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ABSTRACT: 

The emergence of large language models (LLMs) and generative artificial intelligence (GenAI) has introduced a 

transformative shift in clinical informatics, moving beyond rule-based and predictive analytics toward systems 

capable of synthesizing unstructured clinical narratives, generating differential diagnoses, and producing patient-

facing communication in natural language. This paper presents a comprehensive framework for integrating 

generative AI into clinical decision support systems (CDSS) and examines its downstream effects on patient care 

quality, clinician workload, and diagnostic accuracy. We propose a retrieval-augmented generation (RAG) 

architecture coupled with a fine-tuned transformer backbone, evaluated across a simulated multi-specialty dataset 

comprising 64,200 de-identified clinical encounters spanning primary care, emergency medicine, and chronic 

disease management. The proposed system, termed Clinical-RAG, achieves a diagnostic concordance rate of 

91.4% with attending physician consensus, a documentation time reduction of 38.7%, and a clinician-reported 

usability score of 4.6 out of 5 on the System Usability Scale (SUS). Comparative analysis against standalone LLM 

baselines, traditional rule-based CDSS, and unaided clinician performance demonstrates statistically significant 

improvements in both diagnostic accuracy and care plan completeness. Safety evaluation reveals a hallucination 

rate of 2.1% on high-stakes recommendations, substantially mitigated through a verification layer grounded in 

structured electronic health record (EHR) data and current clinical guidelines. The findings support a cautious but 

optimistic pathway toward generative AI augmentation of clinical workflows, contingent on robust grounding 

mechanisms, human-in-the-loop oversight, and continuous post-deployment monitoring. 

Keywords: Generative Artificial Intelligence; Clinical Decision Support Systems; Large Language Models; Retrieval-

Augmented Generation; Patient Care; Diagnostic Accuracy; Electronic Health Records; Healthcare AI Safety. 

 

INTRODUCTION 

 

Clinical decision-making has historically relied on the synthesis of fragmented information sources: structured 

laboratory values, unstructured physician notes, imaging reports, patient-reported symptoms, and an ever-

expanding body of medical literature. Decision support systems (DSS) have traditionally addressed this 

complexity through rule-based logic, Bayesian inference engines, and predictive machine learning models trained 

on structured tabular data. While these approaches have demonstrated measurable benefits in specific narrow 

domains such as sepsis prediction and drug interaction checking, they have largely failed to address the 

unstructured, narrative-heavy nature of real-world clinical reasoning [1]. 

 

The advent of transformer-based large language models has fundamentally altered the feasibility landscape for 

clinical natural language processing. Unlike earlier statistical language models, contemporary generative 

architectures demonstrate emergent capabilities in multi-step reasoning, contextual synthesis across 

heterogeneous document types, and fluent natural-language generation that closely approximates clinical 

documentation style [2]. These capabilities have catalyzed substantial interest in deploying generative AI not 

merely as a documentation aid but as an active participant in the diagnostic and care-planning process. 

 

However, the integration of generative AI into clinical workflows introduces a distinct set of challenges that 

differentiate it from prior generations of clinical informatics tools. Generative models are probabilistic text 

predictors rather than deterministic logic engines; they are susceptible to hallucination, in which plausible-

sounding but factually incorrect or unverifiable content is produced with high confidence [3]. In a domain where 
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erroneous recommendations carry direct patient safety implications, this property necessitates careful architectural 

mitigation rather than naive deployment of general-purpose models. 

 

This paper addresses three central research questions. First, can a retrieval-augmented generative architecture, 

grounded in structured EHR data and curated clinical guideline repositories, achieve diagnostic concordance with 

physician consensus at a level suitable for decision support rather than mere documentation assistance? Second, 

what measurable effect does such integration have on clinician workload, specifically documentation burden, 

which has been independently identified as a primary driver of physician burnout [4]? Third, what is the residual 

hallucination and safety-error rate of such a system, and what architectural interventions most effectively reduce 

this rate without unacceptably degrading response fluency or latency? 

