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Abstract 

Healthcare payer organizations process 

millions of medical claims daily, requiring 

accurate coding validation, policy compliance 

verification, fraud detection, prior authorization 

support, and regulatory adherence. 

Conventional claims processing systems often 

depend on rule-based engines and manual 

review, resulting in delayed adjudication, 

inconsistent decisions, and increased 

operational costs. Recent advancements in 

Retrieval-Augmented Generation (RAG), 

Large Language Models (LLMs), vector 

databases, and enterprise knowledge retrieval 

enable intelligent claims automation while 

maintaining factual accuracy and 

explainability. This paper proposes a 

production-ready Retrieval-Augmented 

Generation framework for automated 

healthcare claims intelligence by integrating 

enterprise knowledge repositories, vector 

search, machine learning, cloud-native 

deployment, and intelligent document retrieval. 

The proposed framework continuously 

retrieves relevant payer policies, coding 

guidelines, clinical documentation, and 

regulatory knowledge before generating 

explainable recommendations for claims 

processing. Experimental analysis 

demonstrates significant improvements in 

claims accuracy, retrieval precision, processing 

efficiency, decision consistency, and 

operational scalability compared with 

conventional rule-based claims processing 

systems. 

Keywords: Retrieval-Augmented Generation, 

Healthcare Claims, Large Language Models, 

Vector Database, Claims Intelligence, Machine 
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1. Introduction 

The rapid digital transformation of healthcare 

has significantly increased the volume and 

complexity of medical claims processed by 

healthcare payer organizations. Every claim 

must be evaluated against multiple criteria, 

including patient eligibility, diagnosis and 

procedure coding, reimbursement policies, 

prior authorization requirements, clinical 

documentation, fraud indicators, and regulatory 

standards before approval. Conventional claims 

processing systems predominantly rely on static 

business rules, manual verification, and 

fragmented knowledge repositories, which 

often lead to prolonged processing times, 

inconsistent adjudication decisions, 

administrative inefficiencies, and increased 

operational costs. As healthcare ecosystems 

continue to generate large volumes of 

structured and unstructured information, there 

is an increasing need for intelligent systems 

capable of retrieving reliable enterprise 

knowledge while supporting accurate and 

explainable decision-making. Recent 

developments in standardized enterprise API 

architectures and secure API lifecycle 

management have strengthened interoperability 

among healthcare applications, enabling 

seamless communication between claims 

management systems, electronic health records, 

and enterprise knowledge repositories, thereby 

improving the foundation for intelligent 

healthcare automation [1], [2].  

Recent advances in Artificial Intelligence have 

introduced Retrieval-Augmented Generation 

(RAG) as an effective approach for overcoming 

the limitations of conventional language 
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models in enterprise applications. Unlike 

traditional AI systems that generate responses 

solely from pre-trained knowledge, Retrieval-

Augmented Generation dynamically retrieves 

relevant organizational documents before 

producing contextual recommendations. This 

capability is particularly valuable in healthcare 

claims processing, where reimbursement 

decisions require access to continuously 

updated payer policies, ICD and CPT coding 

guidelines, provider agreements, utilization 

management protocols, and regulatory 

documentation. Production-ready Retrieval-

Augmented Generation architectures integrated 

with Machine Learning Operations (MLOps) 

enable scalable deployment, continuous 

monitoring, automated model management, 

and reliable knowledge synchronization across 

enterprise environments. Such intelligent 

architectures enhance factual consistency, 

reduce hallucinations, improve coding 

validation, and strengthen regulatory 

compliance while supporting large-scale 

healthcare claims automation [3], [4].  

Healthcare organizations continuously 

accumulate massive volumes of operational 

information from electronic health records, 

laboratory reports, physician notes, 

reimbursement histories, insurance policies, 

audit records, clinical guidelines, and 

regulatory publications. Efficient utilization of 

these heterogeneous data sources requires 

advanced analytical techniques capable of 

identifying meaningful relationships and 

generating context-aware recommendations. 

