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Abstract 

Depression is a prevalent mental health disorder affecting millions 
globally, with serious consequences for emotional, cognitive, and 
physical well-being. Recent advances in machine learning (ML) and 
deep learning (DL) have enabled automated and objective 
approaches to detect and classify depression across multiple 
modalities, including facial expressions, speech, EEG signals, and 
textual data. This paper presents a comprehensive review of recent 
ML-based depression detection techniques, focusing on model 
architectures such as CNNs, LSTMs, hybrid models, EfficientNet, 
Vision Transformers, VGG16, and ResNet50. Comparative analysis of 
publicly available datasets, including DAIC-WOZ, MODMA, and 
RAVDESS, reveals that multimodal approaches consistently achieve 
higher accuracy (up to 99%) than single-modality methods. The study 
identifies critical gaps, such as the need for real-time detection, 
explainable AI, lightweight models, and more diverse datasets, and 
highlights future directions to improve the scalability, robustness, 
and interpretability of ML-based depression detection systems. 

 
 
1. Introduction 
Depression is a widespread mental health 
disorder affecting over 300 million people 
worldwide, causing emotional distress, cognitive 
difficulties, and physical impairment [1], [2]. 
Traditional methods such as clinical interviews 
and self-report questionnaires are often 
subjective, time-consuming, and prone to 
inconsistency, which can delay early 
intervention and treatment [1], [3]. 
Recent advances in machine learning (ML) and 
deep learning (DL) have opened opportunities 
for automated, objective, and scalable 
depression detection. These approaches can 
analyze multiple types of data, including facial 
expressions, speech patterns, EEG signals, and 
text, capturing behavioral, physiological, and 

cognitive indicators of depression [4], [5], [6], 
[8]. 
A key improvement is multimodal feature 
fusion, which combines information from 
different data sources to improve prediction 
accuracy and reliability. A simplified 
representation is: 
C_combined = w_f × C_face + w_e × C_EEG + w_s × 
C_speech + w_t × C_text (1) 
Where: 
C_combined = combined features from all 
modalities 
C_face, C_EEG, C_speech, C_text = features from 
individual data sources 
w_f, w_e, w_s, w_t = weights showing the relative 
importance of each modality [13], [16] 
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The overall depression severity score can be 
estimated as: 
D_depression = Σ (w_i × F_i) (2) 
Where C_i represents features from modality i 
and w_i is the trained weight. This scoring 
allows scalable and interpretable assessment of 
depressive symptoms. 
Recent studies employ architectures such as 
CNNs, LSTMs, hybrid models, EfficientNet, 
VGG16, ResNet50, and Vision Transformers, 
showing promising results on public datasets 
like DAIC-WOZ, MODMA, and RAVDESS [23], 
[24], [26], [27]. Despite these advancements, 
challenges remain, including: 
Real-time and continuous depression 
monitoring 
Lightweight models suitable for mobile or 
embedded devices 
Generalization across age, gender, and cultural 
backgrounds 
Explainable AI (XAI) approaches for clinician 
trust [15], [16], [17] 
This review provides a structured analysis of 
current ML/DL techniques for depression 
detection and identifies gaps that future 
research can address for robust, accurate, and 
interpretable mental health diagnostics [8], [13]. 
 
2. Research Background 
 Depression is a multifaceted mental health 
condition that affects more than 300 million 
people worldwide and can lead to significant 
emotional, cognitive, and physical difficulties 
[1], [2], [19]. Conventional diagnostic 
approaches—such as clinician-led interviews 
and self-assessment questionnaires—often 
suffer from subjectivity, require considerable 
time, and do not support continuous monitoring. 
These limitations reduce the chances of early 
detection and timely support [1], [3]. 
Advances in machine learning (ML) and deep 
learning (DL) have introduced effective, 
automated, and scalable methods for detecting 
depression [5], [6], [8]. These models analyze a 
wide range of behavioral and physiological 
signals, including facial cues, speech 
characteristics, EEG activity, and written 
language, enabling the identification of both 
obvious and subtle indicators of depressive 
states [4], [13], [14]. Notably, micro-expressions 
can reveal emotional patterns that may be 
difficult to capture through traditional 
assessment tools [26]. 
A simple representation of multimodal feature 
fusion is: 
 
