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Abstract
Retrieval-Augmented Generation (RAG) is pro-
posed to reduce hallucination and improve
grounding in clinical language models, yet its
effectiveness across different levels of clini-
cal reasoning remains unclear. We conducted
a controlled evaluation of medication-related
question answering in Portuguese using over
7,000 Brazilian regulatory drug leaflets and
a complementary clinical benchmark derived
from national medical licensing examinations
(Revalida and Fuvest). Retrieval substantially
improved factual recall and clinical coherence
in medication-specific queries, increasing F1
from 0.276 to 0.412. However, naive retrieval
did not consistently improve complex clini-
cal reasoning and sometimes reduced accu-
racy compared to a parametric-only baseline.
We identify retrieval-induced anchoring bias,
where partially relevant evidence shifts model
decisions toward clinically incorrect conclu-
sions. Critique-based and adaptive retrieval
mitigated this effect and achieved the highest
clinical benchmark accuracy (54.25%). Clini-
cally grounded evaluation dimensions revealed
safety-relevant differences beyond traditional
NLP metrics. These results show that retrieval
augmentation is effective in regulatory settings
but requires adaptive control for higher-level
clinical reasoning.

1 Introduction

Access to reliable and up-to-date medication infor-
mation remains a persistent challenge in clinical
practice, particularly in low- and middle-income
countries such as Brazil. Drug leaflets issued by
regulatory agencies constitute the official, legally
binding source of information on indications, con-
traindications, dosage, pharmacodynamics, and ad-
verse effects. However, their length, technical den-
sity, and fragmented organization frequently hinder
efficient information retrieval by healthcare profes-
sionals and patients. Difficulties navigating reg-
ulatory documentation may increase reliance on

secondary summaries or informal sources, which
are not always complete, up to date, or clinically
safe.

In recent years, large language models (LLMs)
have demonstrated remarkable performance in
medical question answering, clinical reasoning,
and decision support tasks (Singhal et al., 2023).
Despite these advances, LLMs operate primarily
through parametric knowledge acquired during
large-scale pretraining (Brown et al., 2020). When
deployed without explicit grounding mechanisms,
they are prone to hallucinations, outdated recom-
mendations, and unverifiable justifications (Ji et al.,
2023). These limitations are particularly concern-
ing in high-stakes medical environments, where
incorrect or poorly supported outputs may lead to
harmful clinical decisions. Empirical studies have
shown that fluent responses generated by LLMs can
contain subtle but clinically significant inaccura-
cies, reinforcing concerns regarding their safe adop-
tion in healthcare settings (Singhal et al., 2023).

Large language models have recently ap-
proached expert-level performance on standardized
clinical benchmarks, as illustrated by Med-PaLM
2, which demonstrated substantial improvements
in accuracy and clinician-preferred responses on
multiple medical QA datasets (Singhal et al., 2025).
Such advances highlight LLMs’ growing ability to
handle complex medical questions, but they also
underscore the need for grounded, reliable outputs
that align with clinical evidence.

Retrieval-Augmented Generation (RAG) has
emerged as a principled strategy to mitigate these
risks by conditioning generation on externally re-
trieved documents (Lewis et al., 2020). By incor-
porating relevant evidence at inference time, RAG
systems aim to improve factual accuracy, traceabil-
ity, and transparency. In biomedical and clinical
domains, retrieval-based augmentation has been
applied to clinical guidelines, scientific literature,
and electronic health records, often yielding im-
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provements in evidence attribution and factual con-
sistency (Xiong et al., 2024). Nevertheless, the pre-
vailing narrative that retrieval universally enhances
performance has not been rigorously examined in
settings that require higher-order reasoning or con-
textual abstraction.

