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Abstract 

This project introduces an AI-driven system for analyzing the psychological patterns of social media 

users to detect early signs of depression [1], [3]. Leveraging Nat- ural Language Processing (NLP), 

Machine Learning (ML), and transformer-based deep learning models (BERT) [4], [7], the system 

identifies emotional cues, behavioral markers, and linguistic features in user-generated content. It aims 

to provide early detection, risk categorization, and intervention recommendations, thereby enabling 

mental health professionals to respond proactively [5], [6]. By integrating real-time text analytics and 

predictive modeling, the platform can classify levels of depression risk, highlight key emotional triggers, 

and generate actionable insights to improve mental health support systems [3], [7]. 
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I. INTRODUCTION 

Mental health has emerged as one of the most pressing public health challenges of the 21st century [1]. 

The World Health Organization (WHO) estimates that over 300 million people globally suffer from 

depression, with many more exhibiting early signs of psychological distress that often go undiagnosed or 

untreated [1], [2]. Depression is a complex disorder that affects mood, cognition, and daily functioning 

[2]. 

Early detection and intervention can significantly reduce symptoms, improve recovery outcomes, and 

mitigate the social and economic burden of untreated cases [3]. Tra- ditional approaches for analyzing 

complaints and feedback often rely on sentiment scores or keyword detection, which can indicate 

whether a response is positive or negative but fail to capture emotional depth or the underlying reasons 

for dissatisfaction [2], [3]. Consequently, organizations struggle to address issues efficiently, 

highlighting the need for flex- ible, data-driven solutions that identify emotions, triggers, and actionable 

insights [3], [4]. 

The widespread adoption of social media platforms has created a rich, naturally occurring data source 

for under- standing mental health [1], [5]. Platforms such as Facebook, Twitter (X), Instagram, and 

Reddit act as virtual diaries where linguistic patterns, posting behaviors, and interaction dynamics can 

reveal psychological states [2], [5]. Unlike conventional clinical assessments, which are episodic and 

limited in scale, social media data provides continuous, large- scale signals that can inform early 
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detection of depression [3], [7]. 

Conventional sentiment analysis tools, however, are not designed for nuanced psychological profiling 

[2]. They clas- sify text into broad categories such as “positive,” “negative,” or “neutral,” missing subtle 

indicators of mental health condi- tions [3]. For example, a sarcastic post stating “I’m fine” may mask 

distress but be misclassified as neutral or positive by keyword-based systems [3]. Other behavioral cues, 

such as late-night activity, reduced social interactions, and frequent self-referential pronouns, have been 

empirically linked to depression but are overlooked by traditional analytics [4], [5]. 

This project has broad practical applications. In customer service, AI-driven analysis can automatically 

interpret feed- back, prioritize urgent concerns, and improve response times [5]. Government agencies 

can leverage such systems to efficiently manage citizen issues and public sentiment [5], [6]. 

Advances in Artificial Intelligence (AI) and Natural Lan- guage Processing (NLP) have significantly 

enhanced the analysis of textual data [2], [7]. Techniques such as word embeddings, recurrent neural 

networks, and attention mecha- nisms enable deeper semantic understanding [3], [4]. Among these, 

transformer-based architectures, particularly Bidirec- tional Encoder Representations from Transformers 

(BERT), achieve state-of-the-art performance in text classification tasks [4], [7]. BERT captures both 

syntactic and semantic context, making it highly effective for identifying nuanced patterns in user-

generated content [7]. 

 

II. PROBLEM STATEMENT 

The rise of social media has transformed how individuals express their thoughts, emotions, and day-to-

day experiences. Posts, comments, and interactions on platforms such as Twitter (X), Instagram, 

Facebook, and Reddit provide a continuous stream of behavioral and linguistic data reflecting users’ 

psychological states [1], [3]. While this data offers immense potential for early identification of mental 

health risks such as depression, it also presents substantial analytical and ethical challenges [5], [6]. 

Traditional mental health screening tools—surveys, clinical interviews, and self-report assessments—are 

episodic, resource-intensive, and limited in scope. They cannot continuously monitor evolving emotional 

or behavioral patterns, nor can they scale to millions of users [2]. This leaves a critical gap in the early 

detection and prevention of depression, which often progresses silently until symptoms become severe 

[7]. 

