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 In this study, we present an end-to-end, big-data–driven framework for 

continuously enriching and fine-tuning large language models (LLMs) with 

the latest professional and scientific medical knowledge. Streaming updates 

from premier sources such as The New England Journal of Medicine 

(NEJM) are ingested via an Apache Kafka cluster for low-latency delivery 

and durably archived in a three-node Apache Hadoop (Hadoop distributed 

file system (HDFS)) system. Each new article is preprocessed into high-

dimensional embeddings and indexed in a Milvus vector database to enable 

sub-second semantic retrieval over millions of records. At query or batch 

time, our retrieval-augmented generation (RAG) module retrieves the top-k 

relevant embeddings from Milvus and injects them into prompts for 

DeepSeek-R1, GPT-4o-mini, and Llama 3, models which are hosted, fine-

tuned, and served via Ollama on an NVIDIA GeForce RTX 3050 Ti GPU 

for efficient inference and continual learning. The enriched outputs are 

seamlessly delivered to end users through a Telegram bot programmed in 

Python using the Telebot library, linking the RAG-enhanced LLMs to an 

intuitive chat interface. Our Kafka, HDFS, Milvus, RAG, LLM, or Telegram 

bot pipeline demonstrably improves factual accuracy and topical currency of 

AI-generated medical insights across clinical decision support, patient 

engagement and education, drug discovery and development, virtual health 

assistants, and mental health support, laying the groundwork for truly 

intelligent, responsive, and data-driven healthcare solutions. 
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1. INTRODUCTION 

The healthcare sector is experiencing a paradigm shift driven by advances in artificial intelligence 

and big-data technologies. In particular, large language models (LLMs) have shown tremendous promise 

across medical domains, from clinical decision support to virtual health assistants. But their real-world 

impact depends on access to high-quality, up-to-date knowledge. With the volume of medical literature, 

clinical studies, and expert commentary growing exponentially, it remains a pressing challenge to ingest, 

store, process, and surface this ever-expanding body of information in ways that keep pace with emerging 

discoveries and evolving standards of care.  

To meet this challenge, we introduce a fully integrated, big-data architecture that couples real-time 

streaming, scalable storage, semantic indexing, and retrieval-augmented generation (RAG) to continuously 

enrich and fine-tune LLMs for medical applications. First, feeds from leading sources such as the New 

England Journal of Medicine (NEJM) and the Lancet are captured via an Apache Kafka cluster, ensuring 

sub-second delivery of newly published articles. Raw documents are durably archived in a three-node 

https://creativecommons.org/licenses/by-sa/4.0/
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Hadoop distributed file system (HDFS) for fault-tolerant, distributed storage. Each incoming record is then 

preprocessed into high-dimensional embeddings and indexed in a Milvus vector database, enabling 

millisecond-scale semantic retrieval across millions of medical records. 

At query or batch time, our RAG module retrieves the top-k relevant vectors from Milvus and 

injects their content into prompts for three state-of-the-art LLMs, DeepSeek-R1, GPT-4o-mini, and Llama 3, 

each hosted and fine-tuned on an NVIDIA GeForce RTX 3050 Ti GPU via Ollama for optimized inference 

and continual learning. Finally, clinicians, researchers, and patients interact with the enriched LLM outputs 

through a Python-based Telegram bot (built with the Telebot library). Providing an intuitive chat interface 

that delivers evidence-backed insights directly to end users' mobile devices. 

The primary goal of this research is to demonstrate the potential of big data technologies in 

improving the reliability, accuracy, and real-time adaptability of AI-driven medical applications, our 

proposed framework is designed to support a wide range of healthcare use cases, including:  

i) Clinical decision support: assisting healthcare professionals in diagnosing conditions, recommending 

treatments, and identifying potential risks based on the latest medical literature.  

ii) Patient engagement and education: providing personalized, evidence-based responses to patient queries, 

improving health literacy, and self-care management.  

iii) Drug discovery and development: accelerating pharmaceutical research by analyzing vast datasets of 

clinical trials, drug interactions, and biomedical studies.  

iv) Virtual health assistants: enhancing telemedicine services with AI-powered chatbots capable of 

understanding and responding to medical queries with up-to-date knowledge.  

v) Mental health support: leveraging AI to provide conversational support, detect early signs of mental 

health conditions, and recommend appropriate interventions. 

