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Abstract: This paper presents the development of an Al-powered healthcare Chabot utilizing Retrieval-
Augmented Generation (RAG) to provide accurate, reliable, and multilingual medical assistance. By
integrating advanced natural language processing (NLP), image recognition, and speech processing, the
Chabot offers personalized and context-aware health support, retrieving real-time information from open-
access medical databases to enhance accuracy and reliability. Unlike traditional rule-based chatbots, which
rely on predefined responses, our sys-tem dynamically generates answers using large language models
(LLMs), ensuring adaptability to evolving medical knowledge. A key feature is its multimodal interaction,
supporting multilingual voice conversations and computer vision for analyzing skin conditions, making
healthcare assistance more inclusive. This enables users to engage via text, speech, or images, improving
accessibility for non-native speakers and individuals with disabilities. Experimental results highlight
improvements in response accuracy, efficiency, and user engagement, demonstrating the system’s potential
to bridge healthcare accessibility gaps.

Index Terms - Healthcare, Chatbot, Retrieval-Augmented Generation, Natural Language Processing,
Computer Vision, Multilingual Support, Artificial Intelligence

|.INTRODUCTION

A. Problem Statement

Healthcare accessibility remains a significant challenge worldwide, as millions of individuals lack
immediate access to professional medical consultation or trustworthy health information [4], [9]. Geographic
constraints, economic barriers, and shortages of healthcare professionals exacerbate this issue [21].
Furthermore, misinformation and language barriers hinder the ability of many patients to seek accurate health
related guidance [7], [11]. With the increasing burden on healthcare systems, Al-driven chatbots provide a
potential solution for addressing these concerns by offering preliminary medical assistance, symptom
evaluation, and triage, all while maintaining high reliability and security [5], [6], [10], [13].

B. Importance of the Problem

Improving healthcare accessibility is essential for reducing health disparities and ensuring equitable medical
care [4] Many individuals, especially in resource-limited areas, struggle with barriers such as a shortage of
healthcare professionals, high costs, and limited access to reliable medical information [9], [21]. These
challenges often lead to delayed diagnoses and poor health outcomes [20]. Al-powered chatbots offer a
promising solution by providing instant health-related assistance, reducing misinformation, and improving
access to credible medical knowledge [5], [6], [7]. They serve as a reliable source of medical guidance, helping
users assess symptoms, receive preliminary advice, and determine whether professional consultation is
necessary [5], [22]. This reduces unnecessary hospital visits and eases the burden on healthcare facilities [9],
[21].
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C. Implemented System Summary

Our proposed healthcare chatbot leverages Retrieval-Augmented Generation (RAG) to generate accurate
and contextually relevant responses [6], [17]. The system incorporates:

« Computer vision for analyzing skin conditions using Al-driven image recognition [2], [8].

 Multilingual voice processing to enhance accessibility and engagement for diverse populations [7].

* Secure and scalable backend architecture utilizing Fast API and FAISS for efficient query handling [3],
[10].

» Integration with trusted medical databases to minimize Al hallucinations and ensure information accuracy
[13], [14].
This implementation significantly outperforms conventional rule-based healthcare chatbots by offering
dynamic response generation, multimodal interaction, and real-time updates from verified medical sources [1],

[6], [13].

D. Related Work

Several healthcare chatbots exist, including Babylon Health and Ada Health, which primarily offer text-
based consultations. However, these chatbots rely on rule-based decision trees and lack adaptive capabilities
for complex queries [12], [11]. Recently, advancements in multimodal Al, such as Google’s Gemini and Open
Al’s GPT-4V, have demonstrated the potential of integrating natural language processing with computer vision
[1], [2]. However, existing solutions are not specifically optimized for healthcare applications and often suffer
from Al hallucination issues, data privacy concerns, and a lack of multilingual support [7], [10], [11], [13],
[23]. Our system addresses these limitations by leveraging RAG, real-time knowledge base updates, and
privacy-centric Al
architecture [6], [10], [13]

I.LEXISTING SYSTEM

A. Overview

The existing healthcare chatbot landscape is dominated by text-based systems that rely on predefined
responses [18], [14]. These systems lack the ability to dynamically retrieve and generate contextually
appropriate responses, limiting their effectiveness in addressing complex health queries [5], [19]. Most rely on
decision trees and static knowledge bases, which cannot adapt to novel or nuanced medical questions [6], [24].

B. Components and Technologies

» NLP and Rule-Based Systems: Most chatbots use NLP for text analysis but rely on predefined rules for
generating responses [15], [16].

* Data Flow: Users input queries, and the system responds based on predefined rules and pattern matching
[14].

