
A Sentiment based Appoarch to Understanding 

Mental Health Trends 

Guided By: Dr. M. Subathra, 

M.C.A., M.Phil., Ph.D.,

Assistant Professor,

Department of Computer Applications, 

Vellalar College for Women (Autonomous) 

Thindal, Erode-12 

patterns in mental health discourse. Researchers and medical 

professionals can learn a great deal about population-level 

mental health dynamics by monitoring sentiment trends in 

user-generated material, especially during times of high stress 

like pandemics, economic downturns, or political upheaval. 

 In parallel, the rise of digital communication platforms, 

especially social media, has transformed the way people 

express their emotions and mental states. Platforms like 

Twitter, Reddit, and mental health forums have become 

informal spaces where individuals discuss their thoughts, 

feelings, and struggles. These platforms provide an 

unprecedented volume of unfiltered, real-time textual data 

that reflects public sentiment on mental health issues. 

Leveraging this data offers a powerful opportunity to 

complement traditional mental health monitoring methods. 

I. Aim

      To develop and apply a sentiment-based analytical 

approach for understanding mental health trends by 

leveraging natural language processing (NLP) techniques on 

textual data from digital platforms, in order to identify 

emotional patterns, detect potential psychological distress, 

and support early intervention strategies. 

II. OBJECTIVE

    The primary objective of this study is to develop a 

sentiment-based analytical framework to understand mental 

health trends by leveraging natural language processing 

(NLP) techniques. This involves collecting and preprocessing 

textual data from relevant sources such as social media 

platforms, mental health forums, or digital journaling 
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Abstract: - A possible approach to understanding and 

evaluating human emotions, particularly regarding mental 

health, is through sentiment analysis, a technology in 

natural language processing (NLP). By analyzing written 

content from online discussions, social media platforms, and 

clinical documentation, sentiment analysis can provide 

valuable insights into individuals' emotional well-being. 

However, there are several challenges associated with 

applying sentiment analysis in the realm of mental health. 

These challenges include expressions that depend on context, 

the complexity of detecting nuanced emotional indicators, 

and the variety of language utilized by individuals in 

different setting cultural backgrounds and demographics.  

Furthermore, current sentiment analysis techniques sometimes 

have trouble differentiating between regular mood swings and 

feelings connected to mental health. The potential advantages of 

sentiment analysis in mental health are enormous, 

notwithstanding these difficulties. It provides chances for the 

development of individualised therapeutic interventions, 

ongoing monitoring of people's emotional states, and early 

diagnosis of mental health issues. Additionally, by facilitating 

prompt treatments, lowering stigma, and offering a scalable and 

easily accessible way to track mental health, sentiment analysis 

can improve mental health support systems.  

Keywords: sentiment analysis, machine learning, mental health, 

and natural language processing (NLP). 

I. OVERVIEW

A branch of natural language processing (NLP) called 

sentiment analysis makes it possible to automatically identify 

the emotional tone of vast amounts of text, whether it be 

neutral, negative, or positive. Sentiment analysis can be used 

to track the public's mental health over time, spot early 

indicators of psychological distress, and find emotional 

applications, while ensuring ethical standards and data 

privacy. The study aims to classify emotional content into 
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categories such as stress, anxiety, and depression, using 

machine learning models capable of detecting subtle shifts in 

sentiment  

III. METHODOLOGY: 

The methodology for analyzing sentiment related to 

mental health using social media data involves several 

key stages: data collection, preprocessing, model 

training, and performance evaluation. Here are the 

detailed steps:  

1. Data Collection: The initial step is to gather a dataset of 

social media posts related to mental health from platforms 

like Twitter or Reddit. This can be done using existing 

datasets or APIs, filtering content based on relevant keywords 

such as “depression,” “anxiety,” and “mental health.” The 

dataset is then divided into training, validation, and test sets 

to ensure proper model evaluation.  

2. Data Preprocessing: Preprocessing is crucial to clean the 

social media data and prepare it for analysis. This involves: 

Converting text to lowercase to ensure uniformity. Removing 

special characters, punctuation marks, and unwanted symbols 

(e.g., URLs, emojis) that do not contribute to sentiment 

classification. Tokenizing sentences into words. Removing 

stopwords, which are common words like "the" and "is" that 

do not affect sentiment meaning.  

3. Word Embedding: The preprocessed text is transformed 

into dense vector representations using pre-trained 

embedding techniques like GloVe, which capture the 

semantic relationships between words. These embeddings are 

used as input to the neural network, providing the model with 

meaningful representations of words in a lower-dimensional 

space.  