Statistical modeling and predictive simulation 

methods have emerged as valuable tools for 

evaluating uncertainty, estimating operational 

risks, forecasting claim outcomes, and 

improving strategic healthcare decision-

making. Likewise, predictive analytical models 

facilitate proactive identification of 

reimbursement inconsistencies, workflow 

bottlenecks, and fraud risks, thereby enabling 

healthcare organizations to optimize 

administrative efficiency and reduce financial 

losses. Integrating predictive analytics with 

intelligent knowledge retrieval further 

strengthens enterprise decision-support systems 

by ensuring that recommendations are 

supported by accurate, timely, and evidence-

based information derived from authoritative 

healthcare resources [5], [6].  

The evolution of cloud-native computing and 

intelligent enterprise technologies has further 

accelerated the adoption of scalable healthcare 

information systems capable of supporting 

continuous operational monitoring and 

collaborative decision-making. Digital Twin 

technologies provide virtual representations of 

organizational processes, enabling healthcare 

administrators to simulate claims workflows, 

evaluate infrastructure performance, and 

optimize operational strategies before 

implementing changes in production 

environments. Similarly, Internet of Things 

(IoT)-enabled Enterprise Resource Planning 

(ERP) platforms facilitate real-time acquisition, 

integration, and analysis of operational 

information generated across distributed 

healthcare facilities. These technologies 

improve enterprise visibility, resource 

utilization, process coordination, and 

knowledge synchronization while ensuring that 

Retrieval-Augmented Generation systems 

continuously access the most recent 

organizational information required for 

accurate healthcare claims intelligence [7], [8].  

The increasing maturity of Large Language 

Models has expanded the capabilities of 

enterprise automation beyond conventional 

rule-based systems by enabling intelligent 

interpretation of complex textual information 

and context-aware recommendation generation. 

Advanced language models can analyze clinical 

documentation, summarize medical evidence, 

interpret regulatory guidelines, and assist 

healthcare professionals in validating claims 

with greater consistency and efficiency. 

Furthermore, sustainable cloud computing 

strategies support the deployment of intelligent 

AI applications through energy-efficient 
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infrastructure, automated resource 

orchestration, and scalable computing 

environments capable of processing millions of 

enterprise transactions. These technological 

advancements collectively establish a reliable 

ecosystem for deploying production-ready 

Retrieval-Augmented Generation solutions that 

deliver explainable, scalable, and secure 

healthcare intelligence while maintaining high 

operational performance [9], [10].  

Motivated by these technological 

developments, this research proposes a 

Production-Ready Retrieval-Augmented 

Generation Framework for Automated 

Healthcare Claims Intelligence that integrates 

enterprise knowledge retrieval, Large 

Language Models, vector databases, cloud-

native deployment, and intelligent analytical 

services into a unified healthcare decision-

support platform. The proposed framework is 

designed to retrieve authoritative enterprise 

knowledge before generating explainable 

recommendations for claims validation, 

reimbursement optimization, coding 

verification, fraud detection, and regulatory 

compliance. By combining intelligent 

knowledge retrieval with scalable enterprise 

infrastructure, the framework aims to improve 

claims processing accuracy, operational 

efficiency, organizational transparency, and 

decision consistency while supporting the 

evolving requirements of modern healthcare 

payer organizations. This research contributes 

toward the development of next-generation 

healthcare intelligence systems capable of 

delivering reliable, explainable, and 

production-ready automation for enterprise 

healthcare claims management. 

2. Literature Survey 

Khattab and Zaharia (2020) introduced the 

ColBERT retrieval architecture, which 

significantly improved contextual document 

retrieval by employing late interaction 

mechanisms over BERT representations. Their 

work demonstrated that semantic retrieval can 

efficiently identify highly relevant documents 

while preserving contextual relationships 

between user queries and stored knowledge. 

Within automated healthcare claims 

intelligence, this retrieval capability enables 

RAG systems to accurately locate payer 

policies, clinical guidelines, insurance 

regulations, and coding documentation before 

generating recommendations. The study 

highlights that efficient semantic retrieval 

forms the backbone of production-ready 

healthcare claims automation by ensuring that 

generated responses are supported by relevant 

enterprise knowledge rather than relying solely 

on pretrained model parameters [11].  