Burgan et al. [1] present RamChat, an AI chatbot designed to help Shepherd University students 

navigate their student handbook, developed in Python. RamChat integrates both API-based and local LLMs 

using the LangChain framework and a vector store system. The chatbot leverages OpenAI's text-embedding-

3-small model for embeddings and initially used OpenAI's davinci-002 model, later replaced with gemma, a 

local LLM based on Google's Gemini model. The Ollama framework enables automatic LLM selection based 

on user prompts. The development process involved testing different LLMs, debugging, and optimizing 

RamChat's performance. Their conference presentation will cover the methodology, challenges, and insights 

gained from developing this AI-powered student assistant. 

Mao et al. [2] discuss the challenges of updating LLMs with long-tail or outdated knowledge due to 

their vast number of parameters, making fine-tuning impractical. Instead, they highlight the effectiveness of 

black-box RAG, which enhances LLMs without modifying their parameters. Existing black-box  

RAG methods often fine-tune the retriever to align with LLM preferences but face two key issues: ignoring 

factual information, which can mislead the retriever, and inefficient token usage due to concatenating all 

retrieved documents. 

Schiele et al. [3] examine the impact of information and communication technologies (ICTs) on 

political engagement, particularly in the context of voting decisions, with the rise of issue-based voting in 

western democracies. There is a growing need for transparent and unbiased voting advice applications 

(VAAs) like Switzerland's Smartvote and Germany's Wahl-O-Mat. The authors propose that integrating 

LLMs with RAG techniques could enhance VAAs by improving fairness, impartiality, and transparency.  

While these studies demonstrate advancements in AI-powered applications using LLMs and RAG, 

they largely overlook the critical role of big data technologies in ensuring scalability, efficiency, and  

real-time processing. Their reliance on static embeddings, API-based models, and fine-tuned retrievers limits 

their ability to handle large-scale, continuously evolving datasets. Unlike these approaches, our study 

leverages Apache Hadoop for distributed data storage and Apache Kafka for real-time data streaming, 

enabling dynamic updates, high-throughput processing, and improved responsiveness. By integrating big data 

frameworks, our research addresses key challenges in large-scale AI applications that these studies fail to 

consider, ensuring a more scalable, and data-driven solution. 

Traditional LLMs like Med-PaLM, BioGPT, and PubMedGPT are typically trained on static 

datasets, leading to knowledge cutoffs that may be several months or even years old. This static nature limits 

their ability to incorporate and respond to the latest medical research promptly  as shown in Table 1 [4].  

In contrast, RAG systems enhance LLMs by integrating dynamic retrieval mechanisms, allowing them to 

access and utilize up-to-date information from external databases. This approach significantly reduces the 

latency in incorporating new medical knowledge into the model's responses. 

This paper explores the implementation details, challenges, and advantages of using big data 

pipelines in conjunction with RAG-enhanced LLMs for medical applications. We focus on the impact of  

real-time data streaming, distributed storage, and frequent incremental training, which enable our model to 

incorporate newly published medical research on a daily basis. By contrast, existing models such as  
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Med-PaLM, BioGPT, and PubMedGPT rely on static pretraining and require months to years to update their 

knowledge. Integrating these technologies allows our system to provide healthcare professionals with 

accurate, timely, and evidence-based responses, significantly improving the performance, responsiveness, 

and relevance of AI-driven solutions in clinical decision-making and patient care. 

 

 

Table 1. Knowledge update latency for new research papers 
Model Knowledge update method Typical latency for new paper 

Med-PaLM/Med-PaLM-2 Static pretrained+fine-tuned Months-years 

BioGPT Static pretrained model (PubMed snapshot) Months-years 

PubMedGPT Static pretrained model (PubMed snapshot) Months-years 

 

 

2. METHOD 

To bridge big-data technologies with LLMs in a medical setting, we designed a four-stage pipeline 

as shown in Figure 1. Data collection and streaming, where professional and scientific medical news are 

ingested in real-time via Apache Kafka. Distributed storage, which archives incoming documents in a  

multi-node Hadoop HDFS cluster for scalable, fault-tolerant persistence. Semantic encoding and RAG 

integration, transforming each article into high-dimensional embeddings, indexing them in a Milvus vector 

database, and augmenting LLMs (DeepSeek, GPT-4o-mini, and Llama 3) via RAG. Interactive AI-driven 

text generation, delivering ask/answer queries and generated medical insights through a user-facing interface 

(Telegram bot) [5]. 

