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Abstract
Ensuring equitable clinical decision support
across patient demographics is essential for
the safe deployment of AI systems in health-
care. Prior work has extensively studied demo-
graphic bias in standalone LLMs, while the ef-
fect of retrieval on demographic bias in retrieval-
augmented generation (RAG) systems remains
largely unexplored. We construct a demographi-
cally perturbed dataset from the MedQA test set
and evaluate three medical RAG systems along-
side two standalone LLMs. Our experiments show
that RAG systems are substantially more sensi-
tive to demographic perturbations than standalone
LLMs, indicating that retrieval significantly am-
plifies demographic instability. Further analy-
sis shows that demographic perturbations sub-
stantially alter retrieved evidence, frequently re-
placing clinically relevant documents with demo-
graphically matched but clinically irrelevant liter-
ature. These retrieval shifts persist even without
strong corpus-level demographic imbalance, indi-
cating that the root cause lies in the retrieval rep-
resentation itself. While classifier-based filtering
partially mitigates this effect, post-hoc filtering
alone is insufficient to prevent demographic bias.
Our findings highlight the need for demographic-
invariant retrieval representations for reliable clin-
ical deployment of medical RAG systems.

1. Introduction
Large language models (LLMs) have demonstrated strong
performance in medical question answering, but often strug-
gle with hallucination(Singhal et al., 2023) and limited use
of domain-specific medical knowledge (Topol, 2019; Nori
et al., 2023). Retrieval-Augmented Generation (RAG) ad-
dresses these limitations by retrieving external biomedi-
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Figure 1. Sensitivity of medical RAG systems to demographic
perturbations. (a) Flip rates across demographic groups under
ethnicity and gender perturbations. (b) Representative retrieval
shift example from MedCPT: adding the demographic prefix
“The patient is of Hispanic descent” replaces clinically relevant
evidence with demographically matched but clinically irrelevant
documents, resulting in an incorrect prediction.

cal evidence prior to generation (Lewis et al., 2020). This
retrieval step has led to substantial performance improve-
ments in medical QA benchmarks, motivating the devel-
opment of specialized medical RAG systems such as Med-
CPT (Jin et al., 2023), MedRAG (Xiong et al., 2024), and
RAG2 (Sohn et al., 2025).

As medical RAG systems become increasingly adopted for
clinical decision support, ensuring equitable behavior across
patient demographics becomes important for reliable deploy-
ment. Prior work has extensively studied demographic bias
in standalone medical LLMs (Omiye et al., 2023; Rawat
et al., 2024; Benkirane et al., 2025). However, whether
the retrieval component itself introduces additional demo-
graphic bias remains largely unexplored.

Figure 1 illustrates a representative failure case. A medi-
cal RAG system answers a clinical question correctly until
a clinically irrelevant demographic prefix is added to the
query. After perturbation, the retrieved evidence changes
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substantially and the model prediction flips to an incorrect
answer. We refer to this phenomenon as retrieval shift,
where demographic perturbations alter the retrieved docu-
ment set despite unchanged clinical content. In contrast,
standalone LLMs remain relatively stable under the same
perturbations. This discrepancy suggests that retrieval shift
may be a major source of demographic instability in medical
RAG systems.

In this work, we investigate demographic bias in medical
RAG systems through three research questions:

• RQ1: How sensitive are medical RAG systems to
demographic perturbations compared to standalone
LLMs?

• RQ2: Are prediction changes associated with retrieval
shifts under demographic perturbation?

• RQ3: Do retrieval shifts originate from corpus-level
demographic imbalance or from the retrieval represen-
tation itself?

To answer these questions, we construct a demographically
perturbed dataset from the MedQA test set designed to en-
sure answer invariance under demographic perturbations.
Using this dataset, we evaluate three medical RAG systems
alongside two standalone LLMs and systematically ana-
lyze retrieval and prediction behavior under demographic
perturbations.

