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ABSTRACT: The rapid digital transformation of healthcare has enabled widespread use of Electronic 

Health Records (EHRs), telemedicine, wearable devices, and cloud-based health systems, while Large 

Language Models (LLMs) have enhanced clinical decision-making through medical text understanding 

and recommendation generation. However, standalone LLMs often suffer from hallucinations, 

outdated knowledge, and limited transparency, making them unreliable for critical healthcare 

applications. Retrieval-Augmented Generation (RAG) addresses these issues by retrieving verified 

clinical information from external medical knowledge sources, improving factual accuracy and 

reducing hallucinations. Nevertheless, conventional RAG systems rely on centralized repositories that 

remain vulnerable to data tampering and lack robust mechanisms for ensuring information authenticity 

and traceability. To overcome these limitations, this research proposes a Blockchain-Integrated 

Retrieval-Augmented Large Language Model Framework for Secure Clinical Decision Support 

and Medical Knowledge Verification. The framework combines blockchain, RAG, LLMs, semantic 

vector databases, and explainable AI to provide secure, authentic, and evidence-based clinical 

recommendations. Medical knowledge is cryptographically verified and stored on the blockchain, 

ensuring integrity and provenance before retrieval. Experimental evaluation demonstrates that the 

proposed framework improves clinical recommendation accuracy, explainability, retrieval precision, 

security, and physician trust while reducing hallucinations and supporting secure, scalable, and 

trustworthy AI-assisted healthcare systems. 

INTRODUCTION 

The rapid advancement of Artificial Intelligence (AI) has transformed healthcare by enabling 

intelligent systems capable of supporting diagnosis, treatment planning, disease prediction, medical 

imaging analysis, and personalized patient care. Among recent AI technologies, Large Language 

Models (LLMs) have demonstrated exceptional capability in understanding complex clinical language, 

summarizing patient records, interpreting laboratory reports, generating discharge summaries, 

answering medical queries, and assisting healthcare professionals during clinical decision-making 

processes. Models trained on extensive biomedical literature and clinical datasets can provide 

contextual recommendations with remarkable fluency, thereby reducing physician workload and 

improving healthcare efficiency. However, despite their impressive reasoning capabilities, standalone 

Large Language Models frequently generate inaccurate or fabricated information, commonly referred 
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to as hallucinations, because their responses are limited to knowledge learned during training and are 

not always grounded in verified clinical evidence. Such inaccuracies pose serious risks in healthcare 

environments where incorrect medical recommendations may adversely affect patient safety and 

treatment outcomes. 

Healthcare knowledge continuously evolves as new clinical guidelines, pharmaceutical discoveries, 

treatment protocols, diagnostic criteria, and evidence-based medical research become available. 

Conventional Large Language Models cannot automatically update their internal knowledge without 

expensive retraining, resulting in outdated recommendations that may conflict with current medical 

practice. Furthermore, medical practitioners require transparent evidence supporting every clinical 

recommendation, including the original guideline, research publication, or diagnostic protocol from 

which the recommendation is derived. Existing language models generally lack reliable mechanisms 

for verifying the authenticity, provenance, and integrity of retrieved medical information. 

Consequently, healthcare organizations require intelligent decision-support systems capable of 

generating clinically accurate, evidence-based, explainable, and verifiable recommendations while 

ensuring strict security and regulatory compliance. 

Retrieval-Augmented Generation (RAG) has emerged as an effective paradigm for enhancing Large 

Language Models by integrating external knowledge retrieval with natural language generation. 

Instead of relying exclusively on internal model parameters, RAG retrieves relevant medical 

documents from external knowledge repositories before generating responses. These repositories may 

include electronic health records, clinical practice guidelines, biomedical research articles, 

pharmaceutical databases, laboratory reference manuals, radiology reports, disease ontologies, and 

medical textbooks. By grounding generated responses on retrieved evidence, Retrieval-Augmented 

Generation significantly reduces hallucinations, improves factual consistency, increases 

recommendation reliability, and enables continuous utilization of the latest medical knowledge without 

requiring repeated model retraining. Nevertheless, conventional RAG systems generally depend upon 

centralized knowledge repositories whose contents may be altered, corrupted, duplicated, or 

manipulated by unauthorized users. The absence of immutable verification mechanisms limits 

confidence in retrieved medical evidence and creates challenges for healthcare auditing and regulatory 

compliance. 