 

The primary contributions of this paper are as follows: 

 Clinical-RAG Architecture: A retrieval-augmented generation framework that grounds generative 

outputs in structured EHR fields, longitudinal patient history, and a curated, version-controlled clinical 

guideline corpus, reducing reliance on the parametric memory of the underlying language model for 

safety-critical facts. 

 Multi-Specialty Empirical Validation: Evaluation across primary care, emergency medicine, and 

chronic disease management encounter types, demonstrating generalizability beyond single-specialty 

proof-of-concept deployments common in prior literature. 

 Quantified Workload and Safety Trade-offs: Simultaneous measurement of diagnostic concordance, 

documentation time savings, clinician trust metrics, and hallucination rate, enabling a holistic assessment 

of net clinical benefit rather than isolated accuracy metrics. 

 Verification Layer Design: A post-generation verification module that cross-references generated 

recommendations against structured data and guideline sources prior to clinician display, with 

measurable impact on hallucination reduction. 

 

BACKGROUND AND RELATED WORK 

 

2.1 Evolution of Clinical Decision Support Systems 

Clinical decision support systems trace their origins to rule-based expert systems such as MYCIN, which encoded 

physician reasoning as explicit if-then production rules for antibiotic selection [5]. While conceptually elegant, 

such systems proved brittle outside narrowly defined domains and required extensive manual rule maintenance as 

medical knowledge evolved. Subsequent generations incorporated Bayesian networks and machine learning 

classifiers trained on structured EHR features, achieving notable success in targeted applications including sepsis 

early-warning systems and 30-day readmission risk stratification [6]. These systems, however, remained 

fundamentally limited to structured, tabular inputs and could not natively process the narrative clinical notes that 

constitute the majority of documented clinical reasoning. 

 

2.2 Large Language Models in Clinical Contexts 

The application of transformer-based language models to clinical text began with domain-adapted encoder models 

such as BioBERT and ClinicalBERT, which demonstrated improved performance on named entity recognition 

and relation extraction tasks within clinical corpora relative to general-domain models [7]. The subsequent 

emergence of generative, decoder-based architectures capable of open-ended text production marked a qualitative 

shift, enabling tasks such as automated clinical note summarization, differential diagnosis generation, and patient-

facing communication drafting [8]. Early evaluations of general-purpose LLMs on medical licensing examination 

questions reported performance approaching or exceeding passing thresholds, generating substantial interest in 

their clinical applicability [9]. However, examination performance has been repeatedly shown to be a poor proxy 

for safe performance in open-ended, ambiguous real-world clinical scenarios, where missing context and atypical 

presentations are the norm rather than the exception [10]. 

 

2.3 Retrieval-Augmented Generation for Safety-Critical Domains 

Retrieval-augmented generation has emerged as a primary architectural strategy for mitigating hallucination in 

knowledge-intensive generative tasks. By conditioning generation on retrieved passages from a verified external 

corpus rather than relying solely on parametric knowledge encoded during pretraining, RAG architectures reduce 

the incidence of fabricated or outdated factual claims [11]. In clinical applications specifically, RAG approaches 

grounded in institutional formularies, current treatment guidelines, and patient-specific structured data have 
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demonstrated measurable reductions in factual error rates relative to non-grounded generation, though residual 

hallucination on complex multi-step reasoning tasks remains a documented limitation [12]. The present work 

extends this body of literature by integrating multi-source retrieval spanning structured EHR fields and guideline 

text within a unified verification pipeline, evaluated across heterogeneous clinical specialties. 

 

PROPOSED METHODOLOGY 

 

3.1 System Architecture: Clinical-RAG 

The Clinical-RAG system comprises four sequential components: an ingestion and indexing layer, a retrieval 

layer, a generation layer, and a post-generation verification layer. Figure 1 presents the overall system schematic. 

 
Figure 1: Clinical-RAG System Architecture. Patient encounter data and clinician queries pass through 

structured retrieval against EHR and guideline indices, generation via a fine-tuned transformer backbone, 

and post-generation verification against source documents prior to clinician-facing display. 

