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Abstract: Academic competitiveness, societal expectations, and lifestyle changes have contributed to rising mental health issues 
among young people. Due to financial constraints, social stigma, and a shortage of qualified professionals, delays in seeking 
psychiatric assistance are frequent. In this work, intent-driven conversation modeling is used to build and assess a tailored 
motivating chatbot. The system interprets user input using Natural Language Processing (NLP) techniques and classifies 
emotional intent using a Long Short-Term Memory (LSTM) neural architecture. The chatbot selects contextually relevant 
motivating answers from a structured knowledge base based on the projected category. Implemented in Python with TensorFlow 
and a Streamlit-based interface, the system exhibits responsive real-time interaction and consistent intent identification. 
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I.   INTRODUCTION 

Students are becoming more concerned about their mental well-being. Academic pressure, social comparison, job insecurity, and 
technological exposure all contribute to higher levels of stress and anxiety. Such psychological stress can impair focus, productivity, 
relationships, and mental stability if it persists over time. 
Although professional counselling services remain essential for clinical care, many individuals do not seek timely assistance. 
Support delivery is frequently delayed by lack of institutional resources, financial limitations, and fear of being judged. 
Consequently, alternative mechanisms that provide immediate, low-barrier engagement are being explored. 
Artificial intelligence systems that can converse have become promising resources for initial emotional assistance. These systems 
comprehend user communications in ways that go beyond simple keyword matching thanks to modern language processing 
techniques. Sequence-based neural models—especially those that maintain contextual dependencies over time steps—enable better 
comprehension of user intent inside dialogue. 
A motivational chatbot that recognizes emotional categories from textual input and provides supportive, intent-aligned answers is 
presented in this study. The method is intended to give people with modest emotional difficulties easily accessible, real-time 
reinforcement rather than to replace therapy. The suggested method seeks to provide scalable digital support in educational and 
youth-focused settings by fusing systematic intent categorization with a simplified conversational interface. 

 
II.   RELATED WORK 

Digital conversational bots are being investigated more and more as helpful mental health resources. Rule-based conversation 
architectures dominated earlier systems, in which prewritten scripts dictated system replies. These systems were straightforward to 
construct but lacked flexibility for understanding nuanced human emotion. 
Woebot, created to give structured Cognitive Behavioral Therapy (CBT) interventions through brief chat exchanges, is one 
noteworthy example. Clinical assessments suggest that organized chatbot-led CBT sessions may help reduce anxiety and sadness in 
some user groups [1]. Wysa incorporates evidence-based therapeutic concepts including CBT, mindfulness, and dialectical behavior 
therapy techniques, though its conversational flexibility remains limited by preprogrammed therapy processes rather than dynamic 
contextual reasoning [2]. 
Replika prioritizes emotional companionship over organized treatment, utilizing deep learning models to replicate sympathetic 
connection [3]. Technically speaking, LSTM networks have proven highly capable of processing temporally dependent text input, 
with significant usage in dialogue systems, intent detection, and sentiment modelling [4]. 
Despite advances in AI-assisted mental health, scalable customization, quick intent adaptation, and accessibility for student groups 
remain obstacles. In order to fill these deficiencies, the current study uses an intent-driven LSTM classification framework in 
conjunction with a condensed NLP preparation method to provide immediate motivating responses. 
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III.   PROPOSED SYSTEM 
The suggested system seeks to offer users individualized emotional and motivational assistance through an intelligent chatbot driven 
by NLP and LSTM-based RNN. Real-time user input analysis, emotional intent detection, and context-aware motivational response 
generation are core features. 
 
A. System Overview 
Four main components make up the overall architecture: (1) data collection and pre-processing, (2) intent classification using an 
LSTM model, (3) response generation, and (4) a user interface. When a user inputs a message, NLP techniques pre-process the input 
before sending it to a trained LSTM model for intent prediction. An appropriate motivating answer is then extracted from a 
predetermined dataset. 
 
B. NLP Module 
The NLP module prepares unprocessed user input for model inference through tokenization, special character removal, text 
normalization, and lowercase conversion. A tokenizer trained on the dataset vocabulary transforms processed text into numeric 
sequences, standardizing user input for accurate LSTM intent classification. 

 
C. LSTM Intent Classification 
An LSTM-based RNN model classifies user input into predetermined intent categories. The model architecture consists of an 
embedding layer representing words as dense vectors, followed by multiple LSTM layers capturing contextual relationships within 
input sequences. Dropout and layer normalization improve training stability. A final softmax dense layer predicts probability 
distribution across intent classes. 
 
