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Abstract--This research paper presents a comprehensive system for temporal sentiment analysis and crisis detection in conversational agents leveraging Large Language Models (LLMs). The system analyzes user conversations in realtime to track sentiment patterns over time and detect potential crisis situations such as mental health concerns, emergency situations, or high-stress scenarios. By employing state-of-the-art open-source LLMs, the system provides accurate sentiment classification, temporal trend analysis, and early warning mechanisms for crisis intervention. The implementation utilizes Python-based frameworks including Streamlit for the user interface, Hugging Face Transformers for LLM integration, and various NLP libraries for text processing. The system architecture incorporates multiple components: a conversation handler, temporal sentiment analyzer, crisis detection module, and visualization dashboard. The solution addresses the growing need for intelligent conversational systems that can understand emotional context and provide timely interventions in critical situations. It include real-time sentiment tracking across conversation history, multi- dimensional emotion analysis (valence, arousal, anddominance), crisis probability scoring  with configurable thresholds, temporal pattern recognition using sliding window analysis, and interactive visualizations for sentiment trajectories. The system achieves high accuracy in sentiment classification and demonstrates effectiveness in early crisis detection through comprehensive testing on diverse conversational datasets. 
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I.INTRODUCTION 
The rapid advancement of artificial intelligence and natural language processing has revolutionized 
human-computer interaction through conversational  agents. These systems, ranging from customer service chatbots to mental health support applications, process millions of conversations daily. However, traditional conversational agents often lack the 

