( IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology (
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal
ISSN: 2581-9429 Volume 5, Issue 9, June 2025 Impact Factor: 7.67

A Comprehensive Review on E-Healthcare using
Expandable Al

Santanu Mandal', Trishita Ghosh?, Suparna Karmakar’, Sudeep Ghosh®,
Srijita Saha®, Sukarna Bhowmik °
Department of Information Technologyl'6
Guru Nanak Institute of Technology, Kolkata, India

Abstract: This report critically explores the disruptive integration of Generative Al in enhancing
diagnostic fidelity and clinical acumen within digital health ecosystems. E-health represents a paradigm
shift wherein computational intelligence converges with medical infrastructure to optimize accessibility,
scalability, and patient-centricity. The study evaluates state-of-the-art Al architectures capable of
enabling real-time patient surveillance, high-precision diagnostics, and remote clinical interfacing,
thereby attenuating systemic overheads. It interrogates algorithmic pipelines, system topologies, and
data workflows fundamental to contemporary e-health deployments while concurrently addressing
exigent concerns—such as data sovereignty, semantic interoperability, and algorithmic scalability. Amid
increasing dependence on rapid, credible health intelligence, this project introduces a Generative Al-
powered Medical Chatbot designed to deliver contextually aligned, medically substantiated responses
with empathetic articulation. Functioning as a cognitive proxy, the chatbot synthesizes advanced NLP
and domain-specific embeddings to simulate expert consultation. Prioritizing inclusivity and immediacy,
it operates as an essential frontline digital triage—augmenting user autonomy without supplanting
professional oversight.
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I. INTRODUCTION

Generative Al is revolutionizing machine-human interaction by producing human-like, context-aware responses
through learning from large datasets. Unlike traditional rule-based systems, generative models excel at tasks such as
conversation, summarization, and question answering. In healthcare, these models enhance accessibility and service
quality by powering intelligent chatbots that offer real-time support, symptom checking, and medical guidance [1].
Large Language Models (LLMs) like Meta’s LLaMA 2 can be fine-tuned with domain-specific medical data to
generate medically relevant dialogues [2][3]. Frameworks such as LangChain further amplify their capabilities by
integrating LLMs with tools, APIs, and databases, enabling chatbots to deliver context-rich, up-to-date responses [4][5].
These systems provide significant advantages, including 24/7 availability, reduced clinician workload, and improved
access to care in underserved regions [6]. Nevertheless, key challenges persist—particularly concerning data privacy,
accuracy, and algorithmic bias [7][8], highlighting the need for ethical oversight and continuous validation [9][10].
Technically, such chatbots utilize models like Google’s BERT, which understand contextual meaning by analyzing
surrounding terms [11][12]. Query matching is optimized using cosine similarity to retrieve the most semantically
relevant content [13][14], while recursive chunking techniques help split lengthy documents into manageable segments
without losing meaning [15]. The Retrieval-Augmented Generation (RAG) architecture further improves factual
grounding by retrieving real-world data before generating a response [16][17]. Transformer-based models like LLaMA
2 employ attention mechanisms and decoding strategies such as greedy decoding and nucleus sampling to generate
coherent, medically relevant outputs [18][19].
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II. METHODOLOGY

The methodology for developing the Medical Chatbot employs an end-to-end pipeline that integrates document
ingestion, semantic vectorization, information retrieval, and generative question answering. This approach follows the
principles of Retrieval-Augmented Generation (RAG) [20], ensuring high accuracy and relevance in the chatbot's
responses by combining retrieval of information and natural language generation.
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Fig 1: Flowchart of the chatbot model

A. Data Collection and Preprocessing:
Medical literature is gathered from PDF documents using LangChain's PyPDFLoader. These documents are processed
and chunked into smaller, meaningful segments using the RecursiveCharacterTextSplitter. Chunking is crucial for
dividing large, unstructured text into manageable pieces, enhancing both the accuracy and speed of the retrieval process
by ensuring each segment maintains sufficient contextual meaning [21]. This preprocessing phase is vital for
maintaining the integrity of the information retrieved during the question answering process.

TABLE I: COMPARATIVE STUDY OF MEDICAL CHATBOTS USING LLAMA 2 AND LANGCHAIN

Sl. Authors Methodology Key Findings / Results
No.
1 Sharma et al. | Used Llama 2 and LangChain to handle | The chatbot showed enhanced performance in
[20] medical  queries  with  improved | accuracy and real-time response, suitable for
contextual understanding. medical support systems.
2 Singh et al. | Integrated LLAMA2 with LangChain | Delivered contextual, accurate replies and
[21] and OpenAl APIs for symptom analysis | improved accessibility to medical knowledge.
and health advice.
3 Kaur et al. | Combined Llama2 with Faiss and | Resulted in fewer hallucinations and more precise,
[22] Hugging Face embeddings for better | fact-based chatbot responses in real-time scenarios.
retrieval and response generation.
4 Verma et al. | Used PyTorch, Chromadb, LangChain, | Performed well with over 100+ queries, delivered
[23] and AutoGPTQ to build a reliable, | verified medical answers with contextual memory.
memory-retaining chatbot.
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5 Patel et al. | Implemented LangChain with Pinecone | Provided reliable symptom assessment and medical
[24] vector storage and Llama 2 to support | education with high user satisfaction.
medical Q&A through semantic search.