Johnson, Douze, and Jégou (2021) developed 

FAISS, a billion-scale similarity search 

framework that enables high-speed vector 

retrieval across massive datasets. Their research 

demonstrated that scalable vector indexing 

substantially reduces retrieval latency while 

maintaining high search accuracy in large 

knowledge repositories. In healthcare claims 

environments, millions of clinical records, 

reimbursement policies, provider contracts, and 

historical claims must be searched in real time 

to support automated adjudication. The FAISS 

framework therefore provides an efficient 

infrastructure for production-ready RAG 

systems by enabling rapid semantic search over 

enterprise healthcare knowledge bases without 

compromising retrieval performance or 

scalability [12].  

Karpukhin et al. (2020) proposed Dense 

Passage Retrieval (DPR), demonstrating that 

dense neural representations outperform 

conventional keyword-based retrieval 

techniques for open-domain question 

answering. Their work showed that semantic 

embeddings effectively capture contextual 

meaning, allowing retrieval systems to identify 

relevant information even when exact keyword 

matches are unavailable. For automated 

healthcare claims intelligence, dense retrieval 

enables intelligent identification of medical 

necessity criteria, treatment guidelines, 

reimbursement rules, and regulatory documents 
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despite variations in clinical terminology. This 

capability enhances the accuracy and reliability 

of Retrieval-Augmented Generation by 

ensuring comprehensive knowledge retrieval 

for evidence-based healthcare decision support 

[13].  

Thirunavukarasu et al. (2023) examined the 

growing role of Large Language Models in 

medicine and emphasized their ability to assist 

healthcare professionals in clinical reasoning, 

medical documentation, decision support, and 

healthcare communication. The study 

highlighted both the opportunities and 

challenges associated with deploying LLMs in 

clinical environments, particularly regarding 

reliability, explainability, ethical 

considerations, and patient safety. These 

findings are highly relevant to healthcare claims 

intelligence, where AI-generated 

recommendations must remain transparent, 

clinically consistent, and aligned with evolving 

regulatory standards. Integrating medical-

domain LLMs with Retrieval-Augmented 

Generation can therefore improve the quality of 

automated claims evaluation while maintaining 

trustworthy and explainable decision-making 

[14].  

Huang et al. (2019) introduced ClinicalBERT 

to model clinical narratives using transformer-

based language representations trained on 

electronic health records. The study 

demonstrated that domain-specific language 

models substantially improve understanding of 

clinical terminology, physician notes, discharge 

summaries, and patient documentation 

compared with general-purpose language 

models. Such contextual understanding is 

particularly valuable for healthcare claims 

processing because reimbursement decisions 

often depend on accurate interpretation of 

complex clinical records. Integrating 

ClinicalBERT representations into Retrieval-

Augmented Generation systems can therefore 

improve coding validation, medical necessity 

assessment, and claims adjudication accuracy 

by providing richer contextual understanding of 

healthcare documentation [15].  

Alsentzer et al. (2019) further enhanced 

clinical language understanding by developing 

publicly available ClinicalBERT embeddings 

trained on biomedical datasets. Their research 

demonstrated that specialized embeddings 

significantly improve downstream clinical 

natural language processing tasks, including 

document classification, information 

extraction, and medical text interpretation. 

Within enterprise healthcare claims 

intelligence, these embeddings enable 

Retrieval-Augmented Generation frameworks 

to retrieve and interpret healthcare knowledge 

more effectively by preserving the semantic 

relationships present in clinical documentation. 

Consequently, AI-driven claims processing 

systems can generate more accurate, context-

aware, and evidence-supported reimbursement 

recommendations [16].  

Singhal et al. (2023) demonstrated that modern 

Large Language Models possess substantial 

clinical knowledge and can effectively support 

healthcare reasoning when appropriately 

trained and evaluated. Their findings indicate 

that foundation models can assist clinicians by 

interpreting medical evidence, answering 

complex healthcare questions, and synthesizing 

information from multiple clinical sources. 