Existing computational approaches to mental health detec- tion on social media are largely based on 

keyword matching or basic sentiment scoring [2], [3]. These approaches fail to capture the nuanced, 

context-dependent nature of human ex- pression. For example, sarcasm, slang, and culturally specific 

idioms may obscure the true meaning of a post [3]. Similarly, behavioral cues such as posting frequency, 

time-of-day activ- ity, and changes in engagement are rarely incorporated into risk models despite their 

proven relevance to psychological well-being [4], [5]. As a result, current systems exhibit high false-

positive rates, overlook early warning signs, and struggle to adapt to new patterns of online 

communication [3]. 

Another major challenge lies in data diversity and pri- vacy. Social media data spans multiple languages, 

regions, and demographic groups. Static, rule-based systems lack the flexibility to accommodate 

evolving language trends or emerging social platforms [4]. At the same time, sensitive mental health 

information raises significant privacy and eth- ical concerns [6], [7]. 

This project addresses these challenges by proposing an AI-based framework that leverages Natural 

Language Pro- cessing (NLP), Machine Learning (ML), and deep trans- former architectures such as 
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BERT [3], [4], [7]. The system is designed to process large-scale social media data in real time, detect 

subtle psychological and behavioral signals, and classify users according to their depression risk levels. 

By combining contextual language understanding with behav- ioral metrics and implementing privacy-

aware principles [5], [6], the proposed solution aims to bridge the gap between traditional mental health 

screening and proactive, scalable online monitoring. 

 

III. LITERATURE SURVEY 

Recent advancements in Artificial Intelligence (AI) have significantly impacted the field of mental 

health, particu- larly in detecting depression through social media platforms. Leveraging user-generated 

content, AI models can identify subtle indicators of mental health issues, facilitating early intervention 

and support [1], [3], [4]. 

Phiri et al. [1] conducted a comprehensive review assess- ing the effectiveness of user-generated social 

media texts in predicting depression. Their findings highlight the influence of demographic factors and 

language usage on prediction accuracy, emphasizing the need for context-aware models in mental 

health analysis. 

Li et al. [2] investigated the use of deep learning for categorizing customer feedback. Their system 

employed a bidirectional LSTM network to capture contextual meaning in text, enabling accurate 

recognition of complex or subtle is- sues. This method consistently outperformed fixed keyword- based 

approaches, particularly when communication styles evolved over time. 

Bokolo et al. [3] presented a deep learning–based ap- proach for depression detection from social media 

posts. Their model utilized a large dataset of user tweets and applied advanced preprocessing techniques 

to improve clas- sification accuracy. 

Hameed et al. [4] explored the application of explainable AI in early depression detection using social 

media data. Their study employed various machine learning models and natural language processing 

techniques to enhance the interpretability of depression prediction systems, addressing the black-box 

nature of many AI models. 

A study by Gadzama et al. [5] focused on the use of machine learning and deep learning models in 

depression detection on social media. Their review highlighted the importance of integrating multimodal 

data, including text, images, and metadata, to improve the accuracy of depression detection systems. 

A report highlighted by Reuters [6] revealed that AI models used to detect signs of depression in social 

media posts are significantly less effective for Black Americans compared to White Americans. This 

discrepancy underscores the importance of incorporating diverse data in AI models for more accurate and 

inclusive mental health risk assessment. 

Fernandez et al. [7] presented a large-scale complaint- management solution using transformer-based 

NLP architec- tures. This system effectively interpreted complex sentence structures, sarcasm, and 

indirect language, making it more re- liable for extracting actionable insights from user messages. The 

integration of AI in analyzing social media for de- pression detection offers promising avenues for 

early inter- vention and support. However, challenges such as model interpretability, ethical 

considerations, and data diversity must be addressed to ensure the effectiveness and fairness 

of these systems [4], [6]. 

 

IV. EXISTING SYSTEM 

Current AI-driven systems for detecting depression through social media analysis have evolved 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260269859 Volume 8, Issue 2, March-April 2026 4 

 

significantly, integrating advanced machine learning (ML) and natural language processing (NLP) 

techniques. These systems aim to identify early signs of mental health issues by analyzing user-

generated content on platforms like Twitter, Reddit, and Instagram [1], [2]. 