 

The ingestion layer continuously indexes structured EHR fields (laboratory results, vital signs, medication lists, 

problem lists) alongside unstructured clinical notes using a hybrid dense-sparse embedding scheme. Dense 

embeddings are generated using a clinically fine-tuned sentence transformer, while sparse retrieval employs 

BM25 indexing over tokenized clinical terminology to preserve exact-match retrieval of drug names, dosages, 

and laboratory reference ranges that dense embeddings can imprecisely represent. 

 

The retrieval layer accepts a clinician query or an automatically generated encounter summary prompt and 

retrieves the top-k relevant passages from three indexed corpora: (1) the patient's longitudinal EHR record, (2) an 

institutionally curated and version-controlled clinical guideline repository spanning 1,847 condition-specific 

guideline documents, and (3) a formulary and drug-interaction database. Retrieved passages are concatenated with 

the query into a structured prompt template enforcing explicit citation of source passage identifiers. 

https://pspac.info/index.php/dlbh/article/view/414
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The generation layer employs a transformer decoder fine-tuned via supervised instruction tuning on 41,000 

physician-authored clinical reasoning exemplars, followed by reinforcement learning from clinician feedback 

(RLCF) using a reward model trained on attending physician preference rankings of candidate outputs. The model 

is constrained to produce structured outputs comprising a differential diagnosis ranked by likelihood, supporting 

and contradicting evidence for each diagnosis drawn explicitly from retrieved passages, and a recommended next-

step care plan. 

 

3.2 Verification Layer 

The verification layer addresses the central safety concern of generative clinical systems: the production of 

unverifiable or contradicted claims. Following generation, each discrete factual assertion in the output is parsed 

and matched against the retrieved source passages using a natural language inference (NLI) classifier trained to 

detect entailment, contradiction, or neutrality between the generated claim and its cited source. Assertions 

classified as contradicted or unsupported are flagged for clinician review with a visible confidence indicator rather 

than silently displayed, and assertions referencing medication dosing or contraindications are additionally cross-

checked against the structured formulary database using exact-match logic rather than semantic similarity, given 

the safety-criticality of numerical dosing errors. 

 

3.3 Evaluation Dataset and Protocol 

Evaluation is conducted on a de-identified, synthetically augmented dataset comprising 64,200 clinical encounters 

across three specialty domains: primary care (28,400 encounters), emergency medicine (19,600 encounters), and 

chronic disease management for diabetes, hypertension, and chronic kidney disease (16,200 encounters). Table 1 

summarizes dataset composition. 

 

Table 1: Evaluation Dataset Composition by Specialty and Encounter Type 

Specialty Encounters Mean Notes per 

Encounter 

Ground-Truth Source 

Primary Care 28,400 3.2 Attending consensus panel (3 

reviewers) 

Emergency Medicine 19,600 2.7 Attending consensus panel (3 

reviewers) 

Chronic Disease 

Mgmt. 

16,200 4.1 Attending consensus panel (3 

reviewers) 

Total 64,200 3.3 — 

 

Ground-truth diagnostic and care plan labels are established through a three-reviewer attending physician 

consensus panel, with disagreements adjudicated by a fourth senior reviewer. Diagnostic concordance is measured 

as the proportion of Clinical-RAG outputs whose top-ranked or top-three-ranked differential diagnosis matches 

the consensus panel's final diagnosis. Documentation time is measured via instrumented timestamps during a 

prospective sub-study involving 47 clinicians across two academic medical centers, comparing note completion 

time with and without Clinical-RAG assistance over a four-week crossover period. 

 

3.4 Baseline Comparators 

Clinical-RAG is compared against five baseline conditions: (1) unaided clinician diagnostic performance without 

any decision support tool, (2) a traditional rule-based CDSS using structured EHR triggers, (3) a standalone fine-

tuned LLM without retrieval augmentation, (4) a standalone general-purpose LLM accessed via a generic clinical 

prompt without fine-tuning or retrieval, and (5) Clinical-RAG with the verification layer disabled, isolating the 

verification layer's marginal contribution. 

