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Abstract

Depression is one of the most pressing global health challenges, affecting millions of individuals
and placing significant strain on healthcare systems. Early and accurate detection is critical for
timely intervention and improving patient outcomes. Traditional diagnostic methods, which
rely heavily on clinical interviews and self-reports, are often resource intensive, subjective,
and limited in scalability. To address these limitations, this study presents an architectural
investigation of Modality-Level Graph Attention (MLGA), a deep learning framework for
multimodal fusion in depression detection.
The proposed architecture integrates textual embeddings from ClinicalBERT, visual represen-
tations from VGG-PCA, and facial behavioral descriptors from OpenFace. These modalities
are fused through a modality-level Graph Attention Network (GAT) that explicitly models inter-
modality relationships, while a temporal module captures dynamic behavioral patterns over
time. To enhance robustness, the framework incorporates Gaussian noise injection, L2 normal-
ization, and modality dropout, thereby encouraging resilience to noise and missing inputs.
A comprehensive evaluation was conducted on three benchmark datasets: E-DAIC-WOZ,
EATD-Corpus, and D-Vlog. Across these datasets, MLGA achieved competitive performance
and, on the E-DAIC benchmark in particular, surpassed several unimodal and late-fusion
baselines in terms of precision, recall, F1-score, and ROC-AUC, demonstrating the effectiveness
of graph-based multimodal integration under the studied conditions.
The results highlight the importance of modeling both intra-modality features and cross-
modality dependencies within a unified fusion architecture. Rather than proposing a fully
deployable clinical tool, this study advances the field of affective computing by systematically
analysing a modality-level graph attention design that is computationally moderate and inter-
pretable, and by quantifying its behaviour across heterogeneous datasets. Future directions
include expanding modality coverage, applying domain adaptation for cross-cultural and cross-
setting generalization, and enhancing interpretability using advanced explainable AI techniques.

Keywords: Multimodal Depression Detection, ClinicalBERT, VGG, OpenFace, Graph Atten-
tion Networks, Temporal Modeling, Explainable AI

vi





Contents

Attestation of Authorship ii

Acknowledgements iv

Abstract vi

List of Abbreviations xvi

1 Introduction 9
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.2 Research Justification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
1.3 Significance and Contributions of this Research . . . . . . . . . . . . . . . . . 14
1.4 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.5 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
1.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2 Literature Review 18
2.1 Introduction to Depression Detection . . . . . . . . . . . . . . . . . . . . . . . 18
2.2 Nature and Classification of Depression Detection . . . . . . . . . . . . . . . . 19

2.2.1 Challenges in Depression Detection . . . . . . . . . . . . . . . . . . . 21
2.2.2 The Critical Importance of Depression Detection . . . . . . . . . . . . 22

2.3 Evolution of Depression Detection Methods . . . . . . . . . . . . . . . . . . . 23
2.3.1 Manual and Instrument-Based Assessment . . . . . . . . . . . . . . . 23
2.3.2 Single-Modality Depression Detection Techniques . . . . . . . . . . . 23
2.3.3 Multimodal Depression Detection . . . . . . . . . . . . . . . . . . . . 25
2.3.4 Attention-Based Fusion Models . . . . . . . . . . . . . . . . . . . . . 29
2.3.5 Graph-Based Multimodal Fusion for Depression Detection . . . . . . . 32

2.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3 MLGA - A Modality-Level Graph Attention Architecture for Multimodal Depres-
sion Detection 38
3.1 Overview of MLGA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

viii



3.1.1 Textual Modality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.1.2 Visual Modality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.1.3 Facial Modality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2 Modality-Specific Embedding Representation and Projection . . . . . . . . . . 45
3.3 Regularization via Gaussian Noise and Modality Dropout . . . . . . . . . . . . 46

3.3.1 L2-Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.3.2 Gaussian Noise Injection . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.3.3 Modality Dropout . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.4 Graph Construction with Graph Attention Networks . . . . . . . . . . . . . . . 48
3.5 Fusion Mechanism and Classifier Head . . . . . . . . . . . . . . . . . . . . . . 51

3.5.1 Fusion Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.5.2 Temporal Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.5.3 Classification Head . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.5.4 Threshold Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4 Datasets and Preprocessing 55
4.1 Datasets Overview and Collection . . . . . . . . . . . . . . . . . . . . . . . . 55

4.1.1 E-DAIC-WOZ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.1.2 EATD-Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.1.3 D-Vlog Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.2 Preprocessing and Modality Embedding . . . . . . . . . . . . . . . . . . . . . 57
4.2.1 Textual Embedding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
4.2.2 Visual Embedding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
4.2.3 Facial Embedding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
4.2.4 Temporal Alignment and Segmentation . . . . . . . . . . . . . . . . . 60
4.2.5 Normalisation and Data Splits . . . . . . . . . . . . . . . . . . . . . . 61
4.2.6 Preprocessing Summary . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.3 Data Normalisation and Augmentation Techniques . . . . . . . . . . . . . . . 63
4.3.1 L2 Normalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
4.3.2 Gaussian Noise Injection . . . . . . . . . . . . . . . . . . . . . . . . . 64
4.3.3 Modality Dropout . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.4 Data Splitting and Training Strategy . . . . . . . . . . . . . . . . . . . . . . . 64
4.4.1 E-DAIC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
4.4.2 EATD-Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.4.3 D-Vlog . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.4.4 Cross-Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

ix



4.4.5 Training Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.4.6 Threshold Optimisation . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5 Experimental Setup and Evaluation Metrics 68
5.1 Environment and Tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.1.1 Programming Language and Platform . . . . . . . . . . . . . . . . . . 68
5.1.2 Deep Learning Framework . . . . . . . . . . . . . . . . . . . . . . . . 68
5.1.3 Transformer-Based NLP: Hugging Face Transformers . . . . . . . . . . 69
5.1.4 Visual and Facial Feature Tools . . . . . . . . . . . . . . . . . . . . . 69
5.1.5 Graph and Sequential Modeling . . . . . . . . . . . . . . . . . . . . . 69
5.1.6 Data Handling and Evaluation Tools . . . . . . . . . . . . . . . . . . . 69
5.1.7 Cloud and Compute Resources . . . . . . . . . . . . . . . . . . . . . . 70

5.2 Training Procedure and Hyperparameters . . . . . . . . . . . . . . . . . . . . 70
5.2.1 E-DAIC-WOZ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
5.2.2 EATD-Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.2.3 D-Vlog . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.2.4 Summary of Dataset Splits and Protocols . . . . . . . . . . . . . . . . 73
5.2.5 Model Training Configuration . . . . . . . . . . . . . . . . . . . . . . 73
5.2.6 Model Complexity and Parameter Count . . . . . . . . . . . . . . . . . 74

5.3 Evaluation Metrics Used . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6 Results and Discussion 79
6.1 Model Performance and Evaluation . . . . . . . . . . . . . . . . . . . . . . . . 79

6.1.1 Performance on E-DAIC Dataset . . . . . . . . . . . . . . . . . . . . . 79
6.1.2 Performance on EATD-Corpus Dataset . . . . . . . . . . . . . . . . . 80
6.1.3 Performance on D-Vlog Dataset (Visual-Only, Real-World) . . . . . . . 80
6.1.4 Cross-Dataset Interpretation . . . . . . . . . . . . . . . . . . . . . . . 83
6.1.5 Critical Discussion of D-Vlog Performance . . . . . . . . . . . . . . . 84

6.2 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.2.1 Experimental Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.2.2 Ablation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.2.3 Analysis and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 86

6.3 Interpretability via Attention Weights . . . . . . . . . . . . . . . . . . . . . . 87
6.3.1 Role of Attention Weights . . . . . . . . . . . . . . . . . . . . . . . . 87
6.3.2 Quantitative Interpretability Summary . . . . . . . . . . . . . . . . . . 88

6.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

x



7 Conclusion and Future Direction 91
7.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
7.2 Research Questions and Their Answers . . . . . . . . . . . . . . . . . . . . . . 93
7.3 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
7.4 Scope for Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
7.5 Vision for the Future . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
7.6 Final Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

Bibliography 99

xi



List of Figures

2.1 Taxonomy of depression detection along four practical axes, modality config-
uration, capture setting, temporal scope, and decision granularity, illustrating
how each dimension informs data preparation and modelling choices. Author-
created schematic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.1 BERT-base architecture used as the backbone for the text encoder (12 lay-
ers, 12 heads, hidden size 768), including WordPiece tokenization and to-
ken/segment/position embeddings. Diagram created by the author; architecture
per [1] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2 ClinicalBERT text encoder used in our model. The network shares the BERT-
base configuration but is domain-adapted via pretraining on clinical notes. We
used the [CLS] embedding for the binary depression classification. Diagram
created by the author; domain adaptation per [2] . . . . . . . . . . . . . . . . . 40

3.3 VGG-16 visual feature extractor. The convolutional stack is retained up to
pool5; the pool5 tensor (7×7×512) is aggregated via GAP to a 512-dimensional
vector, optionally PCA-compressed to 128 dimensions before preprocessing
and projection. Architecture per [3]; pretraining on ImageNet per [4]. . . . . . 41

3.4 High-level pipeline of the proposed multimodal architecture integrating Clini-
calBERT, VGG-16, OpenFace, GAT, and GRU modules . . . . . . . . . . . . . 43

3.5 Detailed block-wise architecture showing modality extraction, projection, dropout
regularization, graph attention fusion, temporal modeling via GRU, and final
classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.6 Pre-projection regularization process. Each modality embedding (text: 768-
d, visual: 128-d, facial: 16-d) was first L2-normalized, then perturbed with
Gaussian noise (𝜎=0.1), and subjected to modality dropout (𝑝=0.8) before
projection into the shared 512-d latent space. Diagram created by the author . . 48

3.7 Attention-based modality fusion. Edges between modality nodes are adap-
tively weighted by the GAT, emphasizing cross-modal relationships relevant for
depression detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

xii



3.8 Block diagram of the GAT module. Each node starts as a 512-d modality
embedding; stacked GAT layers with non-linear activations and in-layer dropout
produce a fused 128-d representation per timestep . . . . . . . . . . . . . . . . 51

3.9 Fusion and classification pipeline. Node embeddings from the GAT are con-
catenated, refined using MLP layers with Batch Normalization and Dropout,
modeled temporally via a GRU, and classified through a dense layer with sig-
moid activation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.1 ClinicalBERT embedding pipeline. Each transcript segment was tokenized
with WordPiece, encoded by ClinicalBERT, and the [CLS] state (768-d) was
extracted. The segment vector is L2-normalised, regularised with Gaussian
noise and modality dropout (training only), and projected into the 512-d latent
space for graph fusion (Section 3.2). Author-created schematic . . . . . . . . . 58

6.1 Confusion matrix, ROC, and Precision-Recall curves for E-DAIC and EATD-
Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

6.2 Confusion Matrix, ROC Curve, and Precision–Recall Curve for the D-Vlog dataset 83
6.3 Training Loss Curve for E-DAIC . . . . . . . . . . . . . . . . . . . . . . . . . 83
6.4 Training Loss Curve for EATD-Corpus . . . . . . . . . . . . . . . . . . . . . . 83

xiii



List of Tables

2.1 Summary of fusion strategies for multi-modal depression detection, highlighting
their core design, advantages, and limitations as reported in prior work . . . . . 27

2.2 Summary of attention mechanisms used in multimodal depression detection,
highlighting their purpose, advantages, and limitations as reported in prior work 31

2.3 Summary of graph-based approaches for multimodal depression detection, high-
lighting their construction strategy, advantages, and limitations . . . . . . . . . 35

3.1 Input and projected dimensions for each modality. Visual features may be
PCA-compressed to 128-d prior to preprocessing; all modalities are projected
to 512-d for fusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.2 Preprocessing and regularization hyperparameters used prior to projection . . . 48

4.1 Summary of datasets used in this study, including participant counts, available
modalities, and labelling criteria . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.2 Summary of preprocessing and embedding steps across modalities. Compo-
nents marked “train only” (e.g., PCA) are fitted on the training set and reused
unchanged for validation and test . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3 Normalisation and augmentation applied during preprocessing or training . . . 64
4.4 Stratified train–validation–test split statistics for E-DAIC . . . . . . . . . . . . 65

5.1 Cloud and Local Compute Infrastructure . . . . . . . . . . . . . . . . . . . . . 70
5.2 Summary of Dataset Splits and Evaluation Protocols . . . . . . . . . . . . . . 73
5.3 Model Training Configuration . . . . . . . . . . . . . . . . . . . . . . . . . . 74
5.4 Parameter Count of Major Model Components (Fusion Stack Only) . . . . . . . 74
5.5 Binary confusion matrix used for all reported metrics . . . . . . . . . . . . . . 75

6.1 Summary of Model Performance Across Datasets . . . . . . . . . . . . . . . . 81
6.2 E-DAIC comparisons (Text + Visual + Face) . . . . . . . . . . . . . . . . . . . 81
6.3 EATD-Corpus comparisons . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
6.4 D-Vlog dataset results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
6.5 Performance Impact of Component Removal in Ablation Study . . . . . . . . . 86
6.6 Average Attention Weights Assigned to Each Modality (E-DAIC Test Set) . . . 88

xiv





List of Abbreviations

AI Artificial Intelligence
ANN Artificial Neural Network
AU Action Unit (facial muscle movement)
AUC Area Under the ROC Curve
BERT Bidirectional Encoder Representations from Transformers
CNN Convolutional Neural Network
DAIC-WOZ Distress Analysis Interview Corpus – Wizard of Oz
E-DAIC Extended Distress Analysis Interview Corpus
EATD Emotional Audio-Textual Depression Corpus
EHR Electronic Health Record
F1 Harmonic mean of Precision and Recall
GAT Graph Attention Network
GNN Graph Neural Network
GRU Gated Recurrent Unit
LSTM Long Short-Term Memory
ML Machine Learning
MLGA Modality-Level Graph Attention (this thesis)
MLP Multi-Layer Perceptron
NLP Natural Language Processing
PCA Principal Component Analysis
PHQ-8/PHQ-9 Patient Health Questionnaire (8-item / 9-item)
PR Precision–Recall
ROC Receiver Operating Characteristic
SHAP SHapley Additive exPlanations
SOTA State of the Art
SVM Support Vector Machine
TGN Temporal Graph Network
ViT Vision Transformer
VGG Visual Geometry Group (CNN architecture)
WHO World Health Organization

xvi





Chapter 1

Introduction

Mental health underpins the well-being and productivity of societies; however, reliably rec-
ognizing depressive disorders in everyday contexts remains a persistent challenge across busy
clinics, remote communities, and digital interactions. Depression is pervasive and burdensome,
ranking among the leading contributors to global disability and public health costs [5, 6, 7].
Symptoms emerge gradually and include unevenly lowered mood, anhedonia, slowed speech,
and reduced expressivity, often shaped by context and stigma, which delays help-seeking and
obscures early warning signs.

Conventional assessments, structured clinical interviews, and self-report scales, such as
the PHQ-9 and BDI, are indispensable in practice [8, 9]. However, they are time-intensive
and subjective, and access to trained clinicians remains uneven, particularly in low-resource
or geographically isolated settings [10]. Consequently, subthreshold or variable patterns are
frequently overlooked, precisely when timely intervention would be most advantageous.

Outside the clinic, everyday digital traces carry rich and affective information. Linguis-
tic choices in text (e.g., first-person singular, negative affect) [11, 12], facial dynamics and
gaze patterns [13, 14], and prosodic contours in speech (e.g., flattened pitch, reduced vari-
ability) [15] correlate with depressive states. Crucially, no single channel suffices; integrating
complementary modalities yields a more ecologically valid assessment than analyzing any one
in isolation [16, 17, 18, 19].

Recent advances have made such integration practical at scale. Transformer encoders
(e.g., BERT, ClinicalBERT) enable nuanced language understanding in interviews and narra-
tives [1, 2], while responsibly designed digital mental health platforms and conversational agents
demonstrate how AI can extend its reach and support continuous monitoring when implemented
with appropriate safeguards [20, 21, 22].

Against this backdrop, this study proposes an interpretable, modality-level multimodal
framework that fuses text, facial, and visual cues to support earlier, more consistent depression
screening under real-world constraints. The design emphasizes calibrated decision-making,
robustness to missing or degraded inputs, and computational efficiency at the fusion stage, with
an eye toward eventual use in telehealth and mobile applications subject to further optimization
and validation. The next sections provide a detailed motivation for this problem, justify the
modelling choices, outline the research contributions, and map the structure of this study.
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1.1 Motivation

The practical question is not merely whether AI can detect depression, but whether it can do
so early, fairly, and reliably in the settings where care actually happens, such as telehealth
consultations, mobile interfaces, and diverse community contexts. This perspective shifts the
objective from pure accuracy on benchmark datasets to clinical utility: models must surface
actionable risk information in time to change outcomes, behave consistently across populations,
and operate under common constraints, such as noisy inputs, limited compute, and variable
modality availability. Consequently, the design goal is a system that is accurate yet efficient,
explainable yet data-driven, and resilient to missing or degraded input data.

Clinical and societal imperative

Earlier recognition of depressive symptoms is linked to improved outcomes, reduced relapse,
and more efficient use of services [23]. However, in practice, cases are often identified late,
after distress has escalated or functioning has deteriorated. Traditional pathways, clinician-
administered interviews, and self-report measures remain indispensable, but they are constrained
by time, access, and variability in administration [8, 9, 10]. A scalable, AI-assisted screen that
highlights high-risk individuals for clinician review can narrow this gap, especially in systems
with long waitlists or limited specialist coverage [10]. The aim is to complement not replace
clinical judgment: automated triage should make early signals harder to miss and follow-up
more targeted.

Economic and service delivery pressures

Depression imposes substantial costs on employers, health systems, and families through ab-
senteeism, presenteeism, and recurrent health service utilization [24]. If screening tools can
identify likely cases earlier and more consistently, interventions can be offered sooner, reducing
avoidable downstream utilization and mitigating productivity losses. This requires models that
are not only discriminative but also stable and calibrated to operate at thresholds that reflect ser-
vice capacity and clinical priorities (e.g., prioritizing recall for safety vs. precision for resource
stewardship).

Access, equity, and acceptability

Access to trained clinicians, clinic proximity, language proficiency, and willingness to disclose
symptoms are unevenly distributed, creating structural barriers for underserved groups [10].
Digital screening can extend reach beyond clinic walls, but only if methods generalize across
languages, cultures, and capture conditions and are implemented with transparency and con-
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sent [22]. This motivates designs that are robust to distribution shifts and explicit about
uncertainty, with reporting practices that make trade-offs visible to stakeholders.

Opportunity in everyday multimodal signals

Outside the clinic, routine digital interactions encode complementary affective cues: language
use (e.g., negative affect, first-person singular) [11, 12], facial dynamics and gaze patterns [13,
14], and prosodic contours in speech (e.g., flattened pitch, reduced variability) [15]. No single
channel is sufficient; the signals are often weak, intermittent, or occluded. Integrating modalities
yields a more ecologically valid and resilient assessment than analyzing any one modality in
isolation [16, 17, 18, 19]. The motivation here is to aggregate complementary evidence while
controlling for spurious correlations introduced by noise, topics, or context.

Computational efficiency and deployability

For telehealth and mobile use, a model’s practical value depends on computation and latency
as much as accuracy. Large cross-modal transformers may be difficult to operate in real time
or on devices. The framework used in this study is therefore compact at the fusion stage by
design: 512-dimensional projections per modality, a single modality-level Graph Attention layer
over a three-node graph (Text/Face/Visual), a 128-dimensional fused bottleneck, and a shallow
classifier with calibrated thresholding. With pre-computed embeddings, the runtime cost is
dominated by this small fusion head, which suggests that the architecture may be compatible
with constrained environments when lightweight encoders or cached embeddings are available.
Chapter 5 quantifies the parameters, memory, and latency to characterise the computational
profile of the architecture, rather than to claim immediate deployability.
Taken together, these considerations motivate a system that: (i) integrates heterogeneous cues
to capture subtle, dispersed indicators; (ii) is robust to noise and missing inputs; (iii) exposes
interpretable signals at the modality level to support clinical scrutiny; and (iv) is efficient enough
for real-world use. The following chapters translate these goals into concrete modelling choices,
evaluation protocols aligned with clinical trade-offs, and a deployment-oriented analysis of
efficiency and reliability.

