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Abstract
Large language models have shown growing potential in healthcare, but their clinical 
use remains constrained by hallucinations, outdated knowledge, limited traceability, 
and weak alignment with evidence-based practice. Retrieval-augmented generation 
and emerging agentic artificial intelligence (AI) frameworks offer a promising 
path to address these limitations by combining external medical knowledge, 
iterative reasoning, and tool-supported decision support. This review examines 
the progression from foundational medical retrieval-augmented generation (RAG) 
systems to more adaptive agentic frameworks, with emphasis on retrieval design, 
knowledge integration, reasoning control, and healthcare-oriented deployment. 
Key application areas including medical question answering, radiology support, rare 
disease reasoning, and clinical decision support are reviewed alongside the technical 
and practical challenges that continue to limit routine use. These challenges include 
retrieval noise, factual inconsistency, verification difficulties, privacy and governance 
concerns, and the lack of standardized evaluation. The review also highlights future 
directions in multimodal integration, human oversight, evidence grounding, and 
clinically responsible implementation. By organizing current developments around 
applications, challenges, and future directions, this article provides a healthcare-
oriented perspective on the opportunities and limitations of RAG and agentic AI.
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1. Introduction
The integration of artificial intelligence (AI) into healthcare has progressed from 
early computer vision applications for medical imaging, exemplified by CheXNet’s 
radiologist-level pneumonia detection on chest X-rays1, to sophisticated language-
based systems capable of clinical reasoning and decision support.2,3 Deep learning 
techniques have demonstrated remarkable capabilities across multiple medical domains, 
including computer vision for radiological interpretation, natural language processing 
for electronic health record analysis, reinforcement learning for surgical assistance, and 
genomic sequence analysis.2 However, the deployment of large language models (LLMs) 
in clinical settings faces substantial challenges related to factual accuracy, knowledge 
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currency, and alignment with evidence-based medicine 
principles.4–10

Traditional LLMs encode knowledge implicitly within 
their parameters, creating inherent limitations including 
susceptibility to hallucination, inability to access updated 
medical literature, and lack of transparency in reasoning 
processes.11,12 These limitations are particularly problematic 
in healthcare contexts where accuracy, accountability, 
and traceability are paramount.3,13 Retrieval-augmented 
generation (RAG) has emerged as a promising solution, 
combining parametric knowledge stored in model weights 
with non-parametric knowledge accessed through external 
retrieval mechanisms.11,14

The evolution from basic RAG to agentic RAG 
represents a paradigm shift in how AI systems interact 
with medical knowledge.15,16 While traditional RAG 
employs fixed, single-pass retrieval processes, agentic 
RAG introduces autonomous agents capable of planning, 
iterative retrieval, tool integration, and multi-step 
reasoning.16,17 This transition enables systems to emulate 
the hypothetico-deductive reasoning characteristic of 
clinical experts, actively formulating queries, evaluating 
evidence utility, and refining search strategies to address 
diagnostic gaps.17

This review examines how retrieval-augmented 
generation in healthcare has evolved from foundational 
medical RAG systems to more adaptive agentic frameworks, 
and what that transition means for practical use in clinical 
settings.

1.1. Research gap and contribution of this review

Despite the rapid growth of research on healthcare AI, 
medical large language models, and retrieval-augmented 
generation (RAG), the existing review literature remains 
fragmented. Prior reviews often focus on broad healthcare 
AI adoption, single clinical specialties, or general LLM 
applications, while reviews specifically discussing RAG are 
frequently oriented toward general-domain architectures 
rather than healthcare-specific deployment requirements. 
As a result, important issues such as evidence grounding, 
traceability, verification, governance, and clinically 
responsible deployment are often discussed only partially 
or in isolation.

Recent healthcare-focused RAG reviews have provided 
valuable summaries of emerging medical retrieval systems 
and biomedical language model integration strategies.14,15 
For example, Abo El-Enen et al.14 primarily emphasized 
medical RAG applications, implementation considerations, 
and healthcare adoption challenges, whereas Li et al.15 
focused more heavily on retrieval strategies, biomedical 
large language models, and technical optimization 

approaches for medical RAG systems. However, the 
existing review literature still provides comparatively 
limited discussion of how healthcare RAG is evolving 
toward more adaptive agentic reasoning architectures 
capable of iterative retrieval, retrieval verification, tool 
use, graph-enhanced reasoning, and dynamic evidence 
refinement within clinically grounded workflows.

This review addresses that gap by synthesizing 
foundational medical RAG systems, agentic extensions, 
technical modules, application settings, and deployment-
oriented challenges within a unified healthcare-oriented 
framework. In particular, the review emphasizes the 
architectural transition from conventional retrieval-
augmented generation toward increasingly adaptive 
reasoning environments that combine retrieval grounding 
with iterative reasoning and evidence-aware orchestration.

Specifically, this review makes three contributions. 
First, it traces the progression from medical LLMs and 
conventional retrieval-augmented generation to more 
adaptive agentic frameworks that support iterative 
retrieval, tool use, verification, and multi-step reasoning. 
Second, it compares current developments across key 
application domains, giving primary emphasis to clinical 
decision support and rare disease reasoning, while 
treating medical question answering mainly as benchmark 
background and radiology as a multimodal extension. 
Third, it examines the practical constraints that continue 
to limit clinical deployment, including retrieval quality, 
factual consistency, verification, reproducibility, privacy, 
governance, and evaluation.

1.2. Organization of the review

The remainder of this review is organized as follows. 
Section 2 describes the review methodology, including 
the search sources, eligibility criteria, and scope of the 
literature synthesis. Section 3 introduces medical LLMs 
as the immediate background for retrieval-augmented 
systems in healthcare. Section 4 reviews the basic 
principles and medical adaptations of RAG, and section 
5 examines the emergence of agentic RAG. Section 6 
discusses advanced retrieval paradigms. Section 7 analyzes 
representative healthcare applications, section 8 discusses 
major challenges to trustworthy and clinically responsible 
deployment, section 9 outlines future directions, and 
section 10 concludes the review.

2. Methodology

2.1. Literature search strategy

A structured literature review methodology was adopted to 
identify studies related to retrieval-augmented generation 
(RAG), agentic AI systems, and healthcare-oriented 
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large language model applications. Literature retrieval 
was conducted using PubMed, Scopus, Web of Science, 
IEEE Xplore, and Google Scholar. The search covered 
publications between January 2016 and February 2026 in 
order to capture both the emergence of medical LLMs and 
the more recent development of retrieval-grounded and 
agentic reasoning architectures.

