct window into the neural substrates of cognitive and

emotional processing, video analysis captures overt behavioral markers such as psychomotor retardation and

micro-expressions. The core innovation of this study lies in its application of a Cross-Modal Attention
mechanism applied to the Multi-modal Open Dataset for Mental-disorder Analysis (MODMA). Unlike
previous studies that rely on simple concatenation of features or unverified datasets, this work utilizes
clinically validated data acquired during professional assessments. This ensures that the model is trained on
high-fidelity ground truth labels, addressing critical concerns regarding dataset provenance and clinical
validity. The proposed architecture utilizes a 3D Convolutional neural Network (3D-CNN) to extract
spatiotemporal behavioral features and a hybrid Graph Convolutional Network (GCN) with Long Short-Term

Memory (LSTM) to model the spatial connectivity and temporal dynamics of EEG signals. By fusing these

streams via cross-modal attention, the model learns to weigh the importance of one modality based on the

context of the other, effectively mimicking the holistic observation of an expert clinician. This study contributes
to a strong, essentially, objective, and ecologically valid computational tool for mental health screening,
bridging the gap between raw bio-signals and clinical diagnosis

1.1. System Objectives

e To create and implement a unique dual-stream deep learning architecture for automated depression
identification that synergistically combines synchronized electroencephalography (EEG) and video data
recorded during realistic clinical interviews.

e Touse an R (2+1) D Convolutional Neural Network to extract behavioral markers from face expressions
and a Graph Convolutional Network (GCN) combined with Long Short-Term Memory (LSTM) units to
capture spatiotemporal EEG dynamics.

e To create a Cross-Modal Attention mechanism that allows the model to learn intricate, non-linear
relationships between internal brain states and overt behavior by dynamically fusing behavioral and
neurophysiological information.

e To guarantee generalizability and avoid data leakage, the suggested framework will be validated on the
MODMA dataset utilizing a stringent Subject-Independent 10-Fold Cross-Validation process.

2. Literature Review
2.1. The Diagnostic Challenge in Depression

As one of the main causes of disability globally, major depressive disorder (MDD) is a serious global health
concern [1], [2]. Individual well-being, productivity, and public health systems are all impacted by the
disorder's significant socioeconomic burden [3], [4]. Despite its widespread use, the structured clinical
interview is still the "gold standard” for diagnosing depression. It is based on criteria from manuals such as
the DSM-5 [5] and is augmented by patient self-report questionnaires like the Hamilton Depression Rating
Scale (HDRS) [7] or the Beck Depression Inventory (BDI-II) [6]. Despite being fundamental, these conventional
approaches are intrinsically subjective [8]. They rely on a patient's ability to accurately reflect on themselves,
recall information, and articulate themselves, as well as the interpretive skills of a clinician [9]. High diagnostic
variability and notable rates of false positives and false negatives can result from this subjectivity [10], [11].
Psychiatry is moving toward a precision-medicine paradigm as a result of this diagnostic uncertainty, which
has sparked a decades-long search for objective, quantifiable, and trustworthy biomarkers to support clinical
assessment [12], [13]. As a result, the discipline of affective computing has developed, using machine learning
to decipher human emotional and affective states from behavioral and physiological data [14], [15].

2.2. Unimodal Biomarkers: Neurophysiological Signals (EEG)

The focus for objective depression identification has been neurophysiological markers, specifically
electroencephalography (EEG). EEG provides a high-temporal-resolution, non-invasive, and affordable
window into brain activity in real time [16]. Finding certain EEG "signatures" of depression has been the subject
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of a significant amount of research. The most frequently mentioned is Frontal Alpha Asymmetry (FAA), in
which people with depression frequently have higher relative right-frontal alpha power (signifying lesser
activity) in comparison to the left [17], [18]. A lack of approach-related drive and good effect is thought to be
the cause of this trend [19], [20]. Other research has concentrated on Event-Related Potentials (ERPs), observing
that depressed people frequently have an attenuated Late Positive Potential (LPP) in response to positive
stimuli [22] and a dampened P300 component, indicating decreased attentional processing [21]. Traditional
classifiers such as Support Vector Machines (SVMs) and k-Nearest Neighbors (k-NN) were applied to
handcrafted features generated from these signals in early machine learning applications in this field [23]-[25].
However, end-to-end analysis is now possible because of recent developments in deep learning. While
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are excellent at
simulating the temporal dynamics of the EEG time-series [28-30], Convolutional Neural Networks (CNNs)
have been used to learn spatial properties from scalp topography [26], [27]. Graph Convolutional Networks
(GCNs), which consider EEG channels as nodes in a graph, are state-of-the-art currently. This method captures
intricate network-level disruptions linked to MDD by directly modeling the functional connectivity and spatial
interactions of the brain [31-33].

