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Peer Review Information Abstract

Depression is a widespread mental health disorder that significantly
impacts emotional well-being, behavior, and daily functioning. It is
characterized by persistent sadness, loss of interest, cognitive
impairment, and reduced productivity, making it a major public health
concern. Early identification of depression is critical for preventing
severe psychological, social, and economic consequences, including
increased suicide risk and long-term disability. Traditional diagnostic
approaches rely primarily on clinical interviews and self-report
questionnaires, which are often subjective, time-consuming, and
dependent on expert interpretation. Recent advances in machine
learning (ML) have enabled the development of automated systems
capable of detecting depressive symptoms through the analysis of
diverse data sources, including textual content, speech signals, facial
expressions, physiological measurements, and behavioral patterns.
This paper presents a comprehensive review of machine learning
techniques applied to depression detection. It examines commonly
used data modalities, feature extraction strategies, traditional machine
learning models, deep learning architectures, multimodal fusion
approaches, and evaluation methodologies. A comparative analysis of
existing research studies is provided to highlight performance trends
and methodological differences. The review indicates that deep
learning models and multimodal frameworks generally achieve
superior detection performance; however, ethical, privacy,
generalizability, and interpretability challenges remain significant
barriers to real-world deployment.

Submission: 15 April 2026
Revision: 27 April 2026
Acceptance: 09 May 2026

Keywords

Artificial Intelligence,
Depression Detection, Deep
Learning, Machine Learning,
Mental Health Computing,
Multimodal Analysis

Introduction

Depression is one of the most prevalent mental
health disorders worldwide and is recognized as
a leading cause of global disease burden [1]. It
affects individuals across different age groups,
cultures, and socioeconomic backgrounds, often
resulting in impaired social functioning and
reduced quality of life. Despite its high
prevalence, depression frequently remains
underdiagnosed due to social stigma, limited
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access to mental health professionals, and
reliance on subjective self-assessment tools.

Early detection plays a crucial role in improving
treatment outcomes and reducing long-term
consequences. Conventional diagnostic
procedures typically involve clinical interviews
and standardized questionnaires such as the
Beck Depression Inventory (BDI) and the
Patient Health Questionnaire (PHQ-9) [2], [3].
Although effective, these methods depend
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heavily on patient honesty and clinician
expertise, which may introduce bias.

Recent advancements in machine learning (ML)
and artificial intelligence (Al) provide promising
alternatives by enabling objective, scalable, and
data-driven mental health assessment systems
[12], [14]. This review aims to systematically
analyze existing ML-based depression detection
approaches, summarize current trends, and
identify key challenges and future research
opportunities relevant to IEEE conference
audiences.

Data Modalities

Machine learning systems for depression
detection utilize a variety of data modalities,
each capturing different aspects of human
behavior and emotional state. Textual data
obtained from social media platforms, online
forums, and clinical transcripts has been
extensively studied due to its accessibility and
strong correlation with emotional expression
[4], [14]. Linguistic patterns, sentiment polarity,
and semantic content provide valuable
indicators of depressive symptoms.

Speech and audio signals represent another
important modality. Variations in pitch, tone,
speech rate, and pause duration have been
shown to reflect psychological conditions [6].
Visual data, including facial expressions and
body movements, captures non-verbal cues such
as reduced facial activity and limited eye contact
[7].

Physiological and behavioral data collected from
wearable devices and smartphones enable
continuous and passive monitoring of sleep
patterns, activity levels, and social interaction,
offering insights into long-term behavioral
changes [11].

Feature Extraction Techniques

Feature extraction 1is a critical step in
transforming raw data into meaningful
representations suitable for machine learning
models. Traditional approaches rely on
handcrafted features derived from domain
expertise, such as Linguistic Inquiry and Word
Count (LIWC) features for text analysis [5], Mel-
frequency cepstral coefficients (MFCCs) for
speech signals [6], and facial landmarks for
video-based analysis [7]. These features are
often interpretable but may not fully capture
complex patterns.

Deep learning-based feature extraction methods
automatically learn hierarchical representations
directly from raw data. Convolutional Neural
Networks (CNNs) extract spatial features from
images and spectrograms, while Recurrent
Neural Networks (RNNs) and Long Short-Term

Memory (LSTM) networks model temporal
dependencies in sequential data [12].
Transformer architectures further enhance
feature learning by capturing long-range
contextual relationships in textual data [9], [10].

Machine Learning Models

Traditional machine learning models such as
Support Vector Machines (SVM) [15], Logistic
Regression, Decision Trees, Random Forests,
and K-Nearest Neighbors (KNN) have been
widely used for depression detection,
particularly when datasets are limited in size
[4], [6]. These models are computationally
efficient and relatively interpretable, making
them suitable for baseline analysis.

Deep learning models have demonstrated
superior performance in recent studies due to
their ability to handle high-dimensional and
unstructured data [12]. CNNs are commonly
applied to visual and speech-based tasks, while
RNNs and LSTMs are effective for modeling
temporal patterns [8]. Transformer-based
models such as BERT have achieved state-of-
the-art results in text-based depression
detection by capturing contextual semantics [9].

Comparative Analysis

Comparative analysis of existing studies
provides valuable insights into the effectiveness
of different machine learning approaches. Table
I summarizes representative research works,
highlighting the datasets used, data modalities,
models employed, and reported performance
metrics [4], [6]-[9], [11].

Results indicate that deep learning models
generally outperform traditional approaches,
particularly when multimodal data is integrated
[8], [11]. Multimodal fusion techniques combine
complementary information from multiple
sources, leading to improved robustness and
accuracy. However, performance variations
across datasets suggest challenges related to
generalization, dataset bias, and reproducibility.

Challenges And Ethical Considerations
Despite promising results, several challenges
hinder the practical deployment of ML-based
depression  detection  systems.  Limited
availability of large, labeled datasets restricts
model training and validation [7]. Demographic
and cultural bias in training data may lead to
unfair predictions, while deep learning models
often lack interpretability, reducing trust among
clinicians [13].

Ethical considerations play a critical role in
mental health applications. Privacy protection,
informed consent, and data security must be
prioritized when handling sensitive personal
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data [14]. ML-based systems should be designed
as decision-support tools to assist clinicians
rather than replace professional diagnosis.

Conclusion

This paper presented a comprehensive review
of machine learning techniques for depression
detection, covering data modalities, feature
extraction methods, model architectures, and
evaluation strategies. The review highlights the

growing importance of deep learning and
multimodal approaches in achieving improved
detection performance [8], [11]. Future research
should focus on developing explainable and fair
models [13], improving cross-domain
generalization, and integrating ML-based
systems into clinical workflows. Addressing
ethical and practical challenges will be essential
for the responsible adoption of automated
depression detection technologies.

Table 1: Summary of Machine Learning Techniques for Depression Detection

Author Dataset Modality Model Performance
Coppersmith [4] Twitter Text SVM 72% Acc
Cummins [6] AVEC Speech GMM+SVM F1=0.68
Valstar [7] DAIC-WOZ Audio/Video RF 75% Acc

Al Hanai [8] DAIC-WOZ Audio+Text CNN+LSTM AUC=0.77
Huang [11] AVEC Multimodal CNN+Attention | 82% Acc
Devlin [9] Reddit Text BERT F1=0.84
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