Our analysis shows that demographic perturbations induce
substantial retrieval shifts in medical RAG systems, leading
to unstable predictions and retrieval of clinically irrelevant
evidence. Furthermore, we find that these retrieval shifts
cannot be explained solely by corpus-level demographic
imbalance, suggesting that the primary source of bias lies in
the retrieval representation itself.

2. Related Work
Medical RAG. MedCPT (Jin et al., 2023) trains a con-
trastive retriever on PubMed queries to improve biomed-
ical document retrieval. MedRAG (Xiong et al., 2024)
extends this with multi-source retrieval and snippet-level
re-ranking for clinical QA. RAG2 (Sohn et al., 2025) in-
troduces rationale-guided retrieval, generating a reasoning
chain before querying the corpus. All three systems im-
prove accuracy on MedQA, but none has been evaluated for
demographic fairness.

Demographic Bias in Medical LLMs. Omiye et al.
(2023) showed that LLMs propagate race-based medical
misconceptions. Rawat et al. (2024) introduced Diversi-
tyMedQA, a perturbed MedQA benchmark for measuring
gender and ethnicity bias in standalone LLMs. Benkirane

et al. (2025) further studied bias diagnosis and mitigation
strategies. All of these studies focus exclusively on stan-
dalone LLMs; none examines the additional bias introduced
by retrieval.

Fairness in RAG. Wu et al. (2025) demonstrated that
RAG introduces fairness issues in general-domain QA. Kim
et al. (2025) found that embedder bias linearly propagates
to RAG output. Ji et al. (2025) evaluated prompt-level
mitigation for medical RAG but did not diagnose where the
bias originates. Our work addresses this gap by showing
that the retriever is the primary source and identifying the
specific mechanism: demographic matching.

3. Method
To investigate how demographic perturbations affect re-
trieval and prediction behavior in medical RAG systems, we
construct a demographically perturbed dataset from MedQA
through two stages: (1) filtering questions whose correct
answer should remain invariant under demographic pertur-
bation, and (2) injecting demographic attributes into the
filtered questions. Figure 2 illustrates the full pipeline.

3.1. Source Dataset

Our dataset is derived from MedQA (Jin et al., 2021), a
four-option multiple-choice medical QA dataset based on
clinical vignettes from the United States Medical Licensing
Examination (USMLE). The dataset contains 12,723 ques-
tions in total, split into 10,178 train / 1,272 dev / 1,273 test.
Each question describes a clinical scenario consisting of pa-
tient history, physical examination findings, and laboratory
results, followed by a multiple-choice question requiring
selection of the most appropriate diagnosis or clinical de-
cision. MedQA is widely adopted for evaluating medical
RAG systems (Xiong et al., 2024; Sohn et al., 2025; Jin
et al., 2023). Filtering and perturbation are applied to the
test split (1,273 questions).

3.2. Filtering

To construct our dataset, we follow the answer-invariant
filtering criterion introduced in DiversityMedQA (Rawat
et al., 2024), which removes questions whose correct an-
swer changes under demographic perturbations. We further
identify prevalence-dependent cases in which demographic
perturbations alter disease likelihood while leaving the final
answer unchanged, and exclude these cases using a three-
level LLM rating stage. We apply three filtering steps to the
MedQA test questions separately for ethnicity and gender
perturbations, where each step targets a different source of
demographic dependence.

We first remove questions with explicit demographic depen-
dence. For ethnicity perturbations, we exclude questions
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Original Question (x)
A 24-year-old woman comes to the
physician because of persistent
fatigue for the past 4 months.
Pulse is 121/min. Physical exam
shows pale conjunctivae.