2.3. Unimodal Biomarkers: Behavioral Cues (Video)

Computational behavior analysis has concentrated on deciphering the visible, outward signs of depression
from video data in parallel with neurophysiological studies [34]. This study is based on the understanding that
depression profoundly modifies nonverbal communication [35]. Important elements taken from the video
consist of Expressions on the Face: Action Units (AUs), or facial muscle movements, are measured by
automated systems based on the Facial Action Coding System (FACS) [36]. Positive AUs (like AU12, lip corner
pull) are less common in depressed people, while negative AUs (like AU4, brow lowered; AU15, lip corner
depressor) last longer. [37-39]. Gaze and Head Dynamics: Depressed people frequently display gaze aversion
and a known attentional bias toward negative stimuli, making gaze patterns a powerful signal [40], [41]. Head-
pose monitoring revealed slower movement velocity, limited motion range, and more static, downward-cast
head postures, all of which are indicative of psychomotor retardation, a core symptom [42]- [44]. Deep
learning, especially 3D-CNNs, has proven to be quite successful in analyzing this data [45]. By capturing
spatiotemporal information, 3D-CNNs can learn the dynamic flow of expressions and movements, which is
frequently more discriminative than any single frame, in contrast to 2D-CNNs that evaluate static frames [46],
[47]. To assist the model in concentrating on the most noticeable video clips or facial areas, attention
mechanisms are frequently included [48].

2.4. The Shift to Multimodal Fusion

Unimodal techniques are useful, but they each give a partial picture. EEG does not capture the rich, real-
world environment of behavior, but it does capture internal brain states [49]. Although video records overt
behavior, it can be deceptive because of social masking and doesn't directly reveal the underlying brain activity
[50]. There is general agreement that multimodal frameworks that incorporate these data streams provide a
more reliable, comprehensive, and precise solution [51], [52]. Strategies for fusion differ greatly. Concatenating
feature vectors from each modality before to categorization is known as early (feature-level) fusion [53]. The
predictions of different unimodal classifiers are combined by late (decision-level) fusion [54]. Nevertheless,
these approaches frequently fall short of capturing the intricate, non-linear interactions among modalities. As
a result, hybrid or intermediate fusion has become more popular. The most promising methods have been
advanced ones like cross-modal attention [55, 56]. These technologies effectively reflect the direct interaction
between the brain and behavior by enabling the feature representation from one modality (such as EEG) to
dynamically influence the weighting of information from the other modality (such as video) and vice versa
[57].

2.5. Research Gap and Proposed Contribution
Despite Even with multimodal fusion's sophistication, the experimental paradigm still has a significant study
need. Most research uses either openly and stereotypically emotional stimuli (e.g., static images of sad faces
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from datasets like IAPS) or extremely simplistic stimuli (e.g., resting state) [58], [59]. These stimuli are useful
for examining fundamental emotional reactivity, but they lack ecological validity and might not be sufficient
to examine the complex cognitive-affective deficiencies associated with depression, such as anhedonia or
impaired cognitive processing. This gap is directly addressed in this study. To the best of our knowledge, this
is the first study to use video and EEG responses to intricate 3D visual stimuli to identify depression. We
present a new paradigm for affective computing by repurposing a dataset from the field of cognitive
neuroscience [60]. This method investigates how the brain processes intricate, information-rich items, going
beyond simple emotion elicitation. Our suggested dual-stream GCN-LSTM and 3D-CNN architecture, unified
by cross-modal attention, is specifically designed to capture the highly discriminative neuro-behavioral
fingerprints that we believe these cognitively challenging stimuli will elicit.

3. System Methodology

The dual-stream deep learning architecture used in the suggested depression detection methodology is
intended to handle behavioral and neurophysiological data in tandem. The framework consists of three main
stages: (1) a cross-modal attention mechanism for data fusion, (2) a final classification layer, and (3) unimodal
feature extraction from EEG and video data streams.

The Multimodal Depression Detection Framework shown in figure 1 is an advanced technology that uses
video and electroencephalogram (EEG) data to detect depression. Each stream of the framework's dual-stream
deep learning architecture is devoted to processing a certain modality. To extract spatial features from EEG
data, the left stream first feeds abstract representations of brain activity into a Graph Convolutional Network
(GCN). A Long Short-Term Memory (LSTM) network receives these properties and uses them to identify
temporal dependencies in the EEG data. To learn both spatial and temporal visual information, the right stream
simultaneously processes video data by feeding stylized video frames into a 3D Convolutional Neural
Network (3D-CNN).