Search queries combined keywords related to 
healthcare AI, retrieval augmentation, agentic reasoning, 
multimodal medical systems, and clinical decision support. 
Representative search terms included “medical RAG,” 
“retrieval-augmented generation in healthcare,” “agentic 
AI,” “clinical large language models,” “multimodal medical 
foundation models,” and “medical reasoning systems.” 
Reference lists of relevant studies and recent review articles 
were additionally screened to identify potentially eligible 
publications.

2.2. Eligibility criteria and study classification

Studies were considered eligible for the primary synthesis 
if they satisfied at least one of the following criteria: (1) 
implementation of a healthcare-oriented RAG system, 
(2) development of an agentic retrieval or reasoning 
framework for medical tasks, (3) evaluation of retrieval-
grounded clinical decision support systems, or (4) 
empirical assessment of multimodal medical reasoning 
architectures.

To improve methodological consistency, included 
literature was further divided into two categories: (i) 
primary empirical studies; and (ii) background and 
contextual literature.

Primary empirical studies were required to include 
implemented system architectures together with 
quantitative evaluation, benchmark comparison, clinical 
validation, physician assessment, or deployment-oriented 
experimentation. By contrast, survey articles, conceptual 
overviews, taxonomy papers, benchmark descriptions, 
and methodological perspective articles were not treated 
as primary evidence sources. Instead, these studies were 
retained selectively to support conceptual framing, 
technical background discussion, and methodological 
interpretation.

Studies were excluded if they: (i) lacked healthcare 
relevance, (ii) did not involve retrieval-grounded 
or reasoning-oriented architectures, (iii) contained 
only speculative discussion without system-level 
implementation, or (iv) lacked sufficient methodological 
detail for interpretation.

This classification strategy was introduced specifically 
to address the distinction between conceptual discussion 

and empirical evidence synthesis.14,15

2.3. PRISMA-oriented study selection process

Although the present review is qualitative rather than meta-
analytic in nature, the literature screening process followed 
a PRISMA-oriented workflow to improve transparency 
and reproducibility. Records identified from multiple 
databases underwent sequential stages including duplicate 
removal, title and abstract screening, full-text eligibility 
assessment, and final qualitative inclusion (Figure 1).The 
initial search identified 1,452 records. After removal of 
324 duplicate entries, 1,128 studies underwent title and 
abstract screening. A total of 972 records were excluded 
during preliminary screening because they were unrelated 
to healthcare applications, lacked retrieval-grounded 
architectures, or focused on general-purpose language 
modeling without medical relevance.

The remaining 156 articles underwent full-text 
assessment. Eighty-six studies were subsequently excluded 
because they lacked empirical evaluation, provided 
insufficient implementation detail, or focused exclusively 
on conceptual discussion without implemented medical 
systems. Ultimately, 70 studies were included in the final 
qualitative synthesis.

To further improve transparency, representative studies 
included in the synthesis were categorized according to 
architectural focus, retrieval strategy, evaluation setting, 
and healthcare application domain.

2.4. Methodological quality assessment

Because the included literature spans heterogeneous 
study designs ranging from benchmark-oriented 
experiments to deployment-focused healthcare 
systems, formal quantitative risk-of-bias scoring was 
not feasible. Nevertheless, methodological quality was 
evaluated qualitatively using principles adapted from 
PROBAST, TRIPOD-AI, and recent AI/ML reporting 
recommendations.

Particular attention was given to:

(i)	 external validation;
(ii)	 transparency of retrieval pipelines;
(iii)	reproducibility of embedding and reranking 

configurations;
(iv)	 evidence traceability;
(v)	 robustness across retrieval settings;
(vi)	 clinical realism of evaluation scenarios;
(vii)	physician involvement and deployment relevance.

Studies relying exclusively on closed benchmark 
datasets without external validation were interpreted 
more cautiously than studies incorporating physician 
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Figure 1. The overall study selection process

review, real-world workflows, or deployment-oriented 
evaluation.17–22

This quality-oriented interpretation strategy was 
incorporated throughout the review to avoid treating all 
benchmark improvements as equally clinically meaningful.

2.5. Evidence synthesis strategy

Given the substantial heterogeneity across datasets, 
retrieval architectures, evaluation metrics, and clinical 
application domains, quantitative meta-analysis was not 
considered methodologically appropriate. Instead, this 
review adopted a structured qualitative synthesis strategy.

The final synthesis organized included studies into 

several major thematic categories:

(i)	 medical large language models and retrieval 
foundations;

(ii)	 conventional medical RAG systems;
(iii)	agentic and iterative retrieval frameworks;
(iv)	 graph-enhanced and multimodal architectures;
(v)	 clinical deployment and evaluation studies.

This thematic organization was designed to 
support comparison across retrieval paradigms while 
simultaneously highlighting the transition from static 
retrieval pipelines toward adaptive, reasoning-oriented 
healthcare AI systems.

https://doi.org/10.36922/AIH026170040


Artificial Intelligence in HealthArtificial Intelligence in Health RAG and agentic AI in healthcare

Volume X Issue X (2026)	 5� doi: 10.36922/AIH026170040

Representative studies included in the final synthesis 
are summarized in Table 1.

3. Medical LLMs

3.1. Foundation models for healthcare

The development of medical LLMs marks an important 
transition in healthcare AI, because general-purpose 
models often lack the domain knowledge, terminology 
control, and safety orientation required for clinical 
use.4,5,37–39 Medical LLMs attempt to close this gap through 
specialized pre-training on biomedical literature, clinical 
corpora, and healthcare-specific instruction data.37–39

Med-PaLM and Med-PaLM 2 represent major 
milestones in medical LLM development.23 Med-PaLM 

improved performance on medical question answering 
benchmarks, while Med-PaLM 2 further increased MedQA 
performance to 86.5% through stronger base models, 
medical-domain tuning, and improved reasoning and 
grounding strategies.23 Human evaluation also suggested 
that clinicians preferred many Med-PaLM 2 responses 
to comparator answers across multiple clinical quality 
dimensions.23

Smaller domain-specific models offer an alternative 
path that may better support privacy-conscious and 
resource-constrained settings.37,38 BioMedLM, for 
example, showed that a 2.7B-parameter model trained on 
PubMed abstracts and full articles can remain competitive 
on biomedical tasks, including MedMCQA and medical 
genetics benchmarks, while offering a more transparent 
and efficient deployment profile.38,41

Table 1. Representative studies included in the qualitative synthesis

Review theme Representative studies System characteristics Evaluation setting Key contribution

Medical LLM foundations 4,23 Medical instruction-tuned 
LLMs

MedQA, physician 
evaluation Established medical LLM baselines

Conventional medical 
RAG 19,24,25 Dense retrieval + 

grounded generation MedQA, PubMedQA Reduced hallucination and 
improved evidence grounding

Agentic and iterative RAG 17,26,27 Iterative retrieval and 
reasoning loops Clinical QA benchmarks Improved multi-step diagnostic 

reasoning

Graph-based and 
structured retrieval 28–30 Knowledge graph-guided 

retrieval
Medical reasoning 
benchmarks

Enhanced structured evidence 
integration

Multimodal and radiology 
systems 31–33 Vision-language retrieval 

and reasoning
Radiology and 
multimodal tasks

Improved multimodal evidence 
alignment

Verification and 
trustworthy AI 20,34 Verification-oriented 

reasoning
Medical QA and safety 
evaluation

Improved reasoning faithfulness 
and reproducibility

Clinical deployment and 
governance 10,18,35,36 Workflow-oriented 

healthcare AI
Clinical simulation and 
workflow analysis

Focused on traceability, usability, 
and governance

Abbreviations: AI: Artificial intelligence; LLM: Large language model; RAG: Retrieval-augmented generation.

