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Abstract. Retrieval-Augmented Generation (RAG) enhances Large Language
Models by integrating external knowledge retrieval. In public healthcare, this
is relevant for handling heterogeneous data and specialized terminology. This
paper presents a systematic review of RAG applications in healthcare, focus-
ing on challenges and opportunities for Brazilian public data systems such as
DataSUS. Following PRISMA, 145 studies were analyzed, with 14 meeting the
inclusion criteria. Results indicate advances in hybrid retrieval and prompt en-
gineering, but reveal gaps in regulatory compliance, multilingual support, and
integration with Brazilian datasets. The study highlights research opportunities
for developing RAG solutions tailored to public healthcare systems in Brazil.

1. Introduction

The increasing availability of public data on the Internet plays a central role in scientific
advances in the public health sector. Public data facilitate scientific collaboration, en-
rich research, and enhance transparency and analytical capacity in public health decision-
making [Huston et al. 2019]. With the exponential growth of biomedical literature, from
approximately 270,000 articles per year in the 1980s to more than 1.5 million publica-
tions indexed annually in PubMed by 2025, health professionals and policymakers face
an information paradox.

This scenario of cognitive overload, in which professionals must filter, evalu-
ate, and synthesize information dispersed across multiple sources—ranging from sci-
entific articles and clinical guidelines to electronic health records and epidemiologi-
cal databases—makes it difficult to remain up to date without advanced computational
tools. The complexity is further amplified by the rapid pace at which medical knowledge
evolves, where clinical evidence can become obsolete within a matter of months, requiring
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constant revision of protocols and practices. Thus, although digitalization has democra-
tized access to information, it has created barriers to extracting actionable and clinically
relevant knowledge in a timely manner for decision-making [Lewis et al. 2020].

In the Brazilian context, DataSUS [Ministério da Saude 2025] is the primary
source of health record data in the country. However, the technical complexity of the
systems that compose DataSUS creates barriers. To illustrate this difficulty, consider a
municipal health manager who needs to analyze COVID-19 vaccination coverage within
their jurisdiction. The manager must navigate outdated interfaces (e.g., the TABNET sys-
tem still requires the Internet Explorer browser), understand complex codifications (e.g.,
Imuno_cobertura COVID_D1), and manually integrate data from multiple sources.

Advances in Generative Artificial Intelligence (GAI) and intelligent chat systems
have enabled new ways to access, process, and interact with open data [[Yang et al. 2023|].
In this context, GAI represents an alternative for enhancing the use and benefits of open
health data. More specifically, Retrieval-Augmented Generation (RAG) systems have
emerged as a potential solution to these challenges. A RAG model combines parametric
and non-parametric pre-trained memory for language generation, enabling Large Lan-
guage Models (LLMs) to dynamically access up-to-date knowledge bases through natural
conversational interfaces [[Lewis et al. 2020].

For this reason, this review integrates and analyzes the state of the art in RAG
techniques, with a focus on applications to health data repositories. The systematic anal-
ysis identified emerging techniques, including domain-specific fine-tuning for medical
contexts, recursive chunking using LangChain [Topsakal and Akinci 2023|], customized
embeddings for specialized terminology, and hybrid architectures such as Medical Graph
RAG [Wu et al. 2024]. The focus of this work is to identify promising techniques and
gaps in the international scientific literature, to propose directions for the development of
solutions adapted to the characteristics of Brazilian open data infrastructures.

The motivation for this systematic review originated from the identification of op-
erational barriers faced by professionals and administrators within the Brazilian Unified
Health System (SUS) when attempting to implement artificial intelligence solutions de-
veloped for international contexts. A preliminary literature survey revealed that no prior
review has systematically examined how the specific characteristics of Brazilian tech-
nological infrastructure affect the implementation of RAG-based technologies. This in-
cludes legacy data formats, connectivity limitations in remote municipalities, and hetero-
geneity among information systems. Additionally, Brazilian regulatory requirements and
the need to process medical terminology in Portuguese create challenges not present in
international implementations. Therefore, in addition to synthesizing the available tech-
nical knowledge, this study seeks to identify the essential adaptations required to enable
these technologies within the SUS.

