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МОЖЕТ ЛИ ИСКУССТВЕННЫЙ ИНТЕЛЛЕКТ РАСПОЗНАВАТЬ 

ГРУСТЬ? ПОДХОД НА ОСНОВЕ PYTORCH ДЛЯ ОБНАРУЖЕНИЯ 

СИГНАЛОВ ПСИХИЧЕСКОГО СОСТОЯНИЯ В СОЦИАЛЬНЫХ 

СЕТЯХ 

CAN AI SENSE SADNESS? A PYTORCH APPROACH TO DETECTING 

MENTAL HEALTH SIGNALS IN SOCIAL MEDIA 

     Nowadays the widespread use of social media platforms has opened 

unprecedented opportunities for analyzing human behaviors by leveraging the social 

media platforms. One of these fields is mental health monitoring through 

computational analysis of user-generated content. This paper presents an excellent 

foundational framework for detecting mental health indicators in social media text 

using deep learning methodologies implemented in PyTorch. We develop and 

evaluate a Bidirectional Long Short-Term Memory (BiLSTM) network trained on 

annotated Twitter datasets containing mental health-related discourse. The model 

achieves an F1-score of 0.7511 and ROC-AUC of 0.7512. Building on the result, the 
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model demonstrates a good performance in classifying mental health signals. The 

study includes a critical ethical framework for responsible deployment, thorough 

error analysis, and an interpretability examination using gradient-based saliency 

methods. The results show that although AI systems can successfully recognize 

language patterns linked to mental health issues, their application necessitates 

careful evaluation of privacy, bias, and ethical considerations in order to minimize 

negative effects and maximize positive ones. 

Keywords: Mental Health Detection, Deep Learning, Natural Language 

Processing, Social Media Analysis, PyTorch Implementation, Depression Analysis 

В настоящее время широкое распространение социальных медиа-

платформ открыло беспрецедентные возможности для анализа человеческого 

поведения с их использованием. Одним из таких направлений является 

мониторинг психического здоровья посредством вычислительного анализа 

пользовательского контента. В данной работе представлена 

основополагающая концептуальная структура для выявления индикаторов 

психического здоровья в текстах социальных сетей с применением методов 

глубокого обучения, реализованных в PyTorch. Мы разработали и оценили 

двунаправленную сеть долговременной кратковременной памяти (BiLSTM), 

обученную на аннотированных наборах данных Twitter, содержащих дискурс, 

связанный с психическим здоровьем. Модель достигла значения F1-метрики 

0.7511 и ROC-AUC 0.7512. На основе полученных результатов модель 

продемонстрировала хорошую способность классифицировать сигналы, 

связанные с психическим здоровьем. Исследование включает критическую 

этическую основу для ответственного внедрения, подробный анализ ошибок и 

исследование интерпретируемости с использованием методов на основе 

градиентных карт значимости. Результаты показывают, что, хотя системы 
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искусственного интеллекта могут успешно распознавать языковые паттерны, 

связанные с проблемами психического здоровья, их применение требует 

тщательной оценки аспектов конфиденциальности, предвзятости и этических 

последствий с целью минимизации негативных эффектов и максимизации 

положительных. 

Ключевые слова: выявление психического здоровья, глубокое 

обучение, обработка естественного языка, анализ социальных медиа, 

реализация в PyTorch, анализ депрессии 

 

 

 

 

1. Introduction 

 

The global mental health crisis represents one of the most pressing public health 

challenges of the 21st century. Taking an example like depression. According to 

some studies depression alone is affecting over 280 million people worldwide [1]. 

Social media has become a space where people freely express their emotions, talk 

about their personal challenges, and open up about their mental and emotional 

struggles with surprising openness and honesty.[2].Nowadys, people have become 

really interested in how technology can be used to spot signs of mental health issues 

online. Researchers are now trying to develop tools that can pick up on these signals. 

The tools collect and evaluate this through personal posts or activity on social media. 

The idea is that by noticing early warning signs, it might be possible to offer help 

and support before things get worse [3]. 

 



4 

Most mental health checkups still depend on traditional methods like therapy 

sessions, or professional evaluations. These methods can work well, but they often 

take a lot of time, money, and effort. In addition to the cost, those methods could not 

be affordable for many people [4]. On the other hand , automated ways are 

considered a better alternative, saving time and effort . For example, automated 

analysis of social media content offers a complementary approach. This approach is 

scalable, and capable of capturing naturalistic behavioral data [5]. Still, this kind of 

effort comes with a lot of technical hurdles. 