BioGPT introduced a biomedical generative 
Transformer trained on large-scale literature39, addressing 
limitations in earlier biomedical language models that 
were stronger in representation than in generation, such 
as BioBERT44 and PubMedBERT.45 It achieved 78.2% 
accuracy on PubMedQA and showed strong performance 
on biomedical text generation and relation extraction 
tasks.39,42,44,45

PMC-LLaMA represents an open-source route for 
adapting general-purpose foundation models to medicine 
through targeted data construction and domain-oriented 
tuning.37 Despite its relatively modest size, it performed 
competitively across medical benchmarks and illustrated 

the practical value of transparent, openly modifiable 
models in healthcare research settings37 (Table 2).

3.2. Clinical knowledge encoding

Clinical knowledge in medical LLMs must be judged along 
several dimensions, including factual accuracy, reasoning 
quality, comprehension, and safety.4,23 Human evaluation 
protocols have therefore become important complements 
to benchmark scores, because they reveal where clinically 
fluent responses still fall short of reliable expert-level use.23

Parameter-efficient instruction tuning has become a 
practical strategy for aligning medical LLMs to new tasks 
with limited exemplars or restricted computing budgets.37,38 
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Even so, safer deployment still depends on robust 
evaluation and supervision, because prompt alignment 
alone does not resolve persistent problems of factual drift, 
incomplete reasoning, or hidden bias in clinical settings.4,23

Progress toward expert-level medical question 
answering also depends on stronger long-form reasoning, 
better workflow fit, and more realistic evaluation 
conditions.23 Med-PaLM 2 showed clear gains across 
several datasets and adversarial settings, but these results 
also reinforced that benchmark improvement does not 
automatically translate into routine clinical usefulness.23

4. RAG in medicine

4.1. Fundamental RAG architecture

Retrieval-augmented generation combines parametric 
model knowledge with non-parametric external evidence, 
allowing responses to be conditioned on retrievable sources 
rather than only on what is stored in model weights.11,12,18 In 
healthcare, this design is attractive because it can support 
more current, inspectable, and context-sensitive responses 
than parameter-only systems18 (Figure 2).

The retriever component usually relies on dense 
passage retrieval or related embedding-based architectures 
that map questions and passages into a shared search 
space.46 Compared with sparse methods such as BM25, 
dense retrievers have shown clear gains on open-domain 
retrieval benchmarks, while the generator conditions its 
output on the returned passages to produce more specific 
and better-supported responses.46

REALM was an early and influential example of 
retrieval-augmented language model pre-training.12 By 
coupling a latent retriever to language model training and 
inference, it showed how external document access could 

make knowledge use more modular and less dependent on 
purely parametric storage.12

4.2. Medical RAG benchmarks

Evaluating medical RAG requires benchmarks that 
capture both clinical content and retrieval behaviour.19,40,41 
MIRAGE, for example, was designed specifically for 
retrieval-augmented medical question answering and 
showed that RAG can improve accuracy by up to 18% over 
strong prompting baselines across multiple model and 
corpus combinations.19

MedQA remains a widely used benchmark because 
it provides board-style medical examination questions 
in multiple languages40, while MedMCQA offers a much 
larger multi-subject benchmark covering thousands of 
medical topics.41 Together, these resources help compare 
retrieval design and reasoning control under standardized 
conditions, even though they remain simpler than real 
clinical use40,41 (Table 3).

4.3. Medical-specific adaptations

Medical RAG requires domain-specific adaptations 
because healthcare retrieval must handle specialized 
terminology, heterogeneous evidence, and the expectation 
of evidence-based answers.49–51 Hybrid retrieval strategies 
that combine semantic and lexical signals have proved 
useful in biomedical settings, where neither surface 
matching nor embeddings alone are always sufficient.49,50

Clinical entity augmented retrieval (CLEAR) is one 
example of this adaptation.52 By retrieving over structured 
clinical entities rather than only over dense embeddings, 
it improved extraction accuracy while sharply reducing 
token usage and inference time in large-scale clinical note 
processing.52

Table 2: Comparison of medical large language models

Model Parameters Training data Key features Performance

Med-PaLM4 540B MultiMedQA datasets Instruction prompt tuning 67.6% on MedQA40

Med-PaLM 223 340B Medical domain fine-tuning Chain of retrieval 86.5% MedQA

BioMedLM38 2.7B PubMed abstracts & articles Small, privacy-preserving 57.3% on MedMCQA38,41

BioGPT39 355M/ 1.5B Biomedical literature Generative pre-training 78.2% on PubMedQA39,42

PMC-LLaMA37 13B 4.8M papers + 30K textbooks Open-source, lightweight Competitive with ChatGPT on 
some tasks37,43
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Figure 2. Basic RAG pipeline

Table 3. Medical RAG application scenarios

Application domain Key requirements RAG benefits Example systems

Medical QA benchmarks Factual accuracy, evidence use Benchmarking retrieval gains MIRAGE19

Clinical decision support Guideline adherence, traceability Evidence-linked recommendations MedRAG24, hepatology agentic 
Graph RAG47

Rare disease reasoning Multi-step search, phenotype 
synthesis Traceable diagnostic chains Deep-DxSearch17, DeepRare48

Radiology and multimodal support Image-text alignment, cross-modal 
context Bridging multimodal evidence RAGSemRad31

Rationale-guided retrieval augmented generation 
(RAG2) addresses three recurring problems in medical 
RAG: vulnerability to irrelevant context, poorly targeted 
queries, and retriever bias toward particular source 
corpora.51 The framework combines a lightweight filtering 
model trained on perplexity-based rationale labels, 
rationale-guided query generation, and balanced retrieval 
across multiple biomedical corpora. Across three medical 
question-answering benchmarks, it improved strong 
baseline models by up to 6.1%.