Cfused=αCface+βCEEG+γCspeech+δCtextF_{\text{
fused}} = \alpha C_{\text{face}} + \beta 
C_{\text{EEG}} + \gamma C_{\text{speech}} + 

\delta C_{\text{text}}Cfused=αCface+βCEEG
+γCspeech+δCtext (3) 
 
where CfusedC_{\text{fused}}Cfused is the 
combined feature vector, each 
CmodalityC_{\text{modality}}Cmodality 
represents a feature set from a specific modality, 
and α,β,γ,δ\alpha, \beta, \gamma, \deltaα,β,γ,δ 
are learned weights that determine how much 
each modality contributes [13], [16]. 
Using the fused representation, a depression 
severity score can be computed as: 
 
Adepression=w1Cface+w2CEEG+w3Cspeech+w4C
textS_{\text{depression}} = w_1 C_{\text{face}} + 
w_2 C_{\text{EEG}} + w_3 C_{\text{speech}} + w_4 
C_{\text{text}}Sdepression=w1Cface+w2CEEG
+w3Cspeech+w4Ctext (4) 
 
Here, 
AdepressionS_{\text{depression}}Adepression 
provides a measurable estimate of depression 
severity, and w1,w2,w3,w4w_1, w_2, w_3, 
w_4w1,w2,w3,w4 are weights optimized 
through training and clinical validation. 
A general workflow for continuous monitoring 
can be summarized as: 
 Input-> Preprocessing->FeatureExtraction-
>Multimodal Fusion->Classification->Severity 
Scoring-> Treatments 
 
This enables dynamic tracking of mental health 
instead of relying solely on one-time 
evaluations. 
Modern deep learning architectures—including 
CNNs, LSTMs, Vision Transformers, and hybrid 
models—effectively learn complex behavioral 
and physiological patterns from multimodal 
inputs [23], [24], [26], [27]. When combined 
with explainable AI tools such as SHAP or LIME, 
these systems offer greater transparency, 
helping clinicians understand the reasoning 
behind each prediction and improving trust in 
AI-assisted assessments [16], [17]. 
Overall, integrating multimodal signals, real-
time analysis, severity estimation, and 
interpretability provides a comprehensive and 
personalized solution for depression detection. 
This approach overcomes the shortcomings of 
single-modality models, improves prediction 
accuracy, and supports more timely and 
effective clinical interventions [13], [16], [17]. 
 
3. Literature Review 
Depression detection using machine learning 
(ML) and deep learning (DL) has attracted 
considerable attention due to its potential for 
early diagnosis and monitoring. Various 
modalities, including speech, EEG, facial 
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expressions, and text, have been explored 
individually and in combination. Each modality 
provides unique insights into an individual’s 
mental state, and hybrid approaches that 
combine multiple modalities have shown 
promising improvements in accuracy, 
robustness, and applicability. 
 
3.1  Speech-Based Depression Detection 
Speech signals contain rich information about a 
person’s emotional and psychological state. 
Features such as pitch, energy, spectral 
coefficients, and prosody have been widely used 
for depression detection. Das and Naskar (2024) 
[23] proposed a CNN-based model using MFCC 
features and audio spectrograms. Their model 
employed residual blocks and optimized kernel 
initialization to classify depressed and non-
depressed subjects. It achieved over 90% 
accuracy on DAIC-WOZ and MODMA datasets, 
and over 85% on RAVDESS. While this study 
demonstrates the potential of speech features, 
most methods rely on offline datasets, limiting 
their ability for real-time monitoring or 
continuous assessment. Additionally, variability 
in speech due to language, accent, and 
environment can impact performance, 
highlighting the need for adaptive models that 
generalize well. 
 
3.2 EEG-Based Detection 
EEG-based depression detection leverages brain 
signals as physiological indicators of mental 
health. Ksibi et al. (2023) [24] developed a deep 
learning approach for automatic multi-channel 
EEG feature extraction, achieving 98% accuracy. 
Shen et al. (2019) [32] combined singular value 
decomposition (SVD) and empirical mode 
decomposition (EMD) to extract meaningful 
features from EEG signals, achieving 82%–88% 
accuracy across multiple datasets. EEG methods 
are highly reliable, capturing subtle neural 
patterns associated with depression. However, 
the requirement for specialized hardware and 
extensive computational resources can restrict 
scalability and practical deployment. 
Furthermore, long-duration EEG recordings can 
be uncomfortable for subjects, necessitating 
more user-friendly wearable solutions. 
 