1.2 Research Justification

Depression assessment in routine practice relies on clinician-led interviews and self-report
instruments, such as the PHQ-9 and Beck’s Depression Inventory (BDI) [8, 9]. While indis-
pensable, these tools are vulnerable to subjectivity, stigma-driven under-reporting, variability
in administration, and constraints on time and access, which can cause subtle or fluctuating
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symptom patterns to be missed [10]. This motivates the need for computational support that
can consistently surface early signals and complement clinical judgment rather than replace
it [20, 21]. Simultaneously, any technological aid must function where care is actually pro-
vided, such as telehealth clinics, mobile devices, and culturally diverse communities, without
adding an undue operational burden.

A purely unimodal pipeline (text-only, audio-only, or vision-only) can capture channel-
specific markers; however, it degrades when the chosen channel is noisy or absent [15, 12,
25, 26]. Even within multimodal research, widely used integration strategies have drawbacks:
simple early fusion ignores structure and scale disparities between modalities, and late fusion
combines decisions after the fact, discarding cross-modal synergies that matter precisely when
one channel weakens. Meanwhile, very deep cross-modal transformers often exceed the latency
and memory budgets of real deployments, limiting their use outside laboratory conditions [27].
Therefore, the approach adopted in this study was selected to address these practical constraints
while remaining accurate and robust, and to explore a fusion design that is computationally
feasible under typical telehealth-like resource budgets.

The first requirement is sensitivity to fine-grained and transient indicators that may be
weak or sparsely expressed in any single channel. To avoid overfitting to isolated frames or
utterances while still capturing early cues, the method computes segment-level embeddings
from ClinicalBERT for text, OpenFace for facial behavior, and VGG with PCA for visual
appearance, and then models temporal dynamics across segments using a lightweight GRU [26,
1, 2]. Segment granularity preserves brief events, temporal aggregation improves sensitivity to
dispersed evidence, and stabilizes decisions against momentary noise. This directly addresses
the risk that fleeting indicators are lost in per-frame or per-utterance analysis.

The second requirement is resilience to nuisance variation and recording artifacts that
confound features in the wild [25]. The system normalizes scale and variance via compact
linear projections (to 512d) and PCA; during training, it uses modality dropout so that the
model learns to remain predictive when inputs degrade; at inference, it handles absent channels
by masking nodes and edges in the fusion graph [28]. These mechanisms jointly reduce false
positives caused by lighting, pose, topic shifts, or preprocessing differences, and prevent brittle
failure when inputs are incomplete, which are typical conditions in telehealth and mobile
capture.

Third, because performance can drop across real-world variability, including languages,
cultures, and capture conditions under-represented in training evaluation, the architecture and
experimental protocol are structured to probe generalization directly. We therefore benchmark
across three complementary corpora with differing natural modality availability: E-DAIC
(Text+Visual+Face) [29], EATD (Text) [30], and D-Vlog (Visual) [31]. Using datasets that
reflect different capture contexts and modality constraints stresses robustness to distribution
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shift and ensures that the method is exercised under conditions that approximate likely usage
scenarios, without claiming full deployment readiness.

The fourth design goal is to capture cross-modal dependencies rather than assuming inde-
pendence. Simple concatenation treats modalities as unrelated features, and late fusion forfeits
the ability to share information when a channel is weak. Instead, the system constructs a modal-
ity graph over {Text, Face, Visual} and applies a single Graph Attention (GAT) layer to learn
directed, context-dependent influences among modalities before temporal modelling [32]. This
explicitly encodes the inter-modality structure, enabling the model to reweight channels over
time and draw on the most reliable source as conditions vary across an interview.

Fifth, interpretability and trust are essential for clinical applications. While full mechanistic
transparency is unrealistic for modern classifiers, the design provides modality-level attention
coefficients as an attribution signal indicating which channel contributed most under given
conditions, and it uses validation-calibrated thresholds to report operating points that reflect
clinically meaningful precision–recall trade-offs [33]. These artifacts support clinician review,
documentation, and contestability without overstating the degree of interpretability.

Finally, the approach must respect the computational constraints that are typical of telehealth
and mobile scenarios, without over-claiming production readiness. The fusion stack is compact
by construction, comprising linear projections, a single GAT over three nodes, a 128-d bottle-
neck, and a single-layer GRU. With precomputed embeddings, the online cost is dominated by
this small fusion–temporal–classifier block, aiming to respect real-time latency and memory
budgets while retaining the benefits of multimodal integration. Chapter 5 quantifies the param-
eter counts, memory footprint, and latency, and contrasts these with deeper fusion baselines
to characterise the computational profile of the architecture, rather than to claim immediate
deployability.

The empirical protocol mirrors realistic usage. Each dataset was exercised under its natural
modality constraints, class imbalance was handled explicitly, and results were reported with cal-
ibrated thresholds, ROC/PR curves, and full confusion matrices to ensure that precision–recall
trade-offs were transparent and reproducible. Taken together, the architectural choices and
evaluation design address the practical obstacles above, enhancing sensitivity to subtle signals,
improving robustness to noise and missing inputs, capturing cross-modal structure, supporting
clinician trust, and approximating resource budgets typical of telehealth-like settings. The
central contribution of this thesis is thus an empirical and architectural study of modality-level
graph attention for multimodal fusion in depression detection [16, 17, 33].
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1.3 Significance and Contributions of this Research

This study primarily contributes an architectural investigation of modality-level graph attention
for multimodal fusion in depression detection, with the following specific contributions to the
domain of multimodal depression detection:

• Innovative Methodology: We developed a modality-level fusion architecture that projects
text, facial, and visual embeddings into compact 512-dimensional spaces and integrates
them using a single Graph Attention (GAT) layer. The fused 128-dimensional rep-
resentation is then modelled temporally with a GRU and classified with a calibrated
shallow head. This design explicitly captures cross-modal relationships while remaining
computationally moderate under the evaluated settings and is proposed as a candidate
architectural template for future real-world applications, rather than as a fully engineered
deployment-ready system.

• Enhanced Sensitivity to Subtle Indicators: By aggregating complementary linguistic,
facial, and visual cues, the proposed approach improves sensitivity to early or weak
signals that may be under-expressed in any single modality. The fusion mechanism
allows stronger channels to compensate when others are sparse or attenuated, thereby
supporting earlier and more reliable screening within the constraints of the available data.

• Increased Robustness and Reliability: The model is designed to operate under realistic
constraints, where the inputs may be noisy, incomplete, or privacy-restricted. Training-
time modality dropout and inference-time masking of nodes/edges in the modality graph
yield graceful degradation when one or more modalities are missing or degraded, reducing
brittle failure modes in telehealth-like and in-the-wild settings [28].

• Modelling Cross-Modal and Temporal Dependencies: The modality-level GAT ex-
plicitly encodes the relationships among the Text, Face, and Visual streams, whereas
the GRU captures the intra-session temporal dynamics without incurring the overhead
of deep cross-modal transformers. This combination improves the representational fi-
delity for fluctuating symptom expression within interviews [27] and provides a concrete
comparative point against traditional early- and late-fusion baselines.

• Characterisation of Computational Efficiency: The fusion+temporal+classifier stack is
compact by construction (linear projections, single GAT layer, 128-d bottleneck, shallow
classifier). When embeddings are pre-computed, the online inference cost is dominated
by this small stack. Chapter 5 reports parameter counts, memory footprint, and latency
to characterise the computational profile of the architecture and to illustrate that it may be
compatible with resource-constrained or mobile/telehealth scenarios, subject to further
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optimisation, validation, and systems integration. The reported parameter counts therefore
describe the fusion and classification stack on top of precomputed embeddings; in any real-
time setting that processes raw inputs, the computational cost of the full ClinicalBERT and
VGG-16 backbones would also need to be considered, and lighter encoders or compression
strategies would likely be required for mobile devices.

• Reproducible, Clinically-Oriented Evaluation: We aligned modality usage with dataset
reality: E-DAIC (Text+Visual+Face), EATD-Corpus (Text), and D-Vlog (Visual) to en-
sure practice-relevant benchmarking. The study employed imbalance-aware training,
validation-tuned thresholds, and full confusion matrices, making precision–recall trade-
offs transparent and facilitating clinical interpretation and replication. This evaluation
provides an empirical basis for understanding the strengths and limitations of modality-
level graph attention fusion across heterogeneous datasets.

1.4 Research Questions

Motivated by the gaps and practical constraints identified in Chapter 1 and the multimodal
depression detection literature reviewed in Chapter 2, this thesis is guided by the following
research questions:

• RQ1: Does a modality-level graph attention mechanism improve depression-detection
performance compared with unimodal models and simple feature concatenation or late-
fusion baselines on the E-DAIC-WOZ benchmark?

• RQ2: What are the relative contributions of textual, visual, and facial modalities, and
of temporal modelling and regularisation components, to the overall performance of the
proposed framework?

• RQ3: How robust is the proposed modality-level graph attention architecture under
dataset and modality shifts, as assessed by transferring it from E-DAIC-WOZ to the
EATD-Corpus (text-only, language-mismatched) and D-Vlog (visual-only, in-the-wild)
benchmarks?

RQ1 focuses on the core architectural contribution of this work, namely the use of modality-
level Graph Attention Networks (GAT) for multimodal fusion. RQ2 probes the importance
of individual modalities and architectural components through ablation analysis and attention-
weight inspection. RQ3 examines robustness and generalization under demographic, linguistic,
and capture-condition shifts by evaluating the model on complementary datasets with differing
modality availability and domain characteristics.
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1.5 Thesis Structure

In Chapter 2, we review unimodal and multimodal depression detection methods, including
attention and graph-based fusion, and identify gaps in robustness, generalization, and inter-
pretability [16, 17]. Chapter 3 presents the proposed architecture: 512-d projections per
modality, a single modality-level GAT, a 128-d fused bottleneck, GRU temporal modeling, and
a calibrated classifier [32]. Chapter 4 details datasets, preprocessing, and feature extraction
(ClinicalBERT, OpenFace, VGG/PCA) [1, 2]. Chapter 5 reports the experimental setup, met-
rics, and results of the ablation studies. Chapter 6 discusses the implications and limitations,
and Chapter 7 concludes with directions for future work.

1.6 Summary

This chapter established the need for scalable, objective depression screening and motivated a
lightweight, interpretable multimodal approach that fuses text, facial, and visual signals. We
framed the practical constraints (access, equity, robustness, and deployability), articulated why
unimodal and naı̈ve fusion pipelines fall short, and justified the modality-level Graph Attention
design with temporal modelling and calibrated decision thresholds. We outlined contributions
that target robustness to missing modalities, clinically oriented reporting, and computational
efficiency that is intended to be compatible with telehealth and mobile contexts, subject to further
optimisation and validation. The next section reviews related work and positions our method
within the broader landscape of unimodal and multimodal depression detection [16, 17, 22].
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Chapter 2

Literature Review

Over the past decade, computational approaches for detecting depression have significantly
progressed. This growth is largely driven by the global prevalence of mood disorders and the
limitations of conventional clinical assessments [5, 20]. Research in this area spans both machine
learning and deep learning techniques, applied to diverse modalities such as language, speech,
and visual signals, either individually or in multimodal combinations [16, 21, 15, 34]. This
chapter systematically reviews this field. It begins by outlining the general framing of depression
detection (Section 2.1), followed by the characteristics and challenges of the task (Section 2.2),
and then traces the methodological evolution from manual assessments to multimodal deep
learning approaches incorporating attention and graph-based fusion techniques (Section 2.3).
Recent studies have also emphasized issues of fairness, interpretability, and computational
scalability [35, 36, 37].

2.1 Introduction to Depression Detection

In the context of this study, depression detection refers to the computational estimation of
depressive symptoms based on observable, behavioral, and linguistic signals. These signals are
typically captured in structured interviews, telehealth consultations, and naturalistic settings,
such as social media interactions. The primary objective of such systems is not to replace
professional clinical judgement but to serve as an auxiliary tool that can help identify at-risk
individuals and support ongoing monitoring, particularly in contexts where access to trained
mental health specialists is limited [5].

The input evidence for computational detection is generally derived from three sources.
Textual data include spoken transcripts from interviews, self-reported questionnaires, or user-
generated content such as social media posts, all of which can reveal linguistic markers associated
with depression. Acoustic data capture features of the voice, such as prosody, intonation, energy,
and voice quality, which often reflect psychomotor changes and emotional states. Visual
and facial behavior includes observable cues such as facial expressivity, gaze direction, eye
contact, and head movements, which provide insight into affective engagement and nonverbal
communication patterns [16, 21]. These modalities are complementary, as each channel encodes
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different aspects of behavior relevant to depressive symptomatology.
Detection can be performed at varying levels of granularity depending on the research

design. Some systems focus on short segments, such as utterances or specific responses, to
detect local markers of depression, whereas others operate at the full-session level, summarizing
information across an entire interview or video. Similarly, studies have been conducted across
a range of capture environments, including highly structured clinical or telehealth settings,
controlled laboratory protocols, and naturalistic “in-the-wild” contexts, such as online videos
or social media streams [15, 34]. Each setting imposes different constraints on signal quality,
ecological validity, and generalizability.

Automated depression detection systems must address several persistent challenges across
all contexts. Recordings are often noisy, with background interference in the audio or occlusions
in the video. Cultural and demographic diversity complicates generalization, and depressive
markers themselves tend to occur sparsely, often triggered only under certain conversational
topics. Beyond technical robustness, systems must also be designed with transparency, inter-
pretability, and practicality in mind so that outputs can be trusted and integrated into real-world
workflows without the risk of misinterpretation or harm [36, 35].

2.2 Nature and Classification of Depression Detection

Depression detection is inherently a multimodal task because human communication conveys
psychological states through multiple complementary channels. Linguistic choices, such as
word use and discourse structure, reflect underlying affective and cognitive processes. Speech,
through rhythm, tone, and energy, encodes psychomotor changes that are often altered in
individuals with depression. Visual behavior, including facial expressions, gaze direction, and
posture, provides further evidence of engagement and emotional responsiveness. Together,
these three modalities: text, audio, and visual, form a rich but complex information space
for computational models [16, 21, 34]. However, depressive cues are not always consistent.
They often appear intermittently, and their manifestation depends heavily on the conversational
context or external conditions. This irregularity necessitates systems that can selectively attend
to salient cues while remaining robust to noise, missing data, or degraded signals.

To address this complexity, prior research commonly classifies depression detection studies
into four practical dimensions. These dimensions influence how data are collected, annotated,
and modelled, and they help clarify the assumptions behind methodological choices.

1. Modality configuration Systems may rely on a single modality, such as text-only, audio-
only, or visual-only, or they may combine multiple channels in multimodal configurations.
Multimodal approaches generally achieve higher performance by leveraging comple-
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mentary signals; however, they introduce additional challenges in synchronization and
fusion [16].

2. Capture setting The environment in which data are gathered significantly affects both
the quality and generalizability. Clinical and telehealth interviews provide structured
diagnostic settings, laboratory protocols enable controlled capture conditions, and “in-
the-wild” sources, such as social media or personal video blogs, capture more naturalistic
behavior at the cost of greater variability and noise [21, 35].

3. Temporal scope Some approaches adopt a point-in-time perspective and estimate de-
pressive symptoms in a single session. Others use a longitudinal framework, monitoring
individuals across multiple sessions to capture the evolution of symptoms, relapse pat-
terns, or gradual changes. This distinction has methodological implications because
longitudinal studies typically require temporal models, such as recurrent networks or
temporal graph modules [15].

4. Decision granularity Models differ in whether they output predictions at the utterance or
segment level (with later aggregation) or generate direct session-level classification. Fine-
grained approaches allow the localization of depressive cues and greater interpretability,
whereas session-level predictions are simpler but may obscure the dynamics of symptom
expression [36].

These four axes provide a useful taxonomy for depression detection research. They clarify
assumptions about data quality, highlight the challenges of alignment and generalization, and
guide the selection of features, encoders and fusion strategies. This structured perspective also
helps identify the trade-offs between ecological validity and modelling complexity, which are
critical considerations when designing systems intended for clinical or real-world deployment.

Figure 2.1 summarizes this taxonomy, highlighting how modality configuration, capture
setting, temporal scope, and decision granularity are related to the central task of depression
detection.
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Figure 2.1: Taxonomy of depression detection along four practical axes, modality configuration,
capture setting, temporal scope, and decision granularity, illustrating how each dimension
informs data preparation and modelling choices. Author-created schematic

2.2.1 Challenges in Depression Detection

Despite significant progress, depression detection remains a complex research area because
practical deployments must contend with various real-world challenges.

• Noisy and incomplete inputs Inputs across modalities are often missing or degraded
due to noise. Microphones may capture background noise or clip speech, cameras may
lose track of a face or operate in poor lighting, transcripts may contain errors, and
social media text is frequently short, informal, or ambiguous. These limitations make it
essential to design systems that remain functional even when some evidence is unreliable
or absent [16].

• Alignment across modalities Text, audio, and visual signals evolve over different
timescales. Spoken words unfold quickly, prosodic features such as pitch or rhythm
span longer intervals, and facial expressions may change gradually. If these streams are
poorly aligned, the benefits of multimodal fusion are reduced, and contradictory cues may
arise [16].

• Sparse and context-dependent cues Depressive indicators rarely occur continuously.
Signs such as monotone prosody, lowered facial expressivity, or negative self-focused
language may appear only briefly and in response to specific prompts. Detecting these
transient signals requires temporal models that can focus on informative regions while
aggregating across longer interactions [11, 14].
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• Label quality and protocol differences Ground-truth annotations are usually derived
from self-report instruments such as the PHQ-9 or BDI, or from structured clinical inter-
views. However, thresholds, administration conditions, and rater variability differ across
datasets, introducing inconsistencies that complicate cross-corpus comparisons [30].

• Imbalance and limited sample size In most datasets, participants with clinically sig-
nificant depression were outnumbered by controls. This imbalance makes optimization
more difficult and can bias the evaluation if not carefully addressed. Therefore, trans-
parent reporting of decision thresholds and multiple metrics is required to ensure a fair
assessment [36].

• Domain shift Models trained on one dataset may not generalize well to others because of
differences in language, cultural norms, recording devices, or interview protocols. With-
out explicit adaptation strategies, domain shifts can severely degrade performance [30, 36].

• Interpretability and calibration For clinical use, systems must not only be accurate but
also provide interpretable and reliable outputs. Clinicians must understand the rationale
behind a decision, and probability scores must be properly calibrated to ensure that risk
estimates are meaningful. Opaque or overconfident predictions limit adoption [38].

• Privacy, consent, and fairness Depression datasets often include personal narratives and
identifiable facial behaviors, raising serious privacy concerns. Furthermore, if datasets
under-represent certain groups, models risk producing biased predictions and exacerbating
care disparities. Therefore, responsible data governance and fairness-aware evaluation
are critical [22, 39, 40, 41].

• Operational constraints Practical applications, such as telehealth consultations or mobile-
based monitoring, require systems that operate under the strict constraints of latency,
memory, and power. This creates a need for efficient encoders and lightweight fusion
strategies that can function reliably in real-world deployments [37].

2.2.2 The Critical Importance of Depression Detection

Early and reliable detection of depression is critical for both individuals and healthcare systems.
Depression is often underdiagnosed and untreated, particularly in regions where access to
qualified mental health professionals is limited. Computational approaches can help address
this gap by offering scalable tools that extend the reach of the existing services. By identifying
individuals at risk earlier, these systems can enable proactive referrals, continuous monitoring,
and relapse prevention. Such interventions not only alleviate the personal burden of symptoms
but also reduce the wider societal and economic costs associated with untreated depression [5].
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Digital methods also provide opportunities for continuous and asynchronous screenings.
For example, automated triage systems embedded in telehealth platforms can monitor patients
between clinical visits, flagging concerning changes in behavior or moods. Importantly, these
systems are designed to complement clinical expertise rather than replace it, supporting practi-
tioners with additional insights derived from multimodal data.

Several requirements must be met for computational detection systems to be clinically
credible. They must provide transparent reasoning, offering interpretable outputs that clinicians
can trust; they must ensure calibrated predictions, where probability estimates meaningfully
reflect true risk; and they must include documented limitations, clarifying the contexts in which
performance may be degraded. Furthermore, validation must extend across diverse demographic
groups, cultural contexts, and capture conditions to ensure fairness and avoid unintended harm.
Without these safeguards, even highly accurate systems risk producing biased or misleading
outcomes, ultimately undermining their potential benefits.