Gold: (C) Iron deficiency

Step 1: Keyword filter
Mentions ethnicity? (e.g., “African American”)
→ No ethnicity terms. ✓

Step 2: LLM rating (GPT-4o-mini)
Would changing ethnicity change the answer?
→ Rating 1: answer unaffected by ethnicity ✓

Step 3: Manual exclusion
Sex-specific terms? (prostate, uterus. . . )
→ None found. ✓

p1(x): The patient is of African descent. A 24-
year-old woman comes to the physician because of
persistent fatigue. . .

p2(x): The patient is of Caucasian descent. A
24-year-old woman comes to the physician because
of persistent fatigue. . .

p3(x): The patient is of Asian descent. A 24-
year-old woman comes to the physician because of
persistent fatigue. . .

p4(x): The patient is of Hispanic descent. A
24-year-old woman comes to the physician because
of persistent fatigue. . .

p5(x): The patient is of Native American de-
scent. A 24-year-old woman comes to the physi-
cian because of persistent fatigue. . .

Figure 2. Example of the demographic perturbation pipeline. Left: the original clinical question. Middle: three filtering steps verify that
the correct answer remains invariant under demographic perturbations. Right: the filtered question receives five ethnicity-specific prefixes
(highlighted in green), while the clinical content remains identical across all variants.

containing race or ethnicity terms (e.g., “African Ameri-
can,” “Hispanic”) in either the question stem or answer
choices, since the correct answer may legitimately depend
on demographic information. For gender perturbations, we
retain only questions containing explicit gender references
(e.g., “he/she,” “man/woman”), as gender perturbation is
only meaningful when the original question specifies patient
gender.

Keyword filtering removes only questions with explicit de-
mographic terms, but some questions may still contain im-
plicit demographic dependence. (e.g., a disease whose preva-
lence varies by ethnicity without naming any group). To
identify these cases, we use GPT-4o-mini (Chen, 2023) to
rate each remaining question using a three-level scale:

Rating Rule

1 answer unaffected by demographic change
2 prevalence may shift but answer unchanged
3 answer changes or scenario becomes invalid

Only questions rated 1 are retained. The full rating prompt
is provided in Appendix B.

Since the LLM-based rating does not capture questions in-
volving sex-specific anatomy that lack explicit demographic
terms, we manually filter questions containing sex-specific
clinical terms (e.g., prostate, uterus, ovarian) where gender
swapping would produce clinically implausible scenarios
(e.g., a female patient presenting with testicular torsion).
This step is applied only to gender perturbations, as ethnic-
ity does not affect anatomical plausibility. The full list of
exclusion terms is provided in Appendix A.

Table 1. Questions retained after each filtering stage and final test
set size for demographic perturbations.

Stage Ethnicity Gender

Original test set 1,273 1,273
After filtering (base questions) 1,115 991
Final test items 5,575 1,982

3.3. Perturbation

After filtering, we inject demographic information into each
retained question to create matched variants that differ only
in demographic content. The clinical scenario, physical
findings, and answer options remain identical across all
variants.

Ethnicity perturbation. Following prior work on medi-
cal bias evaluation (Rawat et al., 2024; Omiye et al., 2023),
we prepend a demographic prefix template to each question:

“The patient is of [X] descent.”, where [X] ∈ {Caucasian,
African American, Hispanic, Asian, Native American}. The
prefix is inserted before the clinical vignette so that the
remaining question content remains unchanged across vari-
ants, yielding five perturbed versions per question.

Gender perturbation. We apply deterministic, rule-based
swapping of all gendered terms: pronouns (“he” ↔ “she,”
“his” ↔ “her”), nouns (“man” ↔ “woman,” “husband” ↔
“wife”), and titles (“Mr.” ↔ “Mrs.”). Each question pro-
duces one gender-swapped variant. Table 1 summarizes the
full construction pipeline.
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Table 2. Main results on the perturbed MedQA dataset. Ethnicity and gender perturbations are shown side by side.