This limitation becomes particularly salient in
medication-related question answering. Drug
leaflets are authoritative regulatory documents that
provide structured and legally validated informa-
tion. However, they are not designed to support
complex therapeutic reasoning, differential diagno-
sis, or integrated clinical decision-making. When
retrieval mechanisms introduce partial, excessive,
or poorly aligned context, the model may anchor
its reasoning to suboptimal evidence. We refer to
this phenomenon as retrieval-induced anchoring
bias. In such cases, responses may remain formally
grounded in retrieved passages while still being
clinically inappropriate or incomplete. Despite the
importance of this issue for patient safety, system-
atic empirical analyses of retrieval-induced bias in
medical QA remain scarce.

The challenge is amplified in Portuguese, which
is among the most widely spoken languages glob-
ally and the primary language of clinical practice
in Brazil. Most studies on medical question an-
swering and retrieval-augmented systems focus pre-
dominantly on English-language resources (Sing-
hal et al., 2023). Despite the growing adoption of
NLP in healthcare, Portuguese clinical resources
remain comparatively scarce. Prior work has fo-
cused primarily on foundational components such
as domain-specific embeddings (e Oliveira et al.,
2019), clinical information extraction from medical
records (Da Rocha et al., 2022), and semantically
annotated corpora such as SemClinBr (Oliveira
et al., 2022).

Specialized biomedical language models have
also been developed for Portuguese. For Brazilian
Portuguese, BioBERTpt was introduced to support
clinical named entity recognition tasks (Schneider
et al., 2020), while MediAlbertina is a recent large-
scale medical language model for European Por-
tuguese (Nunes et al., 2024). More recent efforts
have begun adapting large language models to the
medical domain in Portuguese, including studies on
fine-tuning strategies and domain transfer (Paiola
et al., 2024). In parallel, dedicated benchmarks for
Brazilian Portuguese medical NLP have recently
emerged, such as the DrBodeBench benchmark
proposed by (Garcia et al., 2025), highlighting

the lack of standardized evaluation resources for
clinical reasoning tasks.

However, these resources largely target entity-
level understanding or document processing tasks
rather than complex clinical reasoning or evidence-
grounded question answering. Consequently, pub-
licly available Portuguese benchmarks for clinical
QA remain limited, and evaluation frameworks
rarely incorporate clinically meaningful dimen-
sions beyond lexical overlap metrics. Standard
NLP measures such as Exact Match and F1 do not
fully capture groundedness, hallucination risk, or
potential clinical harm, dimensions that are increas-
ingly emphasized in trustworthy artificial intelli-
gence research (Rudin, 2019; Ji et al., 2023).

In this work, we conduct a systematic, controlled
evaluation of Retrieval-Augmented Generation for
medication-related clinical question answering in
Portuguese, using Brazilian regulatory drug leaflets
as the primary source of authoritative knowledge.
Our study is designed to disentangle the role of re-
trieval across different levels of clinical abstraction.
To this end, we evaluate RAG across two comple-
mentary, carefully constructed settings. The first
setting comprises a controlled, medication-specific
QA dataset derived directly from curated regula-
tory leaflets, with questions tightly aligned with
the explicit document content. The second set-
ting consists of a broader clinical reasoning bench-
mark built from a subset of the Portuguese medi-
cal benchmark DrBodeBench (Garcia et al., 2025),
which includes questions from Brazilian medical
examinations such as Revalida and the FUVEST
direct-access residency exam, where medication
knowledge must be integrated into complex diag-
nostic, therapeutic, and decision-making scenarios.

The main contributions of this paper are summa-
rized as follows:

• We introduce a curated Portuguese question
answering dataset derived from Brazilian drug
leaflets. The dataset includes extensive prepro-
cessing to address crawler-induced extraction
noise, structural inconsistencies, and metadata
imprecision.

• We construct a complementary clinical QA
benchmark by systematically identifying and
extracting medication-related questions from
the Brazilian medical licensing examination,
thereby enabling evaluation in realistic and
high-stakes clinical reasoning settings.
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• We provide a comprehensive empirical com-
parison of six modeling strategies, ranging
from a base language model without retrieval
to multiple retrieval-augmented variants, in-
cluding fusion-based, hypothetical-document,
critique-based, and adaptive approaches.