 

EXPERIMENTAL RESULTS AND DISCUSSION 

 

4.1 Diagnostic Concordance 

Table 2 presents diagnostic concordance rates across all evaluated systems, measured against attending physician 

consensus. 
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Table 2: Diagnostic Concordance with Physician Consensus 

System Top-1 Concordance (%) Top-3 Concordance (%) Mean Latency (s) 

Unaided Clinician 81.3 89.7 N/A 

Rule-Based CDSS 76.5 84.2 0.4 

Standalone General LLM 79.8 87.1 2.1 

Standalone Fine-Tuned LLM 85.6 91.8 2.4 

Clinical-RAG (No Verification) 90.2 95.4 3.6 

Clinical-RAG (Full) 91.4 96.7 4.1 

 

The full Clinical-RAG configuration achieves the highest top-1 diagnostic concordance among all evaluated 

systems, exceeding unaided clinician performance by 10.1 percentage points and the standalone fine-tuned LLM 

by 5.8 percentage points. The marginal contribution of retrieval augmentation, isolated by comparison between 

the standalone fine-tuned LLM and the no-verification Clinical-RAG configuration, accounts for 4.6 percentage 

points of improvement, while the verification layer contributes a further 1.2 percentage points, primarily through 

suppression of confidently stated but unsupported diagnostic claims that would otherwise rank highly. 

 

4.2 Clinician Workload and Documentation Time 

The prospective crossover sub-study involving 47 clinicians demonstrates a mean documentation time reduction 

of 38.7% per encounter when using Clinical-RAG-assisted note generation relative to standard documentation 

workflows, with the largest reductions observed in chronic disease management encounters characterized by 

extensive longitudinal history review. Clinician-reported usability, measured via the System Usability Scale, 

averaged 4.6 out of 5, with qualitative feedback indicating particular value placed on the explicit citation of source 

passages underlying generated recommendations, which clinicians reported as critical to their willingness to trust 

and rapidly verify system output. 

 
Figure 2: Documentation time per encounter (minutes) with and without Clinical-RAG assistance, stratified 

by specialty. Chronic disease management encounters show the largest absolute time savings, attributed to 

automated synthesis of longitudinal trend data. 
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4.3 Safety Evaluation and Hallucination Analysis 

Hallucination rate, defined as the proportion of generated factual assertions classified by independent physician 

reviewers as unsupported by or contradictory to the patient's actual clinical record, is measured at 2.1% for the 

full Clinical-RAG configuration, compared to 9.4% for the standalone fine-tuned LLM without retrieval 

grounding and 14.8% for the standalone general-purpose LLM. Figure 3 presents the distribution of hallucination 

categories. 

 

Figure 3: Hallucination rate by category across evaluated systems. Medication dosing and contraindication 

errors, the most safety-critical category, are reduced to 0.4% under the full Clinical-RAG configuration through 

exact-match formulary verification. 

 

Disaggregating hallucination by clinical risk category reveals that medication dosing and contraindication errors, 

identified as the most safety-critical category given direct potential for patient harm, occur at a rate of 0.4% under 

the full verification configuration, attributable to the formulary cross-check's reliance on exact-match logic rather 

than semantic similarity for numerical dosing claims. Lower-stakes categories, such as imprecise phrasing of non-

critical history elements, account for the majority of residual flagged assertions. 

 

4.4 Specialty-Stratified Performance 

Performance stratification by specialty reveals meaningful heterogeneity. Emergency medicine encounters, 

characterized by time-pressured, incomplete-information presentations, show the lowest top-1 concordance 

(87.9%) among the three specialty domains, while chronic disease management encounters, benefiting from 

extensive longitudinal structured data well-suited to the retrieval layer's strengths, achieve the highest concordance 

(94.1%). This pattern suggests that retrieval-augmented generative decision support derives disproportionate 

benefit in domains where structured longitudinal data is rich and diagnostic uncertainty is driven primarily by 

information synthesis burden rather than acute, rapidly evolving clinical presentations. 

 

DISCUSSION 

 

The experimental results indicate that retrieval-augmented generative AI, when deployed with explicit source 

grounding and a dedicated verification layer, can achieve diagnostic concordance with physician consensus that 

exceeds both unaided clinician performance and prior-generation rule-based decision support systems, while 

simultaneously reducing documentation burden, a factor independently linked to physician burnout and attrition. 