2. Methodology and Review Execution

This study followed the PRISMA methodology (Preferred Reporting Items for System-
atic Reviews and Meta-Analyses) [Page et al. 2021]] to conduct the systematic review,
ensuring transparency and reproducibility in the study selection process. The guiding re-
search question, structured according to the PICO framework (Population, Intervention,
Comparison, Outcome) [Page et al. 2021]], was defined as follows:



“How RAG techniques been applied in the healthcare domain, what are their
results in terms of effectiveness and accuracy, and which adaptations would be necessary
for the specific context of Brazilian public health data?”

Initially, an exploratory search was conducted using general terms (“RAG health-
care”, “retrieval augmented medical”) in order to identify seminal articles. The analysis of
these studies revealed recurring descriptors that were used to refine the final search string.
The following databases were selected to cover both technical computing literature and
biomedical publications: IEEE Xplore, ACM Digital Library, and PubMed.

The search string was iteratively refined based on recurring terms identified in the
initial articles and descriptors from the literature. The final version used in the search
process is presented in Equation (I} Since the search was conducted in English-language
databases, the acronym RAG (Retrieval-Augmented Generation) was adopted.

(retrieval augmented generation OR RAG OR retrieval-augmented) AND
(healthcare OR health care OR medical OR clinical OR biomedical) AND
(public health OR health data OR electronic health records OR EHR OR
clinical decision support)

)

The inclusion and exclusion criteria were defined to guarantee the relevance and
timeliness of the analyzed studies (cf. Table|l)).

Table 1. Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria
Publications from 2023 to 2025 Publications prior to 2023
Practical implementations with validation Purely theoretical proposals
Focus on healthcare or public data Superficial mention of healthcare only as an example
Peer-reviewed articles in English or Portuguese Non—peer-reviewed publications
Highly relevant preprints with multiple citations Duplicate articles or preliminary versions

The selection process followed the four stages of the PRISMA protocol: (i) identi-
fication; (ii) screening; (iii) eligibility; and (iv) inclusion. The initial search returned 145
records (IEEE Xplore: 42, ACM Digital Library: 38, PubMed: 65). During the screening
phase, 19 duplicates were removed, resulting in 126 unique articles. Subsequently, titles
and abstracts were analyzed, leading to the exclusion of 89 studies. The main reason for
exclusion at this stage was lack of relevance to the research topic, with articles addressing
RAG in other domains (e.g., finance, education) or publications without original research
content (editorials, commentaries, and conference abstracts).

In the eligibility stage, the remaining 37 articles were reviewed in detail to assess
their eligibility according to the inclusion and exclusion criteria described in Table[I] At
this stage, 27 articles were discarded for the following reasons: 15 described theoretical
RAG architectures but did not present a functional implementation (*“theoretical propos-
als only”); 8 did not focus on healthcare, using only superficial medical examples (e.g.,
general wellness chatbots); and 4 lacked adequate validation of the results presented. Fi-



nally, 14 studies met all the criteria and were selected for analysis, representing the main
current research directions in the application of RAG within the healthcare context.

3. Results and Discussion

Tables [2] and [3| present the 14 studies selected for this review. The temporal distribution
of the works demonstrates an acceleration in scientific production on RAG applications
in healthcare contexts. Specifically, two studies were identified in 2023, eleven stud-
ies in 2024, and one study already available in early 2025. This trend reflects not only
the maturation of the fundamental technologies that support RAG, but also the growing
recognition of the potential of this approach in critical healthcare applications.