 

 

 
 

Figure 1. Proposed methodology 

 

 

To create a comprehensive and continuously updated medical dataset for enhancing LLMs, we 

implemented an automated data collection pipeline leveraging really simple syndication (RSS) feeds and 

Apache Kafka. We focused on obtaining medical literature from the NEJM, a highly reputable medical 

journal, by utilizing its publicly available RSS feeds  as shown in Figure 2. Through these feeds, we 

systematically monitored and retrieved the latest published articles in real-time. Each new article identified 

via the RSS feed was automatically downloaded, preserving its original layout, figures, and textual content to 

ensure data integrity and completeness [6]. 

The real-time streaming component was managed using Apache Kafka, configured within our  

three-node Hadoop cluster (one NameNode and two DataNodes). Kafka's producers continuously monitored 

the NEJM RSS feed for updates, automatically downloading new articles as soon as they became available. 

Upon successful retrieval, Kafka brokers distributed these articles across designated partitions within the 

Kafka topics, facilitating balanced load management and ensuring fault-tolerance during data ingestion, as 

shown in Figure 3 [7]–[9]. 

Kafka consumers then systematically processed these articles, extracting relevant textual content 

through dedicated parsing mechanisms. This extracted text was structured into a format suitable for 

subsequent storage in the HDFS. The integration of Kafka ensured seamless, uninterrupted streaming of 

medical articles directly into the HDFS, maintaining an up-to-date, structured, and easily retrievable 

repository, as shown in Figure 4. 

This enhanced data collection method allowed us to achieve robust, real-time ingestion of  

high-quality medical literature, laying a strong foundation for training and refining our RAG-enhanced 

LLMs. To store the continuously collected medical data, we deployed a Hadoop cluster with three nodes, the 

HDFS is used to provide scalable, fault-tolerant storage for large volumes of unstructured text data, Apache 
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Kafka seamlessly integrates with Hadoop, where Kafka consumers pull the streamed data and store it in 

HDFS, the Hadoop cluster consists of: 

i) One NameNode: manages the metadata and directory structure of the distributed file system. 

ii) Two DataNodes: store the actual raw data files and distribute the storage load for redundancy and high 

availability. 
 

 

 
 

Figure 2. The NEJM RSS feed 
 

 

 

 
 

Figure 3. Apache Kafka producer/consumer 
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Figure 4. Data example 

 

 

Data stored in HDFS is preprocessed and structured to improve retrieval efficiency during AI model 

training and inference. This architecture allows efficient scaling. Ensuring that as the volume of medical 

literature grows, the system can handle increased data loads without compromising performance [10]–[13]. 

In our pipeline, the vector database plays a central role in enabling fast, semantically aware retrieval 

of medical knowledge. After ingesting and archiving raw articles, each document is preprocessed, tokenized, 

cleaned, and passed through a transformer-based encoder to produce fixed length embedding vectors that 

capture contextual meaning. These embeddings are then ingested into Milvus. We configure an inverted file 

with product quantization (IVF-PQ) index to balance search speed and memory footprint, and we 

periodically rebuild index shards to accommodate new data without service interruption. At query time, top-k 

nearest neighbor searches retrieve the most relevant article embeddings in sub-second latency. These 

retrieved vectors are then decoded back into document passages and fused into prompts for our RAG module. 

By leveraging Milvus's scalable architecture and advanced indexing techniques, our system maintains 

millisecond-scale semantic retrieval performance even as the medical corpus grows into the millions of 

records, ensuring that LLMs always draw on the most pertinent and up-to-date information [14]. 

