
25 August 2026

Università degli studi di Udine

Original

Stochastic Retrieval for Fairness–Accuracy Trade-offs in Clinical RAG

Publisher:

Published
DOI:10.1145/3807503.3819374

Terms of use:

Publisher copyright

(Article begins on next page)

The institutional repository of the University of Udine (http://air.uniud.it) is provided by ARIC services. The
aim is to enable open access to all the world.

Availability:

Association for Computing Machinery

This version is available http://hdl.handle.net/11390/1336247 since 2026-07-29T09:11:46Z



Stochastic Retrieval for Fairness–Accuracy Trade-offs in Clinical
RAG

Riccardo Lunardi
University of Udine

Udine, Italy
riccardo.lunardi@uniud.it

Vincenzo Della Mea
University of Udine

Udine, Italy
vincenzo.dellamea@uniud.it

Carsten Eickhoff
University of Tübingen
Tübingen, Germany
carsten.eickhoff@uni-

tuebingen.de

Kevin Roitero
University of Udine

Udine, Italy
kevin.roitero@uniud.it

Abstract
Retrieval-Augmented Generation (RAG) systems are increasingly
employed in clinical decision support, where patient cases are en-
riched with similar past records to guide downstream reasoning.
However, clinical corpora often exhibit distributional imbalances,
leading RAG systems to overlook underrepresented cases, thus
limiting retrieval diversity and introducing potential bias in pre-
dictions. In this work, we study the trade-off between retrieval
diversity (defined as capturing a broader range of patient contexts)
and downstream task accuracy in a stochastic RAG pipeline applied
to MIMIC-III discharge summaries. Given a clinical note, the model
must infer the procedure a patient underwent based on top-𝑘 re-
trieved similar cases and the current one. We evaluate multiple task
variants and fairness metrics to quantify representational fairness
across demographic groups. Our results show that encouraging
diversity in retrieval reduces demographic bias but that comes at
the expense of accuracy. To address this, we explore the role of
a fairness parameter that enables controllable trade-offs between
fairness and accuracy, ultimately providing a more equitable and
effective RAG system for clinical applications.

CCS Concepts
• Information systems → Information retrieval diversity;
Evaluation of retrieval results; • Computing methodologies
→ Natural language generation.
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1 Introduction
Retrieval-Augmented Generation (RAG) systems are increasingly
used in clinical decision support systems, where Large Language
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Models (LLMs) retrieve relevant background documents such as
previous patient notes or medical literature to improve downstream
reasoning task [21, 26]. A common use case is inferring the set of
primary medical procedures a patient underwent from their hos-
pital discharge summary and a set of retrieved cases describing
similar patients. This task is essential for administrative coding, clin-
ical auditing, insurance reimbursement, and downstream decision
support.

However, clinical corpora reflect real-world healthcare inequal-
ities, with majority groups over-represented and minority popu-
lations under-documented. Such skewed distributions reduce the
diversity of contexts retrieved by the RAG system. While in some
cases local patternsmay suffice for coding, over-reliance onmajority-
group evidence risks entrenching health disparities, and clinical
decision support often benefits from exposure to a broader range
of patient data [7, 10]. A model that consistently retrieves only
cases from white, male, or well-insured patients may appear to
perform well on average, while systematically failing on minority
groups, missing rare procedures or atypical presentations that are
more common in those populations [24]. Diversity in retrieved
contexts is therefore crucial: it reduces the risk of missed diagnoses,
captures heterogeneity across patient populations, and supports
generalization across subgroups. [30].

Despite this, most existing RAG systems focus primarily on
optimizing for accuracy, with little attention to fairness or diver-
sity in the retrieved context. Recent work has started to explore
these concerns, showing that stochastic retrieval techniques can
introduce fairness-aware trade-offs [15, 36]. Without fairness guar-
antees, however, improvements in average accuracy may mask
systematically uneven performance across groups. We therefore
treat fairness as a prerequisite for reliable clinical RAG pipelines,
not as a secondary concern.

