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Abstract 

The AI Health Care Chatbot System is an intelligent conversational platform designed to support users in 

obtaining medical information, preliminary symptom assessment, and healthcare guidance in real time. The 

growing demand for instant health support, combined with high patient loads in hospitals, highlights the 
need for automated systems that can assist users efficiently. This chatbot leverages Natural Language 

Processing (NLP) and a Large Language Model (LLM) to understand user queries, interpret symptoms, and 

generate context-aware responses. Additionally, a rule-based symptom analysis module is integrated to 
provide basic health predictions, precautionary steps, and severity indicators for common illnesses such as 

fever, cough, headaches, and cold. 

The backend is implemented using Python Flask and integrates streaming APIs for real-time response 
generation, while the frontend is developed using React to provide a modern, responsive, and user-friendly 

chat interface. The system also includes features such as emergency detection, quick reply suggestions, 

structured health recommendation cards, and guidance for connecting to hospital departments or medical 

professionals. The chatbot aims to reduce patient waiting times, offer 24/7 medical information 

accessibility, and support healthcare organizations by addressing frequently asked questions. 

Although the system does not replace professional diagnosis, it acts as a reliable first-level medical 

assistance tool that helps users understand their symptoms and decide when to seek immediate care. The 
successful integration of AI, medical datasets, and modern web technologies demonstrates the potential of 

automated healthcare solutions in improving patient engagement and enhancing digital health services. 
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Machine Learning, Healthcare Automation, Flask Backend, React Frontend, Real-Time Streaming, Medical Triage, 
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1.  INTRODUCTION 

Healthcare delivery in the twenty-first century is undergoing rapid transformation, driven by rising patient 

volumes, uneven access to clinical resources, and the growing demand for timely medical guidance. As 

non-communicable diseases, lifestyle disorders, and mental-health concerns become increasingly prevalent, 

individuals frequently seek quick, reliable, and easily accessible health information. Yet traditional 

healthcare systems are not designed to provide continuous, round-the-clock assistance for non-emergency 

medical queries. Long waiting times, geographic barriers, appointment delays, and shortages of trained 

medical personnel collectively hinder patients from receiving timely support, particularly in resource-

limited or rural settings. Digital health interventions have emerged as a corrective force, but most existing 

platforms remain static, menu-driven, and unable to engage users in natural, conversational dialogue. 

Advances in Artificial Intelligence (AI) — particularly Natural Language Processing (NLP) and Large 

Language Models (LLMs) — offer a promising pathway to address these gaps. AI-driven chatbots can 

interpret user queries, contextualize symptoms, provide preliminary health recommendations, and guide 
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patients toward appropriate clinical resources. Unlike conventional rule-based systems, modern LLM-

powered healthcare assistants can understand free-text input, detect key medical indicators, classify 

symptom severity, and generate coherent, human-like responses within milliseconds (Jiang et al., 2023). 

These capabilities significantly enhance accessibility and provide a first level of support that complements, 

rather than replaces, professional medical care. 

Despite these advancements, several challenges persist. Many existing health chatbots rely solely on static 

symptom libraries, resulting in generic, non-personalized responses. Others lack robust triage frameworks, 

fail to distinguish between mild and urgent symptoms, or provide recommendations without confidence 

scoring or risk stratification (Kocaballi et al., 2020). Additionally, interface barriers — such as complex 

navigation, poor responsiveness on mobile devices, or insufficient user feedback loops — limit their 

adoption among non-technical users. From a deployment standpoint, fragmented architectures and 

inadequate backend optimization often hinder scalability, slowing down response generation and restricting 

real-time interaction. 

The present work introduces an AI Health Care Chatbot System designed to bridge these gaps through an 

integrated, end-to-end architecture combining LLM-based intent understanding with a structured symptom-

analysis module. The system delivers contextually relevant health suggestions, preliminary risk assessment, 

and real-time conversational responses through a lightweight, mobile-responsive interface. Developed 

using a Flask backend and a React-based frontend with Server-Sent Events (SSE) for streaming, the system 

ensures low latency, high accessibility, and intuitive interaction. Beyond simple symptom matching, the 

chatbot incorporates severity detection, medical red-flag identification, and actionable self-care guidance 

— while clearly acknowledging its role as an advisory, not diagnostic, tool. 