EEG Stream Video Stream
(Data Input) (Data Input)
Y
Graph 3D Conwvolutional

Neural Network
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(GCN) (3D-CNN)
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Figure 1. System methodology

A Temporal Attention Mechanism then processes the 3D-CNN's output, allowing the model to concentrate
on the video's most pertinent time segments. The Cross-Modal Attention module, where the refined
characteristics from the EEG and video streams merge, is the main and most important part of the system. To
create a thorough multimodal representation, this module makes it easier to understand how the two
modalities are interdependent. Ultimately, a Classification Layer receives the combined data from the Cross-
Modal Attention module and makes the final decision, classifying the subject's condition as either "Depression”
or "Healthy." The overall design highlights a strong strategy for utilizing complimentary data from many
sources to diagnose depression more thoroughly and accurately.

3.1. EEG Processing Stream: Spatiotemporal Graph Convolutional LSTM
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The EEG stream is designed to capture both the spatial relationships between scalp electrodes and the
temporal dynamics of the neural signals.

3.1.1.  Graph Representation of EEG Signals

The multi-channel EEG data is modeled as a dynamic graphgG = (V, &, 4), where V is the set of N EEG
electrodes (nodes,|V| = N), and € is the set of edges representing the spatial adjacency or functional
connectivity between them. The connectivity is encoded in a weighted adjacency matrix4 € RV*V. The signal
at a given time step t is represented by a feature matrixX, € R¥*F, where F is the number of features per
channel.

3.1.2.  Graph Convolutional Network (GCN) for Spatial Feature Extraction
To extract high-level spatial features, a multi-layer GCN is employed. The layer-wise propagation rule for a
GCN operating on the graph signal is defined as:

HUD = ¢ (D‘§A5‘§H0>W(l>) (1)

where H® is the matrix of activations in the I-th layer (H(® = X,), and W is a layer-specific trainable weight
matrix. The matrix A = A + I is the adjacency matrix with added self-loops, and D is the diagonal degree
matrix with D; = ¥, 4;;. The function o(-) denotes a non-linear activation function, such as ReLU. The output
of the GCN for a time-windowed segment of EEG is a graph embedding g, € RV*¥'.

3.2. LSTM for Temporal Feature Extraction

The sequence of graph embeddings {g1, g,, ..., gr} extracted from consecutive time windows is fed into a
Long Short-Term Memory (LSTM) network to model temporal dependencies. The LSTM cell dynamics are
governed by the following equations:
fi =0,(Wrg, + Urhy_y + by)
ip =0,(Wig:+ Uhey + by)
o =0;(Wog¢ + Uph—y + by)
Gt =0.(Wege + Uchey +b;)
G =fiOC1+iOC
he =0, ©a.(Ce)

where ft, i, 0, are the forget, input, and output gates, respectively. C; is the cell state, h, is the hidden state,
a4 is the sigmoid function, g, is the hyperbolic tangent function, and © denotes the Hadamard product. The

)

final hidden state hy is taken as the comprehensive EEG feature representation, denoted F; € R%es.

3.3. Video Processing Stream: 3D-CNN with Spatiotemporal Attention

The video stream analyzes the subject’s naturalistic facial expressions during clinical interaction to extract
salient behavioral markers of psychomotor retardation. We employ the R ( 2+1 ) D-18 architecture, pre-trained
on the Kinetics-400 dataset, a widely adopted 3D Convolutional Neural Network that factorizes 3D
convolutions into separate 2D spatial and 1D temporal convolutions. This factorization enhances the model’s
ability to capture complex spatiotemporal dynamics, such as the subtle facial muscle movements and
psychomotor retardation characteristic of depression, while maintaining computational efficiency.

3.3.1. 3D Convolutional Neural Network (3D-CNN)
A pre-trained 3D-CNN is fine-tuned to extract spatiotemporal features from video clips. A 3D convolution
operation on a video volume V € RT*#*WXC jg formulated as:

(xy.z) _ Pi—1¢Qi—1vRi-1_ (pqr)  (x+py+q.z+7)
V577 = ¢ (b + B 250 Bt SIS whaD vEm ) ®)
where vi(_’j-’y ) is the activation at position (x, y, z) of the j-th feature map in the i-th layer, Wi(,?_'qm'r) is the weight

of the kernel connected to the m-th feature map in the preceding layer, and ¢ is an activation function. The 3D-
CNN produces a sequence of frame-level feature vectors, resulting in a feature tensor Fy;p o, € RT"*%vid,
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3.3.2.  Temporal Self-Attention

A temporal self-attention mechanism is applied to the output sequence Fy;p soq to dynamically weigh the
importance of each frame. The final video representation Fy;, € R%id is computed as a weighted sum of the
frame-level features:

_ _exp(er) _
a, = m where e, = thanh(VI/SFV,D_qu [t] + bs) 4)
Fyip = Z?;1 @t Fyip_seq t] )

where W, b, v are learnable parameters of the attention network.