Blockchain technology provides a decentralized, immutable, and cryptographically secure 

infrastructure capable of addressing these limitations. Every medical document, clinical guideline, 

laboratory report, pharmaceutical reference, and diagnostic protocol can be cryptographically hashed 

and permanently recorded on a distributed blockchain ledger. Once verified and committed, these 

medical knowledge assets become tamper-resistant, traceable, and transparently auditable. Smart 

contracts further automate authentication, role-based access control, patient consent management, 

knowledge validation, and audit logging without requiring centralized trust. Blockchain therefore 

establishes a trusted medical knowledge ecosystem where every retrieved clinical document possesses 

verifiable integrity, provenance, timestamp information, and authorized ownership. This capability is 

particularly important in healthcare because regulatory standards require comprehensive accountability 

for every clinical recommendation generated by intelligent decision-support systems. 
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Clinical Decision Support Systems (CDSS) have become essential components of modern healthcare 

by assisting physicians during diagnosis, medication prescription, treatment selection, disease risk 

prediction, and patient monitoring. Contemporary CDSS integrate electronic health records, laboratory 

information systems, radiology databases, genomic information, wearable sensor data, and clinical 

guidelines to provide evidence-based recommendations. However, conventional systems often suffer 

from fragmented medical knowledge sources, inconsistent data quality, limited interoperability, poor 

explainability, and inadequate security mechanisms. As healthcare organizations increasingly adopt 

cloud computing, Internet of Medical Things (IoMT), telemedicine platforms, and cross-institutional 

data sharing, maintaining data integrity, privacy, and knowledge authenticity becomes increasingly 

challenging. Consequently, integrating Retrieval-Augmented Generation with blockchain-enabled 

medical knowledge verification provides an intelligent and trustworthy foundation for next-generation 

clinical decision support. 

In addition to trustworthy knowledge retrieval, explainability has become a fundamental requirement 

for artificial intelligence in healthcare. Physicians must understand the rationale behind every AI-

generated diagnosis or treatment recommendation before incorporating it into clinical practice. 

Explainable Artificial Intelligence (XAI) enhances transparency by identifying the retrieved medical 

documents, clinical guidelines, evidence scores, and reasoning pathways responsible for each 

recommendation. Such transparency strengthens physician confidence, improves clinical acceptance, 

facilitates regulatory approval, and supports medico-legal accountability. The combination of 

Explainable AI with blockchain verification ensures that both the generated recommendation and its 

supporting medical evidence remain interpretable, authenticated, and independently verifiable 

throughout the clinical workflow. 

This research proposes A Blockchain-Integrated Retrieval-Augmented Large Language Model 

Framework for Secure Clinical Decision Support and Medical Knowledge Verification. The 

proposed framework integrates blockchain-based medical knowledge authentication, Retrieval-

Augmented Generation, semantic vector retrieval, Large Language Models, Explainable Artificial 

Intelligence, and secure clinical decision support into a unified intelligent healthcare architecture. 

Verified medical knowledge from clinical guidelines, peer-reviewed biomedical literature, electronic 

health records, pharmaceutical databases, and diagnostic protocols is securely indexed using vector 

embeddings while corresponding cryptographic hashes are stored on the blockchain for immutable 

verification. During clinical consultation, semantically relevant verified documents are retrieved and 

supplied to the Large Language Model, enabling evidence-based recommendation generation 

supported by authenticated medical knowledge. Comprehensive evaluation investigates clinical 

recommendation accuracy, retrieval precision, knowledge verification efficiency, explainability, 

response latency, security, scalability, and healthcare regulatory compliance within modern intelligent 

healthcare environments. 

Problem Statement: Existing Large Language Model-based clinical decision support systems 

frequently generate hallucinated or outdated medical recommendations because they rely primarily on 

static pre-trained knowledge without validating information against authenticated clinical evidence. 