Recent studies have developed multimodal deep learning models that combine textual analysis with 

temporal patterns to detect early signs of mental health crises. For instance, Bokolo et al. [3] utilized a 

model trained on large-scale social media posts, achieving high accuracy in detecting crises such as 

depressive episodes, suicidal ideation, and anxiety. This approach demonstrated consistent performance 

across different platforms, highlighting the effectiveness of integrating linguistic and behavioral data. 

Phiri et al. [1] explored the use of textual features from social media in machine learning models for 

predicting depression. Their research indicated that features extracted from user posts—such as word 

embeddings and sentiment scores—could train models that predict depressive behaviors. This 

underscores the potential of text-based analysis in identifying individuals at risk. 

The need for transparency in AI models has led to the development of explainable AI (XAI) systems for 

depression detection. Hameed et al. [4] proposed a framework that combines machine learning 

algorithms with advanced NLP techniques to detect depression, emphasizing interpretability to allow 

users to understand the reasoning behind predictions, which is critical for clinical applications. 

Hybrid models integrating different neural network ar- chitectures have shown promise in enhancing 

detection accuracy. For example, Gadzama et al. [5] introduced a hybrid model combining transformer-

based embeddings with convolutional approaches to analyze social media posts. This method 

demonstrated improved performance by capturing both semantic and temporal patterns in text. 

Despite these advancements, challenges remain in en- suring the ethical application of AI in mental 

health. A report highlighted by Reuters [6] revealed that AI models for depression detection performed 

less effectively for Black Americans than for White Americans. This emphasizes the importance of 

incorporating diverse data to avoid bias and ensure equitable mental health assessments. 

While current systems have shown the potential of AI in depression detection, several limitations persist. 

Issues such as model bias, data privacy concerns, and the requirement for large labeled datasets pose 

challenges for widespread adoption [3], [4], [6]. Future research should focus on developing 

models that are accurate, fair, transparent, and capable of handling diverse linguistic and cultural 

contexts. Reactive Rather Than Proactive Detection: Most exist- ing AI-based depression detection 

systems analyze user posts only after content is published, rather than continuously mon- itoring patterns 

to identify early warning signs of psycholog- ical distress [3], [5]. This reactive approach limits the 

ability to provide timely interventions before mental health issues escalate. Shortcomings include 

reliance on static models that may not adapt to emerging behavioral patterns, insufficient understanding 

of nuanced language or context in social media posts, and limited real-time interaction or feedback 

mechanisms for users at risk. Consequently, these systems may fail to deliver early, personalized, and 

actionable insights necessary for effective mental health support. 

AI-based systems for depression detection in social media offer a promising avenue for early 

intervention and support. However, to realize their full potential, it is essential to ad- dress existing 

challenges related to bias, interpretability, and ethical considerations. Continued research and 

development in this field are crucial for creating inclusive and effective mental health support systems 

[5], [7]. 
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V. EXISTING DRAWBACKS 

Current AI-based systems for psychological analysis and depression detection on social media platforms 

have demon- strated significant promise, yet they face numerous limita- tions that hinder their 

effectiveness, reliability, and practical adoption [1], [2], [3]. 

One of the primary challenges is the reliance on static, pre- trained models that do not dynamically adapt 

to new commu- nication patterns or evolving language use on social media [4], [5]. Many models are 

trained on historical datasets, often collected from specific platforms or demographic groups, limiting 

their ability to generalize across diverse populations. This rigidity can result in misclassification of posts, 

particu- larly when users employ slang, idioms, emojis, sarcasm, or culturally specific references that 

were not represented in the training data [3], [4]. 

Another major drawback is the shallow interpretation of nuanced language and context. While NLP 

models can pro- cess large volumes of textual data, they often fail to capture the underlying emotional 

state, implicit cues, or behavioral trends that signal emerging psychological distress [3], [5]. For 

instance, a post containing seemingly positive words may reflect depressive thoughts when analyzed in 

context with prior user activity, temporal patterns, or engagement met- rics. Current systems 

frequently miss these subtle patterns, reducing the sensitivity and specificity of detection [3], [7]. Bias 

and fairness concerns also limit system effectiveness. Studies have shown that AI models may 

underperform for certain racial, ethnic, or demographic groups due to imbal- anced datasets, leading to 

skewed predictions and unequal treatment [6]. Such bias is particularly concerning in men- tal health 

applications, as it risks exacerbating disparities in access to timely support and intervention. 