sophisticated emotional intelligence required to understand the temporal dynamics of user sentiment and identify crisis situations requiring immediate intervention.Sentiment analysis, the computational study of opinions, emotions, and attitudes expressed in text, has evolved significantly with the advent of deep learning and Large Language Models. While conventional sentiment analysis provides point-intime emotional assessment, temporal sentiment analysis tracks how emotions evolve throughout a conversation, revealing patterns that might indicate escalating distress, improving mood, or sudden emotional shifts. This temporal dimension is crucial for applications in mental health support, emergency services, and customer relationship management. 
Crisis detection in conversational contexts presents unique challenges. Unlike traditional emergency detection systems that rely on explicit keywords or phrases, modern crisis detection must understand nuanced language, context-dependent expressions, and subtle indicators of distress. Large Language Models, with their ability to comprehend context, semantics, and implicit meanings, offer unprecedented capabilities for identifying crisis situations before they escalate. 
This research work addresses these challenges by developing an integrated system that combines temporal sentiment analysis with crisis detection using open-source Large Language Models.The system is designed to be deployable in various domains including mental health support platforms, customer service applications, educational counseling systems, and emergency response chatbots. By providing realtime analysis and early warning mechanisms, the system enables timely interventions and appropriate resource allocation in critical situations. 
II.RELATED WORK 
[1]Traditional sentiment analysis techniques have evolved from lexicon-based approaches tosophisticated deep learning models. Socher et al introduced recursive neural networks for sentiment analysis, demonstrating the importance of compositional semantics. The advent of attention mechanisms in neural networks, particularly through the Transformer architecture proposed by Vaswani et al.revolutionized NLP tasks including sentiment analysis. Liu et al. presented RoBERTa, a robustly optimized BERT approach, which achieved state-ofthe-art results on sentiment classification tasks. Their work demonstrated that careful model pre-training and hyper parameter tuning could significantly improve performance on downstream tasks. Similarly, Sanh et al. introduced DistilBERT, showing that knowledge distillation could create smaller, faster models while retaining 97% of BERT's language understanding. Mohammad and Turney developed the NRC Emotion Lexicon, contributing to multi-dimensional emotion analysis by categorizing words into eight basic emotions and two sentiments. This work highlighted the importance of understanding emotional nuances beyond simple positive/negative classification. 
[2]Temporal sentiment analysis adds the dimension of time to traditional sentiment analysis.Pang and Lee emphasized the importance of opinion dynamics over time in their seminal work on opinion mining. Bollen et al. demonstrated practical applications of temporal sentiment analysis by correlating Twitter mood with stock market movements, showing how sentiment trajectories could predict future outcomes. Thelwall et al. (2012) developed SentiStrength for detecting sentiment strength in informal text, particularly useful for social media analysis. Their work incorporated temporal elements by tracking sentiment changes across conversation threads. Nguyen et al proposed methods for modeling topic-specific sentiment evolution, relevant for tracking how attitudes change during extended conversations. 
[3]The application of NLP to mental health crisis detection has gained significant attention. Coppersmith et al. pioneered work on detecting mental health conditions from social media posts, using linguistic markers and posting patterns. De Choudhury et al. developed models for predicting depression risk from social media activity, demonstrating the feasibility of early detection systems. Zirikly et al. organized the CLPsych shared task on suicide risk assessment, establishing benchmarks for crisis detection in mental health contexts. Their work emphasized the importance of temporal factors, showing that changes in posting behavior over time could indicate elevated risk. Chancellor and De Choudhury provided comprehensive analysis of methods for detecting mental health crises online, discussing ethical considerations and challenges. 
MacAvaney et al applied BERT-based models to mental health text classification, achieving significant improvements over traditional approaches. Their work demonstrated that contextualized word embeddings could capture nuanced expressions of distress more effectively than keyword-based methods 
[4]The development of increasingly capable Large Language Models has transformed natural language understanding. Devlin et al. introduced BERT, using bidirectional training to achieve deeper contextual understanding. Brown et al. presented GPT-3, demonstrating that very large language models could perform tasks through few-shot learning without finetuning. Sanh et al. explored zero-shot and few-shot learning with distilled models, showing that smaller models could be effective for specific tasks. Chung et al introduced instruction-tuned models, improving models' ability to follow human instructions and understand task requirements. Touvron et al. released LLaMA, a collection of open-source foundation models, democratizing access to capable LLMs. This work emphasized that careful data curation and training procedures could produce competitive models at smaller scales, making advanced NLP accessible to broader research communities. 
[5]Understanding conversational context is crucial for sentiment analysis in dialogue. Serban et al. provided comprehensive survey of deep learning methods for dialogue systems. Henderson et al. introduced ConveRT, a model specifically designed for conversational response selection, demonstrating the importance of conversation-specific pretraining.Zhang et al. proposed DIALOGPT for generating human-like conversational responses, showing that large-scale pre-training on conversational data improves dialogue understanding. Roller et al. presented Blender, addressing multiple aspects of conversational AI including empathy, knowledge, and persona consistency. 
III.METHODOLOGY 
The system utilizes multiple datasets for training, validation, and testing across different components.  
1.Data collection 
A.Primary Datasets: 
1.Sentiment Analysis Datasets: 
2.SST-2 (Stanford Sentiment Treebank): Description: Binary sentiment classification dataset from movie reviews 
Size: 67,349 training samples, 872 validation, 1,821 test 
Classes: Positive, Negative 
Source: Stanford NLP Group 
Usage: Pre-training sentiment analysis models 
Format: Text sentences with sentiment labels 
 
3.Twitter Sentiment140: 
Description:Tweets annotated with sentiment 
Size: 1.6 million tweets 
Classes: Positive, Negative, Neutral 
Source: Stanford University 
Usage: Social media sentiment analysis training 
Characteristics: Informal language, emoticons, 
abbreviations 
 
4.IMDB Movie Reviews: 
Description: Movie reviews for binary sentiment classification 
Size: 50,000 reviews (25K train, 25K test) 
Classes: Positive, Negative 
Source: Stanford AI Lab 
Usage: Long-form text sentiment analysis 
 
5.Yelp Reviews: 
Description: Restaurant and business reviews 
Size: 5.2 million reviews 
Classes: 1-5 star ratings 
Source: Yelp Open Dataset 
Usage: Fine-grained sentiment analysis 
 
B. Emotion Detection Datasets: 
1.GoEmotions: 
Description: Reddit comments labeled with 27 
emotion categories Size: 58,000 comments 
Classes: Joy, Sadness, Anger, Fear, Surprise, Love, and 21 others Source: Google Research 
Usage: Multi-label emotion classification. 
 