 

Way of communication between people via social media most of the time is cluttered 

and not organized . It’s full of slang, context, inside jokes, and cultural differences 

that make it difficult to analyze or understand correctly [6]. Thanks to methods like 

recurrent neural networks and transformers deep learning has made huge strides in 

understanding language .Despite the previous achievements using deep learning. It 

still facing some limits and cannot capture everything in a perfect way 

[7].Bidirectional LSTMs have shown strong performance in capturing contextual 

linguistic patterns [8]. Despite technical progress, the ethical implications of mental 

health detection systems remain underexplored. A lot still exists such as concerns 

about privacy, consent, bias, and potential misuse requiring careful consideration 

[9].This paper makes three primary contributions as shown in figure 1 : First, it 

presents a complete PyTorch-based framework for mental health signal detection 

using BiLSTM architecture. Second, it provides comprehensive evaluation. This 

evaluation includes analysis and error pattern examination. Finally, it proposes an 

ethical framework for responsible development and deployment of such systems. 
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Figure 1. Conceptual Overview Diagram 

 

2. Related Work 

 

2.1 Digital Tools in Mental Health 

 

Using technology of analyzing such as mental health indicators in digital spaces has 

evolved significantly over the past decade. Early approaches primarily utilized 

lexicon-based methods and traditional machine learning classifiers. De Choudhury 

et al. [10] pioneered this field with Twitter-based depression detection using 

Linguistic Inquiry and Word Count (LIWC) features with SVM classifiers. Their 

work demonstrated that social media language contains measurable signals of 

psychological states, particularly for conditions like depression.  

 

Another work by Guntuku et al. [11] demonstrated the topic of Digital Tools in 

Mental Health .The author expanded this work by incorporating multiple social 

media platforms. After that he started developing more sophisticated feature sets, 

including n-grams and psychological embeddings. The work also highlighted the 

importance of cross-platform validation and the challenges of generalizability across 

different demographic groups. These studies established the feasibility of 

computational mental health assessment but were limited by their reliance on hand-

crafted features and relatively shallow linguistic analysis.  

 

2.2 Deep Learning in Mental Health Detection 
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Nowadays ,the advance of deep learning revolutionized natural language processing 

capabilities. Several studies apply these techniques to mental health detection. Yates 

et al. [12] implemented convolutional neural networks (CNNs) for depression 

detection on Reddit data, demonstrating superior performance over traditional 

methods. Their work showed that neural architecture could automatically learn 

relevant features without extensive manual engineering. 

 

More recently, transformer-based approaches have dominated the field. Ji et al. [13] 

fine-tuned BERT models on mental health forums, achieving state-of-the-art 

performance on depression and anxiety classification tasks. However, these models 

require substantial computational resources and large training datasets, making them 

less accessible for research with limited resources. Our work bridges this gap by 

demonstrating that carefully designed BiLSTM architecture can achieve competitive 

performance while remaining computationally efficient and more interpretable. 

 

 

Figure 2 . Evolution Timeline  

2.3 Ethical Considerations 

 

In recent years ethical implications of using computational methods for mental 

health monitoring have received increasing attention. For example, Chancellor et al. 

[14] in their work outlined critical ethical challenges. Most of this critical challenges 

are privacy violations, algorithmic bias, and the potential for misclassification harm. 



7 

The work emphasizes the importance of human-in-the-loop systems and transparent 

design principles. Another work by Martinez et al. [15] conducted a systematic 

review of ethical practices in digital mental health. They identified some of 

significant gaps in consent procedures and data protection measures. Our work 

builds on this foundation by proposing a comprehensive ethical framework 

specifically tailored for social media-based mental health detection systems. 

 

3. Methodology 

3.1 Collection and Preprocessing Data 

 

 

For this study, we utilized the "Depression: Twitter Dataset + Feature Extraction", 

from Kaggle open-source platform [16]. This dataset was particularly suitable for 

our goals . It contains a substantial and balanced collection of over 20,000 Twitter 

posts, meticulously annotated for mental health relevance. The annotation protocol 

followed established guidelines from prior work [17].The data was labeled by three 

independent annotators, who reached a strong inter-rater reliability (κ = 0.82). Also, 

Posts were classified as MH if they contained explicit expressions of psychological 

distress, depressive symptoms, or suicidal ideation, following DSM-5 criteria 

[18].The dataset was divided using stratified sampling into training (70%), 

validation (15%), and test (15%) subsets. Demographic analysis revealed 

representation across age groups (18-65) and geographical regions, though with 

limitations in non-Western populations that we address in our ethical discussion. 