Moreover, cultural and linguistic differences across regions are often inadequately addressed, further 

reducing the inclusivity and applicability of these models [4], [5]. 

Data privacy and ethical limitations pose additional chal- lenges. Many models require access to large 

amounts of personal and sensitive user data to train and validate their predictions [5]. Users may be 

reluctant to share private posts or interactions, resulting in incomplete datasets that com- promise model 

accuracy. Furthermore, automated analysis of mental health indicators raises ethical concerns about 

consent, potential stigmatization, and misuse of predictive insights [6], [7]. 

Scalability and real-time analysis represent another signif- icant constraint. While AI models can process 

large datasets, integrating real-time monitoring across multiple platforms remains technically and 

computationally demanding [3], [5]. High-volume social media streams often exceed processing 

capacity, causing delays in detection and limiting the sys- tem’s ability to provide timely interventions. 

This reactive approach reduces the system’s preventive potential, as it identifies psychological 

distress only after it has manifested in explicit posts [3], [7]. 

Explainability and interpretability issues further restrict practical adoption. Many state-of-the-art deep 

learning mod- els, including transformer-based architectures, operate as “black boxes” [4], [7]. 

Clinicians and mental health prac- titioners often struggle to understand the reasoning behind 

predictions, reducing trust in AI recommendations and lim- iting integration into formal healthcare 

workflows. Without transparent explanations, it becomes difficult to validate results, make informed 

decisions, or communicate findings effectively to users at risk [5], [7]. 

 

VI. METHODOLOGY 

The proposed system combines natural language process- ing (NLP), machine learning (ML), and deep 

learning to provide an effective framework for detecting depression and analyzing psychological states 
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from social media data [3], [4]. Its goal is to accurately identify signs of depression, classify severity 

levels, and provide actionable insights for early intervention [6], [7]. 

The process begins with data collection from multiple social media platforms, including Twitter, Reddit, 

and In- stagram. This dataset contains both structured data—such as user metadata, posting frequency, 

and engagement met- rics—and unstructured data, like post text, comments, and emojis [5]. Collecting 

diverse data helps the model capture different language patterns, emotional tones, and behavioral 

indicators associated with mental health [3], [4]. 

Next, the data undergoes a preprocessing phase. This step involves removing URLs, special 

characters, duplicate entries, and non-relevant content. Spelling corrections, tok- enization, 

lemmatization, and stop-word removal are applied to standardize textual inputs [2], [3]. Additional 

preprocess- ing includes extracting metadata features such as time of posting, post length, and frequency 

of interactions to provide contextual information for depression detection [7]. 

The system also performs feature extraction, focusing on linguistic, behavioral, and emotional 

signals. Sentiment analysis, emotion detection, and urgency scoring are applied to understand the 

intensity and tone of each post. Semantic embeddings using models like Word2Vec, GloVe, or BERT 

capture the meaning and contextual relationships of words, while temporal patterns track user activity 

over time [4], [5]. To ensure transparency and interpretability, the system provides explanations for 

its predictions. For each assess- ment, it highlights influential words, phrases, sentiment cues, and 

behavioral patterns that contributed to the decision [2], [3]. A continuous learning mechanism updates 

the model with new posts, trends, and feedback to adapt to evolving communication styles, cultural 

expressions, and emerging mental health indicators [4], [6]. 

Once features are extracted, machine learning and deep learning models are trained. Various classifiers, 

including Random Forest, Support Vector Machines (SVM), and en- semble methods, are evaluated 

alongside deep learning archi- tectures such as bidirectional LSTMs, CNN-LSTM hybrids,   

 

 
Fig. 1: Data Collection and Preprocessing Flow 
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and transformer-based models (e.g., BERT, RoBERTa) [6], [7]. These models learn to classify posts as 

indicative of depression or non-depression, assign severity scores, and identify behavioral risk patterns. 

Finally, the system is designed for scalability and integra- tion. It can be deployed across social media 

monitoring tools, web applications, or mental health platforms without com- promising processing 

speed. Efficient architecture ensures that even during peak posting periods, the analysis remains rapid 

and accurate. This methodology combines automation, contextual understanding, and interpretability to 

deliver a robust, adaptable framework for psychological analysis and depression detection [3], [7]. 