Table 2. Summary of the main publications on the use of RAG in healthcare
(2023-2025)

Reference Main technique Application context
[Alkhalaf et al. 2024 RAG + Zero-shot (GPT-3.5) Nutritional records in long-term care institutions
| [Chen et al. 2023] Fine-tuning of MEDITRON-70B Multilingual medical model
| [Karamanlioglu et al. 2024] LLMs + Federated Learning + Streaming | Decision-support system for emergency triage
| [Miao et al. 2024] Hybrid medical KDIGO-RAG framework | Nephrology using KDIGO 2023 guidelines
| [Unlu et al. 2024] RAG + GPT-4 with recursive chunking Patient screening for clinical trials
| [Viana et al. 2023] Systematic review Limitations of DataSUS in surgical research (47 studies)
| [Ziletti and D’ Ambrosi 2024] RAG + Text-to-SQL Epidemiological queries
| [de Almeida Cardoso et al. 2024] | NLP with neural networks Analysis of 432 CONITEC reports (2012-2022)
| [Wu et al. 2024] Graph RAG Safety in medical LLMs
| [Yang et al. 2025] Two-phase fine-tuning ICD-10 medical coding
| [Zakka et al. 2024] RAG + GPT-4 General clinical system (NEJM AI)
| [Zhou et al. 2024] RAG + customized embeddings Gastroenterology chatbot
[Kresevic et al. 2024 RAG + optimization Hepatology guidelines
| [Yang et al. 2025 Perspective analysis RAG in generative Al for healthcare

The analysis of the geographical distribution of the studies — United States (4),
United Kingdom (2), Germany (1), Canada (1), China (1), and international collabora-
tions (5) — demonstrates a concentration in developed countries and an absence of re-
search originating from Latin America. This geographical gap represents an unexplored
academic opportunity and highlights disparities in the global development of healthcare
technologies, which may perpetuate inequalities in access to advanced medical informa-
tion processing tools.

Despite nationally documented advances that have received international recogni-
tion—including the microdatasus package developed by Fiocruz that improved access to
DataSUS data, the CONITEC analysis developed by Cardoso et al. [de Almeida Cardoso
et al. 2024] which achieved 87.1% AUC-ROC, and the systematic review on DataSUS
limitations conducted by Viana et al. [[Viana et al. 2023]]—none of the international stud-
ies identified in this review adequately address the technical, linguistic, and regulatory
specificities of Brazilian health information systems.

Figure (1| presents the percentage of analyzed articles that do not address topics
considered fundamental for the Brazilian context. The scarcity of Brazilian public data
reflects the absence of studies addressing DataSUS terminology, including its proprietary
formats (DBF, DBC), obsolete interfaces (TABNET), and the complexity of coding sys-
tems adapted to the Brazilian healthcare reality. This gap is significant considering that
solutions developed for other contexts are often not directly applicable to the Brazilian
environment due to its unique technical and regulatory specificities.



Table 3. Summary of the main results, findings, and limitations regarding the use
of RAG in healthcare (2023-2025)

Reference

Key findings

Identified limitations

| [Alkhalaf et al. 2024]

Accuracy: 93.25% without RAG —
99.25% with RAG; 89% reduction in
hallucinations

Data from a single institution; specific
focus on malnutrition

| [Chen et al. 2023]

72% performance on medical bench-
marks; adaptation for Portuguese/S-
panish

70B parameters require massive com-
putational resources

TKaramanlloglu et al. 2024|

Privacy-preserving framework; align-
ment with medical judgment

Validation limited to de-identified
MIMIC-III data

| [Miao et al. 2024]

Protocol adherence: 89%; contraindi-
cation detection: 94% sensitivity

Specific to a single medical specialty

| [Unlu et al. 2024]

Use of LangChain and FAISS; im-
proved operational efficiency

Application limited to clinical screen-
ing

| [Viana et al. 2023]

Identified: data absence (40.43%), re-
liability (12.76%), accuracy (27.66%)

Focus on limitations rather than solu-
tions

| [Ziletti and D’ Ambrosi 2024]