2.3 Evolution of Depression Detection Methods

2.3.1 Manual and Instrument-Based Assessment

Traditional approaches to depression assessment remain centered on clinician-led interviews
and validated self-report questionnaires, such as the Patient Health Questionnaire (PHQ-9) and
Beck Depression Inventory (BDI). These methods are considered the clinical gold standard
because they provide high validity and interpretability and remain the source of ground-truth la-
bels for most computational research [5]. However, they have important limitations: structured
interviews are time-intensive, access to trained professionals is limited in many regions, and
administration protocols vary across raters and contexts, leading to inconsistencies in the results.
Therefore, computational methods are positioned as complementary tools rather than replace-
ments, offering opportunities to increase reach, enable consistent and repeatable screening, and
support early identification in resource-constrained environments [20].

2.3.2 Single-Modality Depression Detection Techniques

Automated depression detection has been explored extensively within individual modalities:
text, audio, and visual, each capturing distinct aspects of behavior. Studying these modalities
independently has not only revealed unique strengths and weaknesses but has also provided
essential foundations for designing more sophisticated multimodal systems [15, 21].
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Text-Based Approaches

Textual analysis has long been a focal point in the field of computational mental health. Early
research examined transcripts from clinical interviews, medical records, and social media plat-
forms [11, 21]. Classical machine learning approaches, including Support Vector Machines
(SVM), Logistic Regression, and Random Forests, typically operate on hand-engineered fea-
tures. These features often include lexical n-grams, sentiment and affect lexicons, or psycholin-
guistic indicators such as LIWC categories [42, 43].

The introduction of deep learning has expanded the scope of research by capturing se-
quential dependencies and contextual relationships. Recurrent neural networks (RNNs), Long
Short-Term Memory (LSTM) models, and attention-based encoders improve performance by
modelling long-range language dynamics [44]. The field advanced further with the advent
of pretrained transformer architectures such as BERT [1] and domain-specific variants such as
ClinicalBERT [2], which encode nuanced semantics and domain knowledge at scale [45, 30, 46].
More recently, large-scale screening studies on social media (e.g., Twitter, Reddit) have
shown the feasibility of population-level monitoring, although they face challenges related
to noisy short-form text, demographic bias, and unresolved concerns regarding privacy and
consent [47, 48].

Audio-Based Approaches

The acoustic channel provides complementary paralinguistic information that is often disrupted
in depression, such as changes in pitch, rhythm, energy, and voice quality [15]. Traditional
pipelines focused on handcrafted descriptors such as Mel-Frequency Cepstral Coefficients
(MFCCs) or jitter and shimmer, combined with classical classifiers [49].

With deep learning, Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs) have been applied to spectrograms and even raw waveforms, improving sensitivity to
subtle vocal variations and temporal structures [50, 51]. Benchmark challenges such as AVEC
and datasets such as EATD-Corpus have standardized evaluation practices by combining low-
level descriptors with statistical functionals and attention-based encoders [52, 30]. Despite these
advances, acoustic methods remain vulnerable to environmental noise, microphone variability,
and cultural differences in prosody, which complicates generalization in real-world use cases.

Visual-Based Approaches

Visual and facial cues have also proven valuable for depression detection, as symptoms often
manifest as reduced expressivity, atypical gaze patterns, and diminished head movement [14,
13, 53]. Early approaches relied heavily on the manual annotation of Facial Action Units (FAUs)
and handcrafted computer-vision descriptors.
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The field has since moved toward deep feature extraction using CNN architectures (for
example, VGG and ResNet), facial landmark tracking tools such as OpenFace, and, more
recently, Vision Transformers (ViT), which are capable of capturing fine-grained spatial rela-
tionships [54, 36, 55]. Temporal aspects of behavior are often modelled using 3D-CNNs and
spatio-temporal networks, which track expression dynamics and head pose trajectories [19].
Research from 2020 onwards has increasingly focused on robustness and explainability in
real-world contexts, with studies investigating cultural variability, dataset bias, and systematic
failure modes [56, 57]. In this thesis, VGG-16 is adopted as the visual backbone, reflecting
its widespread use in earlier affective computing work and its compatibility with simple global
average pooling and PCA-based compression, while more recent architectures such as ResNet,
MobileNet, or ViT are left as promising alternatives for future exploration.

Limitations of Single-Modality Methods

Despite meaningful advances, systems that rely on a single modality face persistent limitations.

• Limited coverage No single modality can capture the full spectrum of depressive symp-
tomatology, which creates blind spots and increases the risk of biased predictions [16].

• Vulnerability to missing or noisy data Real-world deployments often face challenges
such as poor audio quality, occluded or off-camera faces, and transcription errors, which
degrade model reliability.

• Restricted generalisability Differences in demographics, language, and recording envi-
ronments reduce transferability across datasets, thereby limiting robustness [30].

• Contextual gaps Some signals, such as sarcasm in text or affective prosody in audio, may
not appear in other modalities, leaving context-specific cues undetected in the analysis.

These challenges highlight the need for multimodal fusion and hybrid architectures that
combine complementary strengths across modalities. The later sections of this chapter re-
view the progression toward such multimodal systems and the strategies employed to integrate
information effectively.

2.3.3 Multimodal Depression Detection

As the limitations of single-modality systems have become evident, multimodal learning has
emerged as a central paradigm for automated depression detection. The underlying rationale
is that linguistic content, vocal prosody, and nonverbal behavior each capture distinct but com-
plementary facets of affective states. By integrating these heterogeneous signals, multimodal
systems can form richer and more reliable representations of depressive symptomatology than
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any single stream alone [16, 34, 21]. This section reviews the motivation for multimodal
approaches, outlines classical fusion strategies, describes deep learning–based advances, high-
lights representative applications, and concludes with a discussion of ongoing challenges.

Motivation for Multimodal Approaches

Psychological theory and empirical studies converge on the idea that affective states are ex-
pressed through multiple channels simultaneously. In the case of depression, language may
reveal increased self-focus or negative valence; acoustic signals may show flattened affect,
slowed speech, or abnormal timing; and visual cues such as reduced expressivity, diminished
head movement, or atypical gaze reflect changes in social engagement [11, 15, 13]. Because
these cues surface under specific contexts or only within particular modalities, systems that
rely on a single channel risk overlooking relevant evidence and generating systematic false
negatives [25, 19].

From a systems perspective, multimodal modelling also enables graceful degradation; when
one channel is missing or corrupted, other modalities can compensate, provided that the fusion
mechanism is robust to partial evidence [16]. This redundancy mirrors clinical practice, where
clinicians consider verbal, vocal, and behavioral cues together to arrive at a judgment.

Classical Fusion Strategies: Early, Late, and Intermediate

Early computational systems organized multimodal fusion into three main categories. In feature-
level (early) fusion, features from different modalities are concatenated before the classification.
This approach is conceptually simple and parameter-efficient, but is highly sensitive to scale
mismatches, synchronization errors, and missing segments [16].

In early fusion, features extracted from each modality are concatenated into a single joint
representation before classification. This can be expressed as

𝑧 = [𝑧text ⊕ 𝑧audio ⊕ 𝑧visual]

Here, 𝑧text, 𝑧audio, and 𝑧visual denote modality-specific embeddings, and ⊕ represents con-
catenation. Although this approach is simple and parameter-efficient, it is sensitive to scale
mismatches, synchronization errors, and missing data segments [16].

In contrast, decision-level (late) fusion trains unimodal classifiers separately and combines
their predictions through averaging, voting, stacking, or learned gating. This strategy improves
robustness to missing channels because each stream is processed independently, but it sacrifices
fine-grained cross-modal interactions [58, 19].

Intermediate fusion represents a compromise. It employs modality-specific encoders to
generate latent representations, which are then integrated through dedicated modules, such as
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gating or attention. This design allows both modularity and cross-modal coupling, offering
flexibility in handling heterogeneous inputs [16].

The three classical approaches to multimodal fusion (early, late, and intermediate) and more
recent deep learning extensions are summarized in Table 2.1.

Table 2.1: Summary of fusion strategies for multi-modal depression detection, highlighting
their core design, advantages, and limitations as reported in prior work

Fusion Strategy Description Advantages Limitations
Early Fusion Feature concatenation before

classification
Simple, Parameter-
efficient

Sensitive to scale
mismatch, miss-
ing data [16]

Late Fusion Combines outputs of uni-
modal models

Robust to missing
channels

Limited cross-
modal interac-
tions [58, 19]

Intermediate Fu-
sion

Encoders + shared latent
module

Balance of modularity
and interaction

Complexity of
representation
alignment [16]

Deep Learning
Fusion

Attention, transformers,
memory networks

Strong cross-modal
modelling, transferable
embeddings

Computationally
expensive;
domain
shift [59, 30]

Deep Learning Approaches to Multimodal Fusion

Modern systems extend classical strategies by leveraging deep-learning encoders and attention-
based integration. Convolutional, recurrent, and transformer-based models are commonly
used as modality encoders, producing robust embeddings from raw text, acoustic, or visual
inputs [15, 14, 1, 2].

Fusion is typically achieved through attention mechanisms, including self-, cross-, and
co-attention, which enable models to focus on the most informative segments while down-
weighting unreliable signals [59, 60]. Notable architectures include the Memory Fusion Net-
work (MFN), which models cross-view temporal dependencies using memory components [61],
and the Multimodal Transformer (MulT) which employs asymmetric cross-modal attention to
align modalities at multiple granularities [59]. Subsequent refinements introduced hierarchical
attention, structured priors, and domain-informed constraints, reporting significant gains on
benchmark datasets such as AVEC and E-DAIC [17, 46, 30].

A recurring theme in these designs is representation alignment. Rather than working
with handcrafted features, modern pipelines map heterogeneous modalities to a shared latent
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space. Pre-trained language models, such as BERT and ClinicalBERT, provide rich textual
embeddings; spectrogram-based CNNs and sequence models yield acoustic representations;
and CNN or Vision Transformer (ViT) backbones capture visual and facial features. Fusion
modules then operate over these embeddings, improving transferability and reducing the need
for manual feature engineering [1, 2, 30, 46]. Transformer-style attention, popularized by
Vaswani et al [62], underpins many of

Clinical and Real-World Applications

Empirical studies have consistently demonstrated that multimodal systems outperform unimodal
baselines in terms of accuracy and robustness [58, 16]. For instance, Yang et al reported
improved performance through audiovisual integration in structured interview settings [19],
whereas Shen et al highlighted the benefits of audio–text fusion in the EATD-Corpus [30].
More naturalistic datasets, such as D-Vlog, confirm that multimodal fusion enhances resilience
to background noise, variation in head pose, and other real-world artefacts [31].

Beyond raw performance, recent research has emphasized that clinical credibility depends
on more than just predictive accuracy. Topics such as explainability, fairness, and deployability
are important. Explainability tools help clinicians interpret system decisions [38, 63]; fairness-
aware evaluations aim to ensure consistent performance across demographic subgroups [39, 64];
and research on efficient encoders has addressed the operational demands of telehealth and
mobile deployments [37, 36].

Limitations and Research Challenges

Despite substantial progress, multimodal depression detection continues to face several unre-
solved challenges.

• Missing or noisy modalities Real-world recordings often contain corrupted or incomplete
data. Methods such as training-time modality dropout and robust cross-modal attention
have been proposed to mitigate these risks [28, 16].

• Scalability and efficiency Deep fusion networks are computationally expensive. Practical
deployments in telehealth or mobile contexts require lightweight designs that balance
accuracy, latency, and memory constraints [37, 36].

• Interpretability and calibration For clinical adoption, models must not only achieve
strong performance but also provide interpretable reasoning and calibrated probabilities,
with operating points explicitly reported (e.g., sensitivity–specificity trade-offs) [38, 30].

• Generalisation and domain shift Performance often degrades when models are ap-
plied across languages, cultures or capture settings. Addressing this requires robust
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pre-training, domain adaptation techniques, and rigorous cross-corpus evaluation proto-
cols [30, 36].

• Data availability and annotation The collection of large-scale multimodal clinical
datasets is costly and resource-intensive. Variations in annotation protocols and diagnostic
instruments further complicate cross-dataset comparisons and reproducibility [36].

Overall, although multimodal systems represent the state of the art and continue to demon-
strate strong empirical performance, their widespread clinical adoption will depend on address-
ing these challenges alongside sustained attention to fairness, interpretability, and practical
deployment.

2.3.4 Attention-Based Fusion Models

Attention has become a cornerstone of modern deep learning and underpins many state-of-the-
art multimodal systems in affective computing and mental health [62, 65, 59]. The key idea
is to dynamically reweight features, time steps, or entire modalities so that the computational
capacity is focused on the most informative signals while unreliable or noisy inputs are down-
weighted [66, 34]. For depression detection, attention mechanisms can selectively emphasize
diagnostic linguistic markers, prosodic patterns, or facial dynamics at the moments when they
are most predictive.

Taxonomy of Attention Mechanisms

Attention mechanisms for multimodal fusion can be broadly categorized into four types: self-
attention, cross-modal attention, co-attention, and hierarchical attention. In practice, modern
systems often combine multiple forms of data.

• Self-Attention Self-attention model dependencies within a single sequence, allowing
the system to capture long-range contextual relationships. In depression detection, self-
attention has been used within individual modalities, for example, across text tokens,
acoustic frames, or facial image sequences to better model the intra-modality struc-
ture [1, 67]. Efficiency-oriented variants, such as Sparse Transformers, Linformer, and
Performer [68, 69, 70] reduce quadratic complexity, making it feasible to apply attention
to long interviews or vlog segments.

Self-attention allows a model to relate positions within a single sequence, capturing
long-range dependency and contextual relationships. Formally, the scaled dot-product
attention is defined as

Attention(𝑄, 𝐾,𝑉) = softmax
(
𝑄𝐾𝑇
√
𝑑𝑘

)
𝑉
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Here, 𝑄, 𝐾 , and 𝑉 denote the query, key, and value matrices, respectively, and 𝑑𝑘

denotes the dimensionality of the keys. This formulation enables the model to compute
relevance scores between elements in the sequence and reweight them dynamically, which
is particularly valuable for highlighting diagnostic cues in long interviews and transcripts.

• Cross-Modal Attention Cross-modal (inter-modal) attention aligns and conditions rep-
resentations between modalities: one stream (e.g., text) queries another (e.g., visual) to
refine its embedding, and vice versa. This mechanism has been particularly effective in
affective computing and vision–language models [71, 72, 73]. In depression detection,
cross-modal attention enables subtle linguistic cues to be interpreted in the context of
concurrent prosodic or facial signals, thereby reducing ambiguity [59, 74, 75].

• Co-Attention and Hierarchical Attention Co-attention jointly attends across multiple
modalities, learning bidirectional relevance (e.g., how audio influences visual attention
and vice versa) [76, 46]. Hierarchical attention applies attention at multiple levels, such as
token→ utterance→ session, which is especially valuable in depression detection, where
local and global contexts may diverge, such as in long clinical interviews or extended vlog
narratives [77, 78].

These mechanisms are summarized in Table 2.2, which outlines their purpose, advantages,
and limitations as applied in multimodal depression detection.
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Table 2.2: Summary of attention mechanisms used in multimodal depression detection, high-
lighting their purpose, advantages, and limitations as reported in prior work

Attention Type Purpose Advantages Limitations
Self-Attention Models dependencies within

a single modality (e.g., to-
kens in text, frames in au-
dio/visual)

Captures long-range
context; improves
intra-modality struc-
ture

Computationally
heavy for long
sequences; miti-
gated by efficient
variants [1, 67,
68, 69]

Cross-Modal
Attention

Aligns and conditions one
modality on another (e.g.,
text queries visual/audio)

Disambiguates sub-
tle cues by leverag-
ing complementary
streams

Sensitive to
misalignment
and domain
shift [59, 74, 75]

Co-Attention Jointly attends across two or
more modalities bidirection-
ally

Learns interdepen-
dence between modali-
ties; richer integration

Increased model
complexity and
training cost [76,
46]

Hierarchical At-
tention

Applies attention at multiple
levels (token/segment→
utterance→ session)

Handles long interac-
tions; captures both
local and global con-
text

Requires larger
datasets; risk
of overfitting
on small cor-
pora [77, 78]

Recent Advances in Multimodal Attention Fusion

Transformer-based multimodal architectures have resulted in substantial performance improve-
ments. The Multimodal Transformer (MulT) fuses modalities via asymmetric cross-modal
attention pathways [59]; the Memory Fusion Network (MFN) captures cross-view tempo-
ral dependencies using gated memory components [61]; and hierarchical transformer vari-
ants extend attention to multiple levels for handling long interviews or naturalistic videos
[78]. These designs typically rely on pretrained modality-specific encoders, such as language
models (e.g., BERT/ClinicalBERT), spectrogram-based CNNs for audio, and CNN or Vision
Transformer (ViT) backbones for visual streams, before applying attention layers to integrate
them [1, 2, 46, 30]. This reduces dependence on handcrafted features and improves transfer-
ability across datasets.

The second theme is robustness. Attention modules can adaptively down-weight noisy or
missing modalities at runtime (e.g., corrupted audio, off-camera faces) and can be trained with
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masking or modality dropout strategies to simulate real-world conditions [60, 28]. Additionally,
attention has been linked to interpretability; by highlighting tokens, frames, or modalities that
are most influential to a prediction, models become more transparent to end-users [63].

Applications in Affective Computing and Depression Detection

Attention-based fusion has been widely applied across affective computing tasks, including
emotion recognition, sentiment analysis, and distress detection, where it consistently improves
the benchmark performance [34, 46]. Within depression detection, studies have reported that
cross-modal attention not only boosts classification accuracy but also enhances robustness by
aligning and weighting linguistic, acoustic, and visual evidence appropriately [30, 79]. In
interview-style corpora, audiovisual attention improves tolerance to pose variations, occlusions,
and background noise [19]. In more naturalistic “in-the-wild” datasets, such as vlogs, attention
helps systems ignore irrelevant segments and focus on expressive moments that are most
indicative of depressive symptoms.

Interpretability and Clinical Relevance

An advantage of attention-centric fusion is its amenability to interpretation. Attention maps can
be visualized at the token, frame, or modality level, offering clinicians and researchers insight
into why a model reaches a given decision [38, 80, 63]. However, recent studies caution that
attention weights do not always constitute faithful explanations of internal reasoning [81, 82].
Therefore, the best practice combines attention visualization with complementary explanation
methods (e.g., gradient-based attribution) and reports clinically meaningful operating points.

Limitations and Future Directions

Despite their strengths, attention-based models face several challenges. They are often com-
putationally intensive, particularly with long multimodal sequences, motivating ongoing work
on efficient transformer variants [68, 83, 69, 70]. Domain shift remains a persistent issue,
as attention patterns learned on one dataset may not transfer cleanly to another because of
cultural, linguistic, or capture differences [30, 46]. Data scarcity further constrains progress,
as attention-heavy models typically require large-scale training corpora, which are limited in
clinical mental health contexts [36]. Finally, ensuring accurate explanations and calibrated
probability estimates remains critical for trustworthy clinical decision support.

2.3.5 Graph-Based Multimodal Fusion for Depression Detection

Graph Neural Networks (GNNs) have gained traction in affective computing and automated
depression detection. Unlike traditional models that treat inputs as independent samples, GNNs
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natively represent data as graphs, which are structured collections of nodes and edges. This
makes them well-suited for modelling interactions among heterogeneous elements, such as
modalities, utterances, or time steps [27, 84]. By explicitly encoding relations, GNNs can
capture cross-modal dependencies and temporal structures, both of which are central to mental
health analytics, where symptoms and behavioral markers emerge from complex, non-linear
interactions.

Relational Learning and Modality Fusion

Graphs can be constructed in several ways for multimodal depression detection. One approach is
modality-as-nodes, in which text, audio, and visual embeddings form nodes connected by edges
that encode correlations or prior knowledge. Another approach builds segment or utterance
graphs, where each node represents a clip or utterance, and the edges capture temporal adjacency
or semantic similarity. More complex designs use heterogeneous or bipartite graphs to link
different entity types, such as participants and features. Recent studies have demonstrated
that these designs outperform early- or late-fusion baselines by enabling explicit relational
reasoning [79, 85]. Canonical operators, such as graph convolutions, neighborhood aggregation,
and attention-based message passing, enable flexible fusion that is robust to missing features
and irregular structures [86, 87, 32].