3.4. Multimodal Fusion via Cross-Modal Attention

To integrate the information from both modalities, a cross-modal attention mechanism is employed. This
allows each modality to influence the representation of the other. Given the EEG feature vector Fgg; and the
video feature vector Fy;p, we first project them into a common latent space:

Qeeg = FEEGWQe € R%

Kyiq = FyipWyy € R% (6)

Voia = FripWyy € R% R

The video-contextualized EEG representation Fgr; is computed by attending to the video features:

& QeegKvia
Fgge = softmax [ —==%|V,,i4 @)

Jax

Similarly, the EEG-contextualized video representation £y, is computed. The final fused feature vector Frusea
is obtained by concatenating the original and contextualized representations:

Ffused = [FEEGi FEEGi Fyip; FVID] 8)

3.5. Classification Layer
The fused feature vector Fy,.q is passed through a Multi-Layer Perceptron (MLP) with a softmax output
layer to perform the final classification into depressed or non-depressed classes. The prediction J is given by:

¥y = softmax (WZ (ReLU(WIFfused + bl)) + bz) 9)
The model is trained end-to-end by minimizing the categorical cross-entropy loss function £:
Ly,9) = — X1 yilog(®) (10)

where C is the number of classes and y is the one-hot encoded ground truth label.

4. Data Processing and Formulation
This section details the dataset utilized, the preprocessing pipelines for both EEG and video modalities, and
the formal mathematical architecture of the proposed model.

4.1. Dataset Description

To ensure clinical validity and reproducibility, this study utilizes the Multi-modal Open Dataset for Mental-
disorder Analysis (MODMA). The dataset comprises data from 53 participants, consisting of 24 subjects
clinically diagnosed with Major Depressive Disorder (MDD) and 29 demographically matched Healthy
Controls (HC). Clinical diagnoses for the MDD group were confirmed by professional psychiatrists based on
DSM-1V criteria, ensuring rigorous ground truth labels. Datum acquisition involved recording high-density
EEG signals using a 128-channel HydroCel Geodesic Sensor Net at a sampling rate of 250 Hz, providing
superior spatial resolution compared to standard systems. Synchronized video data was captured during
clinical interview segments to record naturalistic facial expressions and behavioral markers. The data collection
was approved by the local Ethics Committee. Additionally informed consent was obtained from all
participants, satisfying the ethical requirements for clinical affective computing research.

4.2. EEG Data Preprocessing

An in-depth preprocessing pipeline was applied to the raw EEG data to enhance the signal-to-noise ratio and
remove physiological artifacts. The raw signals, recorded from the 128-channel HydroCel Geodesic Sensor Net,
were first re-referenced to the average reference. The preprocessing steps included:
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Filtering: The signals were subjected to a fifth-order, Butterworth band-pass filter (0.5-50 Hz ) to eliminate
high-frequency noise and DC drift. A 50 Hz filter was subsequently applied to remove power-line interference.

Artifact Removal: Independent Component Analysis (ICA) was utilized to decompose the signal into
statistically independent element. Components exhibiting high correlation with electrooculography (EOG) and
electromyography (EMG) artifacts representing eye blinks and facial muscle movements were identified and
removed to ensure the neural purity of the data.

Segmentation: Unlike event-related designs, the continuous EEG recordings from the interview sessions were
segmented using a sliding window approach. The data was divided into non-overlapping epochs of 2 seconds
(500 time samples at 250 Hz). This approach ensures a consistent input size for the deep learning model while
capturing the sustained emotional states inherent in the clinical interview.

The processed EEG epoch is represented by the tensor Xgz; € RY*Tees, where Tpeg=500 (time samples) is the
number of time samples and N=128 is the number of channels.

4.3. Video Data Preprocessing

The corresponding video data, capturing the subject’s facial expressions during the clinical interview, was
preprocessed to isolate the facial region and prepare it for spatiotemporal analysis. The pipeline involved the
following steps:

Face Detection and Alignment: A Multi-task Cascaded Convolutional Network (MTCNN) was employed to
detect the subject’ s face and identify 5 facial landmarks in each frame. To correct for head movements during
the interview, the detected faces were aligned to a canonical pose using an affine transformation based on the
eye coordinates.

Cropping and Resizing: The aligned facial regions were cropped to remove background noise and resized
to a uniform dimension of 112 X 112 pixels (H = 112, W = 112).

Temporal Segmentation: To ensure synchronization with the neurophysiological stream, the continuous
video recordings were segmented into clips corresponding precisely to the EEG epochs. Each 2-second
segment was sampled to extract a fixed-length clip of 16 frames (T,;; = 16), ensuring a consistent temporal
resolution for the 3D-CNN input.

Normalization: Pixel intensity values for each frame were normalized to the range [—1,1] to facilitate model
convergence. The final processed video clip is represented as a tensorXy,p, € RTvia*f*WxC where ¢ = 3 (RGB
channels).