When integrated with Retrieval-Augmented 

Generation, these capabilities enable automated 

healthcare claims systems to combine retrieved 

enterprise knowledge with advanced reasoning 

mechanisms, thereby improving coding 

accuracy, fraud detection, prior authorization 

assessment, and reimbursement decision 

consistency across healthcare organizations 

[17].  

Lee et al. (2020) introduced BioBERT as a 

biomedical language representation model 

specifically designed for healthcare and life 

science applications. The study demonstrated 

significant improvements in biomedical text 

mining, named entity recognition, relation 

extraction, and question answering compared 
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with general language models. In healthcare 

claims intelligence, BioBERT facilitates 

accurate interpretation of biomedical literature, 

diagnostic terminology, treatment protocols, 

and clinical evidence that support claims 

validation. Its integration within Retrieval-

Augmented Generation enhances the capability 

of enterprise systems to retrieve precise 

biomedical knowledge while producing 

explainable recommendations grounded in 

authoritative healthcare information [18].  

Roberts et al. (2019) presented the TREC 

Precision Medicine initiative, which 

emphasized effective retrieval of patient-

specific biomedical evidence for precision 

healthcare applications. Their work 

demonstrated that intelligent information 

retrieval plays a crucial role in identifying 

clinically relevant literature, treatment options, 

and personalized medical knowledge from 

extensive biomedical repositories. Similar 

retrieval principles are directly applicable to 

automated healthcare claims intelligence, 

where relevant reimbursement policies, clinical 

guidelines, and supporting evidence must be 

retrieved efficiently to validate complex 

medical claims. Their findings reinforce the 

importance of precision retrieval strategies for 

improving healthcare decision-support systems 

based on Retrieval-Augmented Generation 

[19].  

Touvron et al. (2023) introduced Llama 2, an 

open foundation language model designed for 

scalable and adaptable enterprise AI 

applications. The research demonstrated that 

open-weight Large Language Models can 

deliver high-quality reasoning, natural 

language understanding, and domain adaptation 

while providing flexibility for fine-tuning 

across specialized applications. For production-

ready healthcare claims intelligence, Llama 2 

offers a robust language generation component 

that can be integrated with enterprise retrieval 

systems to produce explainable, context-aware, 

and policy-compliant recommendations. When 

combined with semantic retrieval and domain-

specific healthcare knowledge, such foundation 

models significantly strengthen the scalability, 

transparency, and operational effectiveness of 

Retrieval-Augmented Generation systems 

deployed in modern healthcare payer 

organizations [20]. 

3. Proposed Methodology 

The proposed framework is designed as a 

production-ready Retrieval-Augmented 

Generation (RAG) architecture that integrates 

Large Language Models (LLMs), vector 

databases, enterprise knowledge repositories, 

machine learning, cloud-native deployment, 

and intelligent healthcare claims processing 

into a unified healthcare intelligence platform. 

Unlike conventional rule-based claims 

processing systems that rely primarily on 

predefined business rules and static knowledge 

bases, the proposed framework simultaneously 

optimizes knowledge retrieval, claims 

validation, coding accuracy, reimbursement 

consistency, operational efficiency, regulatory 

compliance, and explainability. The framework 

continuously evaluates incoming healthcare 

claims, clinical documentation, ICD and CPT 

coding standards, payer policies, provider 

contracts, reimbursement guidelines, and 

regulatory requirements before generating 

intelligent recommendations. By transforming 

enterprise healthcare information into 

contextual retrieval intelligence, the framework 

significantly improves claims processing 

accuracy, operational scalability, knowledge 

utilization, and enterprise healthcare 

automation while supporting production-scale 

payer organizations. 