Conventional Retrieval-Augmented Generation systems improve factual grounding but generally 

depend on centralized knowledge repositories that are susceptible to unauthorized modification, 
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integrity violations, and insufficient provenance verification. Furthermore, many existing healthcare 

AI solutions provide limited explainability, weak auditability, and inadequate support for secure 

medical knowledge verification, reducing physician trust and regulatory compliance. Therefore, there 

is a critical need for a secure, explainable, and blockchain-enabled Retrieval-Augmented Large 

Language Model framework capable of providing trustworthy clinical decision support while ensuring 

immutable medical knowledge verification and patient data security. 

Objective: The primary objective of this research is to develop a Blockchain-Integrated Retrieval-

Augmented Large Language Model Framework for secure clinical decision support and medical 

knowledge verification. The proposed framework aims to combine blockchain technology, semantic 

medical knowledge retrieval, Retrieval-Augmented Generation, Large Language Models, and 

Explainable Artificial Intelligence to generate clinically accurate, evidence-based, and verifiable 

medical recommendations. The framework further seeks to ensure immutable knowledge provenance, 

secure access control, regulatory compliance, reduced hallucination, enhanced physician trust, and 

improved healthcare decision-making through authenticated medical information retrieval and 

transparent reasoning. 

Scope: The scope of this research includes the design, implementation, and evaluation of an intelligent 

healthcare framework integrating blockchain, Retrieval-Augmented Generation, Large Language 

Models, semantic vector databases, Explainable Artificial Intelligence, and clinical decision support 

systems. The framework securely manages electronic health records, clinical practice guidelines, 

biomedical literature, pharmaceutical references, diagnostic protocols, laboratory reports, and medical 

imaging metadata through blockchain-enabled verification and semantic retrieval. Performance 

evaluation includes clinical recommendation accuracy, retrieval precision, hallucination reduction, 

blockchain verification efficiency, explainability, response latency, scalability, security, 

interoperability, and regulatory compliance. The proposed framework is applicable to hospitals, smart 

healthcare systems, telemedicine platforms, clinical research organizations, pharmaceutical 

industries, diagnostic laboratories, academic medical centers, precision medicine platforms, 

public healthcare agencies, and next-generation AI-assisted healthcare ecosystems, where secure, 

trustworthy, explainable, and evidence-based clinical decision support is essential. 

LITERATURE SURVEY 

The increasing adoption of Artificial Intelligence (AI) in healthcare has revolutionized clinical decision 

support, disease diagnosis, personalized medicine, medical imaging analysis, and healthcare 

information management. Recent advances in deep learning and Natural Language Processing (NLP) 

have enabled Large Language Models (LLMs) to process complex biomedical literature, summarize 

clinical documents, interpret patient records, generate diagnostic suggestions, and assist healthcare 

professionals during medical consultations. Models such as GPT-based architectures, Med-PaLM, 

BioGPT, and other domain-specific language models have demonstrated remarkable performance in 

understanding medical terminology and generating human-like clinical responses. Despite these 

advancements, researchers have consistently reported that standalone LLMs suffer from knowledge 

hallucination, limited explainability, outdated medical information, and insufficient source 
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verification, making them unsuitable for autonomous clinical decision-making without additional 

validation mechanisms. 

Clinical Decision Support Systems (CDSS) have evolved considerably over the past two decades from 

rule-based expert systems to intelligent machine learning-driven healthcare platforms. Traditional 

CDSS primarily rely on manually encoded clinical rules, disease ontologies, statistical models, and 

knowledge bases to support physicians during diagnosis and treatment planning. Although these 

systems improve healthcare quality by reducing diagnostic errors and enhancing treatment consistency, 

their performance is often constrained by limited adaptability, fragmented knowledge repositories, and 

the inability to incorporate continuously evolving biomedical research. Modern AI-driven CDSS 

utilize deep learning algorithms to improve prediction accuracy; however, they frequently operate as 

black-box systems that provide limited transparency regarding the reasoning behind generated clinical 

recommendations. Consequently, healthcare professionals continue to require intelligent systems 

capable of providing explainable, evidence-supported, and trustworthy recommendations. 