D. Response Generation 
Following intent prediction, the system searches the answer dataset for a response matching the indicated intent. A random selection 
from multiple templates associated with the anticipated intent prevents repetitive responses while maintaining semantic relevance. 
The response generation mechanism prioritizes encouraging, empathetic, and supportive language. 
 
E. System Architecture 
Figure 1 illustrates the complete architecture, showing five main layers: user interaction, pre-processing, intent classification, 
response generation, and presentation. 

 
Figure 1 Architecture of the Proposed Personalized Motivational Chatbot System 

F. User Interface 
The Streamlit framework provides a lightweight web-based interaction environment supporting text message entry, emoji mood 
selection, chat history viewing, and conversation resets. Quick-access prompts for frequently requested mental health topics enhance 
usability and accessibility. Figure 2 shows the Streamlit-based chatbot interface. 
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Figure 2 User Interface of the Chatbot Developed Using Streamlit 

 
IV.   METHODOLOGY 

A. Dataset Collection and Preparation 
A structured intent-based dataset intended for motivational and mental health discussions forms the foundation of the system. 
Predefined intents, patterns, and replies make up the dataset, with each intent corresponding to an emotional or conversational 
category such as greetings, stress, melancholy, depression, and motivational support. Motivating content was sourced from 
psychology-based literature, while conversational data came from publicly accessible mental health discourse databases. 
 
B. NLP-Based Text Pre-processing 
Text data was pre-processed using NLP techniques before training to guarantee consistency and enhance model performance. Pre-
processing steps include: (1) text conversion to lowercase, (2) elimination of non-alphabetic letters and punctuation, (3) tokenization 
to separate words from sentences, and (4) removal of superfluous whitespace. These procedures reduce noise in the sample, helping 
the model concentrate on significant language patterns. 
 
C. Feature Extraction and Model Training 
Words are transformed into integer indices according to their frequency using a tokenizer. Each sentence is subsequently converted 
into an integer sequence and padded to a predetermined length. Label encoding transforms categorical intent labels into numerical 
form. The LSTM model is then trained using categorical cross-entropy loss and the Adam optimizer.  
 
D. Workflow Summary 
The complete processing pipeline follows: (1) user input received → (2) NLP preprocessing → (3) tokenization and padding → (4) 
LSTM-based intent prediction → (5) response selection → (6) real-time display to user. Figure 2 illustrates the detailed workflow of 
the proposed chatbot system. 
 

 
Figure 3 Workflow of the Proposed Chatbot System 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue IV Apr 2026- Available at www.ijraset.com 
    

853 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 
V.   IMPLEMENTATION 

A. LSTM Model Architecture 
The LSTM-based intent classification module forms the core intelligence of the system. Figure 4 shows the model architecture 
consisting of an embedding layer, multiple stacked LSTM layers, layer normalization, and a Softmax-activated thick output layer. 
An intents.json file with predefined intents, patterns, and inspiring responses is used to train the model.Intent tags are transformed 
into numerical form via label encoding prior to training. Early stopping is applied to avoid overfitting and enhance generalization 
performance. 

 
Figure 4 LSTM-Based Intent Classification Model Architecture 

 

B. Implementation Details 
Python is used throughout the system, with TensorFlow/Keras for model building and Streamlit for interface deployment. The 
trained model and tokenizer are serialized for efficient reuse during inference. Because the system operates in real time, users 
receive emotional assistance immediately. The modular component separation facilitates future enhancements including mood 
tracking, language assistance, and advanced therapeutic procedures. 

 
VI.   RESULTS AND DISCUSSION 

A. Training Performance 
To avoid overfitting, the LSTM model was trained over several epochs with early stopping.Effective learning and convergence were 
demonstrated by steady improvement in training accuracy and decrease in loss. Table I summarizes the training configuration 
parameters. 

Table 1 LSTM Model Training Parameters 

Parameter Value 

Optimizer Adam 

Loss Function Categorical Cross-Entropy 

Batch Size 8 

Maximum Epochs 100 

Early Stopping Patience 3 

Activation Function Softmax 

Evaluation Metric Accuracy 

 
B. Model Architecture Summary 
The complete model architecture and parameter count are shown in Table II below. 
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Table 2 LSTM Model Architecture Summary 

Layer Type Output Shape Parameters 

Embedding Layer (None, 38, 300) 624,000 

LSTM Layer 1 (None, 38, 64) 42,240 

Layer Normalization (None, 38, 64) 128 

LSTM Layer 2 (None, 38, 64) 33,024 

Layer Normalization (None, 38, 64) 128 

LSTM Layer 3 (None, 64) 33,024 

Dense Layer (None, 256) 16,640 

Output Layer (None, N) Depends on intents 

 
C. Response Generation Evaluation 
The chatbot produces answers by anticipating user input and matching it to pre-written motivating messages. Table III provides 
sample intent predictions and chatbot responses demonstrating emotionally appropriate, encouraging outputs. 

