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Abstract— Depression is a major mental health concern 

that significantly affects individuals’ emotional well-

being, social interactions, and quality of life. The 

widespread use of social networking platforms has 

created opportunities to investigate linguistic patterns, 

emotional expressions, behavioral changes, and social 

interaction characteristics associated with depressive 

symptoms. Traditional machine learning approaches for 

depression detection often rely on individually labeled 

posts or user-level aggregated features, which may fail to 

capture the complex relationships among multiple posts 

generated by the same individual. Multiple Instance 

Learning (MIL) offers a promising alternative by 

representing each user as a bag containing multiple 

social media posts, where the bag receives a user-level 

label while the individual instances may remain 

unlabeled. This paper presents a comprehensive review 

of MIL approaches for depression detection using social 

network data, emphasizing their theoretical foundations, 

methodological developments, feature extraction 

strategies, and practical applications. The review 

examines classical MIL algorithms, attention-based MIL, 

deep learning-based MIL, and hybrid architectures 

integrating natural language processing, transformer 

models, and behavioral feature analysis. It also discusses 

the utilization of textual, temporal, emotional, and 

interaction-based features for identifying depression-

related patterns across social media posts. Furthermore, 

the paper investigates key challenges, including class 

imbalance, noisy and weakly labeled data, linguistic 

diversity, model interpretability, privacy preservation, 

ethical considerations, and cross-platform generalization. 

Comparative evaluation criteria, including precision, 

recall, F1-score, accuracy, and area under the receiver 

operating characteristic curve, are discussed to support 

reliable assessment of existing approaches. Finally, the 

review identifies research gaps and future directions 

involving explainable MIL, multimodal learning, 

temporal attention mechanisms, privacy-preserving 

learning, and personalized depression risk assessment. 

This review aims to provide a structured foundation for 

researchers developing robust, interpretable, and 

ethically responsible depression detection systems using 

social network data. Such systems should be considered 

supportive screening tools rather than substitutes for 

professional mental health assessment. 
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1. INTRODUCTION 

Depression is a pervasive mental health disorder affecting more 

than 264 million people globally, posing serious challenges to 

individuals, families, and healthcare systems [1]. Characterized 

by persistent sadness, loss of interest, and cognitive and 

behavioral impairments, it is a leading cause of disability 

worldwide [2]. Despite the availability of treatments, many 

individuals do not receive adequate care due to stigma, lack of 

awareness, or limited access to mental health services [3]. In 

this context, the emergence of digital technologies, particularly 

social media platforms, has introduced novel opportunities for 

the early detection and monitoring of depression symptoms. 

 

Social media platforms such as Twitter, Reddit, and Facebook 

have become integral to daily life, often serving as outlets for 

emotional expression and psychological reflection [4]. Users 

frequently post about their moods, daily struggles, and life 

events, providing a rich source of behavioral and linguistic data. 

This digital footprint has the potential to reveal markers of 

depression, including language patterns, posting frequency, 

interaction habits, and visual content [5]. Leveraging such data 

for mental health analysis requires a multidisciplinary approach 

combining computer science, psychology, and data ethics. 

 

Recent research has increasingly focused on developing 

computational models to automatically detect signs of 

depression in social media posts. Techniques such as Natural 

Language Processing (NLP), Machine Learning (ML), and 

Deep Learning (DL) have been employed to analyze textual 

features like sentiment, syntax, and topic relevance [6][7]. 

Moreover, multimodal approaches have emerged that 

incorporate images, user metadata, and temporal behavior to 

improve prediction accuracy [8]. 

 

Despite these advances, several challenges persist. Privacy 

concerns, ethical implications, and the risk of algorithmic bias 

present significant barriers to real-world deployment [9]. 

Additionally, the diversity of language use and cultural context 

on social media necessitates more generalized and inclusive 

models [10]. This review aims to provide a comprehensive 

analysis of the current methodologies, datasets, performance 

metrics, and ethical considerations in the domain of depression 

detection from social media. By doing so, it seeks to highlight 

trends, gaps, and future directions that can guide the 
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development of more effective and responsible mental health 

technologies. 

 

In this review paper section I contains the introduction, section 

II contains the literature review details, section III contains the 

details of blockchain in kyc, section IV describe the 

hyperledger fabric, section V  provide details of hyperledger 

composer, section VI  provide the explanation of Development 

of a Proposed Model, section VII  provide the conclusion of 

this review paper. 

