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Abstract

Depression remains one of the most prevalent mental health conditions globally, yet it frequently goes
undiagnosed due to the reliance on subjective evaluation methods. With the growing availability of
digital behavioral data and significant progress in machine learning (ML), new possibilities have
emerged for the automated detection of depression. This review offers a detailed examination of recent
advancements in ML-driven approaches to identifying depressive symptoms. It covers a range of topics,
including the types of data sources used (such as social media, smartphone usage, and physiological
signals), strategies for extracting relevant features, machine learning models employed, and the
techniques used to evaluate their effectiveness. Furthermore, the review addresses the limitations and
challenges currently faced in the field, such as data privacy concerns, generalizability, and model
transparency. It also discusses promising directions for future research, emphasizing the importance
of building ethical, explainable, and clinically relevant ML systems. The aim is to deliver a cohesive
overview that not only synthesizes the current state of research but also offers guidance to future
researchers and practitioners striving to develop responsible and accurate tools for mental health
evaluation and support.

Keywords: Depression detection, machine learning, mental health, natural language processing,
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INTRODUCTION
Depression is recognized as one of the most widespread and debilitating mental health conditions
worldwide, significantly impacting the quality of life of millions of individuals. According to estimates
from the World Health Organization (WHO), more than 264 million people are currently living with
depression across the globe. This disorder not only affects emotional well-being but also interferes with
daily functioning, productivity, and physical health, making it a critical public health concern.
Traditional diagnostic approaches, such as self-
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reported questionnaires like the Patient Health
Questionnaire (PHQ-9) and structured clinical
interviews, have long been the cornerstone of
assessment. However, these methods often present
limitations: they are time-intensive, rely heavily on
the honesty and self-awareness of patients, and may
be influenced by clinician subjectivity, which can
lead to delayed or inconsistent diagnoses.

In response to these challenges, researchers have
increasingly turned to machine learning as a
promising solution for enhancing depression
detection. By leveraging computational techniques,
large-scale datasets, and advanced algorithms,
machine learning models can identify subtle
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behavioral, linguistic, and physiological patterns that may not be apparent to human evaluators. This
growing body of work has the potential to enable earlier intervention, more objective assessments, and
the development of personalized treatment strategies.

Aims
This review aims to:
e Provide a comprehensive overview of the diverse data sources currently being utilized in
depression detection research.
e Examine and analyze the machine learning techniques that have been most frequently applied in
this domain.
e Summarize the evaluation metrics and key results reported in recent studies, offering insight into
model performance.
o Identify existing challenges in the field and propose directions for future research to improve
accuracy, applicability, and ethical considerations.

LITERATURE REVIEW
Text-based Depression Detection

Social media platforms have become a powerful resource for studying human behavior and mental
health because of the openness of their content and the richness of the language people use when
interacting online. These platforms allow researchers to observe linguistic cues, posting habits, and
engagement patterns that may indicate underlying psychological states. Early research in this area
focused on identifying depressive tendencies by examining how individuals express themselves through
text. People experiencing depressive symptoms were found to use more self-referential language, such
as first-person pronouns, and often relied on words that conveyed sadness, hopelessness, or negativity.
They also tended to show changes in their activity levels, such as posting less frequently or engaging
less with others [1-3].

Later studies advanced these methods by moving beyond simple linguistic observation and applying
computational models to large collections of user-generated content. Approaches such as lexicon-based
analysis and traditional machine learning techniques like logistic regression or support vector machines
allowed researchers to categorize and predict depression-related patterns with greater accuracy. With
the rise of deep learning, neural network models combined with word embeddings became increasingly
popular, offering the ability to capture subtle semantic relationships in text. These methods improved
early detection by recognizing nuanced differences in language use that simpler models often missed
[4-7].

The field has continued to evolve with the introduction of transformer-based models, particularly
those using attention mechanisms. Models such as BERT have transformed natural language processing
by providing contextualized word representations, making them especially suitable for sensitive tasks
like detecting signs of mental distress. When fine-tuned on social media data, these models have shown
significant improvements in identifying depressive markers compared to older techniques. This
progression illustrates how advancements in computational methods can deepen our understanding of
mental health expressions in online environments, paving the way for more accurate, early, and ethical
detection systems [8—11].

Audio-based Depression Detection
Speech analysis offers non-invasive and privacy-respecting detection methods.
e A speech-based systems, highlighting features such as pitch, jitter, shimmer, and MFCCs as
effective indicators of depression.
e A used a bi-directional LSTM model on speech sequences and transcripts from clinical
interviews, achieving robust classification accuracy [12—15].
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Multimodal datasets like DAIC-WOZ and AVEC have supported audio-centric research. Deep
learning techniques like CNNs and LSTMs have been employed for extracting temporal features,
achieving high performance in classifying depressive symptoms based on vocal patterns.

Visual and Multimodal Approaches

Facial expressions, gestures, and head movements are strongly correlated with emotional states.
Researchers have analyzed gender-specific facial markers to detect PTSD and depression, emphasizing
the importance of demographic factors. By combining facial and text features through deep multimodal
fusion, studies demonstrated that integrating multiple modalities significantly improved predictive
accuracy. More recent approaches have proposed deep multimodal fusion architectures that integrate
audio, visual, and textual data. These models achieved state-of-the-art results in emotion recognition and
mental health detection challenges, consistently outperforming systems that rely on a single modality.