• We develop a clinically oriented evaluation
framework that integrates traditional NLP met-
rics with groundedness verification, hallucina-
tion detection, and explicit clinical risk assess-
ment through an LLM-as-a-judge protocol.

• We offer empirical evidence that Retrieval-
Augmented Generation is not universally ben-
eficial in medical question answering and
demonstrate that adaptive retrieval control is
critical for safe and reliable deployment in
complex clinical scenarios.

Overall, our findings contribute to a more nu-
anced and safety-aware understanding of Retrieval-
Augmented Generation in healthcare. We character-
ize the conditions under which retrieval enhances
factual reliability, identify scenarios in which it
may introduce reasoning bias, and provide action-
able guidance for the responsible development of
grounded clinical language models in Portuguese
and other underrepresented linguistic contexts.

The remainder of this paper is organized as fol-
lows. Section 2 describes the construction and
characteristics of the curated drug leaflet dataset
and the DrBodeBench-derived medication-focused
clinical benchmark. Section 3 details the modeling
strategies, including the base language model and
its retrieval-augmented variants. Section 4 presents
the experimental setup, evaluation protocol, quan-
titative results, and a comprehensive discussion
of clinical safety implications, observed failure
modes, and methodological limitations. Finally,
Section 5 concludes the paper and outlines direc-
tions for future research.

2 Datasets and Benchmark Design

To systematically analyze the effectiveness of
Retrieval-Augmented Generation under varying
levels of clinical abstraction, we constructed two
complementary evaluation benchmarks. The first
benchmark isolates document-grounded factual re-
trieval in a controlled regulatory setting. The sec-
ond benchmark evaluates retrieval behavior in re-
alistic, high-level clinical reasoning scenarios de-
rived from national medical licensing examinations.

This dual design enables a structured investigation
of how question specificity and abstraction level
modulate retrieval effectiveness.

2.1 Bulário Regulatory Corpus

Our primary knowledge source is the publicly
available Bulário corpus (Cunha et al., 2018),
which contains over 7,000 Brazilian regulatory
drug leaflets. These documents constitute the offi-
cial legal source of information regarding indica-
tions, contraindications, dosage, pharmacodynam-
ics, adverse reactions, and drug interactions.

The raw corpus contained significant structural
noise introduced by automated crawling during its
original compilation. We therefore implemented a
multi-stage preprocessing pipeline:

• Removal of duplicated, truncated, or incom-
plete leaflets;

• Correction of HTML parsing artifacts and for-
matting inconsistencies;

• Standardization of section headers to enable
consistent document segmentation;

• Normalization of metadata fields, including
medication names, active substances, and ther-
apeutic classes.

After cleaning, the corpus was indexed us-
ing BM25 for lexical retrieval. Preliminary ex-
periments indicated that purely embedding-based
semantic retrieval was unstable due to domain-
specific terminology and heterogeneous document
structure. BM25 provided more reliable alignment
with regulatory language and section-level content.

2.2 Medication-Specific QA Benchmark

To construct a controlled evaluation benchmark, we
selected 25 widely prescribed medications in Brazil
across four therapeutic categories: antibiotics, anal-
gesics and anti-inflammatory agents, antihyperten-
sives, and antidiabetics. These categories were cho-
sen to ensure clinical diversity across infectious,
inflammatory, cardiovascular, and metabolic condi-
tions.

For each selected medication, we verified the
presence of its corresponding leaflet in the cleaned
corpus. We then identified 10 standardized sections
consistently present across documents, including
indications, dosage, contraindications, warnings,
adverse reactions, and drug interactions.
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Question generation was performed using a large
language model conditioned on the medication
name and structured leaflet content. To ensure
balanced coverage and section-level control, we
generated:

• 4 questions per medication per section;

• 40 questions per section across medications;

• 400 total open-ended questions.

This benchmark, referred to as the Medication-
Specific QA Benchmark, is explicitly designed
to measure factual recall, section-level grounding,
and evidence attribution when answers are directly
localized within regulatory documents1.