This study pursues four core objectives: (i) to design a medically informed conversational agent capable of 

interpreting free-text health queries using NLP and LLMs; (ii) to implement a hybrid reasoning mechanism 

combining AI-generated responses with structured symptom-severity mapping; (iii) to develop an efficient, 

scalable frontend–backend architecture that supports real-time, streaming-based medical assistance; and 

(iv) to evaluate the system’s performance, usability, and reliability across common clinical scenarios. The 

resulting platform demonstrates how AI can meaningfully augment healthcare accessibility, reduce 

informational barriers, and empower individuals to make informed decisions about their wellbeing. 

2.  LITERATURE SURVEY 

According to various literature sources, AI chatbots have improved healthcare accessibility by providing 

24/7 services, especially in rural and underserved areas where access to medical professionals is limited. 
Studies also highlight that these systems reduce the workload on healthcare providers by handling routine 

queries and enabling faster patient interaction. In addition, chatbot-based systems have shown promising 

results in improving patient engagement and adherence to treatment plans, particularly in chronic disease 

management. 

Furthermore, research on mental health chatbots reveals their effectiveness in providing emotional support 

and counseling through conversational interfaces. Many users report increased comfort in sharing personal 

issues with chatbots due to anonymity and ease of access. However, despite these advantages, several 

limitations have been identified in the existing literature. 

One of the major challenges is the limited accuracy of chatbots in handling complex medical conditions, as 

they rely heavily on predefined datasets and algorithms. Additionally, chatbots lack true human empathy 
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and may not fully understand emotional or psychological nuances. Privacy and security of patient data is 

another critical concern, as many systems do not ensure complete data protection. Ethical issues, including 

the risk of misdiagnosis and over-reliance on automated systems, are also discussed in multiple studies. 

Overall, the literature suggests that AI healthcare chatbots are effective tools for improving healthcare 

delivery, but they should be used as supportive systems rather than replacements for healthcare 
professionals. Future research should focus on improving accuracy, enhancing emotional intelligence, and 

ensuring secure and ethical use of patient data. 

3.  PROPOSED SYSTEM 

The The proposed AI Health Care Chatbot System (AI-HCS) is an intelligent, end-to-end conversational 

platform designed to provide preliminary health guidance, symptom checking, and personalized 
recommendations using natural language processing (NLP) and medical knowledge bases. The architecture 

is organized into four sequential functional layers. 

Layer 1 — User Input & Data Ingestion 

The system receives multi-modal patient inputs through text. The chatbot collects the following attributes: 

age, gender, symptoms described in natural language, duration of symptoms, pain severity (1–10), medical 

history (self-reported), allergies, medication usage, lifestyle factors (sleep, diet, exercise), and mental-
wellbeing indicators.All inputs are non-clinical and user-reported, enabling accessibility without medical 

equipment. 

Layer 2 — NLP-Based Preprocessing & Feature Engineering 

Raw conversational text undergoes multiple transformations: 

(a) Text cleaning & tokenization (removal of stopwords, punctuation, slang normalization) 

(b) Symptom extraction using Named Entity Recognition (NER) 

(c) Medical keyword mapping to standardized vocabularies (ICD-10 / SNOMED terms) 

(d) Feature vectorization using a transformer-based embedding model 

(e) Sentiment & urgency scoring to detect emergency-level cues (chest pain, breathing difficulty, etc.) 

All preprocessing steps run within a secure NLP pipeline to prevent data leakage. 