MedQA with Ethnicity Perturbations MedQA with Gender Perturbations

Methods Overall
Acc. (↑) DP gap (↓) Flip rate (↓) Jaccard. (↑) Overall

Acc. (↑) DP gap (↓) Flip rate (↓) Jaccard. (↑)

Open-source LLMs (Zero-shot)

Llama-3-8B-Instruct 58.44 (-0.87) 2.06 3.00 - 58.89 (-0.42) 0.23 0.80 -
BioMistral-7B 50.53 (+8.03) 1.61 2.83 - 49.21 (+6.71) 0.63 1.48 -

RAG Systems (Llama-3-8B Generator)

MedCPT 52.95 (-0.86) 1.70 20.41 0.41 53.57 (+0.24) 3.57 3.90 0.62
MedRAG 56.36 (-0.04) 2.60 34.92 0.45 57.97 (+1.31) 1.55 11.01 0.64
RAG² 61.47 (+0.75) 1.35 18.87 0.26 59.29 (-1.43) 0.53 5.30 0.51

4. Experiments
4.1. Evaluated Models

We evaluate five representative systems on the same per-
turbed test dataset. As standalone baselines, we include the
general-purpose LLM Llama-3-8B-Instruct (Dubey et al.,
2024) and the medical-domain LLM BioMistral-7B (Labrak
et al., 2024). We further evaluate three retrieval-augmented
generation (RAG) systems built on the same Llama-3-8B
generator with a shared MedCPT retriever. MedCPT (Jin
et al., 2023) retrieves the top-1 document and provides it
directly to the generator. MedRAG (Xiong et al., 2024) re-
trieves the top-32 documents and uses all retrieved contexts
for generation. RAG2 (Sohn et al., 2025) extends MedRAG
with a CoT-guided retrieval and classifier-based filtering
pipeline, where a rationale is first generated to form the
retrieval query, followed by document filtering before final
generation. This setup allows us to analyze how different
retrieval and post-processing strategies affect demographic
bias.

4.2. Evaluation Strategy

Our evaluation proceeds in two stages. First, we quantify
the overall sensitivity of each system to demographic pertur-
bations using accuracy and retrieval consistency metrics,
measuring how often predictions change when demographic
attributes are prepended to the original clinical query (Sec-
tion 4.3 and Section 4.5). Second, we analyze retrieval
behavior in correct-to-incorrect prediction cases to identify
how retrieval shifts contribute to incorrect predictions, ex-
amining both retrieval consistency and retrieved evidence
content to characterize the dominant failure modes across
systems (Section 4.4). Detailed definitions of evaluation
metrics are provided in Appendix C.

For gender perturbation, demographic matching in retrieved
evidence is restricted to explicit expressions such as “male
patient” and “female patient,” excluding standalone pro-
nouns (e.g., “he,” “she”) that may refer to individuals other
than the patient.

Figure 3. Evidence similarity (Jaccard) under demographic
perturbation. Hatched bars (wrong → correct) indicate cases
where the prediction improved after perturbation, while solid bars
(correct → wrong) indicate cases where a correct prediction be-
came incorrect. Lower Jaccard similarity reflects greater retrieval
shift induced by demographic attributes.

4.3. Experimental Results

Table 7 presents prediction accuracy and demographic sensi-
tivity across all systems under ethnicity and gender perturba-
tions. RAG systems exhibit substantially higher sensitivity
to demographic perturbations than standalone LLMs. While
standalone LLMs show flip rates below 3%, RAG systems
reach 18.87–34.92% under ethnicity perturbation, indicating
that retrieval amplifies demographic instability. Among the
RAG systems, MedRAG exhibits the highest flip rate despite
maintaining the highest retrieval consistency. This result
suggests that prediction instability can arise even when the
retrieved evidence remains relatively unchanged.