5. Agentic RAG

5.1. Agentic retrieval and adaptive clinical 
reasoning

Traditional RAG systems generally follow a fixed retrieve-
then-generate pipeline in which retrieval occurs only once 
before response generation.17 Although this architecture 
improves access to external knowledge, it remains limited 
when medical reasoning requires sequential evidence 
exploration, uncertainty resolution, or dynamic hypothesis 
refinement during complex clinical tasks.17,53

Agentic RAG extends conventional pipelines by 
introducing autonomous or semi-autonomous reasoning 
behaviors capable of dynamically coordinating retrieval, 

planning, tool use, and evidence evaluation throughout 
the reasoning process.54 Rather than treating retrieval as 
a static preprocessing step, agentic architectures allow the 
system to iteratively refine search trajectories according 
to intermediate reasoning states and evolving evidence 
requirements.54

This capability is particularly important in healthcare 
because clinical reasoning frequently depends on 
progressive hypothesis testing rather than direct answer 
retrieval. Diagnostic interpretation often requires 
integrating heterogeneous evidence sources, resolving 
conflicting findings, and adapting subsequent information-
seeking strategies according to partially observed clinical 
patterns. Consequently, the value of agentic retrieval may 
lie less in autonomy itself than in the ability to support 
clinically grounded reasoning trajectories through iterative 
evidence interaction.17,35,36,55–57

Several recent systems illustrate this transition toward 
adaptive medical reasoning architectures. Agentic 
retrieval frameworks have been explored for clinical 
decision support, multi-step medical question answering, 
and evidence-grounded diagnostic reasoning.35,36,55–57 
These systems commonly incorporate iterative retrieval, 
reasoning decomposition, retrieval verification, or dynamic 
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planning mechanisms that allow evidence gathering to 
evolve alongside the reasoning process itself.35,36,55–57

Compared with conventional single-pass medical RAG 
pipelines, agentic architectures may improve evidence 
completeness, reasoning flexibility, and handling of 
diagnostically ambiguous scenarios. However, they also 
introduce additional challenges related to orchestration 
complexity, computational overhead, reasoning 
controllability, and verification of intermediate reasoning 
trajectories.54,57

Taken together, these developments suggest that 
healthcare RAG systems are increasingly evolving from 
static retrieval pipelines toward adaptive evidence-
grounded reasoning environments capable of supporting 
more complex forms of clinical inference (Figure 3).

5.2. Multi-agent collaboration

Multi-agent systems introduce collaborative reasoning 
patterns that resemble expert consultation in clinical 
settings.35,36,56 By distributing subtasks such as retrieval, 
synthesis, and adjudication across different agents, these 
systems can make complex evidence use more structured 
and more inspectable.35,36,56

Experimental results on four benchmark medical QA 
datasets show that Discuss-RAG consistently outperforms 

MedRAG, improving answer accuracy by up to 16.67% on 
BioASQ and 12.20% on PubMedQA. This collaborative 
approach addresses the lack of modeling for humanlike 
reasoning behaviors during information retrieval and 
reduces reliance on suboptimal medical corpora.36

AIPatient illustrates a different application of agentic 
design.35 It uses multiple task-specific agents to simulate 
patient interaction and complex reasoning, achieving 
high question-answering accuracy while also showing 
educational value in studies with medical learners.35

MedRAG-Agent represents another multi-agent 
design, combining query decomposition, knowledge-
graph navigation, document retrieval, and verification 
within one healthcare-oriented pipeline.57 Reported gains 
in MEDQA accuracy and hallucination reduction suggest 
that multi-agent structure can help when retrieval and 
reasoning must be coordinated rather than treated as 
separate stages57 (Figure 4).

5.3. End-to-end agentic training

End-to-end training of agentic RAG systems through 
reinforcement learning makes it possible to optimize 
both retrieval behavior and diagnostic reasoning together. 
Deep-DxSearch, for example, trains the model as an active 
investigator that formulates queries, evaluates intermediate 

Figure 3. Agentic RAG architecture
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evidence, and revises its search path while pursuing a 
diagnosis.17

Reported results suggest that this end-to-end agentic 
training can outperform prompt-engineering and 
training-free RAG baselines on both in-distribution and 
out-of-distribution diagnostic benchmarks.17 In addition, 
physician-assisted evaluation on real-world cases indicates 
that the framework may improve practical diagnostic 
performance, not only benchmark scores.17

DeepRare extends this logic to rare disease diagnosis by 
integrating many specialized tools, phenotype resources, 
and current knowledge sources within one evidence-
linked reasoning pipeline.48 Its use of heterogeneous inputs 
and ranked, traceable hypotheses reflects the type of 
diagnostic assistance that is particularly relevant to sparse 
and difficult clinical cases.48

6. Advanced retrieval and reasoning 
architectures

6.1. Graph-enhanced retrieval architectures

Graph-enhanced retrieval architectures extend 
conventional retrieval-augmented generation by 
introducing structured relationships among biomedical 
entities, clinical concepts, and retrieved evidence.58 Rather 
than retrieving isolated passages independently, these 
systems organize evidence through graph-aware structures 
that support semantic linkage, multi-hop reasoning, 
and relational knowledge exploration.58 This design is 
particularly relevant in healthcare because diagnostic 
and therapeutic reasoning often depends on explicit 
relationships among symptoms, diseases, medications, 
laboratory findings, and treatment pathways.

Medical Graph RAG (MedGraphRAG) applies this idea 
to healthcare by building hierarchical graph structures 
from extracted entities and foundational medical 
knowledge, then using graph-aware retrieval to balance 
global awareness with efficient indexing.28 MedSumGraph59 
further extends graph-based retrieval by adding structured 
medical summaries and optimized prompting. This design 
helps the model interpret domain-specific knowledge 
without additional training and improves multiple-

Figure 4. Multi-agent collaboration flow
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choice medical QA performance relative to several strong 
baselines.59

LLM-KGMQA proposes a multi-hop medical question-
answering framework that uses a knowledge graph 
to support entity linking and stepwise reasoning.30 Its 
reported gains across one-hop to three-hop reasoning tasks 
illustrate the value of structured retrieval when questions 
require explicit relation chaining.30 Agentic Medical Graph-
RAG (AMG-RAG) combines graph construction, graph 
updating, reasoning, and external evidence retrieval within 
one agentic framework.27 On MEDQA and MEDMCQA, it 
reported competitive performance while also addressing 
the practical need to keep medical knowledge structures 
current over time.27

KGAREVION adds a verification layer to graph-
based reasoning by generating candidate triplets from 
latent model knowledge and then checking them against 
a grounded knowledge graph.60 This design improved 
accuracy across a broad set of biomedical question-
answering models while reducing unsupported graph 
content.60

Taken together, graph-enhanced systems illustrate 
a broader transition from passage-level retrieval 
toward structured evidence reasoning. Compared with 
conventional dense retrieval pipelines, graph-based 
architectures may improve interpretability and multi-hop 
clinical reasoning, although they also introduce additional 
complexity related to graph construction, ontology 
maintenance, and computational scalability.