In this work, we study the trade-off between accuracy and fair-
ness in clinical procedure prediction. Given a discharge summary,
the model predicts the patient’s primary procedure using similar
notes as context retrieved through a stochastic RAG pipeline. We
then assess how retrieval diversity shapes fairness and performance
across task variants, demographic groups, and fairness-oriented
metrics. We address the following research questions:

RQ1 In a RAG retrieval setting, how do accuracy and fairness in
ranked exposure differ across demographic groups?

RQ2 To what extent do fairness metrics capture disparities in de-
terministic versus stochastic RAG retrieval settings?

RQ3 Can a tunable fairness parameter provide a controllable bal-
ance between accuracy and fairness in clinical RAG?
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Our results show that increasing retrieval diversity improves group
balance but slightly reduces accuracy. To address this trade-off, we
introduce a tunable fairness parameter 𝛼 , enabling practitioners
to improve fairness with negligible loss in predictive performance.
The code, data, and all supplementary material are available at
https://osf.io/4cw3b

2 Background and Related Work
RAG has emerged as a powerful paradigm for enhancing LLMs
with external knowledge, mitigating hallucinations and improv-
ing factual accuracy [18]. These advantages have driven adoption
in high-stakes domains such as biomedicine and clinical decision
support, where contextually reliable information is critical.

Despite their promises, RAG pipelines are not immune to bias,
which may arise in multiple components: (i) retrieval bias, where
ranking functions disproportionately favor majority-group con-
texts, leading to unequal exposure [16]; and (ii) generation bias,
where the LLM may amplify disparities already present in the re-
trieved context [23].

Fairness concerns in retrieval and ranking have been extensively
studied in Information Retrieval (IR) [28, 33]. Exposure bias high-
lights that higher-ranked items are more likely to be consumed
and thus to influence downstream decisions. Approaches such as
pooling [19], stochastic ranking [37], Gumbel-based perturbations
[12], and Plackett-Luce models [25] have been proposed to mitigate
disparities in exposure across subgroups. These ideas have recently
been extended to RAG: Kim and Diaz [15] show that fairness-aware
ranking substantially reduces subgroup disparities without signif-
icant utility loss, while Wu et al. [36] analyze how retrieval bias
propagates through the pipeline and propose mitigation strategies.

A central challenge in this line of research is the fairness-accuracy
trade-off: increasing retrieval diversity can improve subgroup cov-
erage and mitigate disparities but often at the expense of relevance
[22, 31]. While prior work has explored this tension in general-
purpose question answering, its implications for clinical RAG re-
main underexplored. This gap motivates our study: by system-
atically varying retrieval depth (𝑘) and introducing a stochastic
sampling mechanism, we investigate how retrieval diversity shapes
the fairness-accuracy trade-off in RAG systems applied to hospital
discharge summaries.

3 Methodology
Wedescribe ourmethodology in the following subsections, covering
the task, data, RAG system, and evaluation metrics.

3.1 Task
The primary task in this work is to identify a patient’s main proce-
dure from their discharge summary, framed as a multiple-choice
question answering problem. While this formulation simplifies
real-world clinical settings, where candidate procedures are not
explicitly provided, it enables controlled evaluation by reducing
variability due to open-ended generation, allowing us to isolate the
effect of retrieval on fairness and accuracy.

Given a discharge summary, the system is provided with a set
of candidate procedure titles drawn from past patient cases, where
only the primary ICD-9-CM procedure title associated with each

case is used as a contextual cue. For example, consider a 68-year-old
patient admitted with bronchopneumonia, who developed acute
respiratory failure and required mechanical ventilation, along with
ancillary procedures needed for treatment (e.g., radiographs, blood
exams, etc.). In this scenario, the retrieved context might include
procedures linked to similar respiratory cases. The LLM must iden-
tify the procedure most consistent with the current discharge sum-
mary (e.g., “Endotracheal Intubation”). The multiple-choice answer
set always includes the main correct procedure alongside distrac-
tors randomly sampled from ICD-9-CM. The following prompt
illustrates the interaction:

The patient was admitted to the hospital. Consider the
following patient note: [discharge_summary]. Similar
patients went through the following procedures:
[candidate_procedures].
What procedure did the patient undergo? Reply with the
number referring to the correct procedure the patient went
through:
1.[choice_1] | 2.[choice_2] | 3.[choice_3] | 4.[choice_4]
Answer:

We use the same prompt across all experiments for consistency
and reproducibility [1, 29], along with a four-option, single-correct
configuration, as it is widely used in existing benchmarks [6, 9] and
provides a balance between task difficulty and interpretability of
results.