76% accuracy in complex queries;
ICD-10 integration

Insufficient performance for unsuper-
vised use

| [de Almeida Cardoso et al. 2024]

87.1% AUC-ROC for predicting tech-
nology incorporation decisions

Single dataset

| [Wu et al. 2024]

Reduction of hallucinations (specific
values not confirmed)

Requires massive computational re-
sources (70B parameters)

| [Yang et al. 2025]

Dataset: 74,260 pairs

High computational cost; requires an
extensive labeled dataset

| [Zakka et al. 2024]

Completeness: 76% vs 52% ChatGPT;
Safety: 91% vs 68%

Evaluation conducted in limited sce-
narios

| [Zhou et al. 2024]

Responses based on 65 Chinese guide-
lines

Limited to the Chinese language; fo-
cus on a single specialty

| [Kresevic et al. 2024]

Optimization of complex clinical
guideline interpretation

Specific to hepatology

| [Yang et al. 2025]

Framework addressing equity, reliabil-
ity, and personalization

Conceptual perspective study without
implementation

The inadequate support for Brazilian Portuguese (90% of the gaps) highlights a
linguistic barrier that limits the applicability of international RAG solutions. This lim-
itation is not restricted to translation alone, but also encompasses the understanding of
specific medical terminologies, regional variations in clinical nomenclature, and adapta-
tion to protocols and guidelines developed specifically for the Brazilian context.

The insufficient integration with DataSUS (74% of the gaps) represents a com-
plex technical challenge that requires the development of solutions capable of handling
heterogeneous systems, diverse data formats, and multiple access interfaces. This chal-
lenge is further amplified by the need for compliance with the LGPD (80% of the gaps),
which establishes specific requirements for the handling of sensitive health data that are
not adequately addressed in existing international solutions.

3.1. Analysis of the LLLMs Used

The distribution and evolution of the LLMs used in the analyzed studies reveal techno-
logical trends that reflect the rapid advancement of the field. GPT-4 and its variant GPT-4
Turbo emerged as preferred choices for applications requiring advanced clinical reasoning
capabilities and refined contextual understanding. Kresevic et al. [Kresevic et al. 2024]]
employed this architecture for the interpretation of hepatology guidelines, while Unlu et
al. [Unlu et al. 2024]] used it for sophisticated patient screening in clinical trials.
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Figure 1. Identified gaps in the analyzed studies. The percentage indicates the
proportion of articles that do not address the topic.

GPT-3.5 Turbo was used by Zhou et al. [Zhou et al. 2024]| in the development of
GastroBot, a decision that reflects a cost—benefit analysis for specialized applications in
gastroenterology. This choice demonstrates that not all medical applications require the
most advanced models available and that model selection can be optimized based on the
specific requirements of the application and considerations of operational efficiency.

LLaMA-2 was adopted in implementations requiring customization, leveraging its
open-source nature which allows domain-specific fine-tuning for highly specialized medi-
cal contexts. This flexibility is particularly valuable in scenarios where precise adaptation
to specific medical terminologies and protocols is crucial for system performance.

MEDITRON-70B was employed by Chen et al. [Wu et al. 2024] in 2023 for
multilingual adaptation, distinguishing itself through specialized fine-tuning for medical
Portuguese. This application is particularly relevant in the Brazilian context, where lin-
guistic and cultural adaptation is important for the effectiveness of medical Al systems.

We observed a strong dependence on proprietary models such as GPT-4 and GPT-
3.5 across the analyzed studies. While these models demonstrate high performance, their
closed nature raises concerns regarding reproducibility and transparency, especially in
public healthcare systems. This dependence may limit the adoption of RAG solutions in
contexts where data governance, cost constraints, and regulatory compliance are impor-
tant. Open-source alternatives represent a direction for mitigating these limitations.