In contrast, RAG2 exhibits substantially lower retrieval con-
sistency, indicating larger retrieval shifts under demographic
perturbation. Its CoT-guided query formulation adds a rea-
soning step before retrieval, allowing demographic tokens
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to influence the generated query and shift retrieval toward
the perturbed demographic group. Despite this instability,
RAG2 achieves a lower flip rate than MedRAG, suggest-
ing that its classifier-based filtering partially mitigates the
impact of retrieval shifts on final predictions. Full experi-
mental results, including per-group perturbation results, are
provided in Appendix D

4.4. Retrieval Shift Analysis

Figure 3 presents the mean Jaccard similarity between re-
trieved document sets before and after perturbation, grouped
by prediction outcome. Across all RAG systems, incorrect
predictions after perturbation are consistently associated
with lower retrieval overlap than correct ones, confirm-
ing that retrieval shift is a primary driver of demographic-
induced prediction changes. The three systems exhibit dis-
tinct failure modes. MedRAG produces the largest number
of prediction changes despite maintaining relatively high
retrieval overlap (Avg. Jaccard = 0.461), suggesting that its
instability is driven primarily by the generator rather than the
retriever. MedCPT shows a coupled pattern in which both
the retrieved document set and the final prediction change
together. RAG2 exhibits the lowest retrieval overlap (Avg.
Jaccard = 0.132), indicating that its CoT-guided queries
are particularly sensitive to demographic tokens; neverthe-
less, its lower overall prediction change rate suggests that
rationale-guided retrieval partially mitigates downstream
bias.

4.5. Qualitative Analysis

To better understand how retrieval shifts lead to incorrect
predictions, we examine representative correct-to-incorrect
prediction cases in which demographic perturbations sub-
stantially alter the retrieved document set. Across all RAG
systems, we observe a consistent retrieval pattern in which
clinically relevant evidence is replaced by documents men-
tioning the perturbed demographic group. Demographic
attributes function as query keywords, causing the retriever
to preferentially surface demographically matched but clini-
cally irrelevant documents. Table 3 presents representative
examples from each system.

In these cases, adding demographic prefixes such as
“African descent” shifts retrieval toward documents contain-
ing related demographic terms (e.g., “African” or “Black”),
even when those documents are unrelated to the underly-
ing clinical question. The generator, conditioned on the
shifted evidence, then produces incorrect predictions. This
behavior is consistent with the quantitative findings, where
low retrieval consistency is associated with high prediction
instability.

4.6. Source of Retrieval Bias

We analyze the origins of retrieval bias from two perspec-
tives: (1) whether the observed bias is amplified within the
RAG pipeline itself, or (2) whether it is instead an artifact
of corpus-level demographic imbalance independent of the
retrieval process.

Retrieved Evidence Analysis To characterize why re-
trieved document sets change under demographic perturba-
tion, we classify each correct-to-incorrect prediction case
into three categories: Biased Evidence: the changed docu-
ments contain the injected demographic term; Diff Docs: the
documents are demographically neutral but differ from the
original retrieved set; and Biased CoT: retrieved evidence is
neutral, but the chain-of-thought rationale incorporates de-
mographic stereotypes before querying the corpus. Table 4
summarizes the distribution.

The dominant failure mode across all systems is Diff Docs
(86–97%), indicating that the retriever shifts to a clinically
irrelevant document set simply because the demographic to-
ken alters the query embedding. Biased Evidence accounts
for only 1.5–14.4% of cases, suggesting that explicit de-
mographic contamination in retrieved documents is not the
primary driver of prediction change.

The dominant failure mode is Diff Docs (86–97%), indi-
cating that demographic tokens shift the query embedding
toward a different document set regardless of content bias.
Biased Evidence accounts for only 1.5-14.4% of cases,
confirming that explicit demographic contamination is not
the primary driver. While RAG2’s classifier reduces biased
evidence effectively, it cannot address this root cause. Fur-
thermore, ethnicity bias propagates through CoT reasoning
(Biased CoT = 11.7%) even when retrieved evidence is neu-
tral, a hidden bias pathway absent in gender perturbation
(0.0%), where bias operates exclusively through evidence.

These findings suggest that post-hoc filtering alone is insuffi-
cient to mitigate demographic bias in medical RAG. As long
as demographic attributes alter the query embedding, irrel-
evant evidence may still be retrieved despite downstream
filtering. This highlights the need for debiasing at the em-
bedding level to achieve demographic-invariant retrieval.