Retrieval-Augmented Generation (RAG) has emerged as one of the most promising approaches for 

improving the factual accuracy of Large Language Models. Instead of relying solely on pre-trained 

model parameters, RAG dynamically retrieves relevant documents from external knowledge 

repositories before generating responses. In healthcare applications, these repositories typically include 

electronic health records, clinical practice guidelines, biomedical research publications, 

pharmaceutical databases, disease ontologies, radiology reports, laboratory reference manuals, and 

evidence-based treatment protocols. By grounding language generation on retrieved evidence, RAG 

significantly reduces hallucinations while improving factual consistency and recommendation 

reliability. Several studies have demonstrated that Retrieval-Augmented Generation substantially 

enhances medical question answering, clinical summarization, and physician decision support. 

Nevertheless, conventional RAG frameworks generally assume complete trust in centralized 

knowledge repositories, leaving retrieved medical information vulnerable to unauthorized 

modification, integrity violations, and provenance uncertainty. 

The rapid expansion of Electronic Health Records (EHRs) has generated enormous volumes of 

structured and unstructured clinical information requiring secure storage, efficient retrieval, and 

reliable verification. Healthcare organizations increasingly exchange patient information across 

hospitals, laboratories, pharmacies, insurance providers, and telemedicine platforms. Although 

interoperability standards such as HL7 FHIR facilitate healthcare information exchange, maintaining 

data integrity, patient privacy, and knowledge authenticity remains a major challenge. Researchers 

have investigated semantic search engines, medical vector databases, ontology-based retrieval, and 

embedding techniques to improve clinical information retrieval. Recent developments in dense vector 

embeddings and transformer-based retrieval models have significantly improved semantic matching 

between physician queries and medical documents, thereby enhancing Retrieval-Augmented 

Generation performance within healthcare environments. 

Blockchain technology has gained considerable attention as a decentralized solution for securing 

healthcare information systems. Unlike conventional centralized databases, blockchain maintains an 

immutable distributed ledger in which every transaction is cryptographically verified and permanently 
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recorded. Researchers have demonstrated that blockchain effectively preserves Electronic Health 

Record integrity, enables decentralized patient consent management, improves healthcare 

interoperability, secures pharmaceutical supply chains, and prevents unauthorized modification of 

medical records. Smart contracts further automate healthcare workflows including patient 

authorization, access control, insurance verification, prescription management, and audit logging. 

Several healthcare blockchain frameworks have shown improved transparency, accountability, and 

regulatory compliance compared with traditional centralized healthcare information systems. 

However, most existing blockchain applications focus primarily on patient data management rather 

than verification of medical knowledge utilized by artificial intelligence systems. 

Medical knowledge verification has become increasingly important as Large Language Models are 

integrated into clinical workflows. Physicians require confidence that AI-generated recommendations 

originate from authentic clinical guidelines, peer-reviewed publications, pharmaceutical references, 

and verified medical evidence. Explainable Artificial Intelligence (XAI) has therefore emerged as an 

essential component of trustworthy healthcare AI. Existing explainability techniques including SHAP, 

LIME, attention visualization, retrieval attribution, evidence ranking, confidence scoring, and 

reasoning trace generation improve physician understanding of model predictions by identifying 

influential clinical evidence supporting each recommendation. Although these techniques improve 

transparency, they generally cannot independently verify whether retrieved medical documents have 

remained unaltered after publication. Integrating blockchain-based provenance verification with 

explainable retrieval mechanisms therefore represents an important advancement toward trustworthy 

medical artificial intelligence. 

Recent research has also explored secure integration of blockchain with Artificial Intelligence to 

improve data privacy, decentralized learning, secure model sharing, and trusted information exchange. 

Blockchain-assisted AI architectures have demonstrated benefits in collaborative healthcare analytics, 

federated learning, medical image management, pharmaceutical traceability, and healthcare Internet of 

Things (IoMT) applications. Simultaneously, Retrieval-Augmented Large Language Models have 

shown considerable success in legal reasoning, financial advisory systems, scientific literature analysis, 

and enterprise knowledge management. However, relatively few studies have comprehensively 

integrated blockchain, Retrieval-Augmented Generation, Large Language Models, explainable 

artificial intelligence, semantic vector retrieval, and secure clinical decision support into a unified 

healthcare framework capable of simultaneously ensuring factual accuracy, knowledge authenticity, 

explainability, regulatory compliance, and medical information security. 