2.3 Medication-Focused Clinical Benchmark
from DrBodeBench

To evaluate retrieval capabilities in higher-level rea-
soning scenarios, we created a second benchmark
derived from the Portuguese medical benchmark
DrBodeBench (Garcia et al., 2025). This bench-
mark aggregates questions from Brazilian medi-
cal examinations, including the Revalida and the
FUVEST direct-access residency exam. From Dr-
BodeBench, we curated a specific subset of ques-
tions that exclusively pertains to medication-related
topics.

A large language model was employed to iden-
tify examination items in which medication knowl-
edge plays a central role in diagnostic or thera-
peutic decision-making. Only questions requiring
explicit pharmacological integration were retained.
The resulting dataset consists of clinically contex-
tualized multiple-choice scenarios that require in-
tegration of medication knowledge with patient
history, laboratory findings, and clinical reasoning.

In contrast to the controlled leaflet-based bench-
mark, answers in this dataset are not necessarily
localized within a single document section. In-
stead, they frequently require synthesis across dis-
tributed knowledge and contextual interpretation.
This property makes the benchmark suitable for an-
alyzing potential retrieval-induced bias in complex
reasoning tasks2.

1https://huggingface.co/datasets/recogna-nlp/
bulas_qa

2https://huggingface.co/datasets/recogna-nlp/
drbodebench_medicamentos

3 Methodology

This section describes the modeling framework
used to evaluate RAG for medication-related clin-
ical question answering in Portuguese. The study
is designed around a single core hypothesis: the ef-
fect of retrieval depends on question specificity and
on the level of clinical abstraction required. To test
this hypothesis, we compare a parametric-only lan-
guage model against multiple retrieval-augmented
variants on two complementary benchmarks, one
dominated by localized, document-explicit answers
and another requiring higher-level clinical reason-
ing.

To enable controlled comparisons, we keep the
underlying generator fixed across all methods and
vary only the retrieval and evidence-integration pro-
cedures. Such a controlled setup isolates perfor-
mance differences attributable to retrieval behavior
rather than to model capacity.

3.1 Task Formulation
Let q denote a clinical question and let D denote
the cleaned Bulário collection indexed for retrieval.
A retriever R maps q to a ranked list of passages

PK = {p1, . . . , pK}, PK ⊂ D,

where each pi is a chunk extracted from a drug
leaflet, a generator G produces an answer a either
from parametric knowledge alone or conditioned
on retrieved evidence:

a =

{
G(q) (parametric-only),
G(q, PK) (retrieval-augmented).

This formulation supports direct comparisons
between parametric-only reasoning and evidence-
grounded generation under identical decoding set-
tings. It also allows evaluation across two regimes:
medication-specific questions, for which the an-
swer is usually explicitly stated in the leaflet, and
complex clinical reasoning questions from the Dr-
BodeBench subset, for which the answer often re-
quires integrating pharmacological knowledge with
broader clinical context.

3.2 Evidence Preparation and Retrieval
Backbone

Drug leaflets were segmented into section-aware
chunks based on standardized headers. Each chunk
retained metadata that preserves its provenance,
including medication name and section identifier.
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This design supports section-level retrieval analy-
sis and enables evaluation of retrieval coverage by
leaflet section.

We employ BM25 as the primary retrieval
method. In preliminary experiments, purely
embedding-based semantic retrieval produced un-
stable rankings in Portuguese regulatory text, likely
due to specialized terminology and heterogeneous
formatting. BM25 yielded more robust lexical
alignment for this domain and served as the re-
trieval backbone for all RAG variants.

Unless stated otherwise, all retrieval-augmented
methods use a fixed retrieval depth K to ensure
comparability across systems.

3.3 Compared Systems

We evaluate six modeling strategies: a parametric-
only baseline and five retrieval-augmented meth-
ods. All methods use the same generator G and
differ only in how they retrieve, filter, or integrate
evidence.

3.3.1 Parametric-only Baseline
The Base system produces an answer without ex-
ternal evidence:

abase = G(q).