6.2. Iterative and recursive retrieval frameworks

Conventional medical RAG systems generally rely on 
single-pass retrieval in which evidence is collected only 
once before generation. However, many clinical reasoning 
tasks require progressive evidence refinement, follow-up 
search, and hypothesis revision. Iterative and recursive 
retrieval frameworks address this limitation by enabling 
multi-round evidence gathering and adaptive query 
reformulation during reasoning.17,26

Iterative retrieval methods enable multi-round evidence 
gathering when a single query is unlikely to surface 
enough relevant support. i-MedRAG exemplifies this 
design by allowing the model to generate follow-up queries 
based on what earlier retrieval rounds returned.26 Across 
clinical-vignette-style benchmarks, i-MedRAG improved 
performance over conventional one-pass RAG and showed 
how follow-up search can help build more informative 
reasoning chains for difficult medical questions.26

BioRAG extends iterative retrieval into life science 
reasoning by decomposing questions and combining 

search with a domain-specific knowledge hierarchy, 
thereby supporting more structured step-by-step evidence 
gathering.25 Recurrence generation-augmented retrieval 
(RGAR)29 retrieves both factual and conceptual knowledge 
from dual sources and lets these sources refine one another 
through iteration. Its reported results on factual-aware 
medical QA benchmarks suggest that iterative interaction 
between knowledge types can outperform traditional one-
pass medical RAG pipelines.29

These architectures suggest that retrieval in healthcare 
AI is increasingly evolving from a static preprocessing 
stage into an adaptive reasoning process. Iterative retrieval 
may improve evidence completeness and diagnostic 
exploration, although it also increases orchestration 
complexity, latency, and computational cost.

6.3. Retriever–generator coordination and fusion

As healthcare RAG systems become increasingly complex, 
recent research has shifted from optimizing retrievers and 
generators independently toward improving coordination 
between retrieval and reasoning components.46,61 In clinical 
settings, retrieval quality directly affects downstream 
reasoning fidelity, while generator behavior influences 
how retrieved evidence is interpreted, prioritized, and 
integrated into final responses.

The retriever component determines which external 
materials are even available to the generator, so errors 
at this stage propagate throughout the entire pipeline.46 
Medical-specific retrievers must therefore account for 
biomedical terminology, corpus heterogeneity, and the 
practical need to rank both highly similar and clinically 
complementary evidence.49,50 MedBioRAG, for instance, 
combines semantic and lexical retrieval to improve 
biomedical document ranking and downstream question 
answering.50

Other systems focus on retrieval efficiency and evidence 
organization. CLEAR retrieves over clinically meaningful 
entities rather than over full-note embeddings.52 In large-
scale note processing, this reduced computational cost 
while maintaining or improving extraction quality.52

On the generation side, fusion mechanisms increasingly 
attempt to integrate retrieved evidence with parametric 
model knowledge in a clinically interpretable manner.11,61 
Sequence-to-sequence architectures remain useful because 
they can aggregate information across multiple passages 
while maintaining flexible conditional generation.61 
MedRGAG proposes a unified retrieval-generation 
framework that combines retrieved documents with 
generated background knowledge62, while MedGENIE 
shows that retrieval-guided medical generation can benefit 
from explicitly balancing external evidence and parametric 
completion.63
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These coordination challenges become especially 
important in multimodal settings. Semantic 
feedback-based RAG for radiology report generation 
(RAGSemRad)31 combines fine-grained semantic retrieval 
with semantic assessment to strengthen alignment between 
imaging input and generated reports. This makes it a 
useful example of how retrieval–generation coordination 
becomes increasingly critical once systems must reason 
across heterogeneous medical modalities.31

Taken together, these studies suggest that future 
healthcare RAG systems may increasingly function as 
tightly coordinated retrieval–reasoning environments 
rather than loosely connected retriever and generator 
modules.

6.4. Verification, filtering, and trust calibration

Because healthcare applications require high reliability 
and evidence traceability, recent medical RAG systems 
increasingly incorporate verification, filtering, and 
trust-calibration mechanisms designed to reduce 
unsupported reasoning and improve grounded clinical 
inference.20–22,34,51,63

Process reward modeling addresses a central weakness 
of medical reasoning systems: the difficulty of localizing 
errors to specific reasoning steps. Med-PRM tackles this 
by verifying intermediate reasoning against retrieved 
medical guidance and scoring the process rather than only 
the final answer.20 Across several medical QA benchmarks 
and open-ended diagnostic tasks, Med-PRM improved 
base-model performance and showed that stepwise reward 
design can strengthen smaller models as well as stronger 
policy backbones.20

ALIGNRAG reframes the problem as one of reasoning 
alignment, namely whether an LLM’s internal reasoning 
stays constrained by retrieved evidence.64 By contrast, Self-
Refine offers a more general iterative refinement baseline.65 
The comparison highlights why retrieval-sensitive critique 
is especially important in evidence-bound settings such as 
healthcare.64,65

Filtering and quality-control modules are increasingly 
important because retrieval can harm performance when 
weakly matched or distracting passages enter the context 
window.21,51,63 In healthcare settings, poorly filtered context 
can make an answer appear evidence-based while actually 
pushing the model toward unsupported or misleading 
conclusions.

Recent work addresses this problem through rationale-
guided filtering, retrieval reordering, and selective context 
construction. RAG2 uses rationale-based filtering and 
balanced retrieval across biomedical corpora51, while 

long-context studies show that reordering and controlled 
context assembly can reduce the impact of hard negatives 
and overlong evidence lists.21,63

Related trustworthiness frameworks such as TRUST-
SCORE and TRUST-ALIGN22,34 shift attention from 
surface fluency to grounded evidence use, calibrated 
uncertainty, refusal behavior, and attribution quality. For 
healthcare deployment, filtering, trust calibration, and 
abstention should therefore be treated as core architectural 
components rather than optional refinements.

Taken together, these developments suggest that 
trustworthy healthcare RAG requires not only accurate 
retrieval, but also explicit mechanisms for evidence 
validation, uncertainty management, and clinically 
interpretable reasoning control.

6.5. Architectural trends and comparative analysis

The architectural evolution of healthcare RAG systems 
reveals several converging trends: graph-enhanced 
retrieval, iterative evidence refinement, retrieval–
generator coordination, and verification-oriented 
reasoning. Although these approaches differ substantially 
in implementation strategy, they collectively reflect a 
transition from static document retrieval toward adaptive 
evidence-grounded reasoning systems.