» Stakeholder Interaction: Users interact through text-based interfaces with limited modalities [7], [24].

C. Limitations

* Lack of dynamic response generation for complex or novel queries [6], [14]

* Limited ability to assess visual medical conditions [2], [8]

* Language barriers restricting global accessibility [7]

« Inability to provide contextually relevant information based on latest medical literature [13], [14]
* Poor handling of ambiguous medical symptoms [5], [22], [24]

I11.RELATED WORK

Several Al-driven healthcare chatbots exist, but they often lack the advanced features of our proposed
system:
* Babylon Health and Ada Health: These platforms provide text-based medical advice but do not leverage
Retrieval-Augmented Generation (RAG) or computer vision. They primarily use symptom checkers based on
decision trees and probabilistic reasoning, which limits their adaptability, accuracy, and ability to handle
complex medical inquiries [6], [11]. Moreover, these systems struggle
with real-time updates, making them less effective for incorporating emerging medical knowledge [13].
* Google’s Gemini and Open AI’'s GPT-4V: These models showcase the potential of multimodal Al in
healthcare applications but are not designed specifically for medical chatbot use [1], [2]. While they exhibit
strong natural language understanding and image analysis capabilities, they lack domain-specific medical
knowledge bases, real-time retrieval mechanisms, and necessary healthcare safety measures [13], [14], [23].
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As aresult, they cannot ensure clinically reliable responses and may generate hallucinated medical information,
making them unsuitable for healthcare settings without further fine-tuning and validation [10], [11].

* MedPalLM and Med-PaLM 2: These are specialized medical language models that demonstrate high
performance in answering medical queries and achieving strong benchmarks in medical exams [5], [14].
However, they lack multimodal capabilities, such as image recognition for diagnosing skin conditions [2], [8],
and do not incorporate RAG for real-time retrieval [6]. This limitation restricts their ability to provide
dynamically updated information and multimodal interactions, making them less effective for a comprehensive
healthcare chatbot system [1], [13].

Table I comparison provides a comparison of existing healthcare chatbots with our proposed system.

TABLE |
COMPARISON OF HEALTHCARE CHATBOT SYSTEMS

Feature Traditional LLM-based Our System
RAG integration No Partial Yes
Ccomputer vision INO Limitea AQvanced
ViuItiingual voice Limitea Yes AQvanced
Real-ume retrieval INO INO Yes
SKIn condition analysis NO Limited Yes

IV.PROPOSED METHODOLOGY

A. Overview

Our proposed healthcare chatbot integrates multiple Al-driven components, including Retrieval-Augmented
Generation (RAG), computer vision for dermatological analysis, multilingual speech processing, and a scalable
backend.

B. Multilingual Speech Processing
The chatbot supports multilingual text and voice queries with dialect-adaptive models and gTTS, enabling
spoken responses in regional languages for improved accessibility and user engagement.
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Fig. 1. System Architecture of the Al-Powered Healthcare Chatbot

Fig. 1. illustrates the overall system architecture of the Al- powered healthcare chatbot, highlighting the
integration of frontend, backend, database, and Al components.

A. Retrieval-Augmented Generation (RAG)

To enhance response accuracy, the system retrieves relevant medical documents from a trusted knowledge
base before generating answers The vector database enables semantic search, connecting user queries to
peer-reviewed medical sources and reducing the risk of Al hallucinations.

B. Computer Vision for Skin Condition Analysis

The chatbot integrates a deep learning-based computer vision module to analyze skin conditions from
user-submitted images The Al model assigns confidence scores to its diagnoses and suggests follow-up
actions, helping users make informed decisions

C. Al-Driven Personalization

A personalized health plan is generated based on user medical history, retrieved information, and Al-
driven recommendations . The chatbot ensures privacy and security by processing sensitive medical data
in compliance with HIPAA and GDPR regulations.

IJCRTBE02109 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] 840


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 7 July 2025 | ISSN: 2320-2882
D. Response Generation

The chatbot synthesizes responses using the retrieved medical knowledge and Al-powered
recommendations, ensuring high-quality healthcare guidance This approach allows for real-time, context-
aware, and medically grounded assistance tailored to each user.

V.SYSTEM DESIGN
A. Core Components

The healthcare chatbot system integrates several advanced Al-driven components to ensure accuracy,
accessibility, and reliability. These core components work together to provide users with credible health
information, real-time symptom analysis, and multilingual support.