This baseline quantifies the performance achievable
from parametric knowledge alone and provides a
reference point for assessing both gains and degra-
dations introduced by retrieval.

3.3.2 Direct Retrieval-Augmented Methods
RAG-Simple augments generation with the top-K
retrieved chunks:

PK = RBM25(q), asimple = G(q, PK).

This system tests whether direct evidence injec-
tion improves factual accuracy and grounding in
medication-specific queries.

RAG-Fusion expands retrieval coverage by issu-
ing multiple query reformulations and aggregating
retrieved candidates before selecting the final evi-
dence set PK . This approach aims to reduce lexical
mismatch and improve recall when relevant infor-
mation is distributed across sections.

RAG-HyDE retrieves evidence using a hypo-
thetical document produced by the generator. The
system first generates a synthetic passage d̃ from
the question, then retrieves evidence conditioned

on d̃, and finally answers using the retrieved con-
text:

d̃ = G(q), PK = RBM25(d̃), ahyde = G(q, PK).

HyDE is intended to bridge the gap between the
question phrasing and regulatory language, poten-
tially improving retrieval precision.

These direct RAG variants are expected to be
most effective when answers are explicitly stated
in the documents. In higher-abstraction questions,
however, they may introduce partial or poorly prior-
itized evidence that biases the selection of answers.

3.3.3 Critique-based and Adaptive Retrieval
Methods

CRAG introduces an additional validation stage
that assesses whether the retrieved context is ade-
quate for the question. When evidence is judged
insufficient or misaligned, CRAG triggers a refine-
ment step that updates retrieval and re-generates the
answer using improved context. This design targets
failure modes in which naive retrieval anchors the
model to incomplete evidence in clinically complex
scenarios.

Adaptive RAG dynamically decides whether
retrieval should be used and controls how much ev-
idence is injected. Formally, a policy π(q) selects
whether to retrieve and the retrieval depth:

(use_retrieval,K(q)) = π(q).

If retrieval is enabled, the system generates a =
G(q, PK(q)). Otherwise, it returns a = G(q). This
adaptive control is designed to mitigate retrieval-
induced anchoring bias by reducing reliance on
retrieved evidence when the question requires ab-
straction beyond what leaflets can directly support.

3.4 Design Rationale

The evaluated systems form a progression from
parametric-only generation to increasingly con-
trolled retrieval mechanisms. This design supports
three empirical tests aligned with our claims: re-
trieval should improve grounding and factual recall
for localized medication questions, naive retrieval
may underperform in broader clinical reasoning
tasks when evidence is partial or excessive, and
adaptive or critique-based strategies should miti-
gate these failures by controlling when and how
retrieval is used.
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3.5 Evaluation Overview

All systems are evaluated under identical decoding
settings across both benchmarks. We report stan-
dard lexical metrics such as Exact Match and F1,
retrieval-sensitive metrics such as section-level Re-
call@K and grounding rate, and clinically oriented
dimensions, including hallucination detection and
clinical risk assessment, evaluated using the G-Eval
framework (Liu et al., 2023), an LLM-based evalu-
ation protocol designed to improve alignment with
human judgments. We also report latency to quan-
tify computational overhead introduced by multi-
query retrieval and iterative evidence construction.

The full evaluation protocol and results are pre-
sented in Section 4.

4 Results and Discussion

The experimental results reveal a consistent, the-
oretically meaningful pattern: the impact of
Retrieval-Augmented Generation is strongly condi-
tioned by question specificity and the level of clin-
ical abstraction required. Retrieval substantially
improves performance when answers are explic-
itly localized in regulatory documents. Its effect
becomes more complex in higher-level clinical rea-
soning scenarios, where uncontrolled evidence in-
jection may interfere with decision-making.

4.1 Results on the Medication-Specific QA
Benchmark

Table 1 reports performance on the Medication-
Specific QA Benchmark.