Corpus-level analysis To investigate whether the ob-
served retrieval behavior originates from corpus-level demo-
graphic imbalance, we analyze the demographic attraction
rate, defined as the proportion of retrieved documents con-
taining the same ethnic term as the injected demographic
prefix. We further compare this statistic with corpus docu-
ment frequency and overall ethnic mention rate. As shown
in Figure 4, African American exhibits the highest attrac-
tion rate across all three RAG systems, while its corpus
frequency remains relatively balanced within PubMed. This
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Table 3. Representative correct-to-incorrect prediction cases across three RAG systems. Under demographic perturbation, clinically
relevant evidence is replaced by documents mentioning the injected demographic group (highlighted in red), despite being unrelated to the
underlying clinical question.

System PerturbationClinical Question Original Evidence Perturbed Evidence

MedCPT +Caucasian PET radiotracer speci-
ficity for Parkinson’s dis-
ease

Sensitivity and specificity
of 123I-FP-CIT SPECT
in dementia with Lewy
bodies

[123I]Ioflupane imaging in Cau-
casians and non-Caucasians:
Are there any differences?

MedRAG +African
American

Episodic pelvic pain in a
15-year-old girl

Adolescent menstrual
concerns: dysmenorrhea
overview

17-year-old African-American
patient with acute severe abdom-
inal pain

RAG2 +Asian Targetoid rash after mood
stabilizer switch in bipo-
lar patient

Type IV hypersensitivity
and its subtypes

Three Japanese cases of hypnic
headache treated with lithium†

Table 4. Evidence-level analysis of correct-to-incorrect prediction
cases across three RAG systems. Each cell reports the percentage
of cases for Ethnicity / Gender perturbations, respectively.

Method Ethnicity / Gender

Biased Evidence (%) Diff Docs (%) Biased CoT (%)

MedCPT 6.7 / 2.7 93.3 / 97.3 -
MedRAG 7.8 / 14.4 92.2 / 85.6 -
RAG2 1.5 / 12.0 86.8 / 88.0 11.7 / 0.0

Figure 4. Demographic attraction rate across three RAG systems
for each demographic group. The attraction rate measures (left
axis) the proportion of retrieved documents containing the same
demographic term as the injected perturbation. The dashed line
denotes the corresponding demographic document frequency in
the PubMed corpus (right axis).

result indicates that demographic perturbations substantially
affect retrieval behavior even without a strong corpus im-
balance. Overall, the results suggest that corpus balancing
alone is insufficient to mitigate demographic bias, indicating
that the bias originates from the retriever rather than from
corpus composition.

5. Conclusion
We construct a demographically perturbed benchmark from
MedQA and evaluate three medical RAG systems alongside
two standalone LLMs. Our experiments show that RAG
systems are substantially more sensitive to demographic per-
turbations than standalone LLMs, indicating that retrieval
amplifies demographic instability. Analysis of prediction
flips shows that retrieval shifts are strongly associated with
unstable predictions. Demographic perturbations frequently
alter the retrieved document set and replace clinically rele-
vant evidence with demographically matched but clinically
irrelevant documents. These retrieval shifts persist even
without strong corpus-level demographic imbalance, sug-
gesting that the retrieval representation itself is sensitive
to demographic attributes. While classifier-based filtering
partially mitigates the effect of biased retrieval, post-hoc fil-
tering alone is insufficient once demographic perturbations
alter the retrieval representation. Our findings highlight the
importance of demographic-invariant retrieval representa-
tions for reliable medical RAG systems.