The first stage of the proposed framework 

consists of an enterprise knowledge acquisition 

and document ingestion layer responsible for 

collecting operational information from 

healthcare claims systems, Electronic Health 

Records (EHRs), payer policy repositories, 

provider contracts, clinical documentation, 

reimbursement guidelines, medical coding 

standards, regulatory documents, and enterprise 

knowledge repositories. Structured healthcare 
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information including patient eligibility, 

diagnosis codes, procedure codes, 

reimbursement history, claims records, prior 

authorization requests, and provider 

information is integrated with unstructured 

documents including clinical notes, medical 

policies, utilization management guidelines, 

audit reports, appeals documentation, and 

regulatory publications. Cloud-native 

document ingestion services subsequently 

perform document indexing, metadata 

extraction, semantic chunking, embedding 

generation, and vector database storage. 

Continuous synchronization ensures that 

enterprise knowledge repositories remain 

updated with evolving healthcare regulations, 

payer policies, coding standards, 

reimbursement guidelines, and clinical 

documentation, thereby establishing a 

comprehensive healthcare knowledge 

environment capable of supporting intelligent 

Retrieval-Augmented Generation. 

Following enterprise knowledge acquisition, 

the framework performs continuous healthcare 

data preparation to ensure analytical reliability 

before retrieval and inference begin. Healthcare 

information collected from claims systems, 

Electronic Health Records, enterprise 

repositories, and regulatory databases 

frequently contains duplicate patient records, 

inconsistent coding information, incomplete 

documentation, redundant policy versions, 

missing metadata, heterogeneous document 

formats, and outdated clinical guidelines that 

may reduce retrieval performance if processed 

directly. The proposed framework therefore 

performs continuous document validation, 

normalization, semantic segmentation, 

metadata enrichment, embedding generation, 

version management, quality assessment, and 

knowledge synchronization before enterprise 

indexing begins. Historical claims records are 

integrated with synchronized real-time 

healthcare information including payer 

policies, reimbursement regulations, clinical 

documentation, coding standards, provider 

contracts, denial histories, and utilization 

management guidelines to generate high-

quality enterprise knowledge repositories 

representing complete organizational 

intelligence. Maintaining reliable healthcare 

knowledge significantly improves retrieval 

precision while reducing hallucinations and 

increasing confidence in intelligent claims 

recommendations. 

The Retrieval-Augmented Generation engine 

represents the primary intelligence component 

of the proposed framework by continuously 

analyzing incoming healthcare claims together 

with semantically retrieved enterprise 

knowledge to identify contextual relationships 

among diagnosis codes, procedure codes, 

clinical documentation, payer policies, 

reimbursement rules, medical necessity criteria, 

provider contracts, fraud indicators, prior 

authorization requirements, and regulatory 

guidelines. Vector similarity search retrieves 

highly relevant enterprise documents from the 

knowledge repository before forwarding 

contextual information to the Large Language 

Model for intelligent reasoning. Rather than 

generating recommendations solely from pre-

trained model knowledge, the Retrieval-

Augmented Generation engine continuously 

produces explainable claims decisions 

supported by retrieved organizational evidence. 

Predictive analytical services further estimate 

reimbursement outcomes, denial probabilities, 

coding inconsistencies, fraud risks, processing 

delays, and operational bottlenecks while 

generating balanced recommendations capable 

of satisfying multiple healthcare objectives 

simultaneously. Intelligent healthcare 

dashboards subsequently transform predictive 

outputs into practical recommendations that 

assist medical coders, claims adjudicators, 

utilization review specialists, healthcare 

administrators, compliance officers, revenue 

cycle managers, and payer executives in 

validating healthcare claims before 

reimbursement decisions are finalized. 

Consequently, healthcare organizations can 
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dynamically improve claims processing while 

enhancing coding accuracy, reducing claim 

denials, strengthening regulatory compliance, 

minimizing operational costs, and supporting 

intelligent healthcare administration. 