Table 3 Sample User Inputs and Chatbot Responses 

User Input Predicted Intent Chatbot Response 

"I feel very sad today" Sadness "I'm sorry you're feeling this way. You're not alone." 

"How can I improve my mental health?" Help "Small daily habits like exercise and mindfulness can help." 

"I feel anxious about exams" Anxiety "Take deep breaths and break your tasks into small steps." 

 
D. User Interface Analysis 
The Streamlit-based interface ensures accessibility and ease of use. Features such as chat refresh, emoji-based mood selection, and 
rapid access to frequently asked questions increase user engagement. 
 
E. Discussion 
Experimental findings validate the efficacy of LSTM-based neural networks for intent classification in conversational mental health 
applications. The chatbot comprehends user context and provides relevant motivating replies by combining NLP preprocessing with 
sequential modelling. Response diversity is limited by dataset size, but future advancements in emotion intensity detection and 
generative language models might further increase customisation. 

VII.   CONCLUSION AND FUTURE WORK 
This study presented a customized motivational chatbot combining LSTM-based intent classification with NLP preprocessing to 
provide real-time emotional support. The technology demonstrates feasibility of lightweight neural conversational bots for mental 
health assistance. The chatbot provides quick, accessible support for people experiencing brief stress or emotional difficulties, 
serving as a complement to—not a replacement for—therapeutic intervention. 
Future enhancements may include: (1) mood trend monitoring over time, (2) multilingual assistance, (3) integration of transformer-
based language models, (4) sentiment intensity scoring, and (5) real-time crisis detection mechanisms. These improvements would 
transform the system into a more comprehensive digital mental health aid with enhanced customization, safety, and conversational 
quality. 

 
REFERENCES 

[1] K. K. Fitzpatrick, A. Darcy, and M. Vierhile, "Using a Fully Automated Conversational Agent (Woebot) to Deliver Cognitive Behavior Therapy to Young 
Adults with Symptoms of Depression and Anxiety," JMIR Mental Health, vol. 4, no. 2, pp. 1–10, June 2017. 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue IV Apr 2026- Available at www.ijraset.com 
    

855 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

[2] B. Inkster, V. Sarda, and V. Subramanian, "An Empathy-Driven, Conversational Artificial Intelligence Agent (Wysa) for Digital Mental Well-Being: Real-
World Data Evaluation," JMIR mHealth and uHealth, vol. 6, no. 11, pp. 1–10, Nov. 2018. 

[3] E. J. van Dis et al., "Chatbots for the Prevention and Treatment of Mental Health Disorders: Systematic Review," J. Med. Internet Res., vol. 22, no. 4, pp. 1–15, 
Apr. 2020. 

[4] "Long Short-Term Memory," S. Hochreiter and J. Schmidhuber, Neural Computation, vol. 9, no. 8, pp. 1735–1780, Nov. 1997. 
[5] T. Mikolov, K. Chen, G. Corrado, and J. Dean, "Efficient Estimation of Word Representations in Vector Space," in Proc. Int. Conf. Learning Representations 

(ICLR), Scottsdale, AZ, 2013, pp. 1–12. 
[6] I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge, MA: MIT Press, 2016. 
[7] D. Jurafsky and J. H. Martin, Speech and Language Processing, 3rd ed. Upper Saddle River, NJ: Pearson, 2023. 
[8] D. Ramachandran, R. Bargh, and J. Shamma, "Is It Possible for Conversational Agents to Enhance Mental Health? Examining AI-Powered Chatbots," in IEEE 

International Conference Proceedingsf. Healthcare Informatics, pp. 1–8, 2018. 
[9] K. K. Fitzpatrick, D. Fireman, and G. B. Reddy, "Artificial Intelligence and Mental Health: Opportunities and Challenges," World Psychiatry, vol. 18, no. 2, 

pp. 131–139, June 2019. 
[10] M. Abd-Alrazaq et al., "Effectiveness and Safety of Using Chatbots to Improve Mental Health: Systematic Review and Meta-Analysis," J. Med. Internet Res., 

vol. 22, no. 7, pp. 1–17, July 2020. 
 



 