2.ISEAR 	(International 	Survey 	on 	Emotion Antecedents and Reactions): 
Description: Emotional experiences across cultures 
Size: 7,666 sentences 
Classes: Joy, Fear, Anger, Sadness, Disgust, Shame, 
Guilt 
Usage: Cross-cultural emotion analysis 
 
3.EmoBank: 
Description: Dimensional emotion annotations 
Size: 10,062 sentences 
Dimensions: Valence, Arousal, Dominance 
Source: Saarland University 
Usage: Continuous emotion prediction 
 
C.Crisis Detection Datasets: 
1.CLPsych Shared Task Data: 
Description: Social media posts for mental health risk 
assessment 
Size: Varies by year (2015-2022) 
Classes: No risk, Low, Moderate, Severe risk 
Source: Computational Linguistics and Clinical 
Psychology workshops 
Usage: Suicide risk assessment training Ethical considerations: Anonymized, IRB-approved data. 
 
2.Reddit Mental Health Dataset: 
Description: Posts from mental health subreddits 
Size: 400,000+ posts 
Categories: Depression, Anxiety, Bipolar, PTSD, etc. 
Source: Research collections 
Usage: Mental health condition detection 
 
3.Crisis Text Line Dataset (Synthetic): 
Description: Simulated crisis conversations 
Size: 10,000 conversations 
Classes: Crisis types and severity levels 
Usage: Crisis conversation pattern analysis Note: Synthetic data created following ethical guidelines 
D.Conversational Datasets: 
1.DailyDialog: 
Description: Multi-turn dialogues on daily topics 
Size: 13,118 dialogues 
Annotations: Emotion labels for each turn 
Source: Research collection 
Usage: Conversation flow understanding 2.Empathetic Dialogues: 
Description: Conversations focused on emotional situations Size: 25,000 conversations 
Annotations: Emotion labels and empathy levels 
Source: Facebook AI Research 
Usage: Emotional context in conversations 
 
2.Data Preprocessing: A.Text Cleaning: 
Remove HTML tags and URLs 
Handle special characters and emoticons 
Convert emojis to text descriptions Normalize whitespace 
Handle contractions (e.g., "don't" → "do not") B.Tokenization: 
Use model-specific tokenizers (RoBERTa, BERT, 
etc.) 
Handle subword tokenization 
Add special tokens ([CLS], [SEP], [PAD]) 
Create attention masks 
 
C. Label Processing: 
Convert text labels to numerical IDs 
Handle class imbalance through Data Augmentation 
Back-translation for paraphrasing 
Synonym replacement 
Random insertion/deletion 
Contextual word embeddings augmentation 
 
D.Data Splitting Strategy: 
Temporal Split (for conversation data): 
Older conversations in training set 
Recent conversations in validation/test 
 Prevents temporal leakage Simulates real-world deployment Stratified Split: 
Maintains class distribution across splits - Sentence structure variations 
- Intensity modulation (e.g., "sad" → "very sad") 
 
3.Sentiment Analysis Module 
    The system integrates open-source Large Language Models through Hugging Face Transformers. 
· Sentiment classification (Positive, Negative, Neutral) 
· Emotion intensity analysis 
· Context-aware understanding of conversational text 
4. Temporal Analysis Module 
  This module tracks emotional changes over time using: 
· Sliding window technique 
· Sentiment 	averaging 	across 	message sequences 
· Trend pattern recognition 
It identifies: 
· Gradual emotional decline 
· Sudden negative sentiment spikes Sustained stress indicators. 
 
5.Crisis Detection Module 
 The crisis detection module calculates a crisis probability score based on: 
 
· Negative sentiment intensity 
· Emotional volatility 
· Stress-related keywords 
· Multi-dimensional emotion scores (Valence, Arousal, Dominance) 
If the score exceeds a predefined threshold, the system triggers an alert mechanism for early intervention. 
 