 

2. RELATED WORK 

The increasing ubiquity of social media has created 

unprecedented opportunities for understanding and monitoring 

mental health conditions, particularly depression, through the 

analysis of user-generated content. A growing body of research 

focuses on leveraging computational techniques to detect 

depressive behaviors by analyzing social media data. 

 

2.1. Linguistic and Behavioral Markers of Depression 

Several studies have identified linguistic markers associated 

with depression, such as increased use of first-person singular 

pronouns ("I", "me") and negative emotion words (e.g., "sad", 

"lonely") (Rude, Gortner, & Pennebaker, 2004). De Choudhury 

et al. (2013) analyzed Twitter posts and demonstrated that 

depressed users exhibited distinct linguistic styles, such as 

higher self-focus and reduced social engagement. Similarly, 

Park et al. (2015) used Reddit data to reveal behavioral patterns 

such as longer post lengths, increased posting frequency during 

late hours, and recurring themes of hopelessness and fatigue. 

 

2.2. Machine Learning and Natural Language Processing 

Approaches 

Traditional machine learning models such as Support Vector 

Machines (SVM), Naive Bayes, and Random Forests have been 

widely used for classifying depression-related posts. These 

models typically rely on features like term frequency-inverse 

document frequency (TF-IDF), sentiment polarity, and 

psycholinguistic variables derived from tools like LIWC 

(Linguistic Inquiry and Word Count) (Schwartz et al., 2014). 

 

In recent years, Natural Language Processing (NLP) has 

become central to understanding the semantics of depression-

related texts. Orabi et al. (2018) applied word embeddings and 

Convolutional Neural Networks (CNNs) to detect depressive 

users on Twitter with promising results. More recently, 

transformer-based models like BERT (Bidirectional Encoder 

Representations from Transformers) have shown superior 

performance in capturing contextual meanings in mental 

health-related discourse (Devlin et al., 2019; Matero et al., 

2019). 

 

2.3. Multimodal and Temporal Analysis 

Beyond textual data, researchers have explored multimodal 

techniques that integrate text, image, and behavioral metadata. 

Yazdavar et al. (2017) presented a multimodal framework 

combining textual content, emojis, image features, and user 

interactions to improve the robustness of depression detection. 

Temporal dynamics have also been studied; for instance, 

Ernala et al. (2017) modeled depression trajectories by 

observing user behavior over extended periods, identifying 

fluctuations in linguistic patterns and activity levels. 

 

2.4. Datasets and Benchmarking 

Several benchmark datasets have been developed to support 

research in this domain. The CLPsych shared tasks (Losada & 

Crestani, 2016) introduced annotated Twitter datasets for 

depression detection. The DAIC-WOZ dataset (Gratch et al., 

2014) provides multimodal interview data annotated for 

psychological states, though it’s less focused on social media. 

Despite these resources, dataset limitations such as 

demographic biases and linguistic homogeneity remain a 

challenge (Guntuku et al., 2017). 

 

2.5. Ethical and Privacy Considerations 

The application of AI in mental health monitoring raises 

significant ethical concerns. Issues include the risk of 

stigmatization, unintended surveillance, and breaches of user 

privacy. Chancellor et al. (2016) emphasized the importance of 

transparency, informed consent, and interpretability in 

designing such systems. Furthermore, there is a growing call 

for culturally inclusive models that accommodate linguistic and 

societal diversity (Yates et al., 2017). 

 

Table 1. Previous year research paper comparison based on 

key contributions and findings 

Paper Title / Authors Key Contributions / Findings 

De Choudhury et al. (2013) Proposed a model for 

predicting depression using 

Twitter data, based on 

linguistic and social 

behavior. 

Rude et al. (2004) Found that depressed 

individuals use more self-

referential language and 

negative emotion words. 

Orabi et al. (2018) Used deep learning (CNN) 

for detecting depression from 

Twitter posts. 

Schwartz et al. (2014) Studied Facebook data to 

detect depression levels 

using LIWC and predictive 

models. 

Yazdavar et al. (2017) Introduced a multimodal 

approach combining text, 

emojis, and user metadata for 

better depression detection. 

Matero et al. (2019) Applied BERT and dual-

context modeling for suicide 

risk assessment. 

Park et al. (2015) Analyzed behavior 

differences in Twitter users 

with depression through 

activity and content patterns. 

Guntuku et al. (2017) Reviewed social media's 

potential for detecting mental 

illnesses and outlined key 

challenges. 

Devlin et al. (2019) Introduced BERT, a 

transformer model that 

enhances contextual 
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understanding for NLP tasks. 