3.3  Facial Expression Analysis 
Facial expressions provide visual cues about 
emotional states and have been widely used for 
depression detection. Rajawat et al. (2023) [26] 
proposed a Fusion Fuzzy Logic (FFL) system 
combining CNNs and fuzzy logic for classifying 
depression using facial images, achieving 94.3% 
accuracy. Facial cues are strong indicators of 
depressive states, but most studies focus only on 

static images or limited temporal sequences. 
This can reduce the understanding of dynamic 
emotional changes. Moreover, facial analysis is 
sensitive to lighting conditions, camera quality, 
and subject positioning, which can affect the 
robustness of models in real-world scenarios. 
 
3.4  Text and Social Media Analysis 
Text-based depression detection has gained 
attention due to the widespread use of social 
media platforms. Wani et al. (2022) [27] utilized 
Word2Vec embeddings with CNN and LSTM 
models, achieving 99.02% accuracy with LSTM 
and 99.01% with CNN+LSTM. Nadeem et al. 
(2022) [28] developed Sequence-Semantic-
Context Learning (SSCL), integrating GloVe 
embeddings with LSTM, CNN, GRU, and self-
attention mechanisms, achieving 97.4% 
accuracy for binary classification and 82.9% for 
ternary classification. These approaches allow 
large-scale monitoring of mental health trends 
and passive assessment of depressive behaviors. 
However, they face challenges with real-time 
detection, context interpretation, and privacy 
concerns. Social media text is often informal, 
sarcastic, or ambiguous, which can mislead 
models if contextual understanding is limited. 
 
3.5  Hybrid Multimodal Approaches 
Hybrid approaches combine multiple modalities, 
such as speech, EEG, facial expressions, and text, 
to leverage complementary information. Ahmed 
et al. (2020) [31] fused CNN, SVM, KNN, LDA, 
and linear regression models, achieving 96.8% 
accuracy. Amanat et al. (2022) [29] proposed 
RNN-LSTM-based multimodal analysis using 
EEG and text features, achieving 99% accuracy. 
Multimodal approaches improve robustness, 
handle noisy data more effectively, and provide 
a more comprehensive understanding of an 
individual’s mental state. However, challenges 
remain in synchronizing different modalities, 
optimizing feature fusion, and maintaining 
computational efficiency for real-time 
applications. 
 
3.6  Critical Analysis 
Single-Modality Limitations: Many studies rely 
on one data type, missing holistic behavioral or 
physiological cues. 
Hardware Constraints: EEG and facial-
expression methods require specialized devices, 
limiting real-world scalability. 
Real-Time Challenges: Text and social media-
based approaches excel in large-scale passive 
monitoring but cannot track immediate 
emotional changes. 
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Data Heterogeneity: Differences in age, gender, 
cultural background, and environment affect 
model performance. 
Hybrid Approaches: Combining modalities 
addresses several limitations, improving 
predictive accuracy, interpretability, and clinical 
relevance [13], [16], [17]. 

The literature demonstrates that while 
individual modalities provide valuable insights, 
hybrid multimodal systems are the most 
promising for accurate, reliable, and clinically 
meaningful depression detection. Continued 
research is needed to improve real-time 
adaptability, data diversity, and interpretability 
of these systems. 

 
Table 1.  [1]  Comparative Analysis of Reviewed Literature 

Authors Techniques 
Used 

Outcomes 

Arnab Kumar Das and 
Ruchira Naskar (2024) [23] 

CNN Achieved over 90% accuracy on DAIC-WOZ and 
MODMA datasets and over 85% on RAVDESS, 
surpassing the present state-of-the-art. 

Ksibi et al. (2023) [24] EEG Achieved 98% accuracy in recognizing and 
diagnosing depression on public datasets. 

Rajawat et al. (2023) [26] CNN Achieved 94.3% accuracy in detecting depression 
from facial expressions. 