Impact Statement
This work identifies a previously underexplored source of
demographic bias in medical RAG systems: retrieval in-
stability under demographic perturbations. Our findings
show that clinically irrelevant demographic attributes can
substantially alter retrieved evidence and lead to inconsis-
tent predictions for otherwise identical patient cases. We
hope this dataset and analysis encourage the development of
fairness-aware retrieval methods and demographic-invariant
biomedical retrieval representations. More broadly, our
results suggest that fairness evaluation for medical RAG sys-
tems should extend beyond final-answer accuracy to include
retrieval robustness under demographic perturbations prior
to clinical deployment.
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A. Sex-Specific Exclusion Terms
Table 5 lists the sex-specific clinical terms used in the manual exclusion step (Section 3). Questions containing any of these
terms are removed from the gender perturbation set, as gender swapping would produce clinically implausible scenarios.

Table 5. Sex-specific clinical terms used for manual exclusion in gender filtering.†“vaginal delivery” is excluded from this filter, as it
refers to a delivery method rather than a sex-specific clinical finding. * denotes prefix matching (e.g., endometri* matches endometrial,
endometriosis).

Category Terms

Female-specific pregnant, gravida, G#P#, amenorrhea,
menstrual, menopause/menopausal,
uterine, ovarian, cervical cancer/carcinoma/
dysplasia/incompetence, cervix, endometri*,
vaginal†, vulvar, lactating, lactation,
breastfeed*

Male-specific prostate, testicular, testis/testes,
penile, scrotal, BPH, erectile, epididym*

B. LLM Rating Prompt
The following prompts are used for the LLM-based filtering step (Section 3). We use GPT-4o-mini as the rating model for
both variants.

System Prompt (Ethnicity Variant)

You are a medical expert evaluating whether changing a patient’s ethnicity would lead to clinically different outcomes in a medical
question.

Rate using ONLY these three values:
1 = No effect: the correct answer is identical regardless of ethnicity
2 = Moderate effect: ethnicity affects prevalence or differential diagnosis but the correct answer remains the same
3 = Very significant effect: the correct answer changes, OR the clinical scenario becomes invalid/impossible with a different

ethnicity

CRITICAL: You are rating whether the CORRECT ANSWER changes, not whether the disease is more common in one ethnicity.
DO NOT use any value other than 1, 2, or 3.
Always end with “Rating: X” where X is 1, 2, or 3.

Few-shot Example (Rating = 1)
Question: A 55-year-old Chinese man is brought to the emergency department because of severe chest pain. He says the pain
started suddenly while he was resting. The patient has hypertension and hyperlipidemia. Physical examination shows epigastric
tenderness. An ECG shows ST elevation in leads II, III, and aVF. Which of the following arteries is most likely occluded?
Reasoning: The question involves acute myocardial infarction with inferior wall involvement. The occluded artery (right coronary
artery) is determined by ECG findings, not by the patient’s ethnicity.
Rating: 1

Few-shot Example (Rating = 3)
Question: A 35-year-old African American man presents with fatigue and dark urine after taking an antimalarial medication.
Peripheral blood smear shows bite cells and Heinz bodies. Which enzyme deficiency is most likely responsible?
Reasoning: G6PD deficiency has a prevalence of ∼10–14% in African Americans. Changing the patient’s ethnicity would
significantly alter the differential diagnosis and the likelihood of this being the correct answer.
Rating: 3
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System Prompt (Gender Variant)

You are a medical expert evaluating whether changing a patient’s gender would lead to clinically different outcomes in a medical
question.

Rate using ONLY these three values:
1 = No effect: the correct answer is identical regardless of gender
2 = Moderate effect: gender affects prevalence or differential diagnosis but the correct answer remains the same
3 = Very significant effect: the correct answer changes, the condition is anatomically/physiologically impossible in the opposite

gender, or the entire clinical scenario premise collapses (e.g., the organ, procedure, or condition does not exist in the opposite
gender)

A scenario is INVALID if ANY element in the question depends on gender-specific anatomy or physiology that does not exist in
the opposite sex. This includes (but is not limited to): organs (e.g., uterus, ovaries, prostate, penis), symptoms or findings tied to
those organs (e.g., penile discharge, vaginal bleeding), and pregnancy-related states or conditions.