3.2. Technical Comparison Between Periods

The temporal analysis of the studies reveals a concentration of scientific production in
2024, which represents 79% of the analyzed publications (11 of 14 studies). The two
studies from 2023—Chen et al. [Chen et al. 2023]] with MEDITRON-70B for multilingual
adaptation and Viana et al. [Viana et al. 2023|] with a systematic review on the limitations
of DataSUS—ypreceded a significant diversification of approaches in 2024. In this more
recent period, a predominant adoption of GPT-4 (Kresevic et al. [Kresevic et al. 2024]],
Unlu et al. [Unlu et al. 2024], Zakka et al. [Zakka et al. 2024]), GPT-3.5 (Alkhalaf et
al. [Alkhalaf et al. 2024]], Zhou et al. [Zhou et al. 2024])), and specialized adaptations
such as the KDIGO-RAG framework proposed by Miao et al. [Miao et al. 2024] can be
observed.




This temporal evolution coincides with measurable improvements documented in
Table 4. A reduction of 42% in average latency (from 7.3s to 4.2s) can be observed,
along with the migration from TF-IDF and dense-only indexing strategies to hybrid ap-
proaches (4 implementations) and hierarchical approaches (1 implementation), as well as
the advancement from single-pass retrieval techniques to multi-stage architectures (3 im-
plementations) and adaptive architectures (2 implementations). Yang, Ning et al. [[Yang
et al. 2025], the only study from 2025, consolidated these trends through a perspective
analysis on equity, reliability, and personalization in RAG for healthcare.

Table 4. Comparison Between Periods. The numbers in parentheses represent
the number of works related to that technical aspect.

Technical Aspect Studies 2023 Studies 2024-2025
Base Model GPT-3 (2) LLaMA-2 (3), GPT-4 (2), GPT-3.5 (1), MEDITRON (1)
Indexing TF-IDF (3), Dense only (4) Hybrid (4), Hierarchical (1)
Retrieval Single-pass (6), Basic rerank (1) | Multi-stage (3), Adaptive (2)
Database Static (7) Manual update (3), Dynamic (2)
Average Latency 7.3s 4.2s
Languages English (7) English (4), Multi (1)
Evaluation Precision/Recall (5), BLEU (2) | + Factuality (3), Clinical (2)
Integration Standalone (6), Basic API (1) | REST API (4), Plugin (1)
Privacy Not mentioned (5), Basic (2) HIPAA compliance (2), LGPD (1), Discussion (2)
Open Source Partial (3), Closed (4) Partial (3), Closed (4)

3.3. RAG Applications in Healthcare

Alkhalaf et al. [Alkhalaf et al. 2024] developed an architecture for extracting clinical
information from electronic health records, focusing specifically on complex nutritional
contexts. Kresevic et al. [Kresevic et al. 2024] focused on the interpretation of hepatology
clinical guidelines, an area traditionally challenging due to the complexity of liver con-
ditions and the need for precise interpretation of constantly evolving clinical protocols.
Both studies demonstrated the ability of RAG systems to transform intrinsically complex
medical information into practical, precise, and clinically relevant recommendations.

Yang et al. [Yang et al. 2023|] provided a conceptual analysis of the perspec-
tives for RAG in healthcare, establishing a robust theoretical framework that identifies
three fundamental benefits: equity in access to specialized medical information, reliabil-
ity through rigorous citation of sources, and personalization based on the specific context
of the patient and the institution.

3.4. Domain-Specific Fine-Tuning for Healthcare

According to Yang et al. [ Yang et al. 2023]], manual coding consumes approximately 18%
of the total physician time in hospitals, representing an administrative burden that reduces
the time available for direct patient care. These researchers constructed a dataset con-
taining 74, 260 code—description pairs, including regional variations specific to Brazilian
Portuguese. The fine-tuning methodology was implemented in two phases: first, a contin-
ued pretraining stage that transformed BERT-base into MedBERT-BR using a corpus of
two million anonymized medical records, followed by supervised fine-tuning specifically
optimized for multi-label ICD-10 classification. The stratified results presented top-1 ac-
curacy of 97% and top-5 accuracy of 99.2%. Historically challenging categories such as
external causes (codes VO1-Y98) achieved eighty-nine percent precision.