The magnitude of improvement attributable to retrieval augmentation, relative to a comparably fine-tuned but 

non-grounded model, underscores the central architectural insight of this work: clinical safety in generative 

systems is substantially a function of grounding mechanism design rather than underlying model scale alone. 

The residual 2.1% hallucination rate, while a substantial reduction relative to non-grounded baselines, remains 

non-trivial in a domain where individual erroneous recommendations carry asymmetric risk. This finding 

reinforces the necessity of maintaining human clinician oversight as a mandatory component of any deployed 

system rather than treating generative AI output as autonomous decision-making. The explicit display of source 

citations and confidence flags, rather than the suppression of uncertain outputs, appears to support clinician trust 

calibration, consistent with prior findings that transparency mechanisms improve appropriate reliance on AI-

generated recommendations rather than either over-trust or wholesale dismissal. 

 

The specialty-stratified results further suggest that deployment prioritization should consider the structural 

characteristics of the clinical domain: encounter types with rich longitudinal structured data and lower acuity time 

pressure, such as chronic disease management, represent more favorable initial deployment targets than acute, 

high-tempo settings such as emergency medicine, where information incompleteness at the point of query limits 

retrieval quality regardless of generative architecture sophistication. 

 

5.1 Limitations 

Several limitations qualify these findings. The evaluation dataset, while substantial in scale, is partially 

synthetically augmented and may not fully capture the documentation idiosyncrasies and data quality issues 

present in unaugmented real-world EHR systems across diverse healthcare settings. The attending physician 

consensus panel, while methodologically rigorous, reflects the clinical judgment standards of the specific 

academic medical centers involved and may not generalize to community or resource-limited practice settings 

with different baseline diagnostic patterns. The documentation time sub-study, involving 47 clinicians, while 

adequately powered for the observed effect size, represents a relatively modest sample for capturing the full 
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heterogeneity of clinical documentation practices across specialties and institutional contexts. Finally, the present 

evaluation measures concordance and safety at the point of generation but does not capture longer-term outcomes 

such as downstream patient health trajectories, which would require extended prospective deployment studies 

beyond the scope of this work. 

 

5.2 Future Work 

Future research directions include extending the verification layer to incorporate real-time guideline update 

propagation, ensuring that retrieved guideline content reflects the most current clinical evidence without requiring 

manual corpus curation cycles. Additional work is warranted on multi-turn clinical reasoning evaluation, 

capturing scenarios in which initial differential diagnoses are iteratively refined through follow-up testing, more 

closely mirroring longitudinal clinical reasoning rather than single-encounter snapshot evaluation. Prospective, 

outcome-linked deployment studies measuring downstream patient health metrics, rather than concordance with 

physician judgment alone, represent a necessary next step toward establishing clinical-grade evidence for 

generative AI decision support, analogous to the evidentiary standards applied to other clinical decision support 

technologies prior to widespread adoption. 

 

CONCLUSION 

 

This paper presents Clinical-RAG, a retrieval-augmented generative AI framework for clinical decision support, 

integrating structured EHR data, curated clinical guideline repositories, and a post-generation verification layer 

to address the central safety challenge of generative systems in healthcare: hallucination of unsupported clinical 

claims. Evaluated across 64,200 multi-specialty clinical encounters, the proposed system achieves a diagnostic 

concordance rate of 91.4% with attending physician consensus, a 38.7% reduction in documentation time, and a 

hallucination rate of 2.1%, substantially below comparable non-grounded generative baselines. These results 

position retrieval-augmented generative AI as a promising, though not yet autonomous, augmentation to clinical 

decision-making, contingent on sustained human oversight, transparent source attribution, and continuous post-

deployment safety monitoring. The findings support a measured pathway toward broader clinical integration of 

generative AI, prioritizing domains with rich structured longitudinal data while exercising appropriate caution in 

acute, high-tempo clinical settings where information completeness at the point of decision remains a fundamental 

constraint. 
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