4. LSTM Model Construction: The core of this 

methodology is the LSTM (Long Short-Term Memory) 

network, selected for its ability to capture sequential 

information and relationships between words over time. The 

steps in model construction include:  

➢ Embedding Layer: The input text is passed through 

an embedding layer that converts words into dense 

vectors.  

➢ LSTM Layer: A single LSTM layer captures the 

temporal dependencies in the text sequence, allowing 

the model to understand the context and sentiment of 

each sentence. 

➢  Dropout Layer: Dropout is applied to prevent 

overfitting by randomly setting a fraction of input 

units to zero during training.  

➢ Fully Connected Layer: The output from the LSTM 

layer is flattened and passed to a fully connected layer 

with a sigmoid activation function for binary 

sentiment classification (positive vs. negative).  

5. Training the Model:. The model is trained over multiple 

epochs to ensure convergence, with key hyperparameters like 

learning rate, batch size, and epoch count tuned for optimal 

performance. 

 6. Model Evaluation: Once trained, the model's 

performance is evaluated on a test set using several metrics: 

Accuracy: Measures how often the model predicts the correct 

sentiment. Precision and Recall. 

7. Post-Processing: After classification, the sentiment trends 

are analyzed to gain insights into mental health discussions. 

8. Real-Time Deployment (Optional): The trained model 

can be deployed for real-time sentiment analysis on new 

social media posts, providing ongoing monitoring of public 

sentiment about mental health issues. 

IV. RESULT AND DISCUSSION: 

Initial experiments yielded the following results for sentiment 

analysis related to mental health on social media: 

        

 

• Positive (120 posts) → The highest number of posts 

are classified as positive. This indicates that a 

significant portion of people express encouraging, 

hopeful, or optimistic feelings when discussing 

mental health. 

• Negative (80 posts) → A notable number of posts 

fall under the negative category, reflecting concerns, 

stress, or struggles shared by individuals. 

• Neutral (50 posts) → Some posts are neutral, 

meaning they neither strongly express positivity nor 

negativity. These could be informational or balanced  
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V. DISCUSSION 

          The findings of this study highlight the potential of 

sentiment analysis as an effective tool for understanding 

public perceptions and emotional trends related to mental 

health. The results indicate that a majority of the analyzed 

posts exhibit positive sentiment, suggesting that more people 

are engaging in supportive and encouraging conversations 

around mental health.  

           A significant proportion of posts were classified as 

negative, reflecting the persistent struggles faced by 

individuals dealing with anxiety, depression, and other mental 

health conditions. 

           The presence of neutral posts also provides an 

important insight. These discussions are generally 

informational, educational, or awareness-driven, which play 

a crucial role in normalizing conversations about mental 

health. 

            This analysis demonstrates that sentiment analysis can 

act as a monitoring tool for policymakers, psychologists, and 

healthcare providers. By identifying the emotional trends of 

online discussions, it becomes possible to detect rising 

concerns, evaluate the impact of awareness campaigns, and 

even predict potential mental health crises in communities. 

          Overall, the discussion suggests that while sentiment 

analysis cannot replace professional diagnosis, it offers 

valuable insights into public emotions, perceptions, and 

attitudes toward mental health, thereby supporting informed 

decision-making in healthcare and policy development. 

VI. FUTURE ENHANCEMENTS: 

           The proposed system can be improved by 

incorporating advanced deep learning models such as BERT 

or LSTM to achieve higher accuracy in sentiment 

classification. The framework can also be extended to support 

multilingual and cross-cultural datasets, thereby capturing a 

wider spectrum of global mental health discussions. 

Additionally, implementing real-time monitoring dashboards 

will enable dynamic tracking of mental health sentiments 

across social media and forums. Integration with healthcare 

platforms could further enhance its utility by providing early 

alerts and assisting mental health professionals in timely 

interventions.  

VII. CONCLUSION 

This study demonstrates that sentiment analysis is a valuable 

tool for understanding mental health trends by categorizing 

discussions into positive, negative, and neutral sentiments. 

The results show that while positive sentiments dominate, a 

significant portion of negative sentiments highlights the 

ongoing struggles individuals face, indicating the need for 

timely support and awareness. Neutral sentiments further 

contribute by providing balanced and informative 

discussions. Although the system has limitations such as 

handling sarcasm and cultural variations, it provides 

meaningful insights that can aid healthcare professionals, 

policymakers, and researchers in monitoring public 

perceptions. Overall, sentiment analysis offers a promising 

approach to support mental health awareness, early detection 

of issues, and the development of effective intervention 

strategies. 
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