A standard Graph Convolutional Network (GCN) layer update is expressed as

𝐻 (𝑙+1) = 𝜎
(
𝐷̃−1/2 𝐴̃𝐷̃−1/2𝐻 (𝑙)𝑊 (𝑙)

)
Here, 𝐻 (𝑙) represents the node feature matrix at layer 𝑙, 𝐴̃ is the adjacency matrix with self-

loops, 𝐷̃ is the degree matrix,𝑊 (𝑙) is the trainable weight matrix, and 𝜎 is a nonlinear activation
function. This operation aggregates information from the neighbors of each node, allowing the
model to capture the relational dependencies between modalities or temporal segments. aining
robust to missing features and irregular structures.

Temporal Graphs and Dynamic Structure

Depressive symptoms are not static; they evolve over the course of interactions and longitudinal
monitoring. Temporal GNN frameworks extend standard GNN by incorporating dynamics,
either through continuous-time kernels or snapshot sequences of evolving graphs [88, 89, 90].
For example, in clinical interviews or diary-style recordings, temporal graphs can track how
linguistic, acoustic, and facial cues fluctuate over time, capturing symptom trajectories that
static models may overlook. Such dynamic relational modeling is particularly relevant in the
detection of depression, where momentary cues often combine to form longer-term behavioral
patterns.

33



Interpretability and Clinical Relevance

Graph-based fusion also offers a structured interpretability. Attention coefficients within graph
attention networks (GATs) or post hoc methods, such as GNNExplainer, can highlight influential
nodes, edges, or features that drive a model’s prediction [91, 27]. In multimodal depression
detection, this means identifying which utterances, facial expressions, or prosodic patterns most
strongly indicate depressive symptoms [92]. This transparency is critical for clinical adoption,
as it allows researchers and practitioners to validate model outputs against established behavioral
markers.

Current Trends and Open Challenges

Despite the promising progress, several challenges remain. Large graphs with many nodes
(e.g., frame-level models) create bottlenecks in scalability. Subgraph sampling and mini-batch
training mitigate memory issues but may introduce variance in the estimates [27]. Another
issue is edge construction: unusual or arbitrary definitions of relationships can reduce the
reliability of the model. Depression datasets are also limited in size and are often labeled with
heterogeneous protocols, limiting the training of data-hungry GNNs and complicating cross-
corpus comparisons [36]. Domain shift, which is already a challenge in unimodal systems,
is amplified in graph settings, where relational structures differ across datasets. Promising
directions include self-supervised pre-training for GNNs, contrastive learning, and dynamically
learned graph structures that adapt during training [93]. Standardization in reporting, such
as clear graph construction rules, edge criteria, and temporal protocols, remains essential for
reproducibility.

Graph Transformers and Future Directions

Recently, transformers have been integrated into graph modeling. Graph Transformers combine
attention mechanisms with structural encodings, scaling relational learning while retaining the
flexibility of transformer-style fusion [94]. Variants incorporate centrality measures, shortest-
path distances, and edge attributes into attention computation, thereby capturing richer structural
patterns. For depression detection, this points to several opportunities: modeling long interviews
with joint graph–token attention, constructing heterogeneous graphs that integrate modalities
with clinical metadata, and developing pipelines ready for explanation that combine attention
visualization with graph-level attribution [91, 63]. These innovations suggest a path toward
clinically credible systems that are both powerful and interpretable.

These design choices are summarized in Table 2.3, which compares different graph con-
struction strategies, their benefits, and the associated limitations in multimodal depression
detection.
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Table 2.3: Summary of graph-based approaches for multimodal depression detection, high-
lighting their construction strategy, advantages, and limitations

Graph Type Description Advantages Limitations
Modality Graphs Each modality (text, audio,

visual) represented as a node;
edges encode correlations or
priors

Explicit cross-modal
reasoning; robust to
missing modalities

Limited temporal
modelling; edge
definitions may
be arbitrary [79,
85]

Segment/Utterance
Graphs

Nodes represent utterances or
clips; edges encode temporal
adjacency or semantic simi-
larity

Captures local tem-
poral context; inter-
pretable at segment
level

Large graphs for
long sessions;
edge noise can
degrade perfor-
mance [86, 87]

Heterogeneous
Graphs

Different entity types
(modalities, speakers, meta-
data) form nodes; bipartite or
typed edges link them

Flexible; models multi-
entity interactions; in-
tegrates metadata

Complex design;
requires careful
edge schema [32,
27]

Temporal/Dynamic
Graphs

Graph structure evolves
over time via snapshots or
continuous-time kernels

Models progression of
depressive cues; cap-
tures symptom trajecto-
ries

High computa-
tional cost; re-
quires sequential
data [88, 89, 90]

Graph Trans-
formers

Combines attention with
graph encodings (central-
ity, path, edge features)

Scales relational mod-
elling; unifies graphs
with transformer flexi-
bility

Data hungry;
relatively unex-
plored for clini-
cal use [94]

Most of the approaches reviewed in this chapter have been evaluated on a small number of
benchmark datasets, such as DAIC-WOZ, AVEC, EATD-Corpus, and D-Vlog. These corpora
differ in scale, capture environment, and labelling protocols, which have implications for the
generalizability and comparability of the results. A detailed description of the datasets used in
this study is provided in Chapter 4.

2.4 Summary

This chapter reviews the landscape of depression detection, outlining its multimodal nature,
practical classification schemes, and key challenges involved. This highlights the clinical
importance of reliable screening and traces the methodological evolution from manual and
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instrument-based assessments to single-modality computational methods, and finally to multi-
modal fusion approaches incorporating attention mechanisms and graph-structured models.

Recurrent themes across the literature include the need for robustness to noisy or missing
inputs, alignment across modalities, generalization across domains, and transparency with
calibrated outputs for clinical use. These observations inform the dataset choices presented in
Chapter 4 and motivate the modelling architecture described in Chapter 3.
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Chapter 3

MLGA - A Modality-Level Graph Atten-
tion Architecture for Multimodal Depres-
sion Detection

This section introduces the proposed Modality-Level Graph Attention (MLGA) framework for
multimodal depression detection. We begin with a high-level overview of the pipeline and its
design rationale, followed by concise descriptions of the three input modalities, text, visual,
and facial, used throughout this work. All remaining architectural elements (regularization,
shared-space projection, graph-attention fusion, temporal modelling, and the classifier) are
briefly summarized in prose here to preserve continuity; full details and ablations are provided
in subsequent chapters.

3.1 Overview of MLGA

The proposed Modality-Level Graph Attention (MLGA) architecture is a hybrid model that
integrates specialized modality encoders with graph-based fusion and lightweight temporal
reasoning. In broad terms, the system comprises two stages: (i) modality-specific feature ex-
traction, which converts raw artifacts of an interview (transcripts, video frames, and frame-wise
facial descriptors) into compact segment-level embeddings; and (ii) modality-level reasoning,
which aligns these heterogeneous vectors in a shared space, performs cross-modal aggregation
with graph attention, and models within-session dynamics before producing a calibrated de-
pression probability. Figures 3.4 and 3.5 illustrate the high-level pipeline and block-level data
flow, respectively.

Given an interview, the audio–video stream is segmented, and each segment is processed
through three parallel channels. The textual stream is encoded with ClinicalBERT to obtain 768-
dimensional contextual embeddings that capture the semantic and pragmatic cues associated
with depressive expression [1, 2]. In parallel, the visual stream is passed through a VGG-16
backbone pretrained on ImageNet to produce 512-d appearance descriptors, which may be
PCA-compressed to 128-d for efficiency [3, 4]. The facial stream is represented as a numerical
time-series derived with OpenFace (Action Units, landmarks, gaze, head pose); per-segment
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summary statistics yield a compact 16-d vector reflecting FACS-based behaviors [54, 95].
These three embeddings, text, visual, and facial, constitute the raw modality features for that
segment (detailed in the subsequent subsections).

Before cross-modal integration, each modality vector is L2-normalised, and robustness
mechanisms are applied during training: zero-mean Gaussian noise encourages tolerance to
sensor and preprocessing variability [96], while modality dropout randomly masks the entire
modality vectors at the segment level to promote graceful handling of missing or degraded
channels [28]. The normalized (and, at training time, perturbed) features are then mapped by a
trainable linear layer with ReLU into a common 512-dimensional latent space and renormalised.
This alignment produces comparable node features across modalities, preserving the informa-
tive structure from high-capacity encoders (ClinicalBERT/VGG) without overcompression and
preparing the representations for attention-based fusion.

Cross-modal reasoning is realized through a fully connected three-node modality graph
whose nodes correspond to {Text, Visual, Facial}. A two-layer Graph Attention Network
(GAT) computes data-dependent attention coefficients that regulate information flow along
edges (e.g., text→ face, visual→ text), thereby focusing aggregation on the most informative
inter-modality relations [32]. Attention coefficients provide concise modality-level attributions
that aid interpretability. The resulting fused sequence of segment representations is then
passed to a lightweight, single-layer GRU that encodes temporal dependencies across the
interview [97]. Variable-length sessions are supported via padding masks, and dropout is applied
to the inputs during training. The final hidden state is mapped through a sigmoid unit to produce
the depression probability, optimized with (optionally class-weighted) binary cross-entropy.
For reporting, a validation-selected threshold (F1-oriented) converts probabilities to labels,
and the results are accompanied by PR/ROC curves and confusion matrices to characterize
precision–recall trade-offs under class imbalance [98]. At inference, the inputs are unperturbed,
and any absent modality is simply masked, ensuring robust behavior in telehealth and in-the-wild
conditions.

3.1.1 Textual Modality

The textual channel is processed using ClinicalBERT, a domain-adapted version of the BERT
architecture pretrained on large collections of clinical notes [2]. This adaptation improves
its ability to represent medical and psychological terminology beyond what is captured by the
standard BERT model [1]. The base configuration consists of 12 transformer layers, 12 attention
heads, and a hidden size of 768, supported by WordPiece tokenization and positional/segment
embeddings (Figure 3.1).

In our framework, the participant transcripts were tokenized, normalized, and padded to a
fixed sequence length. Attention masks were constructed to distinguish between valid tokens
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Figure 3.1: BERT-base architecture used as the backbone for the text encoder (12 layers,
12 heads, hidden size 768), including WordPiece tokenization and token/segment/position
embeddings. Diagram created by the author; architecture per [1]

Figure 3.2: ClinicalBERT text encoder used in our model. The network shares the BERT-base
configuration but is domain-adapted via pretraining on clinical notes. We used the [CLS]
embedding for the binary depression classification. Diagram created by the author; domain
adaptation per [2]

and padding positions. The [CLS] embedding produced by ClinicalBERT was then extracted
for each segment and fine-tuned with a task-specific classification head (Figure 3.2). These
embeddings capture semantic and syntactic cues in language, such as negative affect, cognitive
distortions, and repetitive self-focus, which have been strongly linked to depressive symptoma-
tology [11, 12]. The resulting representations are subsequently passed into the fusion and
temporal modules (Sections 3.4–3.5.2).

3.1.2 Visual Modality

Visual features are derived from raw video frames using a VGG-16 convolutional neural network
backbone pretrained on the ImageNet dataset [3, 4]. Following the transfer learning practice,
only the convolutional stack up to the pool5 layer is retained, discarding the original classifier.
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Each frame produced a tensor of size 7×7×512 at the pool5 stage, which was then reduced
through global average pooling (GAP) into a 512-dimensional descriptor.

To standardize storage and reduce redundancy prior to downstream modeling, these de-
scriptors are optionally compressed to 128 dimensions using Principal Component Analysis
(PCA) [99]. In our pipeline, the visual input handed to preprocessing is a 128-dimensional
vector per segment. The complete extraction pathway is illustrated in Figure 3.3.

Figure 3.3: VGG-16 visual feature extractor. The convolutional stack is retained up to pool5;
the pool5 tensor (7×7×512) is aggregated via GAP to a 512-dimensional vector, optionally
PCA-compressed to 128 dimensions before preprocessing and projection. Architecture per [3];
pretraining on ImageNet per [4].

From a design perspective, VGG-16 was selected as the visual backbone for three reasons.
First, it produces dense convolutional feature maps with a simple and well-understood structure,
which are amenable to global average pooling and subsequent PCA compression into low-
dimensional descriptors, aligning with the goal of keeping the downstream fusion stack compact.
Second, VGG-16 is widely used in earlier affective computing and medical imaging work, which
facilitates comparison with existing baselines and reuse of established implementation practices.
Third, freezing a pretrained VGG-16 and operating only on its intermediate features reduces the
engineering effort and computational cost relative to fully retraining more recent architectures.
Nonetheless, VGG-16 is an older and comparatively heavy backbone, and the use of more
modern, parameter-efficient visual encoders (for example, lightweight ResNet or MobileNet
variants) is a natural direction for future work.
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3.1.3 Facial Modality

The facial modality is represented as numerical time-series features rather than raw image data.
Frame-level facial descriptors, including Action Units (AUs), 2D/3D landmarks, gaze direction,
and head pose, were extracted using the OpenFace toolkit [54, 95]. Frames with low confidence
were discarded to ensure reliability, and each feature channel was z-score normalized across
time.

Let 𝑋 ∈ R𝑇×𝐾 denote the AU feature matrix for a segment, where 𝑇 is the number of frames
and 𝐾 is the number of selected AUs. For each channel, a temporal summary statistic (mean
activation across frames) was computed as follows:

𝑧𝑘 =
1
𝑇

𝑇∑︁
𝑡=1

𝑋𝑡,𝑘 , 𝑘 = 1, . . . , 16.

This produces a compact 16-dimensional vector per segment, reflecting clinically relevant facial
behaviors defined by the Facial Action Coding System (FACS) [100]. Typical indicators include
inner brow raises, brow lowering, eyelid tightening, and lip corner pulling. The 16-dimensional
vector was then forwarded to the preprocessing stage (Section 3.3) and subsequently projected
to the shared 512-dimensional space (Section 3.2).

As shown in figure 3.4 depicts the schematic overview of the framework, and figure 3.5 visualizes
the block-level architecture showing the modality-specific inputs, normalization, regularization,
GAT-based fusion, GRU modeling, and final classification.
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Figure 3.4: High-level pipeline of the proposed multimodal architecture integrating Clinical-
BERT, VGG-16, OpenFace, GAT, and GRU modules
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Figure 3.5: Detailed block-wise architecture showing modality extraction, projection, dropout
regularization, graph attention fusion, temporal modeling via GRU, and final classification

Component Summary

1. Feature Extraction Text (ClinicalBERT), visual (VGG-16+PCA), and facial (OpenFace)
embeddings are extracted.

2. Projection into Shared Latent Space All modality features are normalized and projected
into a unified latent representation.

3. Regularization Gaussian noise and modality dropout improve generalization and robust-
ness.

4. Graph Attention Fusion Cross-modal relations are modeled using GAT layers with learn-
able attention scores.

5. Temporal Modeling GRU layers encode the sequential dynamics of fused multimodal
features.

6. Classification A fully connected classifier with sigmoid activation maps the representation
to depression probability.

This modular pipeline enables end-to-end training, interpretable attention-driven fusion,
and flexible integration of additional modalities into the model. The use of standardized feature
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extractors (ClinicalBERT, VGG-16, OpenFace) with advanced deep learning modules aligns
with current best practices in affective computing and health informatics [101, 17, 30].

3.2 Modality-Specific Embedding Representation and Pro-
jection

For multimodal integration to be effective, heterogeneous features from the text, visual, and facial
streams must be projected into a shared latent space. In this study, all modalities were mapped
into a 512-dimensional common embedding space after preprocessing (L2-normalization, Gaus-
sian noise, and modality dropout).

Feature sources and dimensional characteristics:

• ClinicalBERT (text): 768-dimensional contextual embeddings for each segment [2].

• VGG (visual): 512-dimensional descriptors from convolutional activations, optionally
reduced to 128 dimensions through PCA; the 128-d vector is the visual input to prepro-
cessing.

• OpenFace (facial AUs): compact 16-dimensional descriptors derived from a selected
subset of AUs [54].

Projection layers
Each modality 𝑚 (with post-preprocessing dimensionality 𝑑𝑚 ∈ {768, 128, 16}) is mapped to
the shared 512-dimensional space via a modality-specific linear layer followed by a nonlinearity:

𝑥𝑚 = 𝜎(𝑊𝑚𝑥𝑚 + 𝑏𝑚) , 𝑊𝑚 ∈ R512×𝑑𝑚 , 𝑏𝑚 ∈ R512,

where 𝑥𝑚 denotes the preprocessed (L2-normalized, noise-perturbed, and possibly dropped)
modality vector, and𝜎 is the ReLU. We then applied post-projection normalization (LayerNorm)
to stabilize the scale across modalities:

𝑥𝑚 = LayerNorm(𝑥𝑚), 𝑥𝑚 ∈ R512,

yielding the node features used for graph construction (Section 3.4). Parameters {𝑊𝑚, 𝑏𝑚} are
not shared across modalities, allowing for modality-aware capacity while aligning them in a
common space.
Rationale for 512 dimensions
A 512-dimensional latent space preserves rich information from high-capacity ClinicalBERT
(768-d) and VGG (512-d/128-d PCA) while avoiding overcompression. It provides a stable and
expressive basis for attention-based fusion (GAT) and temporal modeling (GRU). Robustness
is enforced at the modality level (pre-projection) by Gaussian noise and modality dropout.
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Dimensional summary

Table 3.1: Input and projected dimensions for each modality. Visual features may be PCA-
compressed to 128-d prior to preprocessing; all modalities are projected to 512-d for fusion

Modality Input Dimension to Preprocessing Projected Dimension
ClinicalBERT Text 768 512
OpenFace Facial Features 16 512
VGG Visual Features (PCA) 128 512

The projected 512-dimensional embeddings form the node features in the modality-level
graph (Section 3.4). The GAT performs cross-modal fusion and outputs a 128-dimensional
fused sequence that is modeled by the GRU (Section 3.5.2).

3.3 Regularization via Gaussian Noise and Modality Dropout

Deep learning models are often prone to overfitting, particularly when trained on heterogeneous
data from multiple sources. In the context of multimodal depression detection, this challenge
is amplified because each modality (text, visual, and facial) differs in terms of dimension-
ality, scale, and noise characteristics. To ensure that the learned representations are robust
and generalizable across participants and recording conditions, the proposed architecture in-
corporates three regularization steps before projection into the shared 512-dimensional space:
L2-normalization, Gaussian noise injection, and modality dropout. Together, these steps stabi-
lize the training, reduce the sensitivity to spurious variations, and prepare the embeddings for
effective cross-modal fusion.

3.3.1 L2-Normalization

For each modality vector 𝑥𝑚, we first applied L2-normalization:

𝑥𝑚 =
𝑥𝑚

∥𝑥𝑚 ∥2 + 𝜖
,

where a small constant 𝜖 prevents the division by zero. This step ensured that embeddings from
different modalities (text: 768-d, visual: 128-d, and facial: 16-d) were mapped onto comparable
scales. Without this step, one modality with a higher raw magnitude (e.g., text embeddings)
could dominate others during training, leading to biased fusion. Normalization also improves
the stability of the optimization because all features contribute within a consistent range.
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3.3.2 Gaussian Noise Injection

To further enhance robustness, Gaussian noise was added to the normalized embeddings.

𝑥𝑚 = 𝑥𝑚 + 𝜀𝑚, 𝜀𝑚 ∼ N
(
0, 𝜎2𝐼𝑑𝑚

)
,

where 𝑑𝑚 ∈ {768, 128, 16} is the dimensionality of the modality, and 𝜎=0.1 unless specified
otherwise. Intuitively, this means that each embedding is slightly perturbed during training.
By learning under noisy conditions, the model is discouraged from memorizing exact feature
patterns and instead learns more generalizable representations of the data. This is especially
important in depression detection, where input variability may arise from differences in the
language style, lighting, facial pose, or background noise. Gaussian noise acts as a data-level
augmentation that improves the resilience to such perturbations [96, 102].

3.3.3 Modality Dropout

The final step is modality dropout, which operates at the embedding level.