Importantly, no single architecture appears universally 
optimal across all healthcare tasks. Graph-based 
systems may improve structured reasoning but increase 
maintenance complexity. Iterative retrieval frameworks 
improve evidence exploration while introducing additional 
latency and orchestration cost. Verification-oriented 
architectures strengthen trustworthiness but require more 
sophisticated evaluation infrastructure.

These trade-offs suggest that future clinically deployable 
healthcare RAG systems will likely integrate multiple 
complementary mechanisms depending on workflow 
requirements, modality complexity, and safety constraints.

7. Applications

7.1. Medical question answering as benchmark 
background

Medical question answering remains one of the most widely 
used benchmark settings for healthcare RAG because 
it enables controlled evaluation of factual grounding, 
retrieval quality, and hallucination reduction.19,40,41 
Benchmarks such as MIRAGE19 and MedQA are therefore 
useful primarily as comparative evaluation frameworks 
rather than as direct indicators of clinical readiness.

Recent systems incorporating iterative retrieval, 

https://doi.org/10.36922/AIH026170040


Artificial Intelligence in HealthArtificial Intelligence in Health RAG and agentic AI in healthcare

Volume X Issue X (2026)	 12� doi: 10.36922/AIH026170040

evidence grounding, and agentic reasoning have 
further improved benchmark-oriented medical QA 
performance.36,57,60 However, examination-style datasets 
often simplify uncertainty, longitudinal context, and 
real-world clinical complexity.40,41 Consequently, the 
primary value of medical QA lies in evaluating retrieval 
and reasoning strategies that may later transfer into more 
clinically consequential applications such as decision 
support and rare disease diagnosis.

7.2. Clinical decision support

Clinical decision support is the strongest near-term 
application for RAG in healthcare because it requires 
more than fluent answer generation.24,47 Useful systems 
must connect patient-specific information with guidelines, 
retrieved evidence, and explicit reasoning steps that 
clinicians can inspect. This makes evidence grounding, 
traceability, and controlled updating central design 
requirements rather than optional improvements.

MedRAG illustrates this direction by combining retrieval 
with knowledge-graph-elicited reasoning for healthcare 
copilot use.24 Instead of relying only on parametric recall, it 
retrieves diagnosis and treatment recommendations from 
a structured diagnostic hierarchy, which better supports 
differential reasoning and guideline-aware output. A self-
correcting agentic graph RAG in hepatology extends this 
logic through a retrieve-evaluate-refine loop, reporting 
strong faithfulness, context recall, and answer relevancy in 
a focused decision-support setting.47

Related multi-agent decision-support systems suggest 
that the most promising designs are those that adapt 
retrieval strategy to query type, knowledge source, and 
required level of justification.47,57 Compared with medical 
question answering benchmarks, clinical decision support 
better reflects the practical demand for systems that 
not only answer correctly, but also show where their 
recommendations come from and how they should be 
verified before use.

7.3. Rare disease reasoning

Rare disease reasoning is a particularly appropriate setting 
for agentic RAG because the diagnostic process is usually 
sparse, multi-step, and evidence-hungry.17,48 Cases often 
require synthesis across phenotype descriptions, laboratory 
findings, genetic results, and scattered literature, so single-
pass retrieval is frequently insufficient. This makes iterative 
search, query reformulation, and explicit hypothesis 
refinement more valuable than in routine benchmark-style 
tasks.

Deep-DxSearch demonstrates this pattern clearly.17 By 
training the model as an active investigator that formulates 

queries, evaluates evidence utility, and refines its search 
trajectory, the system improves common and rare disease 
diagnosis beyond prompt-engineering and training-free 
RAG baselines.17 Its reported gains on real-world cases are 
important not only because of accuracy, but because they 
show how retrieval and reasoning can be co-optimized for 
diagnostic work.

DeepRare extends this line of work by integrating a 
wide set of specialized tools, phenotype resources, and 
up-to-date knowledge sources for rare disease diagnosis.48 
Its use of heterogeneous clinical inputs and ranked, 
evidence-linked hypotheses reflects the type of traceable 
diagnostic assistance that healthcare settings are more 
likely to value.48 Among current applications, rare disease 
reasoning is therefore one of the clearest demonstrations 
of why agentic retrieval can matter beyond benchmark 
performance.

7.4. Radiology and multimodal extension

Radiology and multimodal interpretation have rapidly 
emerged as important frontiers in healthcare RAG research 
because many clinical workflows require integrating 
imaging findings with textual reports, laboratory results, 
prior examinations, and broader patient context.28,31 
Compared with text-only retrieval systems, multimodal 
healthcare RAG architectures must additionally address 
cross-modal alignment, semantic consistency, visual 
grounding, and heterogeneous evidence integration.

In radiology settings, retrieval quality becomes 
inseparable from multimodal consistency because 
generated outputs must remain aligned not only with 
retrieved textual evidence, but also with imaging findings 
themselves. Systems such as RAGSemRad31 demonstrate 
that fine-grained semantic retrieval can improve radiology 
report generation by filtering irrelevant context and 
strengthening alignment between images and narrative 
output. Related multimodal medical QA and graph-based 
systems further suggest that multimodal retrieval may 
improve the interpretability and reliability of rationale-
supported clinical responses.28,31

Recent medical vision-language models have 
substantially accelerated progress in multimodal medical 
reasoning. LLaVA-Med adapts conversational multimodal 
learning to biomedical imaging tasks through medical 
visual instruction tuning, enabling image-grounded 
dialogue and clinically oriented multimodal interaction.32 
Similarly, CheXAgent introduces a clinically specialized 
vision-language assistant capable of radiographic 
interpretation, visual dialogue, and multimodal reasoning 
across chest imaging tasks.33 These systems illustrate how 
multimodal medical foundation models may increasingly 
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combine image understanding, conversational reasoning, 
and retrieval-grounded evidence integration within 
unified clinical AI architectures.

Another emerging direction involves retrieval-
enhanced multimodal reasoning in which imaging 
evidence is dynamically integrated with external 
biomedical knowledge during inference. Such architectures 
may improve diagnostic contextualization because 
radiographic interpretation often depends on combining 
image findings with disease knowledge, patient history, 
and evolving diagnostic hypotheses. This trend also aligns 
closely with recent agentic reasoning frameworks capable 
of adaptively coordinating multimodal retrieval according 
to intermediate reasoning states.