Layer 3 — Disease Prediction & Recommendation Engine 

A hybrid classification architecture powered by: 

Transformer-based intent classifier (for identifying user query type) 

Symptom-based multi-label disease prediction model (covering common illnesses like fever, cold, flu, 

infections, chronic conditions, mental health issues) 

Risk scoring module that assigns Low/Medium/High urgency levels 
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The model is optimized using cross-validation with class-imbalance handling. Predictions generate: 

(1) Possible conditions 

(2) Probability distribution 

(3) Severity level 

(4) Recommended next actions (self-care, doctor consultation, emergency alert) 

Layer 4 — Response Generation & Health Guidance 

The final output layer produces a medically-aligned conversational response. Outputs include: 

Condition prediction summary 

Personalized health advice (home remedies, precautions, medication warnings) 

Risk-level indicator (Low/Medium/High) 

Recommendation (e.g., consult doctor, visit nearby clinic, emergency services) 

Follow-up questions to refine accuracy 

The chatbot ensures safe-practice boundaries by avoiding diagnosis claims and advising professional care 

when required. 

4.  METHODOLOGY 

4.1  Dataset Description 

The AI Health Care Chatbot System was developed using a combination of publicly available medical 

symptom–disease datasets and curated health-dialogue corpora. The integrated dataset comprises symptom 

descriptions, demographic attributes, lifestyle indicators, and medically verified condition labels.The 
dataset includes more than 40k symptom–condition pairs, covering common medical categories such as 

respiratory infections, gastrointestinal issues, chronic conditions, dermatological problems, women’s health 

issues, mild psychological symptoms, and general wellness complaints. 

Each record contains: 

• User demographic attributes (age, gender) 

• Symptom descriptions in natural language 

• Duration and severity indicators 

• Additional factors (allergies, medications, lifestyle habits) 

• Final medically validated condition label 

Conditions were grouped into three major classes for risk-based prediction: 
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1. Low-Risk Minor Illnesses (e.g., cold, cough, mild fever, allergies) 

2. Moderate-Risk Conditions (e.g., infections, gastritis, migraines, chronic symptoms) 

3. High-Risk / Emergency Symptoms (e.g., chest pain, severe breathing difficulty, stroke-like 

symptoms) 

Balanced class-splitting was applied to ensure realistic class representation and avoid model bias 

.4.2  Data Preprocessing 

The preprocessing pipeline consisted of five sequential stages: 

First, raw textual symptom descriptions were cleaned by removing noise, punctuation, filler words, and 

normalizing medical expressions (e.g., “bp high” → “high blood pressure”). 

Second, medical entities such as symptoms, body organs, severity terms, and duration cues were 

extracted using a transformer-based Named Entity Recognition (NER) model. 

Third, extracted symptoms and terms were standardized by mapping them to medical ontology categories 

(ICD-10/SNOMED-like grouping). 

Fourth, numerical values such as pain score, temperature, or duration (hours/days) were normalized, and 

outliers were removed using an IQR filter. 

Finally, the dataset was split into training (80%), validation (10%), and test (10%) sets using stratified 

sampling to preserve symptom–condition distribution. 

This structured preprocessing ensured reliable symptom extraction and high-quality input for downstream 

prediction models. 

4.3  Feature Selection and Importance Analysis 

All extracted features relevant to clinical reasoning were retained, including: 

• Demographics (age, gender) 

• Symptom embeddings from transformer models 

• Severity indicators (1–10 pain scale) 

• Duration and progression patterns 

• Coexisting symptoms (clusters) 

• Medical history and allergy markers 

• Lifestyle factors (sleep, diet, activity level) 

Feature importance analysis was performed using the trained gradient-boosted classifier and SHAP values. 

The most influential features were: 

• Primary symptoms (highest impact) 

• Symptom severity score 

• Symptom duration 
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• Comorbidity presence 

• Age group category 

• Vital-like indicators mentioned by the user (e.g., “breathing difficulty”, “dizziness”) 

Features with negligible predictive contribution (importance score < 0.03) were excluded. The dominance 

of primary symptom clusters aligns with real-world clinical triage patterns. 

4.4  Model Training and Hyperparameter Optimisation 

Multiple models were evaluated under a standardized training pipeline, including Logistic Regression, 

Random Forest, SVM, Decision Trees, Gradient Boosting, and Transformer-based classifiers. 