Wani et al. (2022) [27] LSTM Achieved 99.02% accuracy with LSTM and 99.01% 
with CNN + LSTM 

Nadeem et al. (2022) [28] NLP,deep 
learning 

Results Obtained a 97.4% accuracy rate with binary-
labeled data, an 82.9% rate with ternary-labeled 
data, and a 94.4 F1score with randomly generated 
tweets. 

Amanat et al. (2022) [29] RNN Achieved 99.0% accuracy in predicting depression 
from text, outperforming other frequency-based 
models. 

Akbari et al. (2021) [30] SVM, K-
nearest 
neighbor 

Achieved 98.76% accuracy, 98.47% sensitivity, and 
99.05% specificity in classifying normal and 
depressed EEG signals. 

Ahmed et al. (2020) [31] CNN, SVM, 
LDA, KNN, 
Linear 
Regression 

Achieved 96% accuracy for anxiety and 96.8% for 
depression 

Shen et al. (2019) [32] EMD Achieved average classification accuracy between 
81.98% and 88.07% across four EEG databases. 

 
4. Research Gap 
Despite promising results from existing machine 
learning (ML) and deep learning (DL) methods, 
several limitations restrict their practical use 
and accuracy in real-world depression 
detection. 
 
4.1  Single-Modality Dependence   
Most current models rely on a single data type, 
such as facial expressions, EEG, speech, or text, 
which may not fully capture a person’s mental 
state. A simple weighted fusion of multiple 
modalities can be expressed as: 
C_fused = w1*C_face + w2*C_EEG + w3*C_speech + 

w4*C_text (5) 
where C_face, C_EEG, C_speech, and C_text are 
features from each modality, and w1, w2, w3, 
w4 are their respective weights [13]. 
 

4.2  Lack of Real-Time Monitoring   
Many systems use pre-recorded datasets, 
limiting live detection and continuous 
monitoring. Real-time depression severity can 
be approximated by: 
S_dynamic = w1(t)*C_face(t) + w2(t)*C_EEG(t) + 

w3(t)*C_speech(t) + w4(t)*C_text(t)   (6) 
where S_dynamic is depression severity at time 
t, and weights w_i(t) adapt to incoming signals 
[16]. 
 
4.3  Overfitting and Limited Generalization.   
Models often overfit small datasets and perform 
poorly on diverse populations. Regularization 
helps control overfitting: 
Loss_reg = Loss_model + λ*(sum of weights^2) (7) 
where λ is the regularization factor [17]. 
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4.4  Explainability and Trustworthiness   
Black-box models make predictions without 
explanations. Explainable AI (XAI) methods 
quantify each modality’s contribution: 
S_depression = F_face + F_EEG + F_speech + F_text 

+ ε_XAI (8) 
where ε_XAI represents the interpretability 
adjustment [13], [16]. 
 
4.5 Computational Complexity   
Deep multimodal networks need high 
computing power, limiting deployment. 
Lightweight models with feature selection and 
knowledge distillation are essential for practical 
use. 
 
Summary of Gaps   
 Single-modality models fail to capture full 
mental states.   
 Real-time depression detection is largely 
unexplored.   
 Overfitting and limited dataset diversity reduce 
generalization.   
 Lack of explain ability hinders clinical adoption.   
 High computational requirements restrict 
scalability.   
These gaps show the need for a multimodal, 
real-time, interpretable, and efficient framework 
for depression detection using facial 
expressions, EEG, speech, and text data. 
 
5. Conclusion 
This study demonstrates that machine learning 
and deep learning frameworks can effectively 
detect depression by analyzing multimodal data, 
including facial expressions, EEG, speech, and 
text. Combining information from multiple 
sources improves accuracy, robustness, and 
reliability compared to single-modality 
approaches. Continuous monitoring of mental 
states can enable early detection, supporting 
timely interventions. The use of explainable AI 
mechanisms ensures transparency, helping 
healthcare professionals understand predictions 
and trust the system. Multimodal approaches 
also enhance generalization across diverse 
populations and reduce uncertainties in 
detection. Future work can focus on adaptive 
feature integration, personalized assessment, 
and tracking temporal patterns to better 
understand the progression of depressive 
symptoms. 
Overall, combining multiple data sources, 
continuous monitoring, and explain ability 
offers a scalable and practical solution for 
improving depression detection and mental 
health care.. 
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