3.2 Data
We base our analysis on discharge summaries from MIMIC-III [14],
a large publicly available critical care dataset. Although MIMIC-
IV-Note is more recent and also accessible, it lacks demographic
information and is therefore unsuitable for fairness-oriented anal-
yses. A discharge summary is a semi-structured clinical note that
documents a patient’s hospital stay, including treatments and out-
comes. In our setup, each summary is treated as the patient note of
interest. The dataset contains 59,652 discharge summaries, each as-
sociated with one or more ICD-9-CM procedure codes. We conduct
experiments on a subset of 4,485 summaries sampled to preserve
the demographic distribution of the full dataset. Running stochas-
tic RAG on the entire corpus would be prohibitively expensive:
for each instance we retrieve up to 100 candidate documents and
perform 100 stochastic sampling runs per combination of 𝛼 and 𝑘 ,
resulting in 8, 970, 000 prompt evaluations.

We analyze fairness with respect to four demographic attributes,
reported in Table 1. Splits follow majority/minority representa-
tion, with the largest demographic category designated as the non-
protected group [35, 38]. All minority categories are aggregated
under “All others” to ensure sufficient sample sizes for reliable
statistical analysis, as several individual groups in MIMIC-III are
sparsely represented. While this improves the stability of fairness
estimates, it reduces granularity and may mask subgroup-specific
disparities.

3.3 RAG System
We evaluate two variants of the RAG pipeline: one employing de-
terministic retrieval and one employing stochastic retrieval. In the
deterministic setting, the retriever selects the top-𝑘 documents

https://osf.io/4cw3b
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Figure 1: End-to-end RAG pipeline for clinical procedure prediction.

Table 1: Demographic groups considered for fairness.

Attribute Non-Protected Protected

Ethnicity White (80%) African American (10%), Asian
(3%), others (7%)

Insurance Medicare (54%) Private (34%), Medicaid (9%),
others (3%)

Religion Catholic (38%) Not specified (24%), Quaker
(15%), others (23%)

Gender Male (57%) Female (43%)

strictly by relevance scores, passing this fixed set of contexts to
the generator. In contrast, the stochastic setting introduces con-
trolled randomness in document selection through Gumbel sam-
pling [17], allowing alternative but still relevant contexts to be
considered. Both systems adopt a BM25 retriever [32] to identify
relevant passages from the MIMIC-III discharge summaries, and
Llama-3.1-8B-Instruct1 as the generator. An overview of the
complete RAG pipeline, including both deterministic and stochastic
retrieval variants, is illustrated in Figure 1. The figure highlights
the flow from discharge input, through document retrieval and
selection, to the final LLM-based procedure prediction.

We vary the retrieval depth 𝑘 ∈ {5, 15, 25, 50, 100}. The degree
of stochastic randomness is controlled by the fairness parameter
𝛼 , which sharpens or flattens the sampling distribution to control
the balance between relevance and diversity. Specifically, a low 𝛼

flattens scores, increasing randomness and diversity in the sampled
documents, while a high 𝛼 accentuates score differences, making
retrieval increasingly similar to the deterministic baseline. We vary
𝛼 ∈ {1, 2, 4, 8}, following prior work [15]. For each combination of
𝛼 and 𝑘 , we repeat the stochastic sampling 100 times, averaging
results to obtain stable estimates of accuracy and fairness. This
design disentangles the effects of retrieval depth (𝑘) and stochas-
ticity level (𝛼): while 𝑘 controls how much contextual information
is available to the RAG system, 𝛼 directly controls the balance be-
tween exploitation of high-scoring documents and exploration of
lower-ranked but potentially diverse cases. We intentionally fix the

1https://ai.meta.com/research/publications/the-llama-3-herd-of-models

pipeline (BM25 + Llama-3.1-8B-Instruct) to isolate the effect of sto-
chastic retrieval; since the approach operates at the retrieval level,
it is largely model-agnostic and can be combined with stronger
retrievers or generators in future work.