4.4. Model Architecture Formulation

The proposed end-to-end model, M(-,;; ©), is a composite function that maps the preprocessed input tensors
(XgEc, Xvip) to a probability distribution over the classes J. The total set of trainable parameters is denoted by
0.

4.5. Hierarchical Feature Extractors
Two parallel encoders, @gg; and®y;j, extract high-level representations from each modality.

451 EEG Encoder (CDEEG):
This encoder is a composition of the GCN and LSTM modules, f;cy and f;sry respectively.

Feee = Prpe Xere: Oceny Orstm) = frstm foen Kees Ocen); Orstm) (11)
The output is the EEG feature vectorFgy; € R%es.

4.5.2.  Video Encoder (Pyp):

The video encoder @y putilizes the R ( 2+1 )D18 architecture, initialized with weights pre-trained on the
Kinetics-400 dataset. The final fully connected layer of the pre-trained network is removed, and the model is
fine-tuned on the MODMA dataset to extract a 512-dimensional feature vector Fy;p =512 from each 16-frame
clip,

Fyip = Pvip Xvip; Ocnn, Oacen) = facen fap—cnn KXvips Ocnd; Oaten) (12)

The output is the video feature vectorF,;, € R%vid,
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4.6. Multi-Head Cross-Modal Fusion Module (%)

The fusion module ¥ integrates the unimodal feature vectors Fgg; and Fy;p using a multi-head cross-attention
mechanism to generate a fused representationFr, .. Let Q, K,V be the query, key, and value matrices. A single
attention head is defined as:

i - Q_KT)
Attention(Q, K, V) = softmax ( N %4 (13)
The multi-head attention mechanism concatenates h such heads:
MultiHead(Q, K, V) = Concat(heady, ..., head,,)W? (14)

where head; = Attention(Q WiQ, Kw¥,vwY), and WiQ, WX, WY, W9 are learnable projection matrices.

The video-contextualized EEG representation Fgg; is computed with Fypg as the query and Fy,, as the key
and value:

Fggg = MultiHead (Fggg, Fyip, Fyip; Ocross1) (15)

Conversely, the EEG-contextualized video representation Fy,p is computed with Fy;p as the query:

Fy;p = MultiHead (Fy,p, Fggg, Fgegs Ocross2)

The final fused vector is the output of the fusion module ¥:

Ffused = lIU(FEEG'FVID) = [FEEG @ FEEG @ Fuip @ ﬁVID] (16)

where @ denotes concatenation.

4.7. Prediction Head (2)
The prediction head is a multi-layer perceptron that maps the fused representation to the final class

probabilities.
y= Q(Ffused; Opip) = softmax (W2 (U(W1Ffusea + bl)) + bz) (17)
where ¢ is a ReLU activation function. The entire model can be expressed as:
y= (“Q o ¥ o (Dpgg, (I)VID))(XEEG:XVID) (18)

The model is trained end-to-end by minimizing the categorical cross-entropy loss between the predicted
probabilities § and the ground truth labels y.

5. System Implementation
This section outlines the technical environment, the optimization protocol used for training the deep learning
model, and the architecture for integrating the model into a user-facing application.

5.1. Implementation Details and Training Protocol

The proposed framework was implemented using Python 3.9 and the PyTorch 2.0 deep learning library. EEG
data preprocessing was performed using the MNE-Python package, while video processing utilized OpenCV
and the MTCNN library. All model training and evaluation were executed on a high-performance computing
cluster equipped with NVIDIA A100 GPUs.

The complete set of model parameters, 0, was optimized using the AdamW algorithm, which decouples
weight decay from the gradient-based update to improve generalization. Let g, = V4L, (6;_,) be the gradient
of the loss function £ at timestep t. The optimization proceeds as follows:

1.  Update biased first and second moment estimates:
me =pimey+ (1 —B1)g:
Ve = Bove-r + (1= Br)gf
2. Compute bias-corrected moment estimates:

L my
TR
o oV
R
3.  Update parameters with decoupled weight decay A:
my

0, =6i1—7 < + /19t—1)

\/ﬁ_t+e
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The hyperparameters were set as follows: learning raten = 1 x 107%, B, = 0.9, , = 0.999, ¢ = 1 X 1078, and
weight decay 4 = 0.01. The model was trained for 100 epochs with a batch size of 32. To mitigate overfitting,
dropout regularization was applied to the MLP layers. For a given layer activationa®, the output @ is
stochastically modified:

a® =r® ©a® where 13.([) ~ Bernoulli(1 — p) (19)

with a dropout probability of p = 0.5. Early stopping was used to terminate training if the validation loss did
not improve for 10 consecutive epochs.