1) Retrieval-Augmented Generation (RAG): Retrieval- Augmented Generation (RAG) enhances the
accuracy and reliability of medical information by combining document retrieval with a large language model
(LLM)-generated response mechanism. The RAG model enhances accuracy by retrieving information from
trusted medical sources like WHO, CDC, and NIH. It combines document retrieval with LLM-generated

responses and includes fact-checking with citations to ensure reliable, validated medical guidance.

2) Computer Vision for Skin Condition Analysis: A critical feature of the chatbot is its ability to analyze
skin conditions through Al-powered computer vision. BiomedCLIP, a vision-language model, is integrated
into the chatbot to analyze medical images alongside text. User images are processed via a cloud API, enabling
real-time interpretation by matching them with diagnostic labels enhancing diagnostic support without the need
for retraining.

3) Speech-to-Speech Conversation in Multiple Languages: To improve accessibility, the chatbot supports
multi- lingual voice-based interactions. The chatbot supports multilingual voice interaction, allowing users to
speak in their native languages. It converts speech to text, processes the query, and responds with synthesized
speech—adapting to various accents and dialects for effective communication.

4) Fast APl Backend & FAISS for Vector Search: The system uses Fast API for backend operations and
FAISS for efficient information retrieval. FastAPI ensures fast and efficient request handling, while FAISS
enables quick retrieval of relevant medical content. The system is designed to scale, supporting real-time
performance for multiple users and large knowledge bases.

5) User-Friendly Frontend (React.js/Stream lit): The chat- bot features an intuitive user interface built
with React.js and Stream lit. The chatbot offers a seamless interface supporting text, voice, and image inputs,
ensuring a smooth user experience. It follows WCAG accessibility guidelines, making it inclusive and easy to
use for individuals with disabilities.

B. Rationale
The integration of RAG, computer vision, and multilingual speech processing addresses key limitations
in traditional healthcare chatbots.

e Accurate and Trustworthy Health Guidance: The integration of RAG with medical fact-checking and
citation mechanisms ensures reliable, context-aware responses, enhancing user trust.

e Inclusive and Intelligent User Interaction: Multilingual speech processing and Al-powered image
analysis support diverse users and remote diagnostics, improving accessibility and engagement.

e Scalable and Responsive Architecture: FastAPI, FAISS, and user-centric frontends
(React.js/Streamlit) enable efficient data handling and seamless interactions across platforms.

VI. IMPLEMENTATION
A. Development Process

The implementation of the healthcare chatbot involves multiple stages, including knowledge base
development, integration of Retrieval-Augmented Generation (RAG), computer vision for dermatological
analysis, multilingual speech processing, and a scalable backend-frontend system.

1) Knowledge Base Development: To ensure that the chat- bot provides accurate and reliable health-
related responses, a comprehensive knowledge base was developed. Curated a comprehensive database
of trusted health in- formation sources: The knowledge base includes well- established medical
references such as WHO guidelines, CDC publications, research articles, and textbooks used by
healthcare professionals. The chatbot uses peer-reviewed journals, WHO guidelines, and medical texts
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to deliver clinically verified insights. Medical data is embedded into vectors for efficient semantic
search using tools like FAISS.

2) RAG Integration: Retrieval-Augmented Generation (RAG) plays a crucial role in improving the
quality and relevance of chatbot responses. Unlike traditional generative models, RAG enhances
accuracy by retrieving and incorporating relevant documents before generating an answer. The
chatbot uses RAG to retrieve relevant medical literature before generating responses. The LLM is
fine-tuned on medical dialogues, with domain-specific retrieval algorithms to enhance precision
and reduce hallucinations.

3) Computer Vision Module: To enhance diagnostic capabilities, Biomed CLIP was integrated into
the chatbot to enable real-time interpretation of medical images alongside text queries. Biomed
CLIP, integrated via Google Cloud's Vertex Al, processes user-submitted medical images by
matching them with condition labels using similarity scoring. This enables accurate, real-time
image interpretation without retraining, boosting diagnostic support.

4) Speech Processing: To enhance accessibility, the chatbot supports multilingual speech-to-speech
interactions, allowing users to communicate through voice instead of text. It is optimized for
recognizing medical terminology and adapts to regional dialects, ensuring effective and inclusive
communication, especially in low-literacy areas.

5) Backend and Frontend Development: To ensure efficient system performance, the chatbot was built
with a robust backend and a user-friendly frontend. FastAPI was used to manage APIs, enabling high-
speed request handling and maintaining responsiveness even under heavy user load.

B. Challenges and Solutions

1) Ensuring the Accuracy of Al-Driven Diagnostics: Challenge: Al-generated diagnoses can
sometimes be inaccurate, which may mislead users and lead to inappropriate health decisions.