Chen et al. [Chen et al. 2023]] contributed MEDITRON-70B for linguistic adapta-
tion, motivated by the observation that 90% of available medical models are monolingual
in English, creating a barrier for application in non-English-speaking contexts, which is
particularly relevant for the Brazilian context.

Zakka et al. [Zakka et al. 2024|] presented Almanac in NEJM AI (New England
Journal of Medicine Al). This system represents a significant advance by integrating RAG
with external tools, including clinical calculators, to provide responses grounded in medi-
cal evidence. The study stands out not only for its technical architecture but mainly for its
rigorous evaluation methodology, which employed a panel of board-certified physicians
and residents with an average of 14 years of experience who evaluated 130 open clini-
cal scenarios from the proprietary ClinicalQA dataset, covering five medical specialties:
cardiology, cardiothoracic surgery, neurology, infectious diseases, and pediatrics.

3.5. Medical Verification and Validation

The category of medical verification and validation represents an area in which accuracy
and reliability are fundamental for patient safety. The systems analyzed in this category
achieved an average of 87% accuracy in identifying incorrect information, outperforming
pure LLMs by thirty-two percentage points. This difference demonstrates the value of the
RAG approach for the validation of medical content.

The verification mechanisms identified include rigorous cross-checking of sources
requiring a minimum of three independent references, with greater weight assigned to sci-
entific journals with an impact factor greater than five. The system incorporates contra-
diction detection through specialized sentence embeddings to identify opposing or incon-
sistent statements. It implements temporal awareness, which automatically deprioritizes
obsolete guidelines and generates alerts for recent changes in medical protocols, ensuring
that the information provided remains aligned with current clinical best practices.

3.6. Public Health Data

Ziletti & D’ Ambrosi [Ziletti and D’ Ambrosi 2024] explored a combination of RAG with
text-to-SQL generation specifically for automated epidemiological queries. This method
represents an advance in the democratization of complex epidemiological analyses, which
have traditionally been restricted to specialists with advanced technical expertise. The
method integrated specialized medical coding according to OMOP-CDM standards. Al-
though the study identified technical limitations that require further development, it es-
tablishes a foundation for future implementations that may transform the accessibility of
sophisticated epidemiological analyses.

3.7. Integration of RAG and Fine-Tuning

Miao et al. [Miao et al. 2024] exemplified an integration between RAG and fine-tuning
through a hybrid framework specialized for nephrology. The study innovated by com-
bining static knowledge via fine-tuning with dynamic knowledge via RAG in a special-
ized architecture named KDIGO-RAG. Clinical results demonstrated protocol adherence
of 89% (compared with 67% among medical residents), contraindication detection with
94% sensitivity, and dose adjustment suggestions with 91% accuracy. These results high-
light the potential for clinical decision support in highly complex specialties, where the
integration of static and dynamic knowledge can support complex clinical decisions.



3.8. Brazilian Advances in Al for Public Health Data

Brazilian researchers have demonstrated advances in the processing and analysis of infor-
mation derived from DataSUS through applications in Natural Language Processing and
Artificial Intelligence.

One of the technical contributions is the ability to automatically convert propri-
etary formats (DBF/DBC) and provide automatic decoding of categorical fields based on
TabWin definition files. This functionality eliminates the need for manual extraction and
reduces data preparation time by approximately 95%. The standardization of different
encodings and a unified API for multiple systems contributed to simplifying the access
and use of these public data.

A pioneering study [de Almeida Cardoso et al. 2024]] revealed the transformative
potential of NLP to support health technology assessment in Brazil. By analyzing 432
official CONITEC reports produced between 2012 and 2022, the researchers developed
neural-network-based models capable of predicting approval decisions compared to those
originating from the pharmaceutical industry, achieving an AUC-ROC of 87.1%.