𝑥𝑚 = 𝑚𝑚 · 𝑥𝑚, 𝑚𝑚 ∼ Bernoulli(𝑝),

with a retention probability 𝑝=0.8. In practice, this means that during training, each modality
(text, visual, or facial) has a 20% chance of being entirely dropped. By randomly masking
complete modalities, the network is forced to learn complementary relationships across streams
rather than relying on a single dominant channel. For example, if textual information is missing
or corrupted in a telehealth setting, the model should still be able to infer depression symptoms
from facial or visual cues. This strategy directly simulates real-world conditions in which not
all modalities are consistently available [28].
Implementation and Hyperparameters
The preprocessing and regularization strategy combined L2-normalization, Gaussian noise
injection, and modality dropout prior to projection into the shared latent space. These steps
were consistently applied across all modalities to stabilize the training and enforce robustness.
Table 3.2 summarizes the hyperparameter settings, and Figure 3.6 visually illustrates the process
applied to each modality. Together, these operations ensured that the embeddings (text: 768-d,
visual: 128-d PCA, facial: 16-d) were normalized, noise-perturbed, and randomly masked
with retention probability 𝑝=0.8, preparing them for projection into the common 512-d space
(Section 3.2). This procedure improved generalization, reduced overfitting, and enhanced the
resilience to missing or degraded inputs.
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Table 3.2: Preprocessing and regularization hyperparameters used prior to projection
Technique Setting
L2-Normalization Applied per modality vector
Gaussian Noise Std. (𝜎) 0.1
Modality Dropout Retention (𝑝) 0.8

Figure 3.6: Pre-projection regularization process. Each modality embedding (text: 768-d,
visual: 128-d, facial: 16-d) was first L2-normalized, then perturbed with Gaussian noise
(𝜎=0.1), and subjected to modality dropout (𝑝=0.8) before projection into the shared 512-d
latent space. Diagram created by the author

3.4 Graph Construction with Graph Attention Networks

After preprocessing (Section 3.3) and projection to the shared latent space (Section 3.2), each
modality embedding is represented as a node in a fully connected graph. In this formulation,
the set of nodes is 𝑉 = {text, visual, facial} with |𝑉 |=3, and each node is initialized with a
512-dimensional feature vector derived from the corresponding modality-embedding. Directed
edges connect every pair of nodes, allowing the network to explicitly model the cross-modal
interactions. A Graph Attention Network (GAT) [32] is then applied to adaptively weight
information exchanged along these edges, enabling the model to emphasize the most informative
cross-modal relationships for depression detection [103].
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The graph construction process is formalized in Algorithm 1, where the projected modality
embeddings are converted into nodes and connected via directed edges to form a fully connected
graph. This structure is subsequently processed by the GAT layers for an adaptive cross-modal
fusion.

Algorithm 1 Graph Construction from Projected Modality Embeddings
1: Function CreateGraph(projected embeddings)
2: Initialize empty graph 𝐺
3: for each modality embedding 𝑥𝑖 in projected embeddings do
4: node← CreateNode(𝑥𝑖)
5: AddNode(𝐺, node)
6: end for
7: for each pair of nodes (𝑣𝑖, 𝑣 𝑗 ) where 𝑖 ≠ 𝑗 do
8: AddDirectedEdge(𝐺, 𝑣𝑖, 𝑣 𝑗 )
9: end for

10: return graph 𝐺 with fully connected modality nodes

Mathematical Formulation of GAT
Let {ℎ𝑖}𝑖∈𝑉 denote the set of modality embeddings, with each ℎ𝑖 ∈ R512. Each embedding is
first linearly transformed as follows:

ℎ′𝑖 = 𝑊ℎ𝑖, 𝑊 ∈ R𝑑′×512,

where 𝑑′ denotes the head dimension. For an edge from node 𝑗 to node 𝑖, a raw attention score
is computed as

𝑒𝑖 𝑗 = LeakyReLU
(
a⊤

[
ℎ′𝑖 ∥ ℎ′𝑗

] )
,

where a ∈ R2𝑑′ is a learnable attention vector, and ∥ denotes concatenation. These raw scores
are normalized across the neighborhood N(𝑖) using the softmax function as follows:

𝛼𝑖 𝑗 =
exp(𝑒𝑖 𝑗 )∑

𝑘∈N (𝑖) exp(𝑒𝑖𝑘 )
.

The updated node representation is then given by the attention-weighted sum of its neighbors
as follows:

ℎ′′𝑖 = 𝜎
©­«
∑︁
𝑗∈N (𝑖)

𝛼𝑖 𝑗 ℎ
′
𝑗

ª®¬ ,
with 𝜎 a nonlinearity (ELU or ReLU). In the multi-head setting with 𝐾 heads, independent sets
of parameters {𝑊 (𝑘) , a(𝑘)}𝐾

𝑘=1 are used, and head outputs are concatenated or averaged, as in [32].
Intuitively, these equations assign a learnable importance score to each edge, determining the
extent to which one modality should influence another at a given time step.
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After message passing through the stacked GAT layers, the modality-specific embeddings
(each 512-d) are aggregated and compressed into a single 128-dimensional fused vector per time
step. This dimensionality reduction distills the most salient cross-modal cues while maintaining
a compact representation for temporal modeling. The resulting sequence {𝑢𝑡}𝑇𝑡=1 with 𝑢𝑡 ∈ R128

is forwarded to the GRU module (Section 3.5.2) for the dynamic analysis of interview segments.
The inputs to the GAT were the 512-d modality embeddings after preprocessing and projec-

tion. If the modality dropout masked a modality during preprocessing, its projected vector was
set to zero, and attention was redistributed across the remaining neighbors. The standard GAT
dropout, which is applied to node features and attention coefficients, operates independently of
the modality dropout and provides additional regularization inside the GAT layers.

As shown in figure 3.7 illustrates the conceptual mechanism of GAT-based fusion: edges
between nodes are weighted by attention scores, highlighting the modalities that contribute most
strongly to one another. For example, text features may provide a more informative context for
visual cues in one segment, whereas facial features may dominate in another. These dynamic
weights render fusion interpretable and adaptive.

Figure 3.7: Attention-based modality fusion. Edges between modality nodes are adaptively
weighted by the GAT, emphasizing cross-modal relationships relevant for depression detection

As shown in figure 3.8 presents the block-level workflow of the GAT module. The “block”
here refers to the internal operations inside the GAT: each node begins as a 512-d modality
embedding, a fully connected graph is constructed, stacked GAT layers compute attention and
update node embeddings, and the outputs are compressed into a fused 128-d vector. Therefore,
this block bridges modality-specific representations and the temporal GRU encoder, providing
a unified multimodal representation at each time step.
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Figure 3.8: Block diagram of the GAT module. Each node starts as a 512-d modality embedding;
stacked GAT layers with non-linear activations and in-layer dropout produce a fused 128-d
representation per timestep

3.5 Fusion Mechanism and Classifier Head

After the modality-specific embeddings are extracted and projected into a shared latent space,
the Graph Attention Network (GAT) layers refine them by explicitly modeling cross-modal
relationships. These updated modality embeddings are then combined, compressed, and passed
through the temporal modeling and classification modules. Collectively, these stages form the
decision-making core of the framework, converting raw multimodal descriptors into participant-
level probabilities of depression. figure 3.9 provides a schematic overview of the fusion-to-
classification pipeline.

Figure 3.9: Fusion and classification pipeline. Node embeddings from the GAT are concate-
nated, refined using MLP layers with Batch Normalization and Dropout, modeled temporally
via a GRU, and classified through a dense layer with sigmoid activation
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3.5.1 Fusion Process

The outputs of the final GAT layer are 512-dimensional modality embeddings, one per modality
node, which are updated through attention-weighted message passing. These embeddings,
which capture how each modality (text, visual, facial) influences and complements the others, are
concatenated to create a unified representation. This concatenated vector was then compressed
into a compact 128-dimensional fused embedding for each time step.

The motivation for this compression is twofold: (i) it distills the most salient cross-modal
information while filtering redundancy, and (ii) it reduces dimensionality, lowering the com-
putational cost for downstream processing. Importantly, the fused embedding encodes subtle
interactions, such as how linguistic cues may align with facial expressivity, providing a richer
signal than any modality in isolation.

This 128-d fused embedding is then passed through a two-layer Multilayer Perceptron
(MLP), which further captures higher-order nonlinear interactions. To ensure stability and
generalization, two forms of regularization were applied to each layer:

• Batch Normalization standardizes intermediate activations, reducing internal covariate
shift and allowing faster, more stable convergence during training [104].

• Dropout randomly deactivates neurons during training to discourage co-adaptation of
features, ensuring robustness when different modality signals dominate in different par-
ticipants [105].

This combination ensures that the fused representation is not only compact and informative but
also resilient to overfitting and spurious correlations.

3.5.2 Temporal Modeling

While the fused embeddings summarize multimodal evidence at each time step (segment),
depression cues often evolve over the course of an interview; patients may begin guarded, reveal
more over time, or fluctuate in affect. To capture such dynamics, we used a Gated Recurrent
Unit (GRU), a recurrent neural network variant optimized for long sequences.

At each step 𝑡, the GRU updates its hidden state ℎ𝑡 based on the current fused embedding
𝑥𝑡 ∈ R128 and the previous hidden state ℎ𝑡−1. Its gating mechanisms regulate the amount of
past information to retain and the amount to incorporate from the current input, mitigating the
vanishing gradient issues that affect traditional RNNs. Formally:

ℎ𝑡 = GRU(𝑥𝑡 , ℎ𝑡−1), ℎ0 = 0.

Variable-length sessions are supported by padding sequences and the application of binary
masks so that padded steps do not contribute to the loss. Dropout is also applied to GRU inputs
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during training, complementing the modality-level robustness strategies (Gaussian noise and
modality dropout in Section 3.3).

The GRU produces a final hidden state ℎ𝑇 ∈ R𝐻 , which condenses the sequential trajectory of
multimodal signals into a session-level representation, effectively summarizing the participant’s
entire interaction.

3.5.3 Classification Head

The session representation ℎ𝑇 is then mapped to the probability of depression through a dense
layer with sigmoid activation:

𝑦̂ = 𝜎(𝑤⊤ℎ𝑇 + 𝑏), 𝑤 ∈ R𝐻 , 𝑏 ∈ R.

This produces 𝑦̂ ∈ [0, 1], which is interpreted as the likelihood that the participant is depressed.
Training uses binary cross-entropy loss, optionally weighted to correct for class imbalance
(depressed vs. non-depressed participants).

At inference, the continuous score 𝑦̂ is thresholded to generate a binary label. This allows
the system to operate as either a strict classifier (binary outputs) or a calibrated risk scorer
(continuous probabilities), depending on the application.

3.5.4 Threshold Optimization

Rather than adopting the default 0.5 cutoff for 𝑦̂, the threshold was tuned on the validation
set to maximize the F1-score [98]. This balances the sensitivity (recall) and specificity (preci-
sion), ensuring that the model performs well under the clinical reality of imbalanced datasets.
Optimizing the threshold is critical.

• A threshold that is too low may inflate false positives, creating unnecessary concern or
overdiagnosis.

• A threshold that is too high may miss true cases, delaying needed intervention.

By explicitly tuning the threshold, the framework aligns with the dual imperative of clinical
safety (catching as many true cases as possible) and clinical trust (avoiding spurious alarms).

3.6 Summary

This chapter introduces the proposed multimodal framework for automated depression detec-
tion, outlining its architectural design, regularization strategies, and fusion mechanisms. The
framework integrates textual (ClinicalBERT 768-d), visual (VGG-16 with optional PCA to
128-d), and facial (OpenFace 16-d) data streams.
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We first applied L2-normalization, Gaussian noise injection, and modality dropout be-
fore projection to encourage modality-level robustness. The preprocessed vectors were then
projected onto a unified 512-dimensional latent space, forming the node features of a fully
connected modality graph. Graph Attention Networks (GAT) dynamically model cross-modal
dependencies and produce a fused 128-dimensional sequence that a GRU encodes over time. A
sigmoid-activated dense layer outputs the depression probability, and the decision threshold is
optimized on the validation set to maximize the F1 score.

This design mirrors the architectural schematic and provides a robust, interpretable pipeline
in which the fusion, graph, temporal, and classification components are trained jointly on top
of fixed pretrained embeddings. Empirical validation is presented in Chapter 6.

54



Chapter 4

Datasets and Preprocessing

4.1 Datasets Overview and Collection

This study draws on three widely used corpora for automated depression detection: the
E-DAIC-WOZ, EATD-Corpus, and D-Vlog datasets. Taken together, they span structured
clinical interviews and naturalistic video content, which enables evaluation under both con-
trolled and wild conditions.

4.1.1 E-DAIC-WOZ

The Extended Distress Analysis Interview Corpus Wizard-of-Oz (E-DAIC-WOZ), released
as part of the AVEC 2019 challenge [106], is an extended version of the original Distress
Analysis Interview Corpus (DAIC) introduced by Gratch et al. [107]. The dataset consists
of semi-structured clinical interviews conducted by a virtual agent, “Ellie,” designed to elicit
behaviorally and clinically relevant cues associated with psychological distress and depression.

• Participants 275 individuals aged 16–60, with mixed gender representation and varying
degrees of depressive severity.

• Modalities

– Textual Sentence-level transcripts of participant speech during interviews.

– Visual Video frames sampled at 1 fps, later used for VGG-based embedding extrac-
tion.

– Facial Behavioural features extracted via OpenFace [54], including facial Action
Units (AUs), gaze direction, and head pose, captured at 30 fps.

• Annotations Depression severity was annotated using the Patient Health Questionnaire
(PHQ-8) [8], with scores ranging from 0 to 24. Following clinical guidelines, binary
diagnostic labels were assigned as follows:

Label =


1, if PHQ-8 ≥ 10 (depressed)

0, otherwise (non-depressed).

A PHQ-8 score of 10 or higher is clinically indicative of moderate-to-severe depression.
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The E-DAIC-WOZ has since become a benchmark resource in affective computing and
multimodal learning, offering structured, clinically relevant interviews that are particularly
well-suited for evaluating models integrating textual, visual, and behavioural signals [101, 34].

4.1.2 EATD-Corpus

The Emotional Audio-Textual Depression Corpus (EATD-Corpus) [30] is a Mandarin dataset
designed to study the linguistic and prosodic correlates of depression.

• Participants 162 university students from varied academic backgrounds.

• Modalities

– Text sentence-level transcripts aligned to utterances.

• Annotations Labels derive from the Zung Self-Rating Depression Scale (SDS) [108]. A
participant is considered depressed if

SDS Index = SDS Raw Score × 1.25 ≥ 53,

This is the standard clinical threshold.

Although this study uses only text for EATD, the corpus is valuable for examining the
limitations of applying English-domain ClinicalBERT embeddings to Mandarin transcripts and
for probing how performance degrades under such cross-linguistic mismatch.

4.1.3 D-Vlog Dataset

The D-Vlog dataset [31] comprises large-scale in-the-wild video blogs collected from YouTube.
Unlike laboratory recordings, these videos capture spontaneous behavior under heterogeneous
conditions, which is useful for stress-testing models in realistic environments.

• Participants 961 vloggers spanning diverse demographics, speaking styles, and back-
grounds.

• Modalities

– Visual frame sequences extracted for representation learning and projection.

• Annotations Labels are assigned by expert raters using standardised criteria and be-
havioural protocols [109, 110].
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Given its scale and ecological validity, D-Vlog is well suited for assessing transferability
and robustness [110, 111].

These three corpora complement one another: E-DAIC-WOZ offers structured clinical in-
terviews, EATD introduces cross-linguistic variation, and D-Vlog contributes unconstrained
real-world content. Together, they provide a strong basis for training and evaluating multimodal
models across controlled and naturalistic settings [101, 34].

Table 4.1: Summary of datasets used in this study, including participant counts, available
modalities, and labelling criteria

Dataset Participants Modalities Depression Label Criterion
E-DAIC-WOZ 275 Text, Visual, Facial PHQ-8 ≥ 10 [8]
EATD-Corpus 162 Text SDS × 1.25 ≥ 53 [108]
D-Vlog 961 Visual Expert annotation [31]

4.2 Preprocessing and Modality Embedding

This section details how raw inputs are transformed into modality-specific embeddings compat-
ible with the proposed fusion architecture. Rather than relying on handcrafted descriptors, we
used pretrained encoders to obtain dense vector representations for text, visual appearance, and
facial behavior. All embeddings are mapped into a common latent space of 512 dimensions,
which matches the architecture described in Section 3.

4.2.1 Textual Embedding

Language carries many markers of depression, such as increased use of first-person pronouns,
negative affect vocabulary, and absolutist terms [112, 113]. To capture these signals, we adopted
ClinicalBERT, a domain-adapted variant of BERT [1] further pretrained on clinical notes from
MIMIC-III [114]. ClinicalBERT is chosen because interview transcripts often mix medical
terminology (e.g., “diagnosis,” “medication”) with subjective affect (e.g., “I feel hopeless”),
where general-purpose BERT may lack coverage [2]. Alternatives such as BioBERT [115]
and MentalBERT [116] exist, but ClinicalBERT provides a practical balance between domain
knowledge and general linguistic coverage for this task.

Methodology

Preprocessing begins with lowercasing, punctuation spacing corrections, and the removal of
redundant whitespace. Each utterance or segment was tokenized with ClinicalBERT Word-
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Piece [2]. Sequences are truncated or padded to a fixed maximum length, and attention masks
are constructed.

For each segment, the pooled [CLS] state 𝑐𝑖 ∈ R768 is extracted as its representation.

𝑠𝑖 = 𝑐𝑖, 𝑠𝑖 ∈ R768.

Each segment vector 𝑠𝑖 is processed as follows:

1. Normalisation: 𝑠𝑖 is L2-normalised to ensure scale consistency across segments.

2. Regularisation (training only): Gaussian noise with 𝜎 = 0.1 is injected and modality
dropout is applied to encourage robustness to noisy or missing modalities.

3. Projection: The regularised vector is passed through a trainable linear layer with ReLU
activation to map it into the unified 512-dimensional latent space.

The resulting 512-dim embeddings constitute the textual modality stream input to the graph-
based fusion model (Chapter 3, Section 3.2).

Figure 4.1: ClinicalBERT embedding pipeline. Each transcript segment was tokenized with
WordPiece, encoded by ClinicalBERT, and the [CLS] state (768-d) was extracted. The seg-
ment vector is L2-normalised, regularised with Gaussian noise and modality dropout (training
only), and projected into the 512-d latent space for graph fusion (Section 3.2). Author-created
schematic

Theoretical Background

ClinicalBERT relies on a transformer encoder [62]. With query𝑄, key 𝐾 , and value𝑉 matrices,
self-attention is

Attention(𝑄, 𝐾,𝑉) = softmax
(
𝑄𝐾⊤
√
𝑑𝑘

)
𝑉,

where 𝑑𝑘 denotes the key dimension. This mechanism captures long-range dependencies, re-
solves polysemy using context, and integrates information across sentences without recurrence.

Limitations and Alternatives

Because ClinicalBERT is pretrained on clinical notes rather than spoken dialogue, disfluencies
and backchannels may be under-represented. While[CLS] pooling provides an efficient segment
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representation, it may underweight infrequent, but salient tokens. Alternatives include attention-
based pooling or hierarchical encoders [117], which can upweight important segments at a higher
computational cost.

4.2.2 Visual Embedding

The visual modality captures global appearance and postural cues that are indicative of af-
fective states, such as slumped posture, gaze orientation, or reduced head movement. To
balance efficiency and representational richness, we employed a convolutional backbone with
dimensionality reduction and segment-level pooling.

Frame Processing and Feature Extraction

The videos were uniformly sampled at 1fps to reduce redundancy. Each frame was resized
to 224×224, converted to RGB, and normalized using OpenCV [118]. The frames were then
processed using a VGG-16 network [3] pretrained on ImageNet [4]. Activations were taken
from the final convolutional block (pool5) and aggregated by global average pooling, producing
a 512-d descriptor for each frame.

Dimensionality Reduction with PCA

To reduce storage requirements and redundancy, Principal Component Analysis (PCA) [99]
compresses frame descriptors from 512 to 128 dimensions. PCA was fitted exclusively on the
training split and reused for validation and testing, ensuring no information leakage.

Segment-Level Representation

For temporal alignment, frame-level descriptors within each segment are mean-pooled to obtain
a segment vector 𝑣seg ∈ R128. The resulting vector was L2-normalised to ensure a scale
comparable to that of other modalities.