 

VII. PROPOSED SYSTEM 

The proposed system is designed to deliver a smart, adaptable, and scalable framework for identifying 

early signs of depression and psychological distress among social media users. Its primary aim is to 

automatically interpret incoming posts, evaluate their emotional tone and behavioral patterns, and 

generate actionable insights that enable timely and effective interventions [1], [3]. 

By combining computational language understanding methods with advanced automated learning 

models, the sys- tem can process a wide range of content types—from short comments to lengthy 

posts—while continuously enhancing its performance as it processes new information [6], [7]. 

The development process begins with gathering a broad and varied dataset containing historical and real-

time social media data from multiple platforms. This dataset incorpo- rates both structured elements, 

such as posting frequency, user demographics, and interaction metrics, and unstructured elements like 

text posts, comments, and sentiment cues [5]. Each record is labeled with its corresponding mental 

health indicators (such as depressive symptoms, neutral states, or positive states) to guide model 

training [2], [3]. Before use, the dataset undergoes meticulous preprocessing to clean text, standardize 

formats, remove duplicates, and tokenize [7]. Its design also supports smooth integration with mental 

health platforms, social media monitoring tools, and clinical dashboards. 

 

 
Fig. 2: Machine Learning Model Training and Prediction Pipeline 

 

language. Structured fields are normalized, and unstructured portions are processed to identify patterns, 

sentiment, and risk indicators through advanced text analysis [3], [4]. 

The system workflow starts with data ingestion, fol- lowed by the transformation of raw user-generated 
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content into a consistent, machine-readable format. Feature gener- ation blends linguistic representation 

techniques, such as frequency-based vectorization, contextual embeddings, and semantic pattern 

recognition, with metrics like posting time intervals, engagement ratios, and repeated expressions of 

distress [4], [5]. This dual approach ensures the model can capture both surface details and deeper 

psychological context of each post [3], [7]. 

For classification, the system employs either an ensemble- based decision model or a context-aware deep 

neural net- work, depending on the balance needed between explainabil- ity and nuanced interpretation. 

Ensemble methods, such as tree-based classifiers, handle class imbalance effectively and offer 

interpretability, while deep contextual models excel at understanding complex phrasing, evolving slang, 

and subtle emotional cues present in social media text [3], [4]. 

All components—data preparation, feature extraction, and classification—are streamlined into a unified 

processing pipeline for efficiency and reliability. Model parameters are fine-tuned using optimization 

strategies to achieve maximum accuracy while maintaining consistent performance across different 

languages and cultural contexts [6], [7]. 

A distinctive advantage of this system is its ability to provide reasoning alongside its predictions. Rather 

than simply labeling a user as at-risk or not, it highlights the words, sentiment patterns, or behavioral 

signals that influ- enced its decision, enabling both transparency and trust in its recommendations [3], 

[4]. 

To remain relevant, the system continuously incorporates newly observed data and feedback into its 

knowledge base, retraining models periodically to adapt to evolving commu- nication styles, emerging 

trends, and shifting risk factors [6], 

 

VIII. RESULTS AND DISCUSSION 

The performance of the proposed AI-based depression detection and psychological analysis system was 

evaluated using multiple key performance indicators, including accu- racy, precision, recall, F1-score, 

and a confusion matrix. These metrics provide a comprehensive view of the system’s effectiveness in 

identifying depression levels from social media content [1], [3], [6]. 

The evaluation process followed the completion of data preprocessing, feature extraction, and model 

training phases, ensuring that the assessment reflected real-world perfor- mance. The model, built on 

an optimized machine learn- ing and deep learning pipeline, demonstrated an impressive accuracy 

exceeding 93% on both the training and testing datasets. This high level of accuracy indicates that the 

system generalizes effectively to unseen user data, making it reliable for practical deployment. Precision 

and recall scores were also consistently high across all depression levels—mild, moderate, and severe—

highlighting the balanced nature of the classification without bias toward any specific risk cate- gory [3], 

[7]. 

The confusion matrix provided further insights into model behavior. While the system displayed strong 

performance across all severity categories, a slightly higher rate of mis- classification was observed for 

posts in the moderate-risk range. This can be attributed to the inherent subjectivity in labeling borderline 

cases, where the characteristics of a post may overlap with both mild and severe categories. Despite this, 

the system maintained overall robustness, with minimal confusion between the extremes of risk levels 

[3], [4]. 