3.4 Evaluation Metrics
We evaluate accuracy and fairness using complementary metrics.
Accuracy Difference (AD) [5] quantifies disparities in accuracy
across groups as the difference between the non-protected and
protected group accuracy, with 𝐴𝐷 = 0 corresponding to Overall
Accuracy Equality [4, 34]. This measure has been widely adopted
to assess fairness in classification tasks [13, 27].

For fairness in ranked outputs, we adopt the Attention-Weighted
Rank Fairness (AWRF) [28], which requires that the relative expo-
sure of each group be proportional to its prevalence in the corpus.
AWRF ranges from 0 and 1, with 0 denoting the ideal value of
fairness.

In human-facing retrieval systems, attention is typically assumed
to decay with rank position, often following exponential or log-
arithmic decay functions [2, 3]. In this context, what matters is
not click-through probability, but rather which documents are in-
jected into the generator’s context window. Unlike human-facing
retrieval systems, where attention decays with rank position, LLM
generators can, in principle, process all retrieved documents si-
multaneously. Recent evidence suggests that this assumption may
not hold perfectly in practice, as LLMs may fail to recall certain
pieces of information even when they are present in the prompt, as
demonstrated in “needle-in-a-haystack” evaluations [20]. Nonethe-
less, because the generator has access to the entire retrieved set
simultaneously, and following recent efforts to reduce position bias
in machine-oriented evaluation [8, 11], we consider uniform atten-
tion a more appropriate approximation than position-decay models
designed for human browsing behavior.

4 Results
We analyze the three research questions in the following subsec-
tions.
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Figure 2: Fairness metrics (AD, AWRF) comparing protected
and non-protected groups under deterministic retrieval. Each
plot represents a demographic group, each cell shows the
metric value for a given retrieval depth 𝑘 .

4.1 RQ1 Accuracy and fairness in deterministic
RAG

We begin by examining the accuracy of deterministic RAG under
different retrieval depths. Starting from a zero-shot baseline of 0.80,
accuracy rises to 0.92 at 𝑘 = 5, and then declines to 0.90 for larger re-
trieval depths. This suggests that a small number of highly relevant
documents substantially benefits performance, while retrieving too
many introduces noise that dilutes the most useful cases.

Figure 2a reports AD across demographic groups. Accuracy gaps
are consistently small and generally not statistically significant
(𝑝 > 0.05). The largest deviation occurs for Ethnicity at 𝑘 = 5 (AD
= 0.01), while for Gender the protected group (Female) marginally
outperforms the non-protected group (Male) by 0.01. These results
indicate that deterministic retrieval does not systematically disad-
vantage either group in terms of accuracy.

We next consider fairness in the rankings using AWRF. Figure 2b
shows that unfairness is highest (least fair) at𝑘 = 5, and decreases as
more documents are retrieved, as larger retrieval sets better reflect
the underlying corpus distribution. Gender consistently shows the
highest unfairness values even as 𝑘 increases, highlighting that
some attributes are more sensitive to deterministic retrieval than
others. All differences are statistically significant (𝑝 < 0.01).

Together, these results confirm that deterministic RAG provides
strong accuracy gains over zero-shot inference, but exposure dispar-
ities persist across groups even at large 𝑘 , and the partial mitigation
they offer comes at the cost of slightly lower accuracy.

4.2 RQ2 Fairness in stochastic vs. deterministic
RAG

We compare deterministic and stochastic retrieval with respect
to fairness, introducing the parameter 𝛼 to control the relevance–
fairness trade-off. Results are reported in Figures 3a and 3b. To im-
prove readability, we show representative demographic attributes:
Gender and Insurance for AD, and Ethnicity and Gender for AWRF.

Figure 3a shows that AD values are consistently closer to zero,
particularly for 𝛼 = 8, which approximates the deterministic regime.
This indicates that stochastic retrieval reduces disparities in group-
level accuracy while maintaining overall performance. The most
notable improvements occur for Gender at 𝑘 = 25 and Ethnicity at
𝑘 = 100 with 𝛼 ∈ {1, 2}, where the accuracy gap between protected
and non-protected groups decreases by 0.01 and 0.02 (𝑝 < 0.01).