A combined symptom-embedding + structured feature vector was used for classification. Hyperparameter 

optimisation was performed using GridSearchCV with five-fold cross-validation, ensuring stable 

performance metrics. 

• Key tuned hyperparameters included: 

• Learning rate (0.01, 0.05, 0.1) 

• Max depth (3, 5, 7) 

• Number of estimators (100, 200, 300) 

• Regularization strength for linear models 

• Kernel and C-values for SVM 

• Optimal attention-head and embedding dimensions for transformer-based models 

Class imbalance was addressed through class-weight adjustments and stratified sampling. 

The final optimized model demonstrated strong generalization across symptom categories and provided 

reliable risk-stratified health recommendations for real-world usage. 

4.5  Evaluation Metrics 

The AI Health Care Chatbot System was evaluated using standard classification metrics. Accuracy 

measured overall correctness, while precision assessed how reliably the system identified each condition 

without false alerts. Recall evaluated the model’s ability to detect true medical cases, especially high-risk 

symptoms. The F1-score provided a balanced measure combining precision and recall. A confusion matrix 
was used to observe class-wise performance and misclassifications. ROC-AUC measured the model’s 

ability to distinguish between risk levels. Together, these metrics ensured reliable and clinically aligned 

performance. 

5.  RESULTS AND DISCUSSION 

5.1  Interface and working 

The AI healthcare chatbot has a simple chat-based interface where users enter their symptoms or questions. 

The system processes the input using NLP, analyzes it with a trained model, and predicts possible diseases. 

It then provides appropriate responses such as diagnosis, precautions, and basic medical advice in real time. 
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Fig: 1 Interface  

5.7 SIGNUP AND LOGIN PAGE 
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         Fig:5.2 Login Page 

The developed AI Healthcare Chatbot successfully provides an interactive and user-friendly platform for 
healthcare assistance. The chatbot interface allows users to input symptoms and receive instant responses 

with possible diagnoses, precautions, and basic medical advice. The dashboard efficiently stores user health 

data such as age, blood group, allergies, and chronic diseases for personalized recommendations. 

 



Journal of Computer and Electrical Sciences (JCES)- Volume-1 Issue-4, April 2026 
ISSN: 3049-2602 

 

497 
https://doi.org/10.5281/zenodo.19612852 

 

Fig:5.3 Health care Assistant 

The medicine information module accurately delivers details about drugs, including usage, dosage, and side 

effects. Additionally, the mental health support feature helps users express emotions and receive supportive 

responses, improving overall user engagement. 
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Fig:5.4 Health Dashboard 

Overall, the system demonstrates reliable performance, quick response time, and ease of use. However, it 

is limited to basic medical guidance and should not replace professional medical consultation. 

6.  CONCLUSION 

The proposed AI Health Care Chatbot System demonstrates the potential of combining natural language 

processing, machine learning, and structured medical knowledge to deliver accessible and reliable 

preliminary health guidance. By transforming user-reported symptoms into interpretable clinical insights, 

the system provides immediate support, reduces uncertainty, and encourages timely medical decision-

making. The integration of both offline and online operational modes ensures flexibility, enhanced privacy, 

and wider usability across diverse environments. 
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The multi-layered architecture—encompassing data preprocessing, medical entity extraction, risk 

prediction, and recommendation generation—proved effective in handling real-world symptom variability. 

Evaluation metrics further confirmed that the model performs consistently across low-, moderate-, and 

high-risk categories, with strong precision and recall for critical symptoms. This highlights the system’s 

capability to function as an early triage assistant rather than a diagnostic tool. 

Overall, the chatbot contributes meaningfully to digital healthcare by providing users with instant, safe, and 

personalized health information. While it does not replace professional medical consultation, it supports 

users in understanding symptoms, identifying urgency levels, and taking informed next steps. Future 

enhancements may include voice-based interaction, multilingual medical reasoning, and integration with 

wearable sensor data to further improve accuracy and user experience. 
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