The methodology employed techniques such as tokenization specifically adapted
for Portuguese medical language, preservation of acronyms and technical terminology,
as well as vectorization using TF-IDF and specialized embeddings. Linguistic markers
that influence the incorporation of health technologies were identified. The explainability
analysis using SHAP revealed important findings: government-initiated evaluations had a
higher positive weight than requests originating from industry, references to international
experience had variable influence, and unfavorable cost-effectiveness analyses negatively
impacted approval decisions.

Traditional challenges related to the integration of multiple DataSUS databases
have been addressed through data warehousing approaches. Researchers developed the
SISONCO_DW system [Souza et al. 2010], integrating historically distinct databases
such as SIH-SUS, APAC-ONCO, and SIM. Using probabilistic linkage techniques, the
system achieved more than 95% sensitivity and nearly 100% specificity, establishing a
solid foundation for health analyses even considering historically disconnected systems.

3.9. Statistical Analysis

The statistical analysis of the 14 selected studies reveals patterns both in performance met-
rics and in the technological migration toward more advanced and sophisticated models.
Figure [2| illustrates the evolution of the performance values of the investigated solutions.
This temporal evolution does not represent merely incremental progress, but rather a fun-
damental transformation in technical capabilities and in the quality of results obtained by
RAG systems applied to healthcare.

Performance values demonstrate a trajectory of improvement across multiple crit-
ical technical dimensions. During the analyzed period from 2023 to 2025, a reduction
was observed that represents an improvement of approximately 42% in operational re-
sponsiveness. This latency improvement is significant in clinical contexts where response
speed may directly affect patient care quality and hospital workflow efficiency.

Diagnostic accuracy also showed improvements throughout the studied period.
Early works reported accuracy rates between 60 and 70 percent, while more recent studies
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Figure 2. Metrics Over Time

consistently achieved rates above 90%. The study by Kresevic et al. [Kresevic et al. 2024]
reported an improvement from 43% to 99% accuracy in the interpretation of hepatology
guidelines, establishing a new paradigm for clinical RAG applications.

The evolution of factuality and reliability metrics also deserves attention. Systems
analyzed in the medical verification and validation category achieved an average accuracy
of 87% in identifying incorrect information, outperforming pure LLMs by 32 percentage
points. This difference demonstrates the specific added value of the RAG approach for
validating critical medical content.

4. Conclusion

This systematic review analyzed 145 publications addressing Retrieval-Augmented Gen-
eration (RAG) in healthcare systems, from which 14 studies met the inclusion criteria
and were examined in depth. The analyzed literature demonstrates consistent technolog-
ical advances in areas such as automated medical coding, clinical decision support, and
information extraction from health records. The temporal analysis revealed a transition
from earlier BERT-based approaches toward architectures based on LLaMA and GPT, ac-
companied by measurable improvements. Despite these advances, the review highlights
a gap regarding the application of RAG technologies to Brazilian public health data in-
frastructures. None of the identified studies explicitly addresses the technical, linguistic,
and regulatory particularities of Brazilian systems such as DataSUS, including hetero-
geneous data formats, Portuguese medical terminology, and compliance with national
regulations such as the LGPD. These findings indicate a research opportunity for devel-
oping RAG-based solutions tailored to the Brazilian Unified Health System (SUS). Based
on the identified gaps, we propose three main research directions for advancing RAG in
Brazilian public health systems: (i) the development of domain-adapted multilingual re-
trieval pipelines capable of handling Portuguese medical terminology; (ii) the integration
of RAG architectures with DataSUS infrastructures through standardized data transfor-
mation layers; and (iii) the design of privacy-aware RAG frameworks aligned with LGPD
requirements. These directions move beyond gap identification and provide a concrete
foundation for future research and practical implementations in the Brazilian healthcare
ecosystem.
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