The final stage of the proposed framework 

incorporates continuous learning, retrieval 

feedback, knowledge refinement, model 

monitoring, and cloud-native deployment to 

ensure long-term analytical improvement and 

operational adaptability. Every processed 

healthcare claim, prior authorization request, 

reimbursement decision, coding correction, 

policy update, provider contract modification, 

retrieval observation, clinician feedback, and 

regulatory revision generates additional 

enterprise information that is automatically 

incorporated into future document indexing and 

model optimization cycles. Consequently, 

retrieval quality and recommendation accuracy 

continuously improve while adapting to 

changing reimbursement policies, healthcare 

regulations, coding standards, payer 

requirements, provider agreements, clinical 

documentation practices, and organizational 

objectives. Cloud-native deployment supports 

centralized analytical processing while 

enabling collaborative healthcare intelligence 

among claims specialists, medical coders, 

healthcare administrators, compliance officers, 

AI engineers, MLOps teams, and enterprise 

decision-makers operating across 

geographically distributed healthcare 

organizations. Continuous evaluation of 

retrieval precision, response latency, 

recommendation accuracy, claims quality, 

operational efficiency, regulatory compliance, 

reimbursement consistency, and organizational 

productivity enables healthcare enterprises to 

refine Retrieval-Augmented Generation models 

over time. This adaptive analytical environment 

provides a scalable and intelligent foundation 

for production-ready Retrieval-Augmented 

Generation within modern automated 

healthcare claims intelligence platforms. 

4. Results and Discussion 

The proposed production-ready Retrieval-

Augmented Generation framework was 

evaluated using representative healthcare payer 

scenarios involving medical claims, prior 

authorization requests, clinical documentation, 

payer policies, reimbursement guidelines, ICD 

and CPT coding standards, provider contracts, 

and regulatory knowledge repositories. The 

experimental analysis compared the proposed 

Retrieval-Augmented Generation framework 

with conventional rule-based claims processing 

systems that primarily rely on predefined 

business rules and manual documentation 

review without intelligent enterprise 

knowledge retrieval. Historical healthcare 

operational records together with representative 

real-time enterprise information including 

claims histories, coding accuracy, 

reimbursement decisions, document retrieval 

latency, recommendation consistency, 

processing efficiency, regulatory compliance, 

and operational workloads were analyzed to 

evaluate retrieval precision, claims accuracy, 

operational scalability, processing efficiency, 

and organizational responsiveness. The 

experimental results demonstrate that 

integrating Retrieval-Augmented Generation 

with enterprise healthcare knowledge 

substantially improves intelligent healthcare 

claims processing across modern payer 

organizations. 

The proposed framework demonstrated 

significant improvements in claims validation 

accuracy and retrieval performance compared 

with conventional rule-based processing 

approaches. Traditional healthcare claims 

systems generally validate reimbursement 

requests using static policy rules without 

continuously retrieving current payer policies, 

clinical documentation, coding standards, or 

regulatory guidelines. In contrast, the Retrieval-

Augmented Generation framework 

continuously retrieves enterprise healthcare 

knowledge together with contextual clinical 

information to generate explainable 

recommendations supported by authoritative 
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organizational evidence. Claims specialists 

receive proactive recommendations regarding 

diagnosis validation, procedure coding 

verification, reimbursement eligibility, prior 

authorization requirements, fraud indicators, 

policy compliance, and documentation 

deficiencies before reimbursement decisions 

are finalized. This contextual retrieval 

capability significantly improves claims 

accuracy while reducing administrative 

workload, operational expenses, and claim 

denial rates. 

The integration of cloud-native deployment 

technologies also enhanced enterprise 

scalability, operational visibility, retrieval 

performance, document management, 

knowledge synchronization, regulatory 

compliance, and organizational collaboration 

throughout the representative healthcare 

environment. Continuous monitoring of 

document freshness, retrieval latency, 

embedding quality, vector database 

performance, recommendation consistency, 

claims throughput, coding accuracy, 

reimbursement quality, and operational 

efficiency enabled predictive monitoring 

services to identify knowledge gaps before 

outdated documentation, retrieval failures, 

inconsistent recommendations, or regulatory 

violations developed into critical organizational 

problems. Intelligent healthcare dashboards 

generated explainable retrieval 

recommendations that assisted medical coders, 

claims adjudicators, healthcare administrators, 

compliance officers, revenue cycle managers, 

and enterprise executives in improving 

healthcare operations while maintaining high 

reimbursement accuracy and regulatory 

compliance. 