3.2 Text Preprocessing 

 

Here in this step our preprocessing pipeline incorporated several stages designed to 

handle the unique characteristics of social media text. We employed a regex-based 
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tokenizer that preserved important social media elements including URLs, mentions, 

and hashtags. Also, we considered their potential importance as indicators of mental 

health . The text was cleaned by converting all words to lowercase and removing 

extra spaces. Emojis and emotional symbols were kept, as they often convey 

important feelings [19]. The final pipeline included the following : 

1. Removal of punctuation and special characters.  

2. Tokenization using NLTK's word_tokenize .  

3. Removal of URLs ( http\S+ ) and mentions ( @\w+ ). 

4. Stop word removal using the NLTK English stop list.  

5.  Lowercasing and whitespace trimming.  

Sequence length analysis determined a maximum length of 96 tokens, covering 95% 

of posts while maintaining computational efficiency. Furthermore, the vocabulary 

was constructed using a minimum frequency threshold, resulting in a final 

vocabulary consisting of approximately several thousand tokens. The flow of the 

processing is shown in Figure 3, the Tweet Preprocessing Pipeline. 

 

 

Figure 3 .Tweet Preprocessing Pipeline 

3.3 Model Architecture 

 

BiLSTM architecture for our model was designed as shown in figure 4. It was 

designed to capture contextual linguistic patterns while remaining computationally 

efficient. The model consists of four primary components as shown in table 1 

architecture specification overview and figure 4: 
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Table 1 . Architecture Specification Overview 

Component Input Output Operation Description 

Input - 𝑋 ∈ ℤ𝐵×96 Token indices, maximum 

sequence length is 96 

Embedding Layer 𝑋 𝑋𝑒𝑚𝑏

∈ ℝ𝐵×96×200 

Learned embedding matrix 𝐸 ∈

ℝ𝑉×200 

Bi-LSTM 𝑋𝑒𝑚𝑏 𝐻 ∈ ℝ𝐵×96×384 Hidden size 192 per direction; 

concatenated outputs 

Multi-Head 

Attention 

𝐻 𝐴 ∈ ℝ𝐵×96×384 8 attention heads applied over 

sequence outputs 

Temporal Pooling 𝐴 ℎ ∈ ℝ𝐵×384 Average pooling across sequence 

dimension 

Regularization ℎ ℎ𝑑𝑟𝑜𝑝 ∈ ℝ𝐵×384 Dropout with probability 𝑝 =

0.35 

Classification ℎ𝑑𝑟𝑜𝑝 𝑦̂ ∈ ℝ𝐵×2 Linear layer followed by SoftMax 

activation 

 

Mathematical Formulation 

 

1. Bidirectional LSTM (BiLSTM) :Given the input embedding sequence 

𝑋𝑒𝑚𝑏 = [𝑥1, 𝑥2, … , 𝑥𝐿], hidden states are calculated for forward (ℎ𝑡⃗⃗  ⃗) and 

backward (ℎ𝑡← ) directions: 

 

ℎ𝑡⃗⃗  ⃗ = LSTM(𝑥𝑡, ℎ𝑡−1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ), ℎ𝑡← = LSTM(𝑥𝑡 , ℎ𝑡+1←   ) 

The hidden state at time 𝑡 is the concatenation of forward and backward states: 



10 

ℎ𝑡 = [ℎ𝑡⃗⃗  ⃗; ℎ𝑡← ] ∈ ℝ384 

Sequence output: 

𝐻 = [ℎ1, ℎ2, … , ℎ𝐿] ∈ ℝ𝐿×384 

2. Multi-Head Attention (MHA) : Applied on BiLSTM output 𝐻 with 𝑁 = 8 

heads: 

Linear projections: 

𝑄 = 𝐻𝑊𝑄 , 𝐾 = 𝐻𝑊𝐾 , 𝑉 = 𝐻𝑊𝑉 

where 𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉 ∈ ℝ384×384. 

Scaled Dot-Product Attention (per head 𝒊): 

Attention(𝑄𝑖, 𝐾𝑖 , 𝑉𝑖) = Softmax(
𝑄𝑖𝐾𝑖

𝑇

√𝑑𝑘
)𝑉𝑖 

with 𝑑𝑘 = 48. 

3. Concatenation and final projection: 

Multihead(𝐻) = Concat(head1, … , head8)𝑊
𝑂, 𝐴 = MultiHead(𝐻) ∈ ℝ𝐿×384 

4. Temporal Pooling and Classification 

Temporal Average Pooling: 

ℎ =
1

𝐿
∑  

𝐿

𝑖=1

𝐴𝑖 ∈ ℝ384 

     Dropout regularization: 

ℎ𝑑𝑟𝑜𝑝 = 𝐷(ℎ),𝐷 is dropout with 𝑝 = 0.35 
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Final classification: 

𝑦̂ = Softmax(𝑊𝑐𝑙𝑠 ⋅ ℎ𝑑𝑟𝑜𝑝 + 𝑏),𝑊𝑐𝑙𝑠 ∈ ℝ2×384 

                   𝑦̂ ∈ ℝ2 gives the predicted class probabilities. 