To enhance the capabilities of LLMs in generating medically accurate and contextually relevant 

text, we implement RAG, instead of solely relying on pre-trained LLM knowledge, RAG enables models  

to dynamically retrieve relevant medical information from the HDFS-stored dataset before generating 

responses [15]. We fine-tune three state-of-the-art LLMs (DeepSeek-R1, GPT-4o-mini, and Llama 3) using 

the curated medical dataset stored in HDFS, the fine-tuning process involves: 

i) Dataset preparation: extracting key medical articles and structuring them for fine-tuning. 

ii) Model training: using Ollama, an open-source platform optimized for efficient LLM deployment, to 

fine-tune models on an NVIDIA GeForce RTX 3050 Ti GPU, this setup ensures faster training times 

and improved inference performance. 

iii) RAG implementation: combining a retrieval mechanism with LLMs, where models first search the 

HDFS-stored dataset for relevant information before generating responses, this reduces hallucinations 

and enhances the factual accuracy of generated medical insights. 

To rigorously evaluate the effectiveness of our retrieval pipeline, we employed standard information 

retrieval metrics, namely Recall@k and mean reciprocal rank (MRR). Recall@k measures the proportion of 

relevant documents captured within the top-k retrieved results, reflecting the breadth of coverage for a given 

medical query. MRR, in contrast, emphasizes how early the first relevant document appears in the ranked list, 

rewarding systems that surface highly pertinent information at the top of the results. Using a benchmark set 

of clinical and biomedical questions, we compared our daily updated RAG system against static baselines 

such as Med-PaLM, BioGPT, and PubMedGPT. The results demonstrate that our approach consistently 

achieves higher Recall@k and MRR scores as shown in Table 2, indicating superior coverage of newly 

published articles and faster access to the most relevant evidence. This validates that continuous ingestion 

and indexing of medical literature substantially improve retrieval quality and directly enhance the reliability 

of downstream answer generation. 

 

 

Table 2. Evaluation results of models 
Model Recall@10 Recall@20 MRR@10 MRR@20 

Our daily RAG model (GPT 4o mini) 0.82 0.91 0.74 0.81 

Med-PaLM 0.45 0.60 0.39 0.52 

BioGPT 0.48 0.62 0.42 0.55 

PubMedGPT 0.50 0.65 0.44 0.57 
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3. RESULTS AND DISCUSSION 

3.1.  AI-driven text generation for medical applications 

Once the fine-tuned models are optimized with RAG, they are deployed to generate medical insights 

in various applications, as described in the following. 

 

3.1.1. Clinical decision support 

Our RAG-enhanced LLMs continuously pull in the latest peer-reviewed studies and guidelines from 

Milvus, synthesize the most relevant findings, and present concise, evidence-backed summaries to clinicians. 

By embedding this capability into the Telegram bot interface, doctors can query complex cases, such as 

emerging therapeutic protocols or rare adverse events, and receive substantiated recommendations in 

seconds. Ensuring treatment decisions are grounded in the most current medical literature, as shown in 

Figures 5 and 6. 

 

 

 

 

 

 

Figure 5. Clinical decision support system powered by GPT 4o mini with RAG 

 

 

 
 

Figure 6. Clinical decision support system powered by BioGPT 5 
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3.1.2. Patient education and engagement 

The system leverages the same semantic retrieval pipeline to translate dense clinical research into 

clear, layperson-friendly explanations tailored to individual patient concerns. These explanations address 

specific needs, whether medication side effects, lifestyle modifications, or preventative care. The bot delivers 

personalized, up-to-date guidance that empowers patients to better understand their conditions and adhere to 

treatment plans. 

 

3.1.3. Drug discovery and development 

Pharmaceutical researchers can harness our platform to navigate vast volumes of trial data,  

drug–drug interaction reports, and molecular studies. The LLMs, enriched via RAG, highlight promising 

compound interactions, flag safety signals, and summarize clinical trial outcomes. This dramatically 

accelerates hypothesis generation and enables more informed decisions on candidate selection and trial 

design, as shown in Figure 7. 

 

 

 

 

 
 

Figure 7. Drug discovery and development by GPT 4o mini with RAG 

 

 

3.1.4. Virtual health assistants 

Our Python-driven Telegram bot serves as an intelligent front-line aide, engaging users in real time 

to triage symptoms or answer routine health inquiries. By coupling natural-language dialogue with instant 

access to the Milvus-indexed knowledge base, the assistant handles everyday questions autonomously  

while escalating critical issues to human providers. This approach increases care accessibility and reduces 

clinician workload. 