Sensor and Behavioral Data

With the proliferation of smartphones and wearable devices, sensor data has become a valuable
source for behavioral analysis. Datasets such as those collected from student populations have provided
insights into sleep patterns, mobility, and phone usage, offering a clearer picture of how daily habits
relate to mental health. Building on this, researchers have proposed deep learning-based recommender
systems that leverage smartphone data to predict depressive episodes in real-time, demonstrating the
potential of sensor-driven approaches for proactive mental health monitoring and intervention. Such
behavioral data, when combined with traditional inputs like text or audio, improves both model
performance and user personalization.

Ethical and Interpretability Aspects

Challenges in real-world deployment have been highlighted, including issues related to privacy,
algorithmic bias, and explainability. As machine learning models, particularly deep learning ones,
become increasingly complex, clinicians require models that are interpretable and trustworthy. This
need has driven the emergence of research in Explainable Al (XAI), which aims to bridge the gap
between sophisticated machine learning models and healthcare providers, ensuring that predictions and
recommendations are transparent, understandable, and actionable in clinical settings.

DATA SOURCES FOR DEPRESSION DETECTION
The performance of ML models heavily depends on the quality and variety of data. The main data
sources used are:

Social Media Data

Platforms such as Twitter, Reddit, and Facebook are extensively used. Users often express emotions
and behavioral cues that can signal depression. Publicly available datasets include:

o CLPsych 2015 Dataset (Reddit).

e ¢eRisk 2017/2018 (Early risk prediction from social media).

Audio and Speech Data
Speech patterns reflect emotional state. Characteristics such as pitch, tone, energy, and pause duration
can reveal depressive symptoms. The DAIC-WOZ dataset is widely used for this purpose.

Facial Video Data
Facial expressions, eye movement, and micro-expressions serve as non-verbal indicators of mental
state. Datasets include AVEC (Audio/Visual Emotion Challenge) and RECOLA.

Textual and Clinical Notes
Diaries, blogs, or psychotherapy session transcripts are sources of structured text data. These datasets
are often annotated manually or using standardized depression scales.
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Sensor and Wearable Data
Smartphone usage, sleep patterns, physical activity, and location tracking offer behavioral insights.
Examples include Student Life dataset and CAMPUS dataset.

FEATURE EXTRACTION TECHNIQUES
ML models require meaningful features from raw data.

Textual Features
e Bag-of-Words, TF-IDF,
o Sentiment Analysis,
o Lexical Features (e.g., LIWC), and
o Word Embeddings: Word2Vec, GloVe, BERT.

Audio Features
o MFCC (Mel Frequency Cepstral Coefficients), and
e Pitch, Energy, Jitter, Shimmer.

Visual Features
e Facial Action Coding System (FACS),
e Facial landmark detection, and
o Head pose, eye gaze.

Behavioral Features
e App usage patterns,
e (Call logs and mobility, and
e Sleep and physical activity metrics.

MACHINE LEARNING ALGORITHMS

Table 1 presents widely used machine learning algorithms and their applications in analyzing textual,
audio, and multimodal data for mental health research and social media analysis (adapted from multiple
studies).

PERFORMANCE METRICS
Evaluating ML models in mental health must balance sensitivity and specificity.
e Accuracy: Overall correctness.
e Precision: True positive rate.
e Recall (Sensitivity): Detection capability.
e FI Score: Harmonic mean of precision and recall.

Table 1. Overview of common machine learning algorithms and their applications in mental health
and social media analysis.

Algorithm Description Application

Logistic Regression Simple classifier used in text-based detection | Social media classification

SVM (Support Vector Machine) | Robust in high-dimensional spaces Text and speech data

Random Forest Ensemble learning with feature importance | Sensor and multimodal data
Naive Bayes Probabilistic model for text data Sentiment-based classification
Neural Networks Deep learning models for complex features | Audio/video/text fusion
CNN/RNN/LSTM Temporal and spatial pattern recognition Speech, video, sequential text
Transformers (BERT, RoBERTa) | State-of-the-art for language modeling Depression detection from text
Multimodal Fusion Networks Combine multiple data streams AVEC/DAIC-WOZ based models

© STM Journals 2025. All Rights Reserved 30



Journal of Advanced Database Management & Systems
Volume 12, Issue 3
ISSN: 2393-8730

o ROC-AUC: Trade-off analysis.
o Confusion Matrix: Error distribution.
o Cross-validation: Model generalization check.

RECENT TRENDS AND CASE STUDIES
o  BERT-based classifiers trained on Reddit posts achieved >85% accuracy in early depression
detection.
o CNN-LSTM models on AVEC datasets outperform traditional SVMs in multimodal fusion.
e FEnsemble approaches combining sensor, text, and facial features show promise in increasing
detection accuracy to over 90% in controlled environments.

CHALLENGES
Despite promising results, several challenges remain:

Data Privacy and Ethics
Sensitive data like mental health indicators demand strict privacy protocols. Federated learning and
anonymization are emerging solutions.

Imbalanced and Noisy Data
Depression cases are underrepresented in datasets, leading to bias. Techniques like SMOTE and data
augmentation are needed.

Lack of Interpretability
Deep learning models often lack transparency, limiting clinical trust.

Generalizability
Models trained on specific populations (e.g., students) may not perform well across demographics.

Future Directions
e Explainable AI (XAl) for clinical interpretability.
e Federated Learning to preserve user privacy.

e Longitudinal Modeling to monitor depression trends over time.

e Real-time Monitoring via mobile health (mHealth) apps.

o Standardized Benchmarks for fair comparison of models.
CONCLUSION

Machine learning provides a transformative framework for depression detection, offering scalability,
early intervention, and personalization. However, for these technologies to transition from research to
clinical practice, they must address ethical, technical, and interpretability concerns. The integration of
multimodal data, explainable models, and privacy-preserving techniques will shape the future of mental
health diagnostics.
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