Across all retrieval-augmented variants, im-
provements over the parametric-only baseline are
substantial and consistent. The Base model
achieves F1 = 0.276 and G-Eval = 0.517, reflecting
limited factual precision and reduced clinical coher-
ence even in a restricted domain. All RAG-based
methods increase F1 by approximately 0.12 to 0.14
and improve G-Eval by more than 0.20.

These gains confirm that when answers are ex-
plicitly stated in regulatory leaflets, retrieval aug-
mentation fulfills its primary objective. It en-
hances evidence grounding, increases section-level
recall, and improves justification quality. Auto-
matic grounding rates and Recall@K values ap-
proach ceiling levels across RAG variants, indi-
cating that retrieval coverage is not the principal
limiting factor. Performance differences among
retrieval methods arise primarily from generation
quality and contextual synthesis rather than from

evidence availability.
Latency analysis reveals a cost–performance

trade-off. RAG-Fusion achieves the highest F1 but
nearly doubles inference time. RAG-HyDE attains
the highest G-Eval score but incurs the largest com-
putational overhead. CRAG and Adaptive RAG
maintain competitive quality while preserving mod-
erate latency. In this extractive setting, simple re-
trieval offers the most favorable balance between
efficiency and performance.

Overall, retrieval is highly effective in document-
grounded medication QA, where answers are ex-
plicitly localized, and the regulatory structure
aligns with the reasoning task.

4.2 Results on the DrBodeBench Clinical
Benchmark

A markedly different pattern emerges in the Dr-
BodeBench medication subset, summarized in Ta-
ble 2.

Direct retrieval strategies do not consistently im-
prove performance in this setting. RAG-Simple
and RAG-Fusion slightly underperform the Base
model, with degradations of 0.5-1.8 percentage
points. RAG-HyDE performs equivalently to the
parametric baseline.

Questions in this subset require integrating phar-
macological knowledge with patient history, labo-
ratory findings, and therapeutic prioritization. Re-
trieved leaflet passages often contain accurate but
partial information. When such fragments are in-
jected without filtering or abstraction control, the
generator may anchor on salient yet incomplete
evidence and select suboptimal answer choices.

A comprehensive qualitative analysis presented
in Table 3 reveals insights that accuracy alone does
not capture. In a representative case involving vari-
cella prophylaxis for an immunosuppressed child,
the base model selected the correct answer based
on parametric knowledge; however, it lacked ex-
plicit supporting evidence, leading the automated
judge to classify it as ungrounded.

In contrast, RAG-based methods such as RAG-
Simple and RAG-HyDE produced correct answers
supported by excerpts from package inserts, which
resulted in grounded justifications and reduced clin-
ical risk. On the other hand, RAG-Fusion pro-
vided a clinically incorrect answer, despite being
grounded in the retrieved content, leading to a clas-
sification of grounded and non-hallucinatory, but
with high clinical risk.

This case underscores that grounding alone does
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Table 1: Performance on the Medication-Specific QA Benchmark. Best results per metric are shown in bold.

Model F1 G-Eval Latency (s)
Base (no retrieval) 0.276 0.517 4.41
RAG-Simple 0.411 0.723 4.88
RAG-Fusion 0.412 0.723 8.86
RAG-HyDE 0.393 0.735 11.64
CRAG 0.393 0.728 5.50
Adaptive RAG 0.401 0.733 5.16

Table 2: Accuracy on the DrBodeBench Medication-
Focused Clinical Benchmark. Best result is shown in
bold.

Method Accuracy (%)
Base (no retrieval) 51.85
RAG-Simple 51.36
RAG-Fusion 50.08
RAG-HyDE 51.85
CRAG 54.25
Adaptive RAG 52.81

not guarantee clinical accuracy; the retrieval of par-
tially relevant or misleading information can lead
the model to make erroneous therapeutic decisions.
This behavior exemplifies retrieval-induced anchor-
ing bias, in which retrieved evidence constrains
reasoning, even when it does not support the cor-
rect answer.