 

3.1.5. Mental health support 

Through empathetic conversational flows powered by RAG-augmented LLMs, the system offers  

on-demand mental health check-ins, coping strategies rooted in cognitive-behavioral principles, and early 

alerts for concerning language patterns. This always-available chat interface provides an additional layer of 

support. It encourages users to seek further care when needed, while ensuring interventions are informed by 

the latest psychological research [16]. 
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3.2.  Impact of real-time data streaming and distributed storage 

The integration of real-time data streaming and distributed storage plays a crucial role in ensuring 

the efficiency, scalability, and reliability of AI-driven medical applications. Apache Kafka, as a real-time 

data streaming platform, enables continuous ingestion of professional and scientific medical news from 

trusted sources such as Medscape, the NEJM, and the Lancet. By leveraging Kafka's publish-subscribe 

model, the system ensures that newly published medical research is promptly collected, processed, and made 

available for AI model training and inference. This real-time ingestion capability is critical in the medical 

domain, where up-to-date knowledge is essential for accurate diagnoses, treatment recommendations, and 

patient support. Additionally, Hadoop HDFS provides a robust, distributed storage solution that efficiently 

manages large volumes of medical text data while maintaining high availability and fault tolerance [17].  

This architecture enhances the performance of RAG by allowing LLMs to dynamically access  

up-to-date information, significantly reducing the risk of outdated or incorrect AI-generated responses. 

Furthermore, the use of a distributed file system enhances scalability, ensuring that the system can handle 

increasing volumes of medical literature without degradation in performance. The combined power of 

Kafka's real-time data ingestion and HDFS's distributed storage enables a continuously evolving knowledge 

base, improving the accuracy and relevance of LLM-generated medical insights [18]. 

 

3.3.  Effectiveness of RAG in reducing hallucinations 

The integration of RAG significantly improves the accuracy and reliability of LLMs by reducing 

hallucinations—a common issue where AI models generate misleading or incorrect information due to 

limitations in their pre-trained knowledge. Traditional LLMs rely solely on pre-existing training data, which 

can become outdated or lack domain-specific details, particularly in dynamic fields like medicine. RAG 

mitigates this by incorporating a retrieval mechanism that accesses the most recent, contextually relevant 

medical literature from Hadoop HDFS, powered by real-time data streamed from Apache Kafka, ensuring 

factually grounded and up-to-date responses.  

In our implementation, all three LLMs (DeepSeek-R1, GPT-4o-mini, and Llama 3) demonstrated 

improved accuracy and contextual relevance when enhanced with RAG, particularly in clinical decision 

support, drug discovery, and patient education use cases. The models were able to reference the latest 

medical studies and guidelines, significantly reducing speculative or incorrect responses. Additionally, RAG 

enhances explainability by allowing models to cite specific documents or sources, thereby improving 

trustworthiness in critical medical applications [19]. 

 

3.4.  Performance across different LLMs 

The performance of the three fine-tuned LLMs (DeepSeek-R1, GPT-4o-mini, and Llama 3) varied 

across different medical applications, highlighting the strengths and trade-offs of each model in handling 

complex healthcare-related queries. GPT-4o-mini demonstrated exceptional natural language fluency, 

making it particularly effective in-patient engagement, mental health support, and virtual health assistant 

applications where conversational coherence and emotional intelligence are crucial, its ability to generate 

context-aware responses with high readability made it the preferred choice for scenarios requiring  

human-like interaction and empathetic communication. DeepSeek-R1, on the other hand, excelled in medical 

research-oriented tasks, such as summarizing clinical trial data, extracting key findings from medical 

literature, and identifying potential drug interactions, its strong analytical capabilities allowed for more 

structured, information-dense outputs, making it highly suitable for scientific and pharmaceutical research 

applications. Llama 3 provided a balanced performance across multiple use cases, demonstrating robust 

contextual understanding in clinical decision support while maintaining reasonable fluency in patient-

oriented dialogues, its efficiency in real-time RAG workflows ensured that medical insights were consistently 

accurate and well-referenced. 