During training, robustness was encouraged by applying Gaussian noise (𝜎 = 0.1) and
modality dropout to simulate noisy or missing video inputs (see Section 4.3). Finally, the
regularized 128-d vector is passed through a trainable linear layer with ReLU to project it into
a unified 512-dimensional latent space. This pipeline ensures that visual cues are consistently
represented with text and facial streams in the common 512-d projection space used for graph-
based fusion. The resulting embeddings encode broad appearance signals, such as head pose
trends, postural variation, and scene context, which have been shown to correlate with affective
states and depression severity [119, 25, 14].
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4.2.3 Facial Embedding

The facial modality captures fine-grained behavioral markers that may signal depression, such
as reduced smiling, flat affect, and gaze avoidance. To extract such cues, we used the OpenFace
toolkit [54], which provides frame-level estimates of facial Action Units (AUs), head pose, and
gaze direction.

Segment-Level Feature Construction

Raw AU tracks are aggregated at the segment level (utterance-aligned or fixed 5s windows)
using descriptive statistics such as means and standard deviations. This produced a compact
16-d vector per segment, summarizing facial behavior while minimizing redundancy.

Normalisation and Regularisation

Each 16-d vector was L2-normalised to place it on a comparable scale with other modalities.
During training, Gaussian noise (𝜎 = 0.1) was injected, and modality dropout was applied at
the segment level to simulate noisy or missing facial data (see Section 4.3). This regularization
prevents the model from over-relying on facial signals and promotes robustness.

Projection into Latent Space

The regularized vector is then passed through a trainable linear layer with ReLU to project it
into the 512-dimensional latent space. This representation preserves clinically salient micro-

behaviors, such as eyebrow raises, lip corner pulls, or gaze shifts, while avoiding the storage of
identifiable raw images. By harmonizing dimensionality and scaling with other modalities, the
facial stream contributes a complementary behavioral channel to the multimodal fusion process.

4.2.4 Temporal Alignment and Segmentation

After modality-specific preprocessing and projection, all segment embeddings were mapped to
a common 512-d latent space. To enable effective multimodal fusion, these embeddings must
be temporally aligned so that information from the text, visual, and facial channels corresponds
to the same conversational or behavioral window.

Utterance-Aligned Segmentation

In corpora such as E-DAIC-WOZ, utterance timestamps are available from the transcripts. This
allows precise synchronization of text, visual, and facial embeddings at the utterance level,
ensuring that each segment corresponds to a coherent unit of interaction between the participant
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and interviewer. Utterance alignment captures natural pauses, backchannels, and turn-taking
behavior, all of which are clinically relevant for depression assessment.

Fixed-Window Segmentation

In datasets without transcripts (e.g., D-Vlog), segmentation was performed using fixed sliding
windows of 5s with a 2.5s hop size. This overlap balances the temporal resolution and com-
putational efficiency, ensuring that transient affective signals are not lost while still covering
long-form videos. Fixed-window segmentation has been widely used in affective computing to
approximate conversational units in unconstrained settings [111, 110].

Handling Missing Modalities

In practice, certain segments may lack data from one or more modalities, for example, owing to
dropped video frames, tracking failures in OpenFace, or noisy transcripts. In such cases, missing
embeddings are replaced with zero vectors, preserving the sequence length and enabling the
model to handle incomplete data. During training, this is complemented by modality dropout
(Section 4.3), which deliberately masks modalities at random to simulate real-world data gaps
and encourage the robustness of the model.

Output Representation

After alignment, each temporal segment is represented by a triplet of embeddings (𝑡, 𝑣, 𝑓 ) ∈
R512×3, corresponding to the text, visual, and facial streams. These are the inputs for graph
construction and temporal modelling, providing a temporally synchronized, modality-consistent
view of the participants’ behavior.

4.2.5 Normalisation and Data Splits

Normalization was applied consistently across modalities to stabilize the optimization and
ensure comparability.

• L2 Normalisation: Applied to every segment vector prior to further processing, ensuring
unit length and consistent scale across modalities.

• Gaussian Noise and Modality Dropout: Introduced only during training, immediately
after L2 normalisation, to regularise learning and simulate noisy or missing channels.

• Projection: Each regularised vector is mapped into the unified 512-d latent space via a
trainable linear layer with ReLU activation.
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For the visual stream, Principal Component Analysis (PCA) reduced the dimensionality
from 512 to 128 before projection.

Splits were created at the participant level to ensure no identity overlap between the train-
ing, validation, and test sets. Stratification preserves the ratio of depressed to non-depressed
participants across subsets. This protocol guarantees that every segment entering the model has
been regularized during training and projected into a unified 512-d space, consistent with the
architectural specifications (Chapter 3).

4.2.6 Preprocessing Summary

All modality streams were processed consistently to produce segment-level embeddings in
a unified 512-dimensional latent space. For each segment, vectors undergo the following
sequence: (i) L2 normalization, (ii) Gaussian noise injection and modality dropout during
training only, and (iii) linear projection into a 512-d latent space. For the visual stream, Principal
Component Analysis (PCA) reduces dimensionality from 512 to 128 before projection.

This design ensures that every modality is normalized, regularized, and projected uniformly,
preventing feature-scale disparities and improving robustness to noise and missing inputs. Ta-
ble 4.2 summarizes the preprocessing and embedding pipelines for each modality. Components
marked “train only” (e.g., PCA) are fitted exclusively on the training set and reused unchanged
for validation and testing.
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Table 4.2: Summary of preprocessing and embedding steps across modalities. Components
marked “train only” (e.g., PCA) are fitted on the training set and reused unchanged for validation
and test

Modality Step Configuration
Text Tokenisation ClinicalBERT WordPiece [2]

Embedding [CLS] hidden state (768-d)
Processing L2 normalisation→ Gaussian noise + modal-

ity dropout (train only)→ Projection (768→
512, Linear + ReLU)

Visual Sampling 1 fps frames
Encoder VGG-16 pool5 + GAP (512-d)
Dimensionality PCA 512→ 128 (train only)
Processing Segment mean-pooling (128-d)→ L2 normal-

isation→ Gaussian noise + modality dropout
(train only)→ Projection (128→ 512, Linear
+ ReLU)

Facial Encoder OpenFace AUs (per-segment stats, 16-d)
Processing L2 normalisation→ Gaussian noise + modal-

ity dropout (train only)→ Projection (16→
512, Linear + ReLU)

All Alignment Utterance timestamps or 5 s windows (2.5 s
hop)

Missing Modality Zero-fill; modality dropout during training

4.3 Data Normalisation and Augmentation Techniques

Deep models that integrate multiple modalities are susceptible to covariate shifts, feature scale
imbalances, and overfitting. Therefore, we apply normalization and augmentation techniques
that support stable optimization and improved generalization [104, 120].

4.3.1 L2 Normalisation

Embeddings from different sources can vary in scale, which can lead to biased learning. To
prevent this, each modality vector 𝑥 is rescaled to unit norm,

𝑥norm =
𝑥

∥𝑥∥2
,

Therefore, all modalities contribute comparably during the optimization [121].
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4.3.2 Gaussian Noise Injection

To regularize training and simulate sensor noise, we add zero-mean Gaussian perturbations
during training:

𝑥noisy = 𝑥 + 𝜖, 𝜖 ∼ N(0, 𝜎2),

with 𝜎 = 0.1. This encourages the model to rely on stable patterns rather than memorizing
idiosyncrasies [96, 122]. In our pipeline, noise is applied to L2-normalised segment vectors
prior to modality-specific projection into the 512-d latent space (see Chapter 3, Section 3.3).

4.3.3 Modality Dropout

Real deployments often encounter missing or unreliable channel data. During training, one or
more modality embeddings were randomly set to zero for a sample. This forces the model to
maintain its performance when the inputs are incomplete and promotes cross-modal compen-
sation [28]. Modality dropout is applied to L2-normalised segment vectors prior to the 512-d
projection, matching the architecture in Chapter 3.

Table 4.3: Normalisation and augmentation applied during preprocessing or training
Technique Description Purpose

L2 Normalization Rescale each feature vector
to unit norm.

Removes scale disparities and sta-
bilizes optimization.

Gaussian Noise Adds zero-mean noise with
𝜎 = 0.1 during training.

Regularization, robustness to input
perturbations.

Modality Dropout Randomly zero modality
embeddings during training.

Resilience to missing modalities
and improved generalization.

4.4 Data Splitting and Training Strategy

Rigorous splitting and training protocols are essential for fair evaluation and reproducibility.

4.4.1 E-DAIC

For E-DAIC, we used a stratified split that preserved the class ratio of depressed and non-depressed
participants across subsets, which mitigated bias due to imbalance [123]. Of the 275 partici-
pants, 70% were assigned to the training set, 15% to the validation set, and 15% to the test set.
The labels followed the PHQ-8 binary rule (at least 10 indicates depression). Table 4.4 reports
the counts.
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Table 4.4: Stratified train–validation–test split statistics for E-DAIC
Subset Total Participants Depressed Non-Depressed

Training 192 45 147
Validation 41 10 31

Test 42 11 31

4.4.2 EATD-Corpus

To probe model behaviour under cross-linguistic mismatch rather than to demonstrate true
cross-lingual transfer, we evaluated EATD using only textual embeddings (ClinicalBERT).
No fine-tuning was performed on EATD to preserve a strict zero-shot protocol [30]. We
report results on the authors’ validation/test split with 79 participants (11 depressed and 68
non-depressed). This protocol is best viewed as a stress test of robustness under language and
dataset shift, rather than as evidence of full cross-lingual generalization.

4.4.3 D-Vlog

To examine robustness under domain shift, we evaluate on D-Vlog [109]. Because this dataset
provides only visual signals, it simulates missing modalities and heterogeneous capture condi-
tions typical of real-world videos.

4.4.4 Cross-Validation

To reduce the variance and strengthen the reliability of the ablations, we performed 5-fold
cross-validation on the E-DAIC training set. In each fold, one partition was used for validation,
and the remainder was used for training. We report the mean and standard deviation across
folds [124].

4.4.5 Training Protocol

We use the Adam optimiser [125] with learning rate 2×10−4 and weight decay 1×10−5. The
loss is weighted binary cross-entropy to counter the class imbalance. A ReduceLROnPlateau
scheduler monitored the validation F1 and reduced the learning rate when improvements stalled.
Early stopping with a patience of 7 prevents overfitting. Batch size is 16. The training runs for
up to 50 epochs typically converged earlier.

4.4.6 Threshold Optimisation

Rather than fixing the decision threshold at 0.5, we selected the threshold on the validation set
that maximized F1 [98]. This balances precision and recall, which are important for mental
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health screening.

In combination, stratified splitting, zero-shot external tests, cross-validation, and robust op-
timisation practices provide a rigorous protocol for benchmarking the proposed multimodal
system [101, 30, 109].

4.5 Summary

This chapter introduces the three datasets used in this study and motivates their joint use to
balance clinical structure and ecological validity. The preprocessing and embedding procedures
for text (ClinicalBERT), visual frames (VGG-16 with PCA), and facial behavior (OpenFace AUs)
are then described.

Across all modalities, preprocessing followed a consistent pipeline: each segment vector
was first L2-normalised, then regularized during training with Gaussian noise injection and
modality dropout, subsequently projected into the unified 512-dimensional latent space, and
finally Z-score scaled using parameters fitted on the training set only. For the visual stream,
PCA was additionally applied (train-only) to reduce redundancy before the projection.

This chapter also details temporal alignment strategies, the handling of missing modalities,
and participant-level data splits with stratification to maintain class balance. Finally, it outlines
the training strategy, including weighted loss, early stopping, and threshold optimization based
on validation F1.

These steps establish a reproducible, well-regularized data pipeline that feeds into the graph-
based multimodal architecture presented in Chapter 3.
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Chapter 5

Experimental Setup and Evaluation Met-
rics

5.1 Environment and Tools

This section outlines the computational environment, libraries, and frameworks adopted to im-
plement, train, and evaluate the proposed multimodal depression-detection framework. Each
tool was carefully selected based on its stability, community support, and suitability for pro-
cessing large-scale multimodal data.

5.1.1 Programming Language and Platform

All experiments were implemented in Python, which was chosen for its extensive ecosystem
of scientific libraries and strong support for deep-learning research. Python’s integration with
modern deep learning frameworks, combined with its ease of use in exploratory analysis, makes
it ideal for both rapid prototyping and large-scale training. The initial model design and de-
bugging were performed using Jupyter Notebooks on Google Colab Pro+, which provided
GPU-accelerated cloud resources. For reproducibility and final large-scale training, the exper-
iments were migrated to a dedicated local workstation equipped with an NVIDIA RTX 3090
GPU (24 GB VRAM), Intel Core i9 CPU, and 64 GB RAM, operating on Ubuntu 22.04 LTS.
This dual-environment setup allowed a balance between rapid iteration and stable, controlled
training.

5.1.2 Deep Learning Framework

All neural components were implemented using PyTorch [126], which was selected because
of its dynamic computation graph, modular design, and flexibility in developing custom archi-
tectures. The torch.compile() feature, introduced in recent versions of PyTorch, provides
graph-level optimization and, in our setup, improved training throughput compared with earlier
releases. GPU computations were accelerated using CUDA 11.8 to ensure compatibility and
stability with the latest features of PyTorch.
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5.1.3 Transformer-Based NLP: Hugging Face Transformers

For textual representation, the Transformers library from Hugging Face [127] was used. The
ClinicalBERT model [2], pretrained on biomedical corpora, was used to generate sentence-level
embeddings that were well-suited for clinical and psychological language modeling. Participant
transcripts were tokenized, embedded into 768-dimensional vectors, and mean-pooled to obtain
fixed-length participant-level representations [1]. This approach provided semantically rich
embeddings that could capture subtle linguistic indicators of depressive symptoms.

5.1.4 Visual and Facial Feature Tools

The visual and facial modalities were processed using a combination of specialized toolkits:

• OpenFace toolkit : used for automatic extraction of facial behavioral features such as
Action Units (AUs), head pose, and gaze direction [54, 95].

• OpenCV : employed for low-level image preprocessing tasks such as frame resizing,
cropping, and data augmentation [118].

• VGG-16 (via torchvision): pre-trained VGG-16 was used to extract visual embeddings
from video frames at the pool5 layer. Activations were aggregated with global average
pooling to obtain a 512-dimensional vector per frame, then reduced to 128 dimensions
per participant with PCA (fit on the training split only) [3, 99].

5.1.5 Graph and Sequential Modeling

The following frameworks were employed to model cross-modal dependencies and temporal
dynamics:

• PyTorch Geometric and DGL: used to implement Graph Attention Networks (GAT),
enabling the model to learn attention-driven relationships between textual, visual, and
facial modalities [128, 129].

• GRU: a single-layer Gated Recurrent Unit (hidden size = 128) was used to capture sequen-
tial dependencies in participant-level embeddings, modeling the temporal progression of
behavioral cues.

5.1.6 Data Handling and Evaluation Tools

Data preprocessing, management, and evaluation were performed using standard Python scien-
tific libraries.
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• NumPy and pandas: for efficient numerical operations, structured data manipulation,
and participant-level feature handling [130, 131].

• scikit-learn: used for PCA dimensionality reduction, cross-validation routines, and com-
putation of evaluation metrics such as accuracy, F1-score, and confusion matrices [132].

• Matplotlib and Seaborn: used to generate performance plots, embedding distributions,
and visualization of model results.

5.1.7 Cloud and Compute Resources

The experiments relied on both cloud-based and local infrastructures. Table 5.1 summarizes
the computational resources and their scope of use.

Table 5.1: Cloud and Local Compute Infrastructure
Environment Configuration Purpose
Google Colab Pro+ Tesla T4 / A100 GPUs, 32–40 GB

RAM
Rapid prototyping,
debugging, and initial
experimentation

Local Workstation Intel Core i9, RTX 3090 (24 GB),
64 GB RAM

Full-scale training,
ablation studies, repro-
ducibility tests

Python Kernel Python (Jupyter Notebook) Interactive prototyping
and code execution

Operating System Ubuntu 22.04 LTS Stable deployment and
version control

5.2 Training Procedure and Hyperparameters

This section details the comprehensive pipeline adopted for model training, validation, and
evaluation using three distinct benchmark datasets: the E-DAIC-WOZ, EATD-Corpus, and
D-Vlog. This strategy is designed to support fair model assessment, probe robustness under
domain shift, and ensure reproducibility.

5.2.1 E-DAIC-WOZ

Origin and Rationale

The Extended Distress Analysis Interview Corpus (E-DAIC-WOZ), released with the AVEC
2019 challenge [106] as an extension of the original DAIC [107], provides rich multimodal
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data (text, video, facial) from semi-structured interviews conducted by a virtual agent. This
dataset remains the primary benchmark for multimodal depression detection owing to its clinical
validity and scale.

Composition and Labeling

• Participants 275 (age 16–60; mixed gender and depression severity)

• Modalities textual transcripts, sampled video frames, and facial action unit features

• Annotation each subject’s depression status is defined by the PHQ-8 questionnaire, using
the criterion

Label =


1, if PHQ-8 ≥ 10

0, otherwise

consistent with the moderate-to-severe depression thresholds.

Stratified Split Protocol

To ensure a balanced class representation, we performed a stratified split as follows:

• Training set 70% (192 participants: 45 depressed, 147 non-depressed)

• Validation set 15% (41 participants: 10 depressed, 31 non-depressed)

• Test set 15% (42 participants: 11 depressed, 31 non-depressed)

The class labels were preserved across the splits to prevent bias.

Feature Preparation

• Text ClinicalBERT embeddings (768-d, mean-pooled per participant)

• Visual VGG-16 pool5 + global average pooling features (512-d), PCA-reduced to 128-d
(train split only)

• Facial OpenFace features (16-d, temporally summarized per participant)

All features were L2-normalized, projected to a 512-d latent space, and regularized via Gaussian
noise and modality dropout during training.

To avoid data leakage, all preprocessing steps that required dataset-level statistics were
restricted to the training split. In particular, the PCA transformation for visual descriptors
was fitted using only the training-set features, and the resulting projection matrix was then
applied unchanged to the validation and test sets. Global average pooling (GAP) operates at
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the per-frame level and does not rely on corpus-level statistics, so it does not introduce any
information flow between training and evaluation partitions. The same protocol was followed
for any normalization parameters, which were estimated on the training data and reused for the
held-out splits.

5.2.2 EATD-Corpus

Origin and Rationale

The Emotional Audio-Textual Depression Corpus (EATD-Corpus) [30] consists of conversa-
tional audio-text data from Mandarin-speaking university students suffering from depression. It
was used here as an external, zero-shot evaluation setting (without task-specific fine-tuning) to
probe how the model behaves under a new demographic and language context, while acknowl-
edging that this protocol is methodologically limited for studying true cross-lingual transfer.

Composition and Labeling

• Participants 162 (all students, native Mandarin speakers)

• Modality text (sentence-level transcripts)

• Annotation depression label based on Self-Rating Depression Scale (SDS):

Label =


1, if SDS raw score × 1.25 ≥ 53

0, otherwise

Evaluation Protocol

• model weights (trained on E-DAIC) were frozen

• only the original validation split (79 participants: 11 depressed, 68 non-depressed) was
used for inference

• no further fine-tuning was conducted

• only the ClinicalBERT (text) branch was activated

5.2.3 D-Vlog

Origin and Rationale

The D-Vlog dataset [109] contains 961 real-world YouTube vlogs with visual depression labels
annotated by expert raters. It captures natural, diverse, and spontaneous behaviors, providing a
rigorous test of model generalizability under domain shifts and with missing modalities.
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Composition and Labeling

• Participants 961 vloggers (varied ages, demographics, settings)

• Modality visual (preprocessed video frames; no text or per-frame AU metadata)

• Annotation depression status determined by expert behavioral coding following stan-
dardized affective computing protocols

Evaluation Protocol

• trained multimodal model evaluated in a visual-only mode (text and facial features
masked)

• all 961 samples used for external testing, simulating in-the-wild inference

• performance metrics reported in Chapter 6

5.2.4 Summary of Dataset Splits and Protocols

Table 5.2: Summary of Dataset Splits and Evaluation Protocols
Dataset Participants Modalities Used Split/Eval Label Criterion
E-DAIC-WOZ 275 Text, Visual, Facial 70/15/15 split PHQ-8 ≥ 10
EATD-Corpus 162 Text Original val (79) SDS × 1.25 ≥ 53
D-Vlog 961 Visual All (external test) Expert annotation

5.2.5 Model Training Configuration

Preprocessing and Augmentation

• all embeddings L2-normalized

• each modality projected to a 512-d latent space via a learned dense layer

• Gaussian noise (𝜎 = 0.1) added to all modality embeddings during training

• modality dropout: each modality embedding was independently zeroed with retention
probability 𝑝 = 0.8 during training

Hyperparameters and Training Schedule
Cross-Validation and Robustness

73



Table 5.3: Model Training Configuration
Parameter Value
Optimizer Adam [125]
Initial Learning Rate 2 × 10−4

Weight Decay 1 × 10−5

Scheduler ReduceLROnPlateau (F1-score)
Loss Function BCEWithLogitsLoss (class-weighted)
Batch Size 16
Epochs 50 (early stopping: patience 7)
Threshold Tuning F1-score maximization [98]
Hardware Local workstation (RTX 3090, 24 GB VRAM)

• 5-fold cross-validation conducted on the E-DAIC training set for ablation studies [124]

• results averaged to mitigate variance due to random splits

This training pipeline supports fair evaluation, cross-domain generalizability, and reproducibil-
ity of results, in accordance with best practices for multimodal affective computing research [101,
106, 30, 109].