A significant factor in the model’s success was the inte- gration of both structured and unstructured 

features. Struc- tured attributes—such as posting frequency, time of day, and engagement metrics—
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were combined with semantic representations derived from advanced text vectorization and contextual 

embeddings. This dual-feature approach enabled the model to capture not only the statistical patterns of 

user behavior but also the contextual meaning and emotional tone of the posts, thereby improving 

classification accuracy [4], [5]. 

Although the system’s performance is strong, opportuni- ties for further enhancement exist. 

Incorporating domain- specific lexicons, expanding the dataset with more diverse ex- amples, and 

experimenting with alternative algorithms such as Gradient Boosting or transformer-based models could 

yield incremental improvements. These refinements could also help reduce the marginal error rate for 

moderate-risk posts [6], [7]. 

Overall, the results confirm the effectiveness of the pro- posed system in accurately identifying 

depression levels and psychological distress from social media content. By offering reliable, real-time 

classification and feedback, it serves as a valuable tool for mental health professionals and ensures that, 

 

 
Fig. 3: Performance Metrics of Depression Detection 

 

with continuous updates, the system can remain effective in evolving operational environments, 

ultimately enhancing both efficiency and user satisfaction [1], [3]. 

 

IX. CONCLUSION 

The development and evaluation of the proposed AI- based psychology analysis and depression 

detection system demonstrate its potential as an intelligent, scalable, and adaptive solution for 

effectively identifying mental health risks among social media users [1], [3]. By leveraging a com- 

bination of advanced natural language processing techniques and machine learning algorithms, the 

system successfully interprets online content, detects psychological distress, and categorizes posts into 

appropriate depression or risk levels [4], [7]. 

The high accuracy, precision, recall, and F1-scores achieved across all classes validate the system’s 

ability to deliver reliable and balanced predictions without favoring any specific risk category [3], [6]. 

The inclusion of both structured behavioral features—such as posting frequency, engagement metrics, 

and activity patterns—and unstructured semantic features derived from textual data proved to be a 

key strength, enabling the system to capture both the statistical patterns and contextual nuances of users’ 

online behavior [4], [5]. 

Furthermore, the low misclassification rates observed in the confusion matrix reaffirm the robustness of 

the model, even in cases where risk levels share overlapping character- istics [3], [7]. While minor 

challenges remain—particularly in refining the classification of moderate-risk posts—the system’s 
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overall performance highlights its readiness for real- world application [6]. 

The adaptability of this system makes it suitable for inte- gration into various platforms, from mental 

health monitoring tools to clinical dashboards and social media moderation systems [1], [5]. By 

automating risk detection and psy- chological assessment, it has the potential to support early 

intervention, reduce manual workload for professionals, and enhance overall user well-being [3], [7]. 

Looking ahead, further improvements can be achieved through dataset expansion, inclusion of culturally 

and lin- guistically diverse data, and exploration of more advanced deep learning or multimodal 

approaches [4], [6]. These refinements will enhance the system’s accuracy, inclusivity, and ability to 

address emerging patterns of online behavior, ensuring it remains a valuable tool for safeguarding 

mental health in the digital era [3], [7]. 

 

X. FUTURE SCOPE 

The proposed AI-based psychology analysis and depres- sion detection system lays a strong foundation 

for automating mental health risk identification among social media users with intelligent algorithms [1], 

[3]. Although its current version already achieves high accuracy, transparency, and interpretability, there 

remains ample opportunity to expand its adaptability, reliability, and deployment across practical 

environments [4], [7]. 

In future iterations, the system can extend to support multilingual and culturally diverse content, 

enabling more inclusive monitoring and early identification of at-risk indi- viduals without 

communication barriers [4], [5]. Introducing real-time detection pipelines would ensure high-risk cases 

are flagged instantly and routed for timely support [6], [7]. Leveraging advanced deep learning 

architectures—such as transformer-based and hybrid multimodal models—could offer richer insights 

into nuanced behaviors, subtle emo- tional signals, and cross-platform trends while retaining 

interpretability [3], [4]. 

These advancements will help create a scalable, ethical, and proactive mental health monitoring 

ecosystem, ulti- mately improving psychological well-being on a broader scale [1], [7]. 
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