Several optimization strategies have been proposed to improve Retrieval-Augmented Generation 

performance within large-scale medical knowledge repositories. Hybrid dense-sparse retrieval 

algorithms, semantic vector indexing, transformer-based embedding models, approximate nearest-

neighbor search, adaptive reranking mechanisms, knowledge graph integration, and multimodal 

retrieval techniques have significantly improved retrieval precision and response quality. Researchers 

have further investigated blockchain consensus optimization, lightweight smart contracts, off-chain 

medical storage, distributed indexing, cryptographic hashing, and decentralized identity management 

to reduce computational overhead while maintaining strong security guarantees. These advances 
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provide a strong technological foundation for developing scalable and secure intelligent healthcare 

systems capable of supporting real-time clinical decision making. 

Despite substantial progress in intelligent healthcare research, several critical challenges remain 

unresolved. Existing Large Language Model-based clinical decision support systems often rely on 

static internal knowledge or centralized retrieval infrastructures that provide limited protection against 

knowledge tampering and insufficient verification of medical evidence provenance. Many frameworks 

also lack comprehensive explainability, immutable audit trails, secure access control, and regulatory-

compliant knowledge verification mechanisms required for real-world clinical deployment. 

Simultaneously achieving secure medical knowledge management, evidence-based reasoning, 

blockchain-enabled integrity verification, explainable artificial intelligence, semantic retrieval 

efficiency, and accurate clinical recommendation generation continues to represent a significant 

research challenge. 

The present research addresses these limitations by proposing A Blockchain-Integrated Retrieval-

Augmented Large Language Model Framework for Secure Clinical Decision Support and 

Medical Knowledge Verification. The proposed architecture integrates blockchain-enabled medical 

knowledge authentication, semantic Retrieval-Augmented Generation, Large Language Models, 

Explainable Artificial Intelligence, smart contracts, secure medical vector databases, and evidence-

based clinical decision support into a unified intelligent healthcare ecosystem. Comprehensive 

experimental evaluation investigates clinical recommendation accuracy, retrieval precision, 

hallucination reduction, blockchain verification efficiency, explainability, response latency, security, 

scalability, interoperability, and healthcare regulatory compliance. The developed framework is 

intended for deployment in smart hospitals, telemedicine platforms, precision medicine systems, 

pharmaceutical industries, clinical research organizations, diagnostic laboratories, academic 

medical centers, public healthcare agencies, healthcare cloud platforms, and next-generation AI-

assisted clinical decision support environments, where trustworthy, explainable, secure, and 

evidence-based medical intelligence is essential. 

METHODOLOGY 

The proposed Blockchain-Integrated Retrieval-Augmented Large Language Model (BI-RAG-

LLM) framework is designed to provide secure, trustworthy, and explainable clinical decision support 

by integrating blockchain technology, Retrieval-Augmented Generation (RAG), Large Language 

Models (LLMs), semantic medical knowledge retrieval, and medical knowledge verification into a 

unified intelligent healthcare architecture. Unlike conventional clinical decision support systems that 

rely on centralized databases or standalone language models, the proposed framework ensures that 

every medical recommendation is generated from authenticated clinical evidence whose integrity is 

verified through blockchain before being utilized by the language model. This approach significantly 

reduces hallucinations, prevents knowledge tampering, improves recommendation reliability, and 

enhances physician confidence in AI-assisted clinical decision making. 

The framework begins with the collection of medical knowledge from trusted healthcare sources 

including electronic health records, clinical practice guidelines, peer-reviewed biomedical literature, 

pharmaceutical databases, laboratory reference manuals, radiology reports, and disease treatment 
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protocols. Since these knowledge sources originate from multiple healthcare organizations, each 

document undergoes preprocessing to remove inconsistencies, normalize medical terminology, 

eliminate duplicate records, tokenize clinical text, and generate semantic embeddings suitable for 

vector-based retrieval. Simultaneously, every verified medical document is cryptographically hashed 

using secure hashing algorithms, and the corresponding hash values, timestamps, document identifiers, 

and ownership information are permanently recorded on a permissioned blockchain network. This 

immutable ledger guarantees that any unauthorized modification of medical knowledge can be 

immediately detected during subsequent retrieval operations. 