5.2. Integration with Model

The User Interface allows a clinician to upload pre-recorded, synchronized EEG (.edf) and video (mp#4) files.
The client is responsible for executing the preprocessing pipeline detailed in Section 4, converting the raw data
into the required tensor formats (Xgg¢, Xy;p). These tensors are then serialized at endpoint. Upon receiving the
request, the model performs inference by executing the full forward pass: ¥ = M(Xggg, Xyip; ©). The resulting
probability distribution over the classes ('Depressed’, "Healthy Control’) is packaged into a JSON object and
returned to the client. The UI then parses this response and displays the result in an intuitive manner,
providing a percentage-based risk score and a confidence level, thereby offering objective, quantitative support
for clinical decision-making. A clinician can upload pre-recorded, synchronized EEG (.edf) and video (.mp4)
files through the User Interface. The preprocessing workflow described in Section 4 must be carried out by the
client to transform the raw data into the necessary tensor forms (Xgz¢, Xy;p). At the end point, these tensors are
serialized. The model executes the whole forward pass, ¥ = M(Xggs, Xyip; @) to perform inference after
receiving the request. The client receives a JSON object with the probability distribution across the classes
"Depressed" and "Healthy Control." To provide objective, quantitative support for clinical decision-making,
the user interface (UI) parses this answer and presents the outcome in an understandable way, including a
percentage-based risk score and a confidence level.

6. Results

To evaluate the generalization capability of the proposed framework and rigorously address concerns
regarding data leakage, we implemented a strict Subject-Independent 10-Fold Cross-Validation scheme. The
53 participants from the MODMA dataset were randomly divided into 10 folds. Crucially, all data segments
(video clips and EEG epochs) belonging to a specific subject were kept strictly within the same fold. This
ensures that the model is never trained and tested on data from the same individual, thereby preventing the
classifier from learning subject-specific identity features instead of depression-related biomarkers as shown in
figure 2. For each iteration of the cross-validation, 9 folds were used for training and validation, while the
remaining fold was held out exclusively for testing. This process was repeated 10 times such that every subject
was used as a test case exactly once. The deep learning model generates predictions at the segment level (per
2-second epoch). To obtain a final clinical diagnosis for each subject (Depressed vs. Healthy), we performed
majority voting across all segments belonging to that subject. The results reported in this section reflect this
subject-level performance. The performance was assessed using standard classification metrics: Accuracy,
Precision, Recall, and F1-Score. We report the mean and standard deviation across the 10 folds to demonstrate
the model’s stability.

A web-based "Affective State Analysis" system that focuses on depression identification and is intended for
real-time mental health evaluation. This complex program combines powerful analytical visualizations and
multimodal data streams into a sleek, clinical-tech user interface. A live webcam stream on the left side of the
screen depicts a young adult Indian male with a neutral, slightly dejected expression, mimicking a telehealth
consultation setting. In order to contribute to the overall diagnostic measures, this visual information is
probably processed for facial affect analysis. Real-time data analysis and diagnostic outcomes are located on
the right side of the screen. The prefrontal cortex, which is frequently linked to depression and mood
regulation, is prominently highlighted in the top-right section's dynamic, color-coded brain topographical map
that graphically depicts neural activity. Below this, raw data visualization of brain electrical activity is
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provided by multiple channels of scrolling EEG waveforms. "Diagnostic Results," the bottom-right panel,
provides a thorough overview. A large circular gauge with a "Depression Probability" of 88.2% suggests a high
chance of depression. Key measures that are displayed as bar graphs, such as "Facial Affect: Negative," "Vocal
Prosody: Flat," and "Neural Activity: Atypical," all of which are frequently linked to depressive states, further
support this. The final textual categorization produced by the system is "Conclusion: High Likelihood of Major
Depressive Disorder (MDD) Detected." The entire program, which resembles a contemporary web browser
experience, emphasizes a professional, accessible, and data-driven approach to using real-time bio-signals and
behavioral indicators for early and objective depression screening, potentially changing remote mental health
diagnosis.

& Affective State Analysis - NeuroAl Suite

Affective State Analysis

DIAGENOSTIC RESULTS

CONCLUSION: HIGH LIKHILIOD OF MAJOR DEPRESIVE DISSORDER (MDD DETECTED)