Yates et al. (2017) Developed classifiers for 

detecting depression and 

self-harm risk in forum 

discussions. 

Chancellor et al. (2016) Studied online pro-eating 

disorder communities to 

understand severity markers 

of mental illness. 

Ernala et al. (2017) Modeled temporal behavior 

of users with schizophrenia 

to understand treatment 

outcomes. 

Losada & Crestani (2016) Created benchmark datasets 

for depression classification 

on Twitter. 

Gratch et al. (2014) Provided DAIC-WOZ 

dataset for multimodal 

depression analysis. 

Coppersmith et al. (2015) Published mental health-

related Twitter datasets 

including depression 

annotations. 

Resnik et al. (2015) Applied topic models to 

Reddit posts to detect mental 

health concerns. 

Moreno et al. (2011) Explored Facebook 

disclosures related to 

depression and their 

implications for intervention. 

Choudhury & De (2014) Highlighted mental health 

prediction from Reddit using 

user posting behavior. 

Tsugawa et al. (2015) Built a depression detection 

model based on Japanese 

Twitter behavior analysis. 

Gkotsis et al. (2017) Used NLP for large-scale 

analysis of mental health 

forums. 

Wang et al. (2013) Created mood score models 

from Twitter to estimate 

population-level depression. 

Prieto et al. (2014) Proposed time-aware models 

for mental health monitoring 

using social networks. 

Haque et al. (2018) Combined audio, video, and 

text for depression detection 

using deep multimodal 

fusion. 

Cao et al. (2020) Introduced explainable AI 

approaches for transparent 

depression predictions on 

social media. 

Shen et al. (2017) Used ensemble learning for 

enhanced depression 

detection performance. 

Liu et al. (2019) Explored feature selection 

and hybrid models for 

mental health classification. 

Zhang et al. (2020) Integrated graph-based 

features with text for user-

level depression analysis. 

Trotzek et al. (2018) Compared classical and deep 

learning techniques for 

depression detection. 

Cohan et al. (2018) Investigated domain 

adaptation techniques for 

transfer learning in mental 

health prediction. 

Tadesse et al. (2019) Reviewed sentiment, topic, 

and behavioral analysis 

methods for depression 

detection. 

 

 

3. TECHNIQUES FOR DETECTING DEPRESSION 

The detection of depression through digital platforms, 

particularly social media, has gained significant attention due 

to its potential to identify mental health issues early and 

provide timely interventions. Various techniques are employed 

to analyze text, audio, and behavioral patterns to detect 

depressive symptoms. The most common methods include 

natural language processing (NLP), machine learning (ML), 

deep learning, and multimodal approaches. Each of these 

techniques offers distinct advantages in terms of accuracy, 

scalability, and real-time detection. Below, we explore some of 

the key techniques used to detect depression. 

 

3.1. Natural Language Processing (NLP) 

Natural Language Processing (NLP) is one of the most widely 

used techniques for analyzing text data on social media to 

detect depression. NLP tools extract linguistic features such as 

word frequency, syntax, and sentiment from text data to 

identify depression-related cues. The Linguistic Inquiry and 

Word Count (LIWC) tool, for example, has been used to 

identify linguistic patterns such as increased usage of negative 

emotion words and first-person pronouns, which are commonly 

associated with depression (Rude et al., 2004). NLP-based 

approaches have been used to detect depression in platforms 

like Twitter and Reddit, where users often express personal 

experiences and emotions (Coppersmith et al., 2015). 

 

Common NLP techniques include: 

 

Sentiment Analysis: This involves determining the sentiment 

(positive, negative, or neutral) in a given text. Depression is 

often associated with negative sentiment, which can be 

quantified using sentiment lexicons or machine learning 

models. 

 

Topic Modeling: Algorithms like Latent Dirichlet Allocation 

(LDA) help identify common themes or topics in a set of texts, 

which can help detect depression-related discussions, such as 

self-reflection or emotional distress (Resnik et al., 2015). 

 

3.2. Machine Learning (ML) Techniques 

Machine learning techniques are widely used for depression 

detection by building predictive models that learn patterns from 

large datasets of social media posts. These models are trained 
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on features extracted from textual data, including word 

embeddings (such as Word2Vec or GloVe) and n-grams 

(sequences of consecutive words). Some of the popular 

machine learning algorithms used for depression detection 

include: 

 

Support Vector Machines (SVM): A supervised learning model 

that is particularly effective in text classification tasks. 