6 Gupta et al. | Combined  LangChain,  Retrieval- | Enabled focused and scalable chatbot development

[25] Augmented Generation (RAG), and | for domain-specific applications like healthcare.
fine-tuned LLMs (LoRA/QLoRA) for
high efficiency.
7 Mehta et al. | Integrated LangChain for orchestration | Ensured safety, accuracy, and ethical compliance
[26] and NeMo Guardrails for ethical | in chatbot responses for sensitive healthcare
filtering of chatbot responses. settings.

B. Text Embedding:

Once the encyclopaedia text is chunked, each segment is transformed into dense vector representations using the
sentence-transformers/all-MiniLM-L6-v2 model from Hugging Face. This model was selected for its efficiency and
competitive semantic performance, producing 384-dimensional embeddings suitable for real-time applications [25]. It
preserves semantic similarity—so that conceptually similar chunks (e.g., “myocardial infarction” and “heart attack™)
map close to one another in vector space.These embeddings serve as the backbone of the information retrieval process.
Prior to embedding, text normalization techniques such as lowercasing and trimming were applied to improve
consistency. The quality of embeddings was evaluated using cosine similarity, ensuring that only topically relevant
information is retrieved in response to user queries. By embedding knowledge-rich, curated content, this phase ensures
semantic fidelity and alignment with downstream generative tasks [22], [26].

C. Vector Indexing Using Pinecone:

The vector embeddings are then stored in Pinecone, a vector database optimized for fast, efficient similarity searches
across large datasets [23]. Pinecone indexes the embeddings, allowing for quick retrieval of the top K most
semantically relevant chunks when a query is received. This process ensures that the chatbot can handle large volumes
of data and still provide accurate, timely responses by narrowing down the search to the most relevant parts of the text.

D. Retrieval QA Chain Execution:

To streamline the workflow, the RetrievalQA module from LangChain is employed. This module integrates both the
vector search (via Pinecone) and the generative capabilities of the LLaMA 2 model into a seamless pipeline. The
retriever component fetches relevant contextual information from the vector database, while the LLaMA 2 model
processes the retrieved information to generate coherent, accurate answers.This combination of retrieval and generation
allows the chatbot to provide contextually aware responses, improving the overall user experience and ensuring the
accuracy of the generated content.

III. ARCHITECTURE
Fig 2 illustrates the architecture of our Al-based medical chatbot system. User input is first converted into contextual
embeddings using BERT, which are then processed through a text chunking module to divide the data into manageable
parts. Using cosine similarity, the system retrieves the most relevant chunks related to the query. These chunks are then
passed to the Generative Al component, which uses LLaMA 2 and LangChain frameworks built on a Transformer
decoder architecture with multi-head attention and stacked decoder blocks. The generated output is filtered through an
ethical and safety layer to ensure reliable and responsible medical responses, which are finally presented to the user
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Fig 2: Architecture of Medical Chatbot System

IV. CONCLUSION

This paper presents the successful implementation of an end-to-end intelligent Medical Chatbot system using advanced
Natural Language Processing (NLP) techniques. Leveraging LLaMA 2—a powerful, open-source Large Language
Model (LLM)—in combination with LangChain, Hugging Face embeddings, and Pinecone vector indexing, the system
delivers accurate, context-aware responses based on trusted medical literature. The chatbot adopts the Retrieval-
Augmented Generation (RAG) framework, which ensures improved factual correctness and reduces hallucinations by
retrieving semantically relevant information before generation. This method proves practical and efficient for domain-
specific question answering in healthcare. The system’s capability to provide real-time, contextually grounded answers
establishes it as a valuable tool for preliminary medical support, health education, and digital health literacy.
Furthermore, this work demonstrates the potential of open-source LLMs in healthcare and underscores the critical role
of semantic embedding models, scalable vector databases, and modular LLM pipelines in developing reliable, real-
world Al applications. For future enhancements, voice-based interaction and multilingual support are planned to
improve accessibility for diverse users. Additional improvements include automating updates from trusted sources such
as WHO, PubMed, and CDC, incorporating secure user authentication, and exploring integration with Electronic Health
Record (EHR) systems for broader clinical deployment.
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