Following secure knowledge registration, semantic vector indexing is performed to organize medical 

documents according to their contextual embeddings. The vector database enables efficient similarity 

search across millions of clinical documents while preserving semantic relationships among diseases, 

symptoms, laboratory findings, medications, treatment procedures, and diagnostic guidelines. During 

clinical consultation, physicians submit patient symptoms, laboratory values, imaging observations, or 

diagnostic questions through the clinical decision support interface. The Retrieval-Augmented 

Generation module converts these clinical queries into semantic embeddings and retrieves the most 

relevant medical documents from the authenticated vector repository. Before the retrieved documents 

are supplied to the Large Language Model, blockchain verification is executed by comparing the stored 

cryptographic hashes with the current document hashes to ensure that the retrieved medical knowledge 

remains authentic, untampered, and traceable to verified healthcare authorities. 

After successful blockchain verification, the authenticated medical evidence is forwarded to the Large 

Language Model together with the clinical query. The Large Language Model performs contextual 

reasoning by combining patient-specific information with the retrieved evidence-based medical 

knowledge to generate diagnosis assistance, treatment recommendations, medication guidance, 

differential diagnoses, laboratory interpretation, and clinical summaries. Unlike conventional language 

models that depend solely on pre-trained parameters, the proposed Retrieval-Augmented Generation 

architecture grounds every recommendation on verified external medical evidence, substantially 

reducing hallucinations while improving factual accuracy and consistency with current clinical 

guidelines. 

The proposed framework is experimentally evaluated using multiple healthcare datasets containing 

electronic health records, clinical case reports, biomedical literature, pharmaceutical knowledge bases, 

and evidence-based treatment guidelines. Performance analysis includes Clinical Recommendation 

Accuracy, Retrieval Precision, Hallucination Rate, Blockchain Verification Accuracy, Explainability 

Score, Response Latency, Knowledge Retrieval Time, Security Overhead, and System Scalability. 

Comparative analysis is performed against conventional Large Language Models, traditional 

Retrieval-Augmented Generation systems, blockchain-based healthcare information systems, and 

existing clinical decision support frameworks to demonstrate the superiority of the proposed 

architecture. 

The optimization objective of the proposed Retrieval-Augmented Generation framework is to 

maximize the relevance between the retrieved verified medical documents and the clinical query while 

minimizing retrieval errors. The optimization function is expressed as: 
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where: 

• SRAG = Optimal verified medical knowledge score 

• (Q) = Clinical query 

• (Di) = Retrieved medical document 

• Sim(Q,Di) = Semantic similarity between the clinical query and retrieved document 

• (Vi) = Blockchain verification factor (authenticated document integrity score) 

The overall methodology of the proposed framework is summarized below. 

 

Methodology 
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The proposed methodology establishes a secure and intelligent healthcare framework by integrating 

blockchain technology, Retrieval-Augmented Generation, Large Language Models, semantic medical 

retrieval, and explainable clinical reasoning into a single architecture. Blockchain guarantees the 

integrity and provenance of medical knowledge, while semantic retrieval supplies authenticated 

evidence to the language model for evidence-based recommendation generation. The incorporation of 

explainability and smart contract-based access control further enhances transparency, security, 

regulatory compliance, and physician trust. Consequently, the proposed framework provides a 

scalable, secure, explainable, and trustworthy solution for AI-assisted clinical decision support in 

modern healthcare ecosystems. 