IV.PROPOSED SYSTEM 
The proposed system introduces an intelligent realtime framework for Temporal Sentiment Analysis and Crisis Detection in conversational agents using Large Language Models (LLMs). The system is designed to continuously monitor user conversations, analyze emotional patterns over time, and identify potential crisis situations at an early stage. 
Unlike traditional sentiment analysis systems that classify text independently, the proposed system focuses on temporal emotional progression, enabling deeper understanding of user mental states across multiple interactions. 
 
A.Conversation Management Module 
· Collects user input in real time. 
· Stores conversation history with timestamps. 
· Maintains contextual continuity between messages. 
The user interface is developed using Streamlit, enabling interactive and real-time communication. 
 
B.LLM-Based Sentiment Analysis Module 
    The system integrates open-source Large Language Models through Hugging Face Transformers. 
· Sentiment classification (Positive, Negative, Neutral) 
· Emotion intensity analysis 
· Context-aware understanding of conversational text 
The use of LLMs improves accuracy compared to traditional machine learning models. 
 
C. Temporal Analysis Module 
  This module tracks emotional changes over time using: 
· Sliding window technique 
· Sentiment 	averaging 	across 	message sequences 
· Trend pattern recognition 
It identifies: 
· Gradual emotional decline 
· Sudden negative sentiment spikes 
· Sustained stress indicators 
 
D.Crisis Detection Module 
 The crisis detection module calculates a crisis probability score based on: 
· Negative sentiment intensity 
· Emotional volatility 
· Stress-related keywords 
· Multi-dimensional emotion scores (Valence, Arousal, Dominance) 
If the score exceeds a predefined threshold, the system triggers an alert mechanism for early intervention. 
 
E.Visualization Dashboard 
The system provides real-time visual analytics including: 
· Sentiment trajectory graphs 
· Emotional variation plots 
· Crisis risk indicators 
These visualizations help administrators or mental health professionals monitor user emotional trends effectively. 
 
V.Evaluation Metrics by Dataset: 
A.Sentiment Analysis: 
Total samples: 2 million 
Training: 80% (~1.6M) 
Validation: 10% (~200K) 
Testing: 10% (~200K) Class distribution: * Positive: 42% 
· Negative: 38% 
· Neutral: 20% 
 
B.Emotion Detection (Combined): 
Total samples: ~75,000 
Training: 80% 
Validation: 10% Testing: 10% Top emotions: * Joy: 18% 
· Sadness: 15% 
· Anger: 12% 
· Fear: 11% 
· Others: 44% 
 
C.Crisis Detection: 
Total samples: ~500,000 
Crisis examples: 15% (75,000)  Non-crisis examples: 85% (425,000) Crisis types distribution: 
· Mental health: 60% 
· Self-harm: 20% 
· Emergency: 12% 
· Abuse: 8% 
 
V.CONCLUSION 
This research work successfully demonstrates the development and implementation of a comprehensive system for temporal sentiment analysis and crisis detection in conversational agents using Large Language Models. The system addresses critical gaps in current conversational AI technology by integrating real-time sentiment tracking, temporal pattern analysis, and intelligent crisis detection capabilities. 
The combination of Large Language Models contextual understanding, temporal analysis techniques, and thoughtful system architecture creates a powerful tool for numerous applications. As conversational AI becomes increasingly prevalent in sensitive domains like mental health support, customer service, and education, systems like this will play a crucial role in ensuring these interactions are not just functional but genuinely supportive and potentially life-saving.This lays a foundation for future work in emotionally intelligent AI systems and demonstrates the feasibility of deploying such systems responsibly and effectively. The open-source nature of the implementation ensures that these capabilities can be widely adopted and adapted, contributing to safer and more supportive digital environments for all users. In Future it include integrating advanced LLMs, multimodal emotion analysis, and real-time alert systems. The system can be expanded with Explainable AI and personalized user profiling. Multilingual and mobile deployment can improve accessibility. Temporal deep learning models can enhance emotional trend detection. Integration with wearable devices can improve crisis prediction accuracy. 
Multimodal Sentiment Analysis 
Currently, the system analyzes text only. Future versions can include: It  support for: 
· Tamil 
· Hindi 
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