The experimental evaluation further 

demonstrated that continuous learning 

significantly improves long-term retrieval 

quality and healthcare intelligence. As new 

healthcare claims, clinical documentation, 

payer policies, provider contracts, 

reimbursement decisions, coding updates, 

regulatory revisions, and enterprise 

observations become available, document 

repositories and Retrieval-Augmented 

Generation models automatically incorporate 

recent organizational knowledge into future 

retrieval cycles. Consequently, 

recommendation accuracy continuously 

improves while adapting to changing healthcare 

regulations, reimbursement policies, coding 

standards, provider agreements, clinical 

documentation practices, organizational 

priorities, and enterprise operational 

requirements. Overall, the proposed framework 

substantially enhances healthcare claims 

intelligence by improving retrieval precision, 

claims processing efficiency, reimbursement 

consistency, operational scalability, regulatory 

compliance, healthcare decision-making, and 

enterprise productivity compared with 

conventional healthcare claims processing 

systems. 

5. Conclusion 

Production-ready Retrieval-Augmented 

Generation (RAG) has become a transformative 

technology for modern healthcare payer 

organizations because enterprises must 

simultaneously optimize claims accuracy, 

reimbursement consistency, regulatory 

compliance, operational efficiency, and clinical 

decision support while managing continuously 

expanding healthcare knowledge repositories. 

Conventional healthcare claims processing 

systems primarily depend on static rule engines 

and manual document review without 

dynamically retrieving current enterprise 

knowledge, resulting in delayed adjudication, 

inconsistent reimbursement decisions, higher 

operational costs, and increased claim denials. 

This paper presented a Production-Ready 

Retrieval-Augmented Generation 

Framework for Automated Healthcare 

Claims Intelligence by integrating Large 

Language Models, enterprise knowledge 

repositories, vector databases, semantic 

retrieval, machine learning, cloud-native 

deployment, and intelligent healthcare 
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automation into a unified enterprise intelligence 

platform. The proposed framework 

continuously acquires healthcare knowledge, 

retrieves relevant enterprise documents, 

validates clinical information, optimizes claims 

processing, and generates explainable 

recommendations supported by authoritative 

organizational evidence. By transforming 

enterprise healthcare information into 

contextual retrieval intelligence, the framework 

significantly improves claims validation, 

coding accuracy, reimbursement consistency, 

regulatory compliance, operational efficiency, 

and intelligent healthcare administration while 

supporting scalable healthcare payer 

ecosystems. 

The experimental analysis demonstrated that 

the proposed framework substantially improves 

retrieval precision, claims processing 

efficiency, reimbursement accuracy, 

application scalability, operational consistency, 

regulatory compliance, and overall healthcare 

intelligence compared with conventional rule-

based claims processing systems. Continuous 

learning enables Retrieval-Augmented 

Generation models to automatically adapt to 

evolving reimbursement policies, healthcare 

regulations, payer guidelines, provider 

contracts, coding standards, clinical 

documentation practices, and organizational 

objectives while continuously refining retrieval 

quality throughout enterprise healthcare 

operations. Cloud-native deployment further 

enhances scalability while supporting 

collaborative healthcare intelligence among 

claims adjudicators, medical coders, healthcare 

administrators, compliance officers, revenue 

cycle managers, AI engineers, and enterprise 

decision-makers operating across 

geographically distributed healthcare 

organizations. Future research may investigate 

explainable Artificial Intelligence for 

transparent healthcare reasoning, agentic AI for 

autonomous claims adjudication, multimodal 

Retrieval-Augmented Generation integrating 

medical imaging with clinical documentation, 

federated Retrieval-Augmented Generation for 

privacy-preserving healthcare collaboration, 

blockchain-enabled healthcare knowledge 

governance, graph neural networks for 

intelligent medical knowledge representation, 

and generative AI-assisted healthcare revenue 

cycle optimization. The proposed framework 

therefore provides a practical, scalable, and 

intelligent foundation for next-generation 

healthcare claims intelligence systems capable 

of supporting accurate, explainable, secure, and 

production-ready enterprise healthcare 

automation. 
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