Figure 3b shows that stochastic retrieval consistently yields
AWRF values closer to zero across all groups, confirming more eq-
uitable exposure. The best fairness values (highlighted in blue) are
concentrated in the upper-right region of the plots, corresponding
to high 𝑘 and low 𝛼 : larger retrieval sets increase representational
diversity, while lower 𝛼 distributes exposure more evenly. Differ-
ences between 𝛼 = 1 and 𝛼 = 8 are statistically significant in nearly
all cases (𝑝 < 0.05), as are differences across 𝑘 values for all groups.

To examine whether disparities concentrate at specific rank po-
sitions, we extend the AWRF evaluation to sub-rank intervals of
15 documents using the 𝑘 = 100 results, illustrated in Figure 4. For
Insurance and Gender, top-ranked documents (positions 1–14) ex-
hibit the highest AWRF, indicating that the most prominent results
are less representative of protected groups, with fairness improv-
ing further down the ranking. This pattern disappears at 𝛼 < 4,
confirming that lower values of the fairness parameter promote
equitable exposure already at the very top of the ranking, without
requiring large retrieval sets. For Ethnicity and Religion, AWRF
remains low and stable across all sub-ranks and settings.

Overall, stochastic retrieval moderates the accuracy-fairness
trade-off: while deterministic retrieval maximizes accuracy, it ampli-
fies exposure disparities across groups. Stochastic retrieval narrows
these disparities in both accuracy and exposure, including within
the most visible portion of the rankings.

4.3 RQ3 Controlling the fairness–accuracy
trade-off

Figure 5 summarizes the joint effect of 𝛼 and 𝑘 on accuracy and
fairness. Increasing 𝛼 consistently improves accuracy but worsens
fairness, with the effect beingmost pronounced for smaller values of
𝑘 . Larger 𝑘 values mitigate the trade-off by broadening the retrieval
space, though at the cost of slightly lower accuracy. Deterministic
retrieval peaks at 𝑘 = 5 (accuracy = 0.92), but this setting also
corresponds to its least fair rankings (AWRF = 0.32).

Stochastic retrieval offers a balanced compromise. For 𝛼 ≥ 4,
accuracy exceeds the zero-shot baseline of 0.80 across all 𝑘 , confirm-
ing the effectiveness of controlled stochasticity. The most balanced
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Figure 3: Fairness metrics (AD, AWRF) comparing protected
and non-protected groups under stochastic retrieval. Each
plot represents a demographic group, each cell shows the
metric value under a given top-𝑘 and fairness parameter 𝛼 .

configuration is 𝛼 = 4 with 𝑘 > 5, which approaches deterministic
accuracy while substantially reducing unfairness. At 𝛼 = 8, accu-
racy is strong across all 𝑘 values but fairness degrades for small 𝑘 ,
reflecting a convergence toward accuracy-dominated retrieval.
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Figure 4: Comparison of fairness (AWRF) between protected
and non-protected groups for stochastic retrieval across suc-
cessive sub-ranks of 15 documents.

Group-specific markers in the plot reveal disparities in fairness
across demographic groups, with some consistently positioned at
higher AWRF values. This suggests that representational bias per-
sists even when global accuracy is high, underlining the importance
of tunable parameters for balancing fairness and accuracy.

5 Conclusions and Future Work
In this work, we study the trade-off between fairness and accuracy
in RAG for clinical procedure prediction. Introducing stochasticity
into retrieval reduces disparities in both accuracy and exposure,
yielding fairer outcomes across demographic groups, while the tun-
able parameter 𝛼 provides practitioners with a direct mechanism
to balance representation equity and predictive performance. Our
results underscore that fairness must be treated as a key priority in
clinical RAG pipelines. Even when global accuracy improves, sys-
tematic under-representation of minority groups can cause failures
on at-risk populations, amplifying existing health inequities.

The study has three main limitations: (i) experiments rely on a
subset of MIMIC-III; (ii) minority categories are aggregated into a
single “All others” group, potentially masking subgroup-specific
effects; and (iii) we evaluate a single retriever–generator