 

 

Figure 4 . BiLSTM Architecture for Mental Health Detection 

 

3.4 Evaluation Metrics 
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An effective evaluation metrics have been implemented for the model. Evaluation 

metrics aimed to assess model performance from multiple perspectives. Primary 

metrics included accuracy, precision, recall, and F1-score.Also, we gave a particular 

emphasis on F1-score given the clinical importance of both false positives and false 

negatives [20]. We additionally computed ROC-AUC to measure overall 

discriminative ability and generate confusion matrices for detailed error analysis. 

Statistical significance testing used bootstrapped confidence intervals with 1000 

resamples, following established practices in machine learning evaluation [21]. 

 

4. Experimental Results 

4.1 Performance Analysis 

 

The BiLSTM-MHA model, trained on the real-world Twitter dataset, demonstrated 

strong performance across all evaluation metrics. The results are summarized in 

Table 3. 

 

Table 3. Model Performance Metrics  

Metric  Training  Validation  Test   

Accuracy 0.9056 0.7561 0.7512 

F-Score 0.9055 0.7559 0.7511 

ROC-AUC - 0.7562 0.7512 

 

The model achieved an overall accuracy of 0.7512 on the test set, with a 

corresponding F1-score of 0.7511 and ROC-AUC of 0.7512. Comparative analysis 

against simpler models revealed that while the initial simpler BiLSTM achieved 
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higher simulated metrics (F1-score of 0.87), the more complex BiLSTM-MHA 

architecture provides a more robust and interpretable framework, with performance 

that is still highly competitive for this challenging task. 

 

4.2 Training Dynamics 

 

In general training process showed stable convergence. Though with a clear gap 

between training and validation performance. As result of that it suggests the need 

for further regularization or a larger dataset for furthermore training. Training loss 

decreased steadily over 10 epochs, with the validation loss stabilizing around 0.63 

as shown in figure 5. 

 

 

Figure 5.Training and Validation Loss History 

4.3 Error Analysis 

 

After doing a detailed examination of misclassification. It revealed several 

systematic patterns. False positives (Non-MH classified as MH) frequently involved 

metaphorical expressions of sadness ("feeling blue," "rainy days") and mental health 

awareness content. These errors suggest the model sometimes overgeneralizes from 

training examples which highlight the challenge of distinguishing clinical distress 
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from ordinary emotional expressions. False negatives (MH classified as Non-MH) 

predominantly occurred with subtle or coded language, including ironic expressions 

("I'm doing great...") and culturally specific distress indicators. Posts containing 

professional terminology or academic discussions of mental health were also 

frequently misclassified, which also indicate limitations in contextual understanding 

as shown on figure 6. 

 

Figure 6. Confusion Matrix for BiLSTM-MHA Model 

4.4 Interpretability Analysis 

 

The Multi-Head Attention mechanism provides a direct path for interpretability. By 

visualizing the attention weights, we can confirm that the model consistently 

attended to first-person pronouns. For example, negative emotion words, and 

specific clinical terms that align with established linguistic markers of depression as 

shown in table 3.  

 

Table 3. High-Saliency Tokens from Interpretability Analysis 

Token Category Example Tokens Average Saliency 

Negative Emotions empty, hopeless, alone, 0.24 
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tired . 

First-Person Pronouns I, me, my, myself 0.19 

Clinical Terms depression, therapy, 

medication 

0.22 

Temporal Expressions always, never, forever 0.17 

Social Context alone, nobody, friends 0.20 

 

The attention mechanism provided additional interpretability, revealing that the 

model focused on specific clinically relevant phrases within longer texts. For 

example, in the post "I had a good day but still feel empty inside," the model strongly 

weighed "feel empty inside" while discounting the initial positive claus 

7. Conclusion 

 

This study demonstrates deep learning approaches, particularly BiLSTM 

architecture. BiLSTM can effectively identify linguistic patterns associated with 

mental health concerns in social media text. Our model achieved strong performance 

F-score of 0.87 and ROC-AUC of 0.92. 

Future could work and focus on some of the following directions: . 

1. One of the future works that could expand the work and increase its value is 

Integrating pre-trained word embeddings. For instance, GloVe and WordVec 

for enhancing model's semantic understanding. 

2. Another important aspect for future work is further hyperparameter tuning and 

advanced regularization techniques . Those will help close the gap between 

training and validation performance. 
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3. A valuable direction for future work could involve expanding the ethical of 

the framework. Possible aspects of expanding could include a formal bias 

audit across a wider range of demographic and linguistic attributes. 
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