Beyond radiology, multimodal healthcare RAG may 
eventually support integrated reasoning across pathology 
slides, genomics, wearable monitoring, surgical video 
analysis, and longitudinal electronic health records. 
However, these systems also introduce substantial 
challenges related to interpretability, computational cost, 
modality imbalance, evidence attribution, and clinically 
reliable cross-modal reasoning.28,31–33

8. Challenges

8.1. Evidence grounding and factual validity

The first deployment barrier is not whether a model can 
generate plausible medical language, but whether its claims 
remain anchored to retrievable and clinically relevant 
evidence.14,18 Hallucination remains a serious problem in 
healthcare, and retrieval alone does not remove it. If the 
search process surfaces weak, outdated, or poorly matched 
passages, the generator may still produce confident but 
unsupported conclusions.

This means that factual validity depends on the whole 
pipeline rather than on the mere presence of a retrieval 
module.14,18 Retrieval-aware self-reflective systems can help 
by conditioning generation on explicit retrieval decisions 
and internal critique, but they remain sensitive to corpus 
quality, passage selection, and evidence relevance.21,22

For healthcare use, the practical question is therefore 
whether the system can show that an answer is grounded in 
appropriate evidence, not merely whether it cites something. 
Deployment-facing evaluation should distinguish between 
fluent unsupported output, weakly supported output, and 
recommendations that are genuinely traceable to current 
medical sources.

8.2. Verification, traceability, and evaluation

Even when relevant evidence is retrieved, a second barrier 
remains: the reasoning process may drift away from that 

evidence.20,64 Reasoning alignment problems arise when 
an LLM produces conclusions that sound coherent but 
are not faithfully constrained by the retrieved record. This 
is especially important in medicine, where intermediate 
reasoning steps may determine whether a recommendation 
appears safe or unsafe to a clinician.

Verification mechanisms therefore matter as much 
as retrieval quality. Approaches such as critique-driven 
alignment64 and process reward modeling exemplified by 
Med-PRM20 are important because they evaluate reasoning 
step by step rather than only scoring final answers. These 
methods move the field closer to traceable support, where 
a clinician can inspect not just the output, but the path by 
which it was reached.

Evaluation also remains underdeveloped. 
Reproducibility studies show that performance can shift 
with changes in embedding models, hardware settings, 
retrieval precision, or pipeline configuration.21,22,34 For 
that reason, stronger evaluation in healthcare should 
include benchmark performance, evidence traceability, 
reproducibility, and expert review, rather than relying on 
single aggregate scores.

8.3. Workflow Fit and clinical integration

A technically strong RAG pipeline may still fail in 
practice if it does not fit clinical workflow.10,18 Healthcare 
environments require systems that are timely, legible, easy 
to validate, and compatible with existing documentation 
practices. If retrieval takes too long, presents excessive 
context, or produces reasoning chains that are cumbersome 
to inspect, routine use becomes unlikely regardless of 
benchmark quality.

This issue is particularly visible in decision-support 
settings, where the value of a system depends on how well 
retrieved evidence can be incorporated into real diagnostic 
or treatment discussions. Local and enterprise RAG 
architectures may help by improving privacy control and 
system integration10,18, but they do not solve the broader 
problem of workflow fit. Outputs still need to be reviewable, 
clinically interpretable, and aligned with how physicians 
actually use guidelines, reports, and patient records.

For these reasons, deployment studies should examine 
usability, latency, updateability, and human review burden 
alongside accuracy. A healthcare RAG system that is 
correct but awkward to use may be less valuable than 
a slightly simpler system that is easier to supervise and 
integrate into care processes.

8.4. Governance, accountability, and clinical 
oversight

Healthcare deployment of RAG systems involves 
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challenges that extend beyond model accuracy alone. In 
clinical environments, retrieval-grounded systems must 
operate within institutional workflows that require data 
security, patient privacy protection, evidence traceability, 
and regulatory compliance. Unlike general-purpose 
AI systems, healthcare RAG architectures may directly 
influence diagnostic interpretation, treatment planning, 
and clinical communication, thereby increasing the 
importance of governance-oriented safeguards.10,18

Another major concern involves accountability 
during retrieval-grounded clinical reasoning. Because 
generated responses may depend on dynamically retrieved 
evidence rather than only parametric model knowledge, 
healthcare institutions must ensure that retrieved sources 
remain transparent, auditable, and clinically appropriate 
throughout the reasoning process. Errors introduced 
through outdated retrieval indexes, incomplete evidence 
selection, or poorly governed retrieval pipelines may 
produce clinically misleading outputs despite apparently 
coherent reasoning.18,21

Healthcare deployment therefore requires explicit 
governance mechanisms covering auditability, knowledge-
source version control, access management, and clinician 
accountability. Recent healthcare-focused analyses 
emphasize that retrieval-grounded AI systems should 
support transparent evidence logging, institutional 
oversight, and controlled updating of medical knowledge 
sources in order to remain clinically trustworthy.10,18 
Governance concerns additionally extend beyond privacy 
protection to include bias monitoring, escalation pathways, 
and human review responsibility in decision-support 
settings.10,18

Clinical oversight also remains essential because 
healthcare RAG systems may exhibit variable reasoning 
behavior across retrieval settings, prompting strategies, 
and institutional data environments. Consequently, 
deployment-oriented evaluation should include not 
only benchmark performance, but also reproducibility 
assessment, workflow integration analysis, and monitoring 
of clinically unsafe reasoning patterns.34 Human-in-the-
loop supervision and physician verification therefore 
remain important safeguards, particularly for high-risk 
diagnostic and therapeutic applications.

9. Future directions

9.1. Multimodal and cross-modal integration

Future healthcare RAG systems are increasingly moving 
beyond text-only retrieval pipelines toward integrated 
multimodal reasoning architectures capable of jointly 
processing imaging, pathology, clinical narratives, 

laboratory findings, and longitudinal patient records. Such 
systems aim to support evidence-grounded reasoning 
across heterogeneous clinical modalities rather than 
relying exclusively on textual retrieval.31

Recent multimodal medical foundation models 
such as LLaVA-Med32 and CheXAgent33 illustrate 
how conversational reasoning can be combined with 
clinically grounded visual interpretation. These systems 
extend retrieval-grounded reasoning into radiology and 
multimodal diagnostic settings by integrating visual 
evidence, semantic retrieval, and interactive language 
generation within unified reasoning pipelines.32,33

Semantic feedback-based RAG for radiology report 
generation (RAGSemRad) further demonstrates 
that multimodal retrieval requires not only access to 
heterogeneous evidence sources, but also mechanisms 
capable of aligning generated outputs with clinically 
meaningful image representations.31 Compared with 
conventional text-only medical QA systems, multimodal 
healthcare RAG therefore introduces additional challenges 
related to cross-modal consistency, visual grounding, 
temporal alignment, and computational scalability.