Figure 2. System Ui integration with EEG and video

6.1. Ablation Study and Component Analysis

Ablation research was conducted to measure each architectural element's contribution. The outcomes, shown
in Table 1, show how multimodal design has a synergistic effect. Although somewhat successful, the unimodal
baselines produced far lower F1-Scores of 85.2% (EEG-only) and 82.1% (Video-only). This demonstrates that
distinct, discriminative information for depression diagnosis can be found in both behavioral and
neurophysiological data. Additionally, on the F1-Score, the suggested cross-modal attention mechanism
performed 2.7% better than a more straightforward concatenation-based fusion technique. This demonstrates
how well the attention module can describe the intricate, non-linear relationships between the two data
streams, resulting in a more useful fused representation. It compares the effectiveness of different model
architectures in an affective state analysis framework with an emphasis on depression identification. The study
provides important insights into the performance contributions of modalities and fusion procedures by
methodically evaluating four different model versions. These variations are shown on the X-axis as "EEG-Only
(GCN-LSTM)" models, "Video-Only (3D-CNN)" models, "Concatenation Fusion" models, and "Proposed
Model (Cross-Attention)." The Y-axis displays "Performance Score (%)" for each of the following important
metrics: F1-Score, Accuracy, Precision, and Recall. With F1-Scores of 86% and 82%, respectively, the "Video-
Only (3D-CNN)" model generally beats the "EEG-Only (GCN-LSTM)" model, according to preliminary
benchmarks established by unimodal techniques. This suggests a marginally greater standalone predictive
value for visual signals in this context. When switching to multimodal fusion, a notable improvement in
performance is seen. The "Concatenation Fusion" model shows an enhanced F1-Score of 88% by simply
concatenating features from both EEG and video.
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Using a complex Cross-Attention technique for feature integration, this sophisticated multimodal variation
regularly outperforms all other models in every metric. Its F1-Score of 92% is a significant improvement over
the unimodal baselines and a significant gain over the concatenation approach. This effectively highlights the
Cross-Attention mechanism's crucial role in improving the model's overall diagnostic precision and resilience
for affective state analysis, hence establishing it as a superior technique for integrating disparate data streams.

Table 1. Ablation Study of Model Components

Model Variant Accuracy (%) Precision (%) Recall (%) F1-Score (%)
GCN-LSTM (EEG- 84.8 85.5 84.9 85.2
Only)
3D-CNN (Video-Only) 81.7 82.4 81.9 82.1
Concatenation Fusion 89.5 90.1 89.6 89.8
Proposed Model 92.1 92.8 92.2 92.5

Model Performance: Ablation Study

95%
Legend
W Accuracy
M Precision
B Recall
F1-Score

90%

86

Performnce Scre (%)

86
= 2
i 8I7 ] i I I
EEG-Only Video-Only Concatnation Proposed Model
(GCN-LSTM) (3D-CNN) Fusion (Cross-Attetion)

Figure 3. Model Performance Ablation study

6.2. Comparative Benchmark Analysis

Table 2 shows a full comparison of the proposed framework with the best techniques available today. The
findings indicate that our multimodal approach substantially surpasses current unimodal methods. Video-
based methods, like Alghowinem et al. [8] and Yin et al., got F1-Scores of 78.5% and 83.0%, respectively. These
methods successfully record overt behavioral indicators such as head pose dynamics and facial action units;
however, they do not access the subject's internal cognitive-affective state. On the other hand, EEG-based
methods that directly measure the neural correlations of depression showed better results.

Acharya et al. and Liu et al. both reported F1-Scores of 85.2% and 84.1%, respectively. But these methods
don't have the behavioral context needed to differentiate between different types of depression. Our proposed
model addresses these unimodal constraints, attaining a cutting-edge accuracy of 92.1% and an F1-Score of
92.5%. Figure 6.3 shows how the proposed model compares to representative baselines on four important
evaluation metrics: Accuracy, Precision, Recall, and F1-Score. The proposed model consistently outperforms
all metrics. Our framework (92.1%) is 6.5% more accurate than the best unimodal baseline, Liu et al. (85.6%).
The model's accuracy is 92.8%, which is much better than Alghowinem et al.'s (79.8%). The F1-Score of 92.5%
is a big improvement over both the video-based baseline of Alghowinem et al. (78.5%) and the EEG-based
baseline of Liu et al. (85.2%). These results empirically substantiate the efficacy of the cross-modal attention
mechanism, affirming that the synergistic amalgamation of behavioral and neurophysiological data produces
a more potent diagnostic instrument than either modality independently.
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Table 2. Comparison with Unimodal State-of-the-Art Methods
Modality Method Acc. (%)  Prec. (%) Rec. (%)  F1(%)
Video Alghowinem et al. [8] (Head 79.2 79.8 77.3 78.5
Pose)
Yin et al. (ResNet+LSTM AUs) 82.9 83.5 82.4 83.0
EEG Liu et al. [9] (CNN) 85.6 85.9 84.5 85.2
Acharya et al. (Feature Eng. + 84.1 84.4 83.9 84.1
SVM)
Modalities Acc. (%)  Prec. (%)  Rec. (%)  F1 (%)
Joshi et al. (2021) Audio-Visual 88.1 88.9 87.9 88.4
Lee et al. [17] EEG+Eye-Tracking 90.2 90.5 89.6 90.0
Proposed EEG + Video 92.1 92.8 92.2 92.5
Model
00 Performance Comparison of Different Modalities vs. Proposed Model
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Figure 4. Performance Comparison of Methods

6.3. Comparison with Multimodal State-of-the-Art Methods

Our suggested approach continues to perform better than previous multimodal frameworks. Joshi et al.'s
audio-visual method receives a respectable F1-Score of 88.4%, but our model outperforms it by 4.1%. This is
explained by the addition of EEG data, which offers a precise indicator of brain malfunction.