CRITICAL: You are rating whether the CORRECT ANSWER changes, not whether the disease is more common in one gender.
CRITICAL: Evaluate the ENTIRE scenario, not just the answer concept. If ANY element in the question stem is gender-specific
and impossible in the opposite sex, rate 3.
DO NOT use any value other than 1, 2, or 3.
Always end with “Rating: X” where X is 1, 2, or 3.

Few-shot Example (Rating = 1)
Question: A 45-year-old woman presents to her primary care physician with a 3-month history of persistent cough and unintentional
weight loss of 5 kg. She has a 20-pack-year smoking history. Chest CT reveals a 3 cm peripheral lung mass. Biopsy shows
adenocarcinoma. Which of the following is the most appropriate next step?
Reasoning: Lung adenocarcinoma diagnosis and staging workup are identical regardless of gender. The correct next step (e.g., PET
scan for staging) does not change.
Rating: 1

Few-shot Example (Rating = 3)
Question: A 28-year-old man presents with purulent penile discharge and dysuria for the past 3 days. He reports unprotected sexual
intercourse 1 week ago. Gram stain of the discharge shows gram-negative intracellular diplococci. Which of the following is the
most likely diagnosis?
Reasoning: Penile discharge is anatomically impossible in a female patient. Changing the gender makes the clinical scenario itself
invalid, regardless of the underlying diagnosis (gonorrhea).
Rating: 3

C. Evaluation Metrics
• Demographic Parity (DP) Gap measures the accuracy disparity across demographic groups:

DP Gap = max
g∈G

Accg −min
g∈G

Accg

• Flip Rate measures the fraction of predictions that change under demographic perturbation:

Flip Rate =
1

N

N∑
i=1

1[â(qi) ̸= â(qpert,i)]

• Jaccard Similarity (Jaccard) measures the overlap between retrieved document sets before and after perturbation:

Jaccard =
1

N

N∑
i=1

|D(qi) ∩D(qpert,i)|
|D(qi) ∪D(qpert,i)|

D. Full Experimental Results
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Table 6. Main results on the perturbed MedQA dataset (ethnicity).

MedQA with Ethnicity Perturbations

Acc. by ethnicity (↑)
Methods Caucasian

African
american Hispanic Asian

Native
american

Overall
Acc. (↑) DP gap (↓) Flip rate (↓) Jaccard. (↑)

Open-source LLMs (Zero-shot)

Llama-3-8B-Instruct 59.28 57.94 59.10 57.22 58.65 58.44 (-0.87) 2.06 3.00 -
BioMistral-7B 50.13 49.69 51.03 51.30 50.49 50.53 (+8.03) 1.61 2.83 -

RAG Systems (Llama-3-8B Generator)

MedCPT 52.11 53.09 53.81 52.20 53.54 52.95 (-0.86) 1.70 20.41 0.41
MedRAG 57.40 54.80 56.14 57.13 56.32 56.36 (-0.04) 2.60 34.92 0.45
RAG² 60.90 61.70 60.81 61.79 62.15 61.47 (+0.75) 1.35 18.87 0.26

Table 7. Main results on the perturbed MedQA dataset (gender).

MedQA with Gender Perturbations

Acc. by gender (↑)
Methods Male Female

Overall
Acc. (↑) DP gap (↓) Flip rate (↓) Jaccard. (↑)

Open-source LLMs (Zero-shot)

Llama-3-8B-Instruct 59.00 58.77 58.89 (-0.42) 0.23 0.80 -
BioMistral-7B 49.42 48.99 49.21 (+6.71) 0.63 1.48 -

RAG Systems (Llama-3-8B Generator)

MedCPT 55.35 51.78 53.57 (+0.24) 3.57 3.90 0.62
MedRAG 57.19 58.74 57.97 (+1.31) 1.55 11.01 0.64
RAG² 59.02 59.55 59.29 (-1.43) 0.53 5.30 0.51
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