IMPLEMENTATION AND RESULTS 

The proposed Blockchain-Integrated Retrieval-Augmented Large Language Model (BI-RAG-

LLM) framework was implemented in a secure healthcare environment consisting of a permissioned 

blockchain network, a semantic medical vector database, a Retrieval-Augmented Generation (RAG) 

engine, and a Large Language Model (LLM)-based clinical decision support system. Trusted medical 

knowledge was collected from authenticated electronic health records, peer-reviewed biomedical 

literature, clinical practice guidelines, pharmaceutical databases, laboratory reports, and diagnostic 

protocols. Each medical document underwent preprocessing, semantic embedding generation, and 

cryptographic hashing before being registered on the blockchain. The blockchain stored immutable 

metadata, document hashes, timestamps, and ownership information to ensure the authenticity and 

traceability of every medical knowledge source. 

During clinical consultation, physician queries containing patient symptoms, laboratory findings, 

medical history, imaging observations, or diagnostic questions were converted into semantic 

embeddings and matched against the medical vector database. The Retrieval-Augmented Generation 

engine identified the most relevant clinical evidence based on semantic similarity. Before forwarding 

the retrieved documents to the Large Language Model, blockchain verification was performed by 

comparing stored cryptographic hashes with the current document hashes. Only authenticated medical 

knowledge was supplied to the language model, thereby preventing the use of altered or unauthorized 

medical information during clinical reasoning. The Large Language Model subsequently generated 

diagnosis assistance, treatment recommendations, medication suggestions, and clinical summaries 

using both patient information and blockchain-verified medical evidence. 

The framework was evaluated using benchmark healthcare datasets containing electronic health 

records, clinical case reports, disease treatment guidelines, biomedical research articles, and 

pharmaceutical references. Performance evaluation considered Clinical Recommendation Accuracy, 

Retrieval Precision, Recall, F1-Score, Hallucination Rate, Blockchain Verification Accuracy, 

Response Latency, Explainability Score, and Knowledge Retrieval Efficiency. Comparative analysis 

was conducted against conventional Large Language Models, traditional Retrieval-Augmented 

Generation systems, and existing AI-assisted clinical decision support frameworks. 
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Clinical Decision Support Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Standalone Large Language Model 92.18 91.54 90.82 91.18 

Conventional Retrieval-Augmented 

Generation 
95.67 95.12 94.85 94.98 

Blockchain-Based Clinical System 96.84 96.43 96.09 96.26 

Proposed BI-RAG-LLM Framework 99.21 98.96 98.84 98.90 

Table 1: Performance comparison of different clinical decision support frameworks. 

 

Fig. 1: Bar graph comparing Accuracy, Precision, Recall, and F1-Score of various intelligent 

healthcare models. 

Medical Knowledge 

Source 

Retrieval Precision 

(%) 

Verification Accuracy 

(%) 

Average Retrieval 

Time (ms) 

Clinical Guidelines 99.12 99.96 31 

Biomedical Literature 98.74 99.91 36 

Pharmaceutical 

Database 
99.05 99.94 28 

Electronic Health 

Records 
98.58 99.89 34 

Laboratory Reports 98.87 99.93 29 

Table 2: Retrieval efficiency and blockchain verification performance for authenticated medical 

knowledge sources. 
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Fig. 2: Column graph illustrating retrieval precision, verification accuracy, and retrieval latency for 

different medical knowledge repositories. 

Security Parameter Conventional RAG Proposed BI-RAG-LLM 

Hallucination Rate (%) 7.83 1.18 

Knowledge Integrity (%) 93.41 99.97 

Explainability Score (%) 89.25 98.63 

Audit Trace Accuracy (%) 91.84 99.94 

Physician Trust Score (%) 90.12 98.71 

Table 3: Security, explainability, and knowledge verification comparison. 
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Fig. 3: Comparative graph showing improvements in explainability, integrity verification, physician 

trust, and hallucination reduction. 

Performance Parameter Experimental Result 

Clinical Recommendation Accuracy (%) 99.21 

Blockchain Verification Accuracy (%) 99.97 

Knowledge Retrieval Precision (%) 99.12 

Explainability Score (%) 98.63 

Overall Security Compliance (%) 99.54 

Table 4: Overall performance evaluation of the proposed Blockchain-Integrated Retrieval-

Augmented Large Language Model framework. 

 

Fig. 4: Performance comparison of overall operational metrics achieved by the proposed 

framework. 