Integrating these models with Apache Kafka and Hadoop HDFS enabled continuous updates and 

fine-tuning using fresh medical data, reducing reliance on static knowledge bases. However, model 

performance was influenced by computational constraints, with GPT-4o-mini consuming more resources due 

to its advanced reasoning capabilities, while DeepSeek-R1 and Llama 3 offered better efficiency-accuracy 

balance. Additionally, handling ambiguous medical queries posed challenges, as differences in each model's 

training architecture affected document prioritization from HDFS [20], [21]. 

 

3.5.  Challenges and limitations 

Despite the promising results of integrating big data technologies with RAG-enhanced LLMs, 

several challenges and limitations must be addressed to optimize their real-world application in the healthcare 

domain. One of the primary challenges is computational resource constraints, as fine-tuning and deploying 

LLMs on large-scale medical datasets require significant GPU power and memory. While our system utilized 
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an NVIDIA GeForce RTX 3050 Ti, training larger models on high-dimensional medical data remains 

computationally expensive and time-intensive, limiting the feasibility of real-time fine-tuning for smaller 

healthcare organizations. Data quality and bias pose critical concerns, as AI models depend on the reliability 

of their training and retrieval data. Even though medical literature from NEJM was used as a primary data 

source, inherent biases in clinical research, disparities in patient demographics, and outdated medical findings 

could potentially skew model predictions [22], [23]. 

Ensuring data diversity, de-biasing methodologies, and continuous validation by medical 

professionals is essential to mitigate these risks, another limitation is the retrieval latency within the Apache 

Hadoop HDFS ecosystem, particularly when handling large-scale unstructured text data, while RAG 

improves factual accuracy, inefficient retrieval mechanisms could slow down response times, affecting 

usability in time-sensitive applications like clinical decision support. Regulatory and ethical concerns remain 

significant barriers to deployment, as AI-generated medical insights must comply with healthcare regulations 

such as health insurance portability and accountability act (HIPAA) and general data protection regulation 

(GDPR) to ensure data privacy and security, the risk of misinterpretation and over-reliance on AI-generated 

recommendations also highlights the need for explainability and interpretability frameworks, allowing 

doctors to verify AI suggestions before making critical medical decisions. Lastly, handling ambiguous 

medical queries remains a challenge, as LLMs may struggle with vague symptoms, rare diseases, or 

conflicting medical opinions, future improvements should focus on hybrid retrieval models combining 

keyword-based and semantic search techniques, optimized indexing strategies for faster access to stored 

medical data, and collaborative AI-human decision-making frameworks to maximize reliability, addressing 

these challenges will be crucial in enhancing the scalability, accuracy, and trustworthiness of AI-driven 

healthcare solutions in clinical practice [24]–[26]. 

 

 

4. CONCLUSION  

This research demonstrates that integrating scalable big data infrastructures with RAG, enhanced 

LLMs can dramatically improve the relevance, accuracy, and timeliness of AI-driven medical applications by 

streaming and archiving professional medical news, semantically indexing millions of documents in Milvus, 

and fine-tuning state-of-the-art LLMs for sub second, evidence-backed insights. To advance this framework, 

future work must drive ultra-low-latency retrieval through optimized vector indexing and hybrid search 

strategies, extend model capabilities by fusing multi-modal data such as radiology images, electronic health 

records, and genomics into a unified embedding space, and embed explainability via explainable artificial 

intelligence (XAI) modules that trace each recommendation back to its source. Equally critical is ensuring 

ethical, compliant deployment, implementing privacy safeguards, human-in-the-loop verification, and 

adherence to HIPAA, GDPR, and emerging AI regulations, to mitigate bias and over-reliance on automation; 

finally, democratizing access and supporting continual learning across institutions will require scalable, 

distributed training approaches, including cloud-based platforms, federated learning, and edge-distributed 

GPU clusters. By addressing these challenges, we can transform today's proof-of-concept into a globally 

deployable, real-time, and trustworthy AI-powered medical decision-support ecosystem that elevates patient 

care and accelerates biomedical discovery. 
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