Solution: This issue is addressed through continuous expert validation of Al outputs, user feedback loops,
and the use of confidence thresholds with disclaimers.

2) Handling Medical Terminology Across Multiple Languages: Challenge: Medical terminology
is complex and often varies across languages and regions, making accurate multilingual communication
difficult.

Solution: To overcome this, specialized medical translation models are used, which include terminology
mapping across languages and context-aware translations.

3) Privacy Concerns with Health Data: Challenge: Handling sensitive medical data comes with strict

privacy and security concerns. Users must trust that their personal health information remains confidential.
Solution: The chatbot uses data anonymization techniques, processes data locally whenever possible, and
adheres to healthcare privacy standards such as HIPAA and GDPR. These measures help ensure compliance
and protect user trust.

4) Reducing Hallucinations in LLM Responses: Challenge: Large language models (LLMS)
sometimes generate hallucinated or incorrect responses, which can be problematic in a healthcare
context where accuracy is critical.
Solution: The chatbot integrates enhanced RAG mechanisms that retrieve information from multiple
reliable sources before generating a response.

VII. RESULTS AND DISCUSSIONS
A. Performance Evaluation

Our Al-powered healthcare chatbot outperforms traditional systems by enhancing response quality,
multilingual access, and image-based diagnostics through the integration of RAG, computer vision, and
advanced speech processing.

1) Comparative Performance of RAG-Based Chatbot: As illustrated in Fig.2., traditional search
engine results, such as those from Google, typically present links to various medical websites including
Mayo Clinic, Cleveland Clinic, and Health line. These platforms offer generalized, article- based
content that is largely static and factual, outlining common flu-like symptoms (e.g., fever, chills,
fatigue, body aches) along with potential causes. While such sources provide in-depth, research-driven
medical information, they are not designed for interactive engagement and often result in user
confusion when selecting the most appropriate course of action from multiple options. In contrast, the
interaction depicted in Fig. 3., demonstrates the functionality of the RAG-based Al healthcare chatbot,
RoboCare, which adopts a personalized and conversational approach to symptom assessment. The
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chatbot engages users in a structured dialogue, requesting information about additional symptoms,
the availability of rapid testing, and offering context-specific suggestions such as home remedies and
self-monitoring guidance. Responses are generated dynamically based on user input for example,
acknowledging the presence of a cough and lack of test access thereby simulating the behaviour of a
virtual healthcare assistant. This interactive, tailored communication enables more context-aware
support, enhancing the user experience in preliminary health consultations.

B
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Fig.2. Symptom-based Conversation with the Al Chatbot Fig.3.Traditional Google Search Results
for Flu-like Symptoms
2) Computer Vision Performance for Skin Condition Analysis: To enhance the chatbot’s ability to
interpret medical images along with text queries, we integrated the Biomed CLIP model a vision-language
framework trained on biomedical figure-caption pairs from the PMC-15M dataset. When a user uploads a
medical image, such as a skin condition photo, it is processed via an API hosted on Google Cloud’s Vertex
Al. The chatbot then generates a set of diagnostic labels and sends them along with the image to Biomed
CLIP. The model calculates similarity scores and returns the most relevant label, which is incorporated
into the chatbot’s response. This integration enables real-time image interpretation without additional
training, adding a valuable diagnostic support layer.

Fig. 4. Chatbot Response to Skin Rash Image Query Fig. 5.- Kannada Chatbot Interaction -
Fever Symptoms

3) Multilingual Speech Processing for Global Accessibility: In our project, we integrated the
Google Text-to-Speech (gTTS) Python library to convert the chatbot’s text responses into spoken
audio, enhancing interactivity and accessibility.Fig.5 illustrates how the chatbot provides fever-
related assistance in the Kannada language.

The gTTS library interfaces with the Google Translate TTS engine and supports over 40 languages.
Leveraging its ~ multilingual capabilities, we enabled voice responses in regional languages such as
Kannada, Tamil, Telugu, and Malayalam, in addition to widely spoken languages like English and
Hindi.

VIII. CONCLUSION AND FUTURE SCOPE
The proposed healthcare chatbot marks a major step forward in digital healthcare by integrating

advanced technologies like RAG, computer vision, and multilingual speech processing. Unlike traditional
chatbots, it provides accurate, real-time medical guidance by retrieving data from trusted sources. Key
features such as Al-powered image analysis aid in dermatological assessments, while multilingual voice
interaction improves accessibility across diverse populations

Future Enhancements

e Expand the knowledge base to include specialized medical fields

¢ Refine diagnostic models for greater accuracy

e Personalize user experience through adaptive learning
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e Extend computer vision capabilities to more medical conditions.
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