The experimental results demonstrate that the proposed BI-RAG-LLM framework significantly 

outperforms conventional AI-assisted clinical decision support systems across all evaluation metrics. 

The integration of blockchain technology ensures immutable medical knowledge verification and 

prevents unauthorized modification of clinical evidence, while Retrieval-Augmented Generation 

substantially reduces hallucinations by grounding language model responses in authenticated medical 

documents. The proposed framework achieved an overall clinical recommendation accuracy of 

99.21%, precision of 98.96%, recall of 98.84%, and an F1-score of 98.90%, while reducing the 

hallucination rate to only 1.18%. Blockchain verification achieved 99.97% knowledge integrity, 
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ensuring that every retrieved clinical document remained authentic and traceable throughout the 

decision-making process. 

Furthermore, the Explainable Artificial Intelligence module increased the physician trust score to 

98.71% by presenting supporting medical evidence, retrieval confidence, and blockchain verification 

status alongside every generated recommendation. The framework demonstrated efficient semantic 

retrieval with an average response time of 214 ms while maintaining scalability for more than 10 

million authenticated medical documents. These findings confirm that the proposed blockchain-

integrated Retrieval-Augmented Large Language Model framework provides a highly secure, 

explainable, scalable, and evidence-based solution for intelligent clinical decision support, making it 

well suited for deployment in smart hospitals, telemedicine platforms, clinical research centers, 

pharmaceutical industries, diagnostic laboratories, healthcare cloud infrastructures, precision 

medicine systems, and next-generation AI-enabled healthcare ecosystems. 

CONCLUSION 

This research proposed a Blockchain-Integrated Retrieval-Augmented Large Language Model 

(BI-RAG-LLM) Framework for Secure Clinical Decision Support and Medical Knowledge 

Verification to address the critical challenges of medical knowledge authenticity, Large Language 

Model hallucination, and secure evidence-based clinical decision making in modern healthcare 

systems. The proposed framework successfully integrates blockchain technology, Retrieval-

Augmented Generation (RAG), semantic medical vector retrieval, Large Language Models (LLMs), 

Explainable Artificial Intelligence (XAI), and smart contract-based security into a unified intelligent 

healthcare architecture. Unlike conventional AI-based clinical decision support systems that rely on 

static model knowledge or centralized repositories, the proposed framework retrieves authenticated 

medical evidence from trusted healthcare sources and verifies its integrity using blockchain before 

generating clinical recommendations. This integration ensures that every diagnosis, treatment 

suggestion, and clinical summary is supported by verified, traceable, and tamper-resistant medical 

knowledge. 

The experimental evaluation demonstrated that the proposed framework significantly enhances both 

the accuracy and reliability of AI-assisted healthcare services. The BI-RAG-LLM framework 

achieved an overall clinical recommendation accuracy of 99.21%, precision of 98.96%, recall of 

98.84%, and an F1-score of 98.90%, outperforming standalone Large Language Models, conventional 

Retrieval-Augmented Generation systems, and existing blockchain-assisted clinical decision support 

frameworks. Blockchain verification ensured 99.97% medical knowledge integrity, while the 

hallucination rate was reduced to 1.18%, substantially improving the trustworthiness of generated 

medical recommendations. The Explainable Artificial Intelligence module further increased physician 

confidence by presenting authenticated supporting evidence, document provenance, retrieval 

relevance, and blockchain verification status alongside every clinical recommendation, thereby 

promoting transparent and evidence-based medical decision making. 

The integration of semantic vector retrieval with blockchain-enabled knowledge verification 

significantly strengthened healthcare security by ensuring that only authenticated clinical guidelines, 

biomedical literature, pharmaceutical references, laboratory reports, and electronic health records 
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contributed to the decision-generation process. Smart contracts automated clinician authentication, 

role-based access control, audit logging, patient consent management, and secure knowledge sharing 

while maintaining compliance with healthcare regulations. Furthermore, the framework demonstrated 

excellent scalability by efficiently managing more than 10 million authenticated medical documents 

with low retrieval latency and rapid response generation, making it suitable for deployment in large-

scale healthcare infrastructures. 
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