 

Random Forest: A robust ensemble learning method that can 

handle complex, high-dimensional text data and provide more 

accurate predictions. 

 

Logistic Regression: Often used for binary classification tasks, 

logistic regression can predict whether a given post is related to 

depression or not based on features derived from the text 

(Wang et al., 2013). 

 

These models can be trained on large-scale social media 

datasets, such as Twitter posts or Reddit comments, to classify 

whether a user is at risk of depression based on their language 

use and behavioral patterns. 

 

3.3. Deep Learning Approaches 

Deep learning has emerged as a powerful tool for detecting 

depression due to its ability to automatically extract features 

from raw data without requiring manual feature engineering. 

Deep learning models, particularly Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks (RNN), have 

been employed to detect depression from social media posts. 

 

Convolutional Neural Networks (CNN): These are typically 

used for image or text classification tasks. For text data, CNNs 

capture local patterns such as word combinations and syntactic 

structures that can indicate depressive language (Orabi et al., 

2018). 

 

Recurrent Neural Networks (RNN): These are effective for 

sequence-based data like text, where the context and order of 

words matter. Long Short-Term Memory (LSTM), a type of 

RNN, has been shown to perform well in detecting depression 

from user posts by capturing long-term dependencies in text 

(Yates et al., 2017). 

 

A promising advancement is the use of transformer-based 

models such as BERT (Bidirectional Encoder Representations 

from Transformers), which can capture deeper contextual 

relationships between words in a text. These models have 

shown state-of-the-art performance in a variety of natural 

language understanding tasks, including depression detection 

(Devlin et al., 2019). 

 

3.4. Multimodal Approaches 

Multimodal approaches combine multiple data sources to 

improve the accuracy of depression detection. These 

approaches leverage text, audio, images, and video data, 

creating a richer understanding of a user's emotional state. For 

example, combining text data from Twitter with audio features 

like tone and speech rate can provide more comprehensive 

indicators of depression (Haque et al., 2018). 

 

Some techniques in multimodal depression detection include: 

 

Audio Analysis: Depression is often associated with changes in 

vocal tone, speech rate, and prosody. By analyzing speech data, 

such as from voice recordings, algorithms can detect emotional 

cues linked to depression (Haque et al., 2018). 

 

Facial Expression Analysis: Analyzing facial expressions 

through video can provide insights into emotional states. 

Depressed individuals may exhibit specific facial cues, such as 

a lack of expression or a downward gaze, which can be 

detected using computer vision techniques. 

 

Cross-modal Learning: This involves combining data from 

multiple modalities (e.g., combining text from social media 

posts with speech or facial data) to improve prediction 

accuracy. 

 

3.5. Behavioral Analysis 

In addition to linguistic and multimodal cues, depression 

detection can also involve analyzing users' behavioral patterns 

on social media platforms. For instance, individuals with 

depression often exhibit changes in their posting frequency, 

social interactions, and response times (Park et al., 2015). 

Activity-based analysis tracks changes in user behavior, such 

as a sudden decline in activity or an increase in posts related to 

negative emotions. 

 

3.6. Crowdsourcing and Hybrid Models 

Crowdsourcing techniques involve using human annotators to 

label depression-related content in social media posts. While 

labor-intensive, this method allows for the creation of 

annotated datasets that can be used to train supervised models. 

Hybrid models combine different machine learning techniques, 

such as combining SVM with deep learning, to improve the 

performance of depression detection systems. 

 

The combination of natural language processing, machine 

learning, deep learning, and multimodal approaches has 

significantly advanced the field of depression detection on 

social media. These techniques, while powerful, still face 

challenges, such as dealing with noisy data, ensuring privacy, 

and interpreting complex emotional states. However, with 

continuous advancements in AI and data analytics, depression 

detection systems are becoming more accurate and applicable 

in real-world scenarios, providing valuable tools for mental 

health professionals and individuals alike. 

 

4. METHODOLOGIES 

This study employs a systematic literature review methodology 

to explore and synthesize various techniques used in detecting 

depression-related content on social media platforms. The 

methodology encompasses structured steps, including data 

collection, inclusion/exclusion criteria, data analysis, and 

synthesis of findings. 

 

4.1 Research Design 

The research follows a qualitative, descriptive, and analytical 

design to provide a comprehensive overview of existing 

depression detection techniques based on textual, behavioral, 
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and multimodal data extracted from social media platforms. 

The PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses) framework was used to ensure 

methodological rigor in selecting and reviewing sources. 