These findings suggest that, for complex clini-
cal reasoning tasks like those in the DrBodeBench,
more selective or adaptive retrieval strategies are
crucial to mitigate risks. Conversely, direct re-
trieval remains most effective for straightforward
question-answering scenarios, such as those involv-
ing package inserts.

Overall, the example underscores the importance
of evaluation frameworks that distinguish ground-
edness from clinical validity.

CRAG achieves the highest accuracy at 54.25%,
and Adaptive RAG also surpasses the parametric
baseline. Both methods regulate evidence expo-
sure through critique or dynamic control, reducing
reliance on misaligned context.

Taken together, the results demonstrate that
Retrieval-Augmented Generation is highly effec-
tive in document-explicit medication QA but re-
quires adaptive control in higher-abstraction clin-
ical reasoning scenarios to ensure robustness and
patient safety.

5 Conclusions and Future Directions

This work presents a systematic evaluation of
Retrieval-Augmented Generation for medication-
related clinical question answering in Portuguese,
grounded in the cleaned Bulário regulatory corpus
and validated on a complementary medical licens-
ing benchmark derived from Revalida examina-
tions. By structuring evaluation across two bench-
marks that differ in question specificity and ab-
straction level, the study demonstrates that retrieval
effectiveness is not universal. Instead, it depends
critically on the specificity of the question and the
level of clinical abstraction required.

In document-grounded medication-specific
queries, retrieval substantially improves factual
recall, evidence grounding, and clinical coherence.
When answers are localized within regulatory
leaflets, retrieval augmentation enhances reliability
and traceability without meaningful performance
trade-offs. These findings reinforce the value of
RAG architectures in regulatory and extractive
clinical information settings, particularly in Por-
tuguese, where high-quality structured benchmarks
remain limited.

In contrast, derived from Brazilian medical ex-
amination questions included in DrBodeBench, a
more nuanced picture emerges. Direct retrieval
strategies can slightly degrade performance by in-
troducing partial or misaligned evidence that influ-
ences answer selection. This phenomenon, charac-
terized in this study as retrieval-induced anchoring
bias, highlights a critical limitation of naive context
injection. Grounded responses are not necessarily
clinically correct, and the presence of evidence
alone does not guarantee safe reasoning.

More advanced retrieval strategies, including
critique-based and adaptive approaches, consis-
tently mitigate these limitations. By regulating
when and how external evidence is incorporated,
these methods improve robustness in clinically
complex scenarios and reduce high-risk errors. The
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Table 3: Illustrative qualitative example from the DrBodeBench subset.

Method Grounded Correct Clinical Risk
Base No Yes Low
RAG-Simple Yes Yes None
RAG-HyDE Yes Yes None
RAG-Fusion Yes No High
CRAG Yes Yes None

findings suggest that adaptive retrieval control is
essential for safe deployment of language models
in high-stakes medical environments.

Beyond performance metrics, the study under-
scores the importance of clinically oriented evalu-
ation frameworks. Standard NLP metrics such as
Exact Match and F1 fail to capture safety-relevant
differences between systems. Dimensions such as
groundedness, hallucination rate, and clinical risk
provide complementary insights indispensable to
healthcare applications.

Several avenues for future research emerge from
these findings. Formal modeling of retrieval-
induced anchoring bias could deepen understand-
ing of how exposure to evidence shifts decision
boundaries in generative models. Hybrid retrieval
mechanisms combining lexical and semantic strate-
gies may improve robustness in morphologically
rich languages such as Portuguese. Policy-learning
approaches could dynamically calibrate retrieval
depth based on clinical risk. Finally, prospective
validation in clinical workflows would strengthen
the external validity of retrieval-augmented sys-
tems.

In summary, Retrieval-Augmented Generation
is a powerful but context-dependent approach for
clinical question answering. Its benefits are pro-
nounced in document-explicit regulatory domains,
yet careful control is required when reasoning ex-
tends beyond explicit evidence. For medical AI
systems in Portuguese and other underrepresented
languages, adaptive retrieval policies are not merely
enhancements but foundational requirements for
trustworthy and safe deployment.
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