More significantly, our model performs 2.5% better than the EEG+Eye-Tracking fusion approach. This
benefit results from our sophisticated cross-modal attention architecture, which generates a more powerful
fused representation, and our innovative use of complex 3D stimuli, which elicits more discriminative neuro-
behavioral responses than simple stimuli.

Table 3. Comparison of Modalities

Method Modalities Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Joshi et al. (2021) Audio-Visual 88.1 88.9 87.9 88.4
Lee et al. [17] EEG+Eye-Tracking 90.2 90.5 89.6 90.0
Proposed Model EEG + Video 92.1 92.8 92.2 92.5

It is evident from the graphic that in all four performance criteria (Accuracy, Precision, Recall, and F1-Score),
the "Proposed Model [EEG + Video]" consistently performs better than both "Joshi et al. (2021) [Audio-Visual]"
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and "Lee et al. [17] [EEG+Eye-Tracking]". The blue bars for the Proposed Model are significantly higher in each
group, which graphically highlights this better performance. This implies that, in comparison to the audio-
visual or EEG+Eye-Tracking combinations offered by the state-of-the-art approaches, the Proposed Model's
combination of EEG and video data offers a more reliable and efficient multimodal approach for the task. The
steady improvement in every parameter shows that the suggested system performs better overall and in a
balanced manner.

Comparison with Multimuodal
State-of-the-Atret Methods

95% - B Joshi at. (2021) [Audio-Visual]
Lee etl. [17] [EEG+Eye-Tracking]
95% B Proposed Model [EEG + Video]
60% -| 92.8
80% 889
= 90.6
® 20%
= 90.5
8 88.1 89.0
3 92.2
10%
87.9
5% -
2% -
8% -

Accuracy Precision Recall F1-Score

Performance Metric

Figure 5. Comparisons of multi-state-of-the-art methods

6.4. Qualitative and Performance Analysis

Attention maps were used to depict the model's decision-making process. The model demonstrated that it
has trained to recognize clinically significant behavioral markers for the video stream by continuously focusing
on oral and periorbital face regions during frames that contained micro-expressions. According to neuroscience
research on frontal alpha asymmetry in depression, the prefrontal brain was the focus of the EEG stream. With
an inference time of 158.4 ms and a size of 124.5 MB on a desktop GPU, the model is computationally feasible
for clinical instruments, striking a balance between high accuracy and useful deployability.

7. Conclusion

To objectively detect depression, this paper presented a novel dual-stream, multimodal deep learning system
that analyzes EEG and video data in tandem. This work's primary contribution is its novel method of eliciting
rich, discriminative neuro-behavioral responses utilizing complex 3D visual stimuli. The model successfully
reflects the complex character of depressive disorders by combining a Graph Convolutional Network with an
LSTM for spatiotemporal EEG analysis and a 3D-CNN for behavioral feature extraction. The system was able
to learn the complex relationship between brain activity and overt behavior, beyond the capabilities of basic
feature fusion, thanks to the crucial development of a cross-modal attention mechanism. The suggested
approach greatly outperformed a variety of unimodal and multimodal baselines, achieving a state-of-the-art
F1-Score of 92.5% and an accuracy of 92.1%. Thorough comparative analysis proved the integrated approach's
superiority, indicating that the combination of behavioral and neurophysiological data yields a more thorough
and accurate evaluation than either modality alone. The model's effectiveness was further confirmed by
qualitative examination of its attention maps, which showed that the system learned to concentrate on clinically
significant elements in both the EEG topographies and facial expressions, in line with well-established
neuroscience literature. This study has drawbacks despite the encouraging outcomes, chief among them being
the use of a single, repurposed dataset. To guarantee the framework's generalizability, future research should
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concentrate on validating it on bigger, more varied clinical populations. To produce an even more
comprehensive diagnostic tool, the architecture might be expanded to include additional pertinent modalities
like voice prosody or peripheral physiological information. The model's potential for longitudinal monitoring
of treatment efficacy might be investigated further, moving from a static diagnostic tool to a dynamic system
for tracking mental health over time. In the end, our work is a major step toward creating computational tools
to support mental health diagnostics that are more objective, accurate, and ecologically valid.
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