Future multimodal healthcare systems may ultimately 
integrate imaging, pathology, genomics, wearable 
monitoring, and longitudinal electronic health records 
into unified evidence-grounded reasoning environments. 
However, ensuring traceability and interpretability across 
heterogeneous modalities will remain a major challenge 
for clinically deployable multimodal AI systems.31–33

9.2. Human-in-the-loop systems

Human oversight will remain central even as retrieval and 
reasoning become more adaptive. In healthcare, human-
in-the-loop design is not simply a safeguard added after 
model development. It is part of the operating logic of a 
responsible system, because clinicians still need to guide 
evidence use, inspect reasoning, and decide whether 
retrieved support is sufficient for action.66,67

Future systems should therefore be designed to 
make intervention easy rather than exceptional. Review 
checkpoints, editable retrieval traces, and explicit 
escalation paths are more valuable for deployment than the 
appearance of full automation, particularly in high-stakes 
decision-support settings.66,67

9.3. Standardized evaluation frameworks

Standardized evaluation remains underdeveloped. Existing 
benchmarks are useful, but they do not yet capture enough 
of the conditions that matter in clinical use, such as 
changing evidence bases, heterogeneous patient records, 
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reproducibility across pipeline configurations, and the 
burden placed on human reviewers.19,68

More mature evaluation should therefore combine 
benchmark accuracy with evidence traceability, expert 
review, reproducibility testing, and workflow-oriented 
assessment. Without this broader view, reported gains may 
say more about a particular setup than about readiness for 
responsible healthcare deployment.19,68

9.4. Trustworthy deployment and governance 
frameworks

Future healthcare RAG systems will likely require 
integrated governance frameworks capable of supporting 
transparent evidence attribution, longitudinal audit trails, 
and clinician-in-the-loop supervision throughout the 
reasoning pipeline.10,18 As retrieval-grounded AI systems 
become increasingly embedded within clinical workflows, 
governance mechanisms must evolve beyond static privacy 
protection toward dynamic oversight structures that 
support real-time monitoring, escalation management, 
and institution-level accountability.

In addition to model performance, future deployment 
frameworks may need to incorporate controlled retrieval-
index updating, evidence version tracking, and retrieval 
reproducibility monitoring to ensure that clinical 
recommendations remain traceable and scientifically 
defensible over time.34 These considerations are 
particularly important because healthcare RAG systems 
may continuously interact with evolving biomedical 
knowledge sources, institutional retrieval infrastructures, 
and heterogeneous patient populations.

Future trustworthy deployment may also require 
standardized reporting protocols describing retrieval 
configuration, indexing strategies, evidence provenance, 
and retrieval-update procedures. Such mechanisms could 
improve reproducibility, facilitate regulatory evaluation, 
and strengthen institutional confidence in retrieval-
grounded clinical AI systems.18,34

Another important direction involves integrating 
governance-aware safeguards directly into the retrieval and 
reasoning pipeline itself. Rather than treating governance 
as an external administrative layer, future healthcare RAG 
systems may increasingly incorporate retrieval filtering, 
uncertainty calibration, abstention mechanisms, and 
human escalation pathways as intrinsic architectural 
components.22,34,51

9.5. Reasoning-oriented foundation models and 
continual knowledge updating

Recent advances in reasoning-oriented foundation models 

may further influence the evolution of healthcare RAG 
systems. Compared with earlier instruction-following 
LLMs, newer architectures such as GPT-o1/o3-style 
systems and DeepSeek-R1-like models increasingly 
emphasize extended chain-of-thought reasoning, adaptive 
problem decomposition, self-verification, and multi-
step deliberative inference.15,17,20,64,69,70 These capabilities 
may improve evidence-grounded clinical reasoning 
because medical decision-making often requires iterative 
hypothesis evaluation and complex evidence synthesis 
rather than single-pass response generation.

Although systematic healthcare evaluation remains 
limited, emerging studies suggest that reasoning-
oriented models may improve difficult diagnostic 
reasoning, uncertainty handling, and long-context 
evidence integration within retrieval-grounded medical 
workflows. In particular, combining retrieval grounding 
with extended reasoning trajectories may strengthen 
clinical inference in scenarios involving heterogeneous 
evidence sources, incomplete patient information, or 
evolving diagnostic hypotheses. These developments 
also align closely with recent agentic RAG frameworks 
that dynamically coordinate retrieval, verification, and 
reasoning throughout the inference process.20,27,64

At the same time, continual knowledge updating is 
becoming increasingly important because healthcare 
knowledge evolves rapidly through updated clinical 
guidelines, newly published biomedical evidence, and 
changing institutional protocols. Unlike static benchmark 
settings, real-world medical deployment requires retrieval 
systems capable of maintaining temporally current and 
institutionally relevant knowledge bases over time.18,27

Future healthcare RAG architectures may therefore 
require mechanisms supporting continual retrieval-index 
updating, adaptive knowledge integration, temporal 
version control, and longitudinal evidence maintenance 
without destabilizing previously learned reasoning 
behaviors.27 These requirements are especially important 
in medicine because outdated retrieval sources or stale 
biomedical knowledge may directly affect clinical reliability 
and evidence-grounded decision support.

However, reasoning-oriented healthcare RAG 
systems also introduce important challenges related 
to computational cost, reasoning transparency, 
controllability of extended inference processes, and 
reproducibility across retrieval configurations. Multi-
agent and graph-enhanced reasoning systems may also 
introduce substantial computational overhead and latency 
constraints that could limit real-time clinical deployment. 
As reasoning depth and retrieval complexity continue to 
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increase, future healthcare deployment frameworks may 
require stronger verification, monitoring, and governance 
mechanisms capable of supporting clinically interpretable 
and accountable reasoning processes.

10. Conclusion
This review argues that the main value of retrieval-
augmented and agentic AI in healthcare does not lie 
in making language models sound more informed. Its 
value lies in whether external evidence can be retrieved, 
inspected, and used to constrain reasoning in ways that are 
clinically meaningful. From that perspective, the strongest 
current case is not broad medical question answering, but 
applications such as clinical decision support and rare 
disease reasoning, where evidence grounding, multi-step 
search, and traceable justification clearly matter.

The progression from conventional RAG to agentic 
frameworks is therefore important because it expands 
what healthcare systems can do when a single retrieval pass 
is not enough. Iterative retrieval, tool use, and reasoning 
supervision offer real advantages for complex diagnostic 
and support tasks. However, routine deployment still 
depends less on headline benchmark scores than on 
verification, reproducibility, workflow fit, governance, 
and clinician oversight. Future evaluation frameworks 
for healthcare RAG systems should therefore incorporate 
external validation, longitudinal clinical testing, and 
workflow-level usability assessment in addition to 
benchmark accuracy. The central challenge for the next 
stage of the field is not simply building more capable 
medical agents, but building systems whose evidence use is 
transparent enough, controlled enough, and useful enough 
to earn a place in clinical practice.
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