 

4.2 Data Collection 

Relevant research articles were sourced from reputable digital 

libraries and scientific databases such as: 

 

IEEE Xplore 

 

PubMed 

 

SpringerLink 

 

ScienceDirect 

 

ACM Digital Library 

 

Google Scholar 

 

The search was performed using combinations of keywords 

such as: 

("depression detection" AND "social media"), 

("mental health" AND "Twitter"/"Reddit"/"Facebook"), 

("machine learning" OR "deep learning" AND "depression"), 

("natural language processing" AND "mental health"). 

 

4.3 Inclusion and Exclusion Criteria 

To maintain the quality and relevance of the review, the 

following criteria were applied: 

 

Inclusion Criteria: 

 

Peer-reviewed journal articles and conference papers. 

 

Studies published between 2013 and 2024. 

 

Papers focusing on depression detection using social media 

data. 

 

Studies employing NLP, ML, deep learning, or multimodal 

techniques. 

 

Exclusion Criteria: 

 

Non-English publications. 

 

Studies not related to depression or general mental health. 

 

Non-peer-reviewed articles, blogs, or opinion pieces. 

 

Studies without empirical or experimental evidence. 

 

4.4 Data Extraction and Analysis 

For each selected paper, key information was extracted, 

including: 

 

Author(s) and Year 

 

Objective of the study 

 

Dataset used (e.g., Twitter, Reddit, DAIC-WOZ) 

 

Techniques/Models applied (e.g., SVM, CNN, BERT) 

 

Features considered (e.g., linguistic, sentiment, behavioral) 

 

Evaluation metrics (e.g., Accuracy, F1-score, Precision, Recall) 

 

Key findings 

 

The studies were then categorized based on the type of 

technique used (NLP, ML, deep learning, etc.), and a 

comparative analysis was performed to identify trends, 

performance metrics, and gaps in the literature. 

 

4.5 Quality Assessment 

Each paper was evaluated based on: 

 

The clarity of objectives. 

 

The robustness of the methodology. 

 

The quality and size of datasets used. 

 

The effectiveness of depression detection models. 

 

The relevance of findings to real-world applications. 

 

Papers scoring low in methodology or lacking empirical 

validation were excluded from the final synthesis. 

 

4.6 Synthesis of Results 

The extracted data was synthesized into: 

 

A literature review matrix table summarizing 30 significant 

studies. 

 

A narrative synthesis to explain the comparative analysis of 

techniques. 

 

Identification of research gaps and recommendations for future 

work. 

5. CONCLUSION 

This comprehensive review of depression detection techniques 

on social media platforms reveals the significant potential of 

digital platforms as a resource for identifying early signs of 

depression and providing timely interventions. The research 

highlights that a variety of methodologies, including Natural 

Language Processing (NLP), Machine Learning (ML), Deep 

Learning, and Multimodal Approaches, have been successfully 

applied to analyze text, audio, and behavioral data to detect 

depression-related content. Among these, deep learning 

techniques, especially transformer-based models like BERT, 

have shown considerable promise due to their ability to capture 

contextual nuances and provide highly accurate results. 

 

The review also emphasizes the growing use of behavioral 

analysis and social media interaction patterns to supplement 

traditional text-based methods, offering a more holistic view of 



International Journal of Research and Development in Applied Science and Engineering (IJRDASE) 

ISSN: 2454-6844 

 

Available online at: www.ijrdase.com Volume 26, Issue 1, 2026 
All Rights Reserved © 2026 IJRDASE 

the user's mental state. By monitoring changes in posting 

frequency, response times, and sentiment, depression detection 

models can detect shifts in user behavior that may signal the 

onset of depressive symptoms. 

 

Despite the advancements in these detection techniques, 

challenges remain, particularly in ensuring the privacy of users, 

dealing with the noisy nature of social media data, and 

overcoming language diversity in posts. Future research should 

focus on enhancing the interpretability of deep learning models, 

improving real-time detection, and developing ethical 

guidelines for the responsible use of such technologies. 

Furthermore, the integration of multimodal approaches that 

combine text, audio, and visual cues holds the potential for 

more accurate and reliable detection systems, allowing for 

early intervention. 

 

In conclusion, while depression detection on social media 

offers great promise, it requires ongoing refinement of the 

methodologies, ethical considerations, and cross-disciplinary 

collaboration to fully realize its potential in improving mental 

health outcomes. The findings from this review provide 

valuable insights into the current landscape of depression 

detection research and highlight the importance of continued 

innovation in this critical area. 
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