5.2.6 Model Complexity and Parameter Count

A key design objective of the proposed multimodal depression detection framework is to
maintain computational efficiency in the fusion and classification stages and to assess the
suitability of the architecture for potential future use on resource-constrained devices, such as
smartphones or edge computing platforms. To this end, the number of trainable parameters
in the fusion stack (projection layers over the embeddings, Graph Attention layer, temporal
module, and classifier head) was evaluated, as summarized in Table 5.4.

Table 5.4: Parameter Count of Major Model Components (Fusion Stack Only)
Model Component Trainable Parameters
Encoder (ClinicalBERT + VGG + OpenFace embeddings) 504,512
Classifier Head (MLP + Sigmoid) 6,273
Total Fusion Parameters 510,785

This parameter count refers only to the trainable fusion components operating on precom-
puted embeddings. The large backbone encoders used to obtain these embeddings, namely
ClinicalBERT and VGG-16, are kept fixed in this work and are therefore not included in
Table 5.4; they comprise approximately 110 million and 138 million parameters respectively.
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In the main experiments, textual and visual representations are extracted offline, so that
the runtime cost during training and evaluation is dominated by the 0.51M-parameter fusion
stack. From this perspective, the fusion module is substantially lighter than conventional end-
to-end architectures that jointly train the backbones, and the compactness of the fusion stack
directly translates to a reduced memory footprint and lower computational requirements once
embeddings have been precomputed. Such characteristics are favourable for scenarios such as
real-time or on-device inference when lightweight encoders or cached embeddings are available
and hardware resources are limited and latency is critical [133, 134].

However, in a true real-time deployment scenario that processes raw audio, video, and text,
the cost of running the full ClinicalBERT and VGG-16 backbones would dominate latency
and memory usage, and additional model compression, distillation, or the use of smaller
encoders would be required. By achieving high accuracy with just over half a million trainable
fusion parameters under the embedding-based setup, the model balances predictive power and
efficiency at the fusion level and indicates practical potential as a building block within scalable
mental health screening pipelines, rather than as a complete deployment-ready system that
already satisfies all mobile hardware constraints.

5.3 Evaluation Metrics Used

This study evaluated the proposed multimodal depression detection system using standard,
clinically meaningful metrics: precision, recall, and F1-score. A confusion matrix was reported
to support fine-grained error analysis and the derivation of secondary measures. These choices
reflect the consequences of both false negatives (missed depression) and false positives, each of
which carries psychological and societal costs in mental health screening [98, 135].

We adopted a binary convention, with the positive class corresponding to depression. Let
𝑇𝑃, 𝐹𝑃, 𝑇𝑁 , and 𝐹𝑁 denote the true positives, false positives, true negatives, and false
negatives, respectively. These quantities underpin all the reported metrics and are arranged as
follows:

Table 5.5: Binary confusion matrix used for all reported metrics
Predicted: Depressed Predicted: Not Depressed

Actual: Depressed 𝑇𝑃 𝐹𝑁

Actual: Not Depressed 𝐹𝑃 𝑇𝑁

The primary metrics are defined as follows.

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃, Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 , F1 = 2
Precision · Recall
Precision + Recall

.
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Interpretation: Precision is the proportion of predicted positives that are truly positive; higher
precision implies a lower false–positive rate, which helps avoid unnecessary anxiety and prevents
inappropriate use of clinical resources [135, 53]. Recall is the proportion of truly depressed
cases identified by the model; a higher recall reduces the risk of missed cases and supports
timely intervention [136, 137]. The F1-score balances precision and recall and is therefore well-
suited to the class imbalance typical of depression screening datasets [98, 53]. The confusion
matrix complements these aggregates by revealing error modes (e.g., whether gains in recall
arise from tolerating more false positives) and enables secondary measures, such as specificity
and negative predictive value, when required [135].

In this study, metrics were reported at operating points selected from the validation set to
reflect clinically meaningful precision–recall trade-offs. Where appropriate, precision–recall
(PR) and receiver operating characteristic (ROC) curves are also presented to characterize the
performance across thresholds under class imbalance [98].

The evaluation framework prioritizes clinical utility and transparency. Precision safeguards
against overdiagnosis and supports patient trust and prudent resource allocation, whereas recall
safeguards against missed cases and supports safety and early intervention. The F1-score offers
a single, thresholded summary that penalizes imbalanced performance, which is pertinent
when depressive cases are rarer than the controls. Confusion matrices are provided alongside
aggregate scores to expose error patterns and permit the derivation of secondary indicators (e.g.,
specificity, negative predictive value) when stakeholders require them. For a fair comparison
and reproducibility, all metrics were computed at the same validation-selected operating point,
and PR/ROC curves were included to visualize the effect of threshold shifts. This combination of
aggregate metrics, graphical summaries, and explicit confusion matrices is standard in clinical
machine learning and aligns with the decision context of depression screening [135, 98]. The
quantitative results and their interpretations are presented in Chapter 6.

5.4 Summary

This section presents the experimental setup, implementation environment, training protocols,
and evaluation metrics adopted for the multimodal depression detection framework. A dual-
environment strategy was employed: rapid prototyping was performed on Google Colab Pro+,
and large-scale controlled training was conducted on a dedicated local workstation. The imple-
mentation relied on Python, PyTorch, Hugging Face Transformers, and specialized toolkits such
as OpenFace, OpenCV, and PyTorch Geometric, which ensured flexibility and reproducibility
across multimodal inputs. Dataset-specific protocols are described in detail, covering the E-
DAIC-WOZ for model development and the EATD-Corpus and D-Vlog datasets for external
evaluation under zero-shot conditions (no task-specific fine-tuning), particularly to examine per-
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formance under demographic and contextual shift and, in the case of EATD, explicit language
mismatch. The preprocessing steps included L2 normalization, dimensionality projection to
a unified 512-dimensional latent space, Gaussian noise injection, and modality dropout, all of
which were designed to enhance robustness and generalization. A stratified train–validation–test
split combined with cross-validation provided a reliable evaluation while mitigating the effects
of class imbalance. The training pipeline employed Adam optimization with adaptive schedul-
ing, weighted loss functions, and threshold tuning to maximize the F1-score under imbalanced
conditions. The model efficiency was highlighted by its compact parameter count (0.51M train-
able parameters) in the fusion stack operating on precomputed embeddings, indicating potential
compatibility with real-time and edge-based scenarios when paired with lighter encoders or
cached features. However, because the ClinicalBERT and VGG-16 backbones remain com-
putationally heavy and are kept frozen in this work, we do not claim the current end-to-end
system is fully deployment-ready on mobile hardware; additional compression, distillation,
and validation would be required to meet concrete deployment constraints without sacrificing
predictive accuracy. Finally, evaluation metrics, including Precision, Recall, F1-score, and the
Confusion Matrix, were formally defined and justified as clinically meaningful measures for
mental health AI. Together, these elements form a rigorous foundation for the experimental
analysis presented in Chapter 6, ensuring that the reported results are both technically robust
and clinically relevant.
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Chapter 6

Results and Discussion

6.1 Model Performance and Evaluation

This section provides a comprehensive quantitative evaluation of the proposed Modality-Level
Graph Attention (MLGA) multimodal architecture across three benchmark datasets: E-DAIC,
EATD-Corpus, and D-Vlog. The model was assessed for its binary depression classification
performance using textual, visual, and facial modalities, employing standard evaluation metrics
such as F1-score, ROC-AUC, accuracy, and optimal threshold selection based on F1-score
maximization.

All results reported in this chapter follow a strict separation between training, validation,
and test data. Dataset-level preprocessing statistics, such as the PCA transformation for the
visual modality, were estimated exclusively on the training split and then fixed for use on the
validation and test splits. Global average pooling was applied independently to each frame
and does not use dataset-wide statistics, so it cannot leak information across partitions. This
protocol ensures that there is no data leakage from the evaluation sets into model fitting.

6.1.1 Performance on E-DAIC Dataset

The E-DAIC dataset comprises 275 structured interviews, each involving multiple modalities.
The model was evaluated in two settings.

• Without Preprocessing The model demonstrated robust convergence, achieving an F1-
score of 0.8976, ROC-AUC of 0.9888, and accuracy of 95.26%. The confusion matrix
indicated strong sensitivity and specificity, with few false positives and false negatives.

• With Preprocessing Incorporating normalization, Gaussian noise, and modality dropout
further improved results to an F1-score of 0.9343, ROC-AUC of 0.9945, and accuracy of
96.72%. The final decision threshold was optimized to 0.80. These results highlight the
effectiveness of regularization strategies in improving the generalizability and resilience
of the model to input variations, which is consistent with prior multimodal learning
research [120, 104, 105].
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As summarised in Table 6.2, the proposed model (with and without preprocessing) outper-
forms several strong multimodal baselines on E-DAIC in terms of F1-score. The associated
confusion matrices and ROC/Precision–Recall curves for E-DAIC (and EATD-Corpus) are
shown in Figure 6.1.

6.1.2 Performance on EATD-Corpus Dataset

The EATD-Corpus contains audio-textual data from 162 Mandarin-speaking university students
in Taiwan. Only the textual modality (ClinicalBERT embeddings) was used for this evaluation.
The model achieved an F1-score of 0.7294, ROC-AUC of 0.8049, and accuracy of 77.10%
at a threshold of 0.55. This slight reduction in performance, compared to E-DAIC, reflects
the challenge of single-modality classification and a smaller sample size. However, these
results are obtained by applying an English-domain ClinicalBERT model directly to Mandarin
transcripts without language adaptation, so they should not be interpreted as evidence of true
cross-lingual generalizability. Instead, they indicate that, even under this language mismatch,
the pipeline can retain reasonable discriminatory power, particularly in terms of recall, while
also highlighting the methodological limitations of using off-the-shelf English embeddings on
Mandarin text [30, 2].

A detailed comparison with the text-based baselines reported in the original EATD-Corpus
paper is provided in Table 6.3, where the proposed model achieves the highest F1-score and
recall. The corresponding confusion matrix and ROC/Precision–Recall curves for EATD-
Corpus are included in Figure 6.1.

6.1.3 Performance on D-Vlog Dataset (Visual-Only, Real-World)

For domain robustness evaluation, the model was tested on the D-Vlog dataset, which is a
challenging, in-the-wild benchmark with 961 YouTube vlogs. In this scenario, only visual
features (VGG-based) were available for classification owing to the lack of reliable textual or
facial metadata for the videos. The results are:

• Threshold 0.80

• F1 Score 0.6890

• ROC-AUC 0.5885

• Accuracy 61.29%

• Confusion matrix [
177 229
143 412

]
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As anticipated, the performance on D-Vlog was lower than that on structured clinical datasets
owing to several factors: (i) reliance on visual cues only, (ii) substantial domain variability,
such as lighting and pose, and (iii) absence of domain adaptation. Nonetheless, the achieved
F1-score remains competitive with existing visual-only baselines (Table 6.4), indicating that
the visual feature extraction and representation pipeline retains some discriminative value in
this setting. However, the relatively low ROC–AUC (0.5885) shows that this discrimination
is inconsistent across thresholds and that the model is far from a reliable screening tool in in-
the-wild conditions. Overall, these mixed results reinforce the importance of truly multimodal
fusion and dataset-specific adaptation for unconstrained environments [109, 110].

Summary of Final Results
The overall performance of the proposed model across all three datasets is summarised

in Table 6.1, which reports F1-score, ROC-AUC, and accuracy for each setting. Table 6.2
compares the proposed model with several recent multimodal baselines on the E-DAIC dataset.
Table 6.3 reports a comparison of the proposed method with the text-based baselines introduced
in the original EATD-Corpus study. Table 6.4 summarises the visual-only performance of the
proposed model and prior methods on the D-Vlog dataset.

Table 6.1: Summary of Model Performance Across Datasets

Dataset F1 Score ROC AUC Accuracy
E-DAIC (Raw) 0.8976 0.9888 95.26%
E-DAIC (Preprocessed) 0.9343 0.9945 96.72%
EATD-Corpus (Text-only) 0.7294 0.8049 77.10%
D-Vlog (Visual-only) 0.6890 0.5885 61.29%

Table 6.2: E-DAIC comparisons (Text + Visual + Face)

Method / Paper Precision Recall F1 Score
HYNMDR (Electronics’24) [85] 0.889 0.936 0.914
M-CBLALL (baseline) [85] 0.815 0.884 0.847
DCNN (baseline) [85] 0.834 0.735 0.780
HiQuE (CIKM’24 / arXiv) [138] 0.71 0.70 0.70
Ours 0.9344 0.8636 0.8976
Ours (Preprocessed) 0.9014 0.9697 0.9343
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Table 6.3: EATD-Corpus comparisons

Method / Paper Precision Recall F1 Score
SVM [30] 0.48 0.82 0.64
Random Forest [30] 0.61 0.53 0.57
Decision Tree [30] 0.59 0.43 0.49
Multimodal LSTM [30] 0.53 0.63 0.57
BiLSTM [30] 0.63 0.66 0.65
Ours 0.6410 0.8461 0.7294

Table 6.4: D-Vlog dataset results

Method / Paper Precision Recall F1 Score
SVM [31] 0.5310 0.5519 0.5297
BLSTM [31] 0.6081 0.6179 0.5970
TFN [31] 0.6139 0.6226 0.6100
Ours 0.643 0.743 0.689

Figure 6.1: Confusion matrix, ROC, and Precision-Recall curves for E-DAIC and EATD-Corpus
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Figure 6.2: Confusion Matrix, ROC Curve, and Precision–Recall Curve for the D-Vlog dataset

Figure 6.3: Training Loss Curve for E-DAIC Figure 6.4: Training Loss Curve for EATD-
Corpus

6.1.4 Cross-Dataset Interpretation

The collective results of the E-DAIC, EATD-Corpus, and D-Vlog datasets revealed several im-
portant insights. First, the high F1-score and ROC-AUC achieved on the E-DAIC dataset confirm
that the proposed MLGA (modality-level graph attention) fusion of text, facial, and visual fea-
tures provides strong performance in structured clinical interviews, performing competitively
with or better than existing multimodal baselines under our evaluation protocol (Tables 6.1
and 6.2). Second, the results on the EATD-Corpus demonstrate that, even in a single-modality
setting and under a clear language mismatch between Mandarin transcripts and an English-
domain ClinicalBERT encoder, the model can still retain reasonable discriminatory power,
particularly in terms of recall (Table 6.3). These findings should not be interpreted as evidence
of full cross-lingual generalizability, but rather as a robustness stress test under dataset and
language shift.

Third, the evaluation of the D-Vlog dataset highlights the inherent challenges of depression
detection in uncontrolled real-world environments when relying only on visual cues. Although
performance declined compared to structured settings, our method still exceeded prior visual-
only baselines (Table 6.4), indicating that the proposed feature extraction and representation
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learning pipeline retains some discriminative capacity under domain shifts. Taken together,
these findings underscore the central importance of multimodality in depression detection,
while also showing that each modality, whether textual, visual, or facial, can independently
contribute valuable signals depending on the availability and quality of data.

6.1.5 Critical Discussion of D-Vlog Performance

As reported in Chapter 5, the proposed architecture attains only modest performance on the
D-Vlog dataset, with a ROC-AUC of 0.5885 and correspondingly limited accuracy and F1-
scores (see Table 6.1). This value is only moderately above chance level, indicating that the
model struggles to reliably distinguish between depressed and non-depressed vloggers in this
setting. In contrast to the stronger results on E-DAIC and EATD-Corpus, the D-Vlog findings
highlight important limitations of the current design.

There are several plausible reasons for this degradation. First, D-Vlog is an in-the-wild
corpus of YouTube vloggers, whose behaviour is shaped by self-presentation, editing, and
platform conventions rather than by the semi-structured clinical interviews of E-DAIC or the
short text messages of EATD-Corpus [31]. Visual cues in vlogs are often confounded by
lighting, makeup, camera angle, and post-production, which can obscure or dilute facial and
postural markers of depression. Second, in this thesis the model operates on D-Vlog using only
visual information, without accompanying textual or acoustic modalities. The modality-level
GAT is therefore forced to make decisions from a single stream, limiting the potential benefits
of cross-modal fusion that are central to the proposed architecture.

Third, there is likely substantial distribution shift between the development data (E-DAIC and
EATD-Corpus) and D-Vlog in terms of demographics, recording conditions, label definitions,
and symptom expression. The hyperparameters and preprocessing choices were primarily
tuned on E-DAIC, and then transferred to D-Vlog without dataset-specific adaptation. Under
these circumstances, the relatively low ROC–AUC is better interpreted as evidence of limited
out-of-domain robustness than as a failure of the underlying approach to model depression more
generally.

Taken together, the D-Vlog results should be viewed as a cautionary signal about deploying
models trained on clinical or lab-style data in open-world social media contexts. They underscore
the need for domain adaptation, richer multimodal inputs (for example, combining visual features
with transcribed speech), and potentially revised architectures that explicitly target in-the-wild
variability. Future work could address these limitations by incorporating additional modalities,
performing dataset-specific fine-tuning, and exploring robustness-oriented training objectives,
rather than treating D-Vlog as a straightforward extension of the clinical interview setting.
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6.2 Ablation Study

An ablation study was conducted to rigorously validate the design choices and quantify the
individual impact of each architectural component. Ablation analysis involves the systematic
removal or alteration of key modules within the proposed multimodal framework to evaluate their
effects on classification performance. Such studies are widely recognized in the deep learning
literature as essential for demonstrating the necessity, complementarity, and interaction of model
components [139, 140].

6.2.1 Experimental Protocol

The ablation experiments were performed as follows.

• Dataset All ablations were carried out using the preprocessed E-DAIC dataset, ensuring
high-quality, normalized, and regularized input for fair component-wise assessment.

• Training Setup Each ablation variant used the same stratified data split, identical training
epochs, batch size, and learning rate schedule as the full model to isolate the impact of
each modification.

• Metrics Performance was evaluated using F1-score and ROC-AUC, reflecting both bal-
anced accuracy and discrimination.

• Base Model The full pipeline consists of ClinicalBERT, VGG-PCA, OpenFace, Graph
Attention Network (GAT) for cross-modal fusion, GRU for temporal modeling, and a
final classifier.

6.2.2 Ablation Results

The training loss curves for the E-DAIC and EATD-Corpus experiments are shown in Figures 6.3
and 6.4, respectively, and indicate stable convergence for the full model and its ablation variants.

The ablation study confirmed that each module, particularly attention-based fusion, temporal
modeling, and multimodal integration, substantially enhanced the classification performance.
The quantitative results (Table 6.5) provide strong empirical justification for the design of the
proposed framework and clarify the relative importance of each modality and architectural
choice.
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Table 6.5: Performance Impact of Component Removal in Ablation Study

Model Variant Change Applied F1 Score ROC-AUC
Full Model (Ours) All components included (Clinical-

BERT + VGG + OpenFace + GAT
+ GRU + augmentation)

0.9343 0.9945

A: No GRU Removed GRU temporal layer (no
sequential modeling)

0.8652 0.9793

B: No GAT Removed graph attention, replaced
with simple feature concatenation

0.8275 0.9641

C: No OpenFace Removed OpenFace facial features
(no facial modality)

0.8123 0.9516

D: No VGG Removed visual modality
(VGG/PCA features excluded)

0.7987 0.9488

E: No ClinicalBERT Removed text modality (no Clini-
calBERT embeddings)

0.7410 0.9074

F: No Augmentation No L2 normalization, Gaussian
noise, or dropout regularization

0.8430 0.9851

6.2.3 Analysis and Discussion

• Temporal Modeling: Excluding the GRU layer (Model A) resulted in a marked decrease
in both F1-score and ROC-AUC. This indicates the critical role of temporal dynamics
in modeling sequential conversational cues and capturing the progression of depressive
indicators. The importance of temporal modeling aligns with evidence from affective
computing and speech-based mental health studies [141].

• Cross-modal Fusion: Removing GAT and using simple feature concatenation (Model B)
further degraded performance, underscoring the advantage of attention-based relational
reasoning for multimodal integration. Selective cross-modal attention enables the model
to learn informative modality interactions beyond naive feature aggregation, which is
consistent with the findings of recent GNN-based fusion studies [142, 143].

• Modality Contribution: Variants C, D, and E systematically excluded the facial, visual,
and textual branches, respectively. The greatest performance loss was observed when
the textual modality (ClinicalBERT) was excluded (Model E), highlighting the dominant
predictive value of contextualized language representations. Nevertheless, both visual
and facial cues substantially contributed to performance, confirming that multimodal
fusion improves the robustness and interpretability of the model.
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• Regularization Techniques: Omitting normalization, noise, and dropout (Model F) led
to overfitting and diminished generalization, as shown by a lower F1-score on held-out
data. This demonstrates the necessity of lightweight augmentation for stable conver-
gence in small-to-moderate-scale multimodal datasets, echoing the best practices in deep
multimodal learning [140].

6.3 Interpretability via Attention Weights

Interpretability is a critical consideration in modern artificial intelligence systems, particularly
in healthcare and mental health applications, where transparency enhances clinical trust and
supports responsible deployment. In this study, interpretability was facilitated through the use
of Graph Attention Networks (GAT), which not only improved model performance but also
provided insights into modality-level contributions for each participant.

6.3.1 Role of Attention Weights

Within the GAT module, each modality node, ClinicalBERT (text), OpenFace (facial), and
VGG-16 (visual), is connected to every other node, forming a fully connected modality graph.
The GAT mechanism assigns attention weights to each edge during feature aggregation, allowing
the model to learn which modalities should be emphasized for each prediction. The attention
coefficient 𝛼𝑖 𝑗 between nodes 𝑖 and 𝑗 is defined as

𝛼𝑖 𝑗 =
exp

(
LeakyReLU

(
𝑎𝑇 [𝑊ℎ𝑖∥𝑊ℎ 𝑗 ]

) )∑
𝑘∈N𝑖

exp
(
LeakyReLU

(
𝑎𝑇 [𝑊ℎ𝑖∥𝑊ℎ𝑘 ]

) )
where:

• 𝑎 is a learnable attention vector,

• 𝑊 is a shared learnable weight matrix,

• ∥ denotes vector concatenation,

• N𝑖 is the set of neighboring nodes to 𝑖,

• ℎ𝑖, ℎ 𝑗 are input embeddings for modalities 𝑖 and 𝑗 .

Through this mechanism, the model adaptively assigns greater weight to the most informative
modality pairs, thereby enabling both effective feature fusion and transparent interpretation of
the decision-making process [32].
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6.3.2 Quantitative Interpretability Summary

To quantify the interpretability, we computed the mean attention weight attributed to each
modality across all test samples in the E-DAIC dataset, as summarised in Table 6.6. This
summary highlights the modalities on which the model relied most when generating predictions.

Table 6.6: Average Attention Weights Assigned to Each Modality (E-DAIC Test Set)
Modality Average Attention Weight

Text (ClinicalBERT) 0.412
Facial (OpenFace) 0.287

Visual (VGG-PCA) 0.301

The results indicate that the text modality, represented by the ClinicalBERT embeddings,
consistently received the highest attention. This emphasizes the central role of linguistic
cues in automated depression detection, aligning with the clinical observation that verbal self-
expression is highly indicative of mental health status. Although facial and visual modalities are
comparatively lower, they still provide complementary cues that enhance multimodal robustness.
This trend is consistent with prior studies demonstrating that while nonverbal behaviors enrich
interpretability, textual information remains the most dominant signal in clinical assessment
settings [144].
Overall, the attention-weight analysis provides a transparent view of the model’s decision-
making process. By explicitly revealing the relative importance of each modality, the framework
enhances its explainability and builds confidence in its clinical utility. Furthermore, such
interpretability mechanisms are essential for bridging the gap between deep learning models and
their practical adoption in healthcare, where stakeholder trust and accountability are paramount.

6.4 Summary

This chapter presents a comprehensive evaluation of the proposed multimodal depression detec-
tion framework across three complementary dimensions: performance benchmarking, ablation
studies, and interpretability analysis. The performance results demonstrated that the model
achieved state-of-the-art effectiveness, surpassing strong baselines through synergistic integra-
tion of textual, facial, and visual modalities. The ablation study confirmed the necessity of each
component, particularly attention-based fusion and temporal modeling, to achieve robust and
generalizable results. Finally, the interpretability analysis via attention weights highlighted the
dominant role of textual cues while validating the complementary contributions of nonverbal
modalities. Collectively, these findings validate the design choices of the architecture and
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emphasize its practical relevance for real-world, clinically informed applications. By achiev-
ing both high predictive accuracy and transparent interpretability, the proposed framework
addresses the dual requirements of performance and trustworthiness in healthcare-oriented
artificial intelligence.
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Chapter 7

Conclusion and Future Direction

This chapter synthesizes the research presented in this thesis and reflects on its implications for
the detection of depression using multimodal data. Building on the motivation and problem
statement introduced in Chapters 1 and Chapters 2 and the framework detailed in Chapters 3 and
Chapters 4, we evaluated the proposed Modality-Level Graph Attention (MLGA) architecture
through a rigorous experimental program in Chapters 5 and Chapters 6. The overarching aim
was to design and empirically evaluate an end-to-end system that integrates textual, visual, and
facial cues, learns cross-modal relationships, models temporal dynamics, and is robust to noise
and missing modalities.

We begin with a concise summary of the thesis contributions (Section 7.1), followed by a
discussion of the research limitations (Section 7.3) that contextualize the scope and boundary
conditions of our findings. Finally, we outline concrete directions for future work (Section 7.4),
highlighting opportunities to extend the methodology, broaden its clinical applicability, and
support responsible deployment.

7.1 Summary of Contributions

This thesis presents a comprehensive investigation into the use of deep learning for multi-
modal depression detection, addressing a critical gap at the intersection of artificial intelligence,
psychology, and healthcare. This study makes several key contributions spanning methodolog-
ical innovations, empirical findings, technical implementation, and interpretability, which are
summarized below.

• Development of a Novel Multimodal Framework: A multimodal architecture was
designed and implemented that integrated textual features from ClinicalBERT, visual
features from VGG-PCA, and facial behavioral embeddings from OpenFace, which were
fused using cross-modal attention and graph-based learning. By leveraging Graph At-
tention Networks (GAT) and a temporal sequence module, the framework successfully
models inter-modality relationships and temporal dependencies, thereby advancing be-
yond conventional early- or late-fusion strategies.

• Introduction of Modality-Level Graph Attention: Unlike prior studies that operate pri-
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marily at feature-level concatenation, this study introduced a modality-level GAT, where
each modality is treated as a node in a participant-specific graph. This approach enables
the model to dynamically weigh the contributions of the language, visual, and facial
inputs, thereby improving adaptability and robustness. This represents a methodological
contribution to the growing body of multimodal graph learning in affective computing.

• Rigorous Evaluation Across Multiple Benchmark Datasets: The framework was sys-
tematically validated using three benchmark corpora:

– E-DAIC (Distress Analysis Interview Corpus) [29] for multimodal clinical inter-
views,

– EATD-Corpus [30] for audio-textual depression detection, and

– D-Vlog [31] for vlog-based depression analysis.

By adopting the official dataset splits and evaluation metrics, this study ensured repro-
ducibility and comparability with state-of-the-art baselines. The results demonstrated
consistent improvements in the F1-score, ROC-AUC, and robustness across the corpora
within these benchmarks, suggesting that the proposed approach is competitive across
heterogeneous datasets under the studied conditions.

• Addressing Class Imbalance and Regularisation: This study incorporated Gaussian
noise augmentation, modality dropout, and class-weighted loss functions to mitigate the
issues of overfitting and class imbalance inherent in depression datasets. These strategies
enhanced the model’s sensitivity to minority (depressed) cases while maintaining high
overall accuracy, thereby aligning the work with clinical priorities, where false negatives
carry significant costs.

• Advancements in Explainability: To bridge the gap between performance and clinical
trust, the architecture integrates modality-level attention weight visualization and graph-
based interpretability methods. This represents an important step toward making deep
learning models more transparent for use in mental health contexts, where explainability
is crucial for clinician acceptance and regulatory approvals.

• Empirical Benchmarking and Comparative Analysis: Through the implementation
of multiple baselines, including traditional classifiers (SVM, MLP), unimodal BERT-
based systems, and late-fusion frameworks, this study provides a rigorous comparative
analysis. The findings highlight the superiority of graph-based multimodal modelling
over conventional fusion methods and establish new performance benchmarks for the
E-DAIC, EATD-Corpus, and D-Vlog.
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• Practical Implementation and Lightweight Design: A complete end-to-end pipeline
was developed in Google Colab, enabling reproducible experimentation under real-
world computing constraints. Importantly, the architecture was carefully designed with
dimensionality reduction (PCA), parameter-efficient ClinicalBERT embeddings, and a
modality-level GAT to maintain strong predictive performance while remaining compu-
tationally tractable. This balance indicates that, unlike many transformer-heavy multi-
modal frameworks, the proposed model may be adapted for deployment on mobile or
edge devices with additional optimisation, validation, and systems engineering, opening
pathways for real-world telehealth and digital mental health applications. Such trans-
parent and efficient implementation not only supports academic reproducibility but also
lowers the barriers for future researchers entering this interdisciplinary field.

• Scholarly Contribution to the Field of Affective Computing:

Finally, this thesis consolidates insights from psychology, computational linguistics, and
deep learning to advance the broader understanding of depression detection. By sys-
tematically articulating the limitations and mapping future research pathways, this study
contributes to both academic knowledge and the translational potential of AI in clinical
practice.

In conclusion, this study advances the state of the art in multimodal depression detection by
developing a robust, interpretable, and empirically validated framework within the evaluated
settings that is sensitive to the complexities of human behavior. These contributions provide
a strong foundation and reference point for future interdisciplinary research aimed at building
trustworthy, scalable, and clinically impactful AI systems for mental healthcare.

7.2 Research Questions and Their Answers

The experiments and analyses presented in Chapters 5 and 6 allow the research questions
formulated in Section 1.4 to be revisited.

RQ1: Does a modality-level graph attention mechanism improve depression-detection
performance compared with unimodal models and simple feature concatenation or late–
fusion baselines on the E-DAIC-WOZ benchmark? The results on E-DAIC-WOZ show
that the proposed modality-level GAT architecture achieves higher F1-scores and ROC–AUC
than unimodal text-only, visual-only, or facial-only models, and than baselines based on simple
feature concatenation and late fusion (see Tables 6.2 and 6.5). Removing the GAT layer and
replacing it with concatenation (Model B in the ablation study) leads to a clear degradation in
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both metrics, confirming that explicit graph-based attention over modalities yields a measurable
performance gain. Thus, RQ1 is answered positively: modality-level graph attention improves
depression-detection performance on E-DAIC relative to the considered baselines.

RQ2: What are the relative contributions of textual, visual, and facial modalities, and
of temporal modelling and regularisation components, to the overall performance of the
proposed framework? The ablation results in Table 6.5 indicate that removing any single
modality (text, visual, or facial) reduces performance, with the largest drop occurring when
the textual modality (ClinicalBERT) is removed, highlighting its dominant predictive role.
Nonetheless, the exclusion of visual or facial inputs also leads to noticeable declines in F1-
score and ROC–AUC, demonstrating that nonverbal cues provide complementary information.
Likewise, removing the GRU temporal layer or the regularisation components (normalization,
Gaussian noise, modality dropout) results in degraded generalisation. The attention-weight
analysis in Table 6.6 further shows that text tends to receive the highest average attention,
followed by visual and facial modalities. Collectively, these findings answer RQ2 by showing
that all modalities and architectural components contribute, with text being most influential but
visual and facial information, temporal modelling, and regularisation being necessary for the
strongest and most stable performance.

RQ3: How robust is the proposed modality-level graph attention architecture under
dataset and modality shifts, as assessed by transferring it from E-DAIC-WOZ to the
EATD-Corpus and D-Vlog benchmarks? The cross-dataset evaluation in Chapter 6 reveals
a mixed picture. On the one hand, when transferred without task-specific fine-tuning to the
EATD-Corpus, and used in a text-only configuration under a clear language mismatch between
Mandarin transcripts and an English-domain ClinicalBERT encoder, the model retains rea-
sonable discriminatory power, particularly in terms of recall (Table 6.3). On the other hand,
performance on the D-Vlog dataset, where only visual information is available in an in-the-wild
setting, is substantially lower, with a ROC–AUC of 0.5885 and reduced F1-score (Tables 6.1
and 6.4). These findings indicate that the architecture exhibits some robustness under moderate
domain and modality shifts, but that its out-of-domain performance, especially on uncontrolled
visual-only data, is limited without targeted domain adaptation. RQ3 is therefore answered par-
tially: the model generalizes reasonably under certain shifts, but strong real-world deployment
in social-media-like settings would require additional adaptation and modelling work.
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7.3 Limitations

Despite the advances achieved in this thesis, several limitations remain that must be considered
when interpreting the results and assessing the generalizability of the proposed framework.
These highlight the ongoing challenges in multimodal affective computing and point to future
research directions. Three key limitations are emphasized below.

• Demographic and Cultural Diversity of Datasets: The datasets employed for both
development and evaluation, namely E-DAIC [29, 106] and EATD-Corpus [30], were
drawn from relatively homogeneous populations. E-DAIC participants were predom-
inantly Western, whereas the EATD-Corpus consisted mainly of Mandarin-speaking
university students. As cultural and linguistic contexts critically shape the manifesta-
tion of depressive symptoms, the model may not generalize effectively to more diverse
groups [20]. Without broader cross-cultural validation, its utility in global telehealth and
multicultural clinical practice remains uncertain.

• Computational Complexity and Real-Time Constraints: The architecture integrates
resource-intensive components, including ClinicalBERT for text encoding, VGG-16 for
visual representation, and Graph Attention Networks for fusion. Although dimensionality
reduction (for example, PCA) and parameter-efficient embeddings mitigate some costs,
the system remains demanding in terms of memory and inference time. Moreover,
the analysis of model complexity in Chapter 5 focuses on the fusion module operating
on precomputed embeddings and does not include the full ClinicalBERT and VGG-16
backbones, which remain computationally heavy. VGG-16 in particular is an older and
comparatively large visual backbone; more recent, lightweight architectures could further
reduce the computational budget. As a result, the current implementation is better viewed
as a reference architecture under precomputed-embedding conditions than as a fully
optimised mobile deployment. This constrains its suitability for mobile or low-resource
clinical settings [145]. Further optimization strategies, such as pruning, quantization,
knowledge distillation, or the adoption of more efficient encoders are needed for large-
scale clinical deployment.

• Limited Model Interpretability: Although modality-level attention visualization was
introduced, interpretability remains limited. Current outputs indicate only the relative
contribution of modalities without fine-grained feature attribution or counterfactual rea-
soning. In sensitive domains, such as mental health, clinicians expect explainable AI
systems that can provide transparent justifications for predictions [33, 146]. The absence
of more advanced interpretability techniques constrains the clinical trustworthiness and
regulatory readiness of the framework.
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7.4 Scope for Future Work

Although this thesis achieved promising results, there are several directions in which the work
can be extended to make the system more useful and reliable in practice. Three important areas
for future research are highlighted.

• Longitudinal and Temporal Modeling: The current study focused on predicting a single
depression label for each participant based on their interview session. A valuable next step
would be to extend this approach to longitudinal analysis, in which depression levels can
be tracked over weeks or months. Such models could support relapse monitoring, evaluate
treatment progress, and provide early warnings before the symptoms worsen. Advances in
sequential models, such as recurrent networks or transformers, can be explored to capture
long-term changes more effectively.

• Domain Adaptation and Cross-Cultural Generalization: The datasets used in this
thesis come from specific populations, which may limit how well the model works across
different cultural and linguistic groups. Therefore, future work should focus on domain
adaptation and transfer learning so that the system can adapt to new languages, cultural
expressions, and recording environments. This would make the framework fairer, more
inclusive, and suitable for global use in digital mental health.

• Lightweight and Deployable Architectures: While the proposed framework is more
compact than many existing multimodal models, it still requires significant computational
resources. For the system to be practical in telehealth or mobile applications, future studies
should investigate methods such as pruning, quantization, or knowledge distillation to
further reduce complexity. Creating a lighter version of the model would make real-time
deployment possible on devices such as smartphones or tablets, increasing accessibility
for communities with limited resources.

In summary, extending the framework to handle longitudinal data, ensuring cross-cultural
generalization, and designing more efficient models for deployment are key steps that can help
bridge the gap between research and real-world clinical application.

7.5 Vision for the Future

Looking ahead, the integration of advanced artificial intelligence with multimodal human
behavioral data has the potential to fundamentally reshape the landscape of mental health care.
By combining insights from language, facial expressions, vocal signals, physiological measures,
and contextual information, future systems may evolve into truly personalized, continuous, and

96



culturally sensitive screening tools. Such systems would enable not only early detection but
also proactive intervention and long-term monitoring of mental well-being of users.

The convergence of lightweight edge AI, privacy-preserving federated learning, and inher-
ently explainable models promises to unlock new possibilities for remote telehealth, digital
therapeutics, and unobtrusive, real-time monitoring in everyday environments. These advances
could facilitate scalable and equitable access to care, particularly in underserved or resource-
constrained communities where traditional clinical support is limited.

Ultimately, the emergence of intelligent, accessible, and trustworthy AI-driven platforms
has the potential to bridge the global mental health gap. By empowering clinicians with
interpretable decision support, equipping individuals with personalized feedback, and enriching
our scientific understanding of depression as a dynamic and multifaceted condition, these
systems can contribute meaningfully to clinical practice and public health.

However, realizing this vision will require continued interdisciplinary collaboration. AI
researchers, clinicians, ethicists, and lived-experience communities must work together to ensure
that innovations are not only technically robust, but also ethically grounded, culturally inclusive,
and aligned with real-world needs and values.

7.6 Final Remarks

This thesis demonstrates that multimodal deep learning can provide a powerful and interpretable
framework for automated depression detection, unifying linguistic, visual, and facial behavioral
markers into a clinically meaningful system. By innovating through modality-level attention,
temporal modeling, regularization strategies, and lightweight architectural choices, this study
advances both the theoretical understanding and practical applicability of the proposed approach.
Empirical evaluations across three benchmark datasets (E-DAIC, EATD-Corpus, and D-Vlog)
confirmed the effectiveness of the proposed framework on E-DAIC and showed competitive
performance under zero-shot and visual-only settings on EATD-Corpus and D-Vlog, while also
revealing clear limitations under language and domain shift.

While limitations remain, the contributions outlined in this study provide a strong foundation
for continued interdisciplinary progress. Importantly, this study addressed the central research
question of whether multimodal fusion, when modeled through graph attention and temporal
dynamics, can improve the accuracy and interpretability of depression detection. The findings
affirm this hypothesis and highlight the advantages of modality-level graph-based approaches.

Looking ahead, the convergence of technical innovation with clinical needs highlights a
profound opportunity: the development of accessible, trustworthy, and culturally sensitive AI
systems that can support mental healthcare worldwide. By expanding modalities, enhancing
interpretability, and optimizing deployment for mobile and telehealth environments, future
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research can translate this vision into practice in the near future.
Ultimately, this thesis contributes not only a novel model but also a pathway toward more

empathetic, personalized, and inclusive digital mental health solutions, which is an important
step toward narrowing the global mental health gap. Taken together, this study underscores the
promise of AI not as a replacement for clinical expertise, but as a vital augmentation that can
extend care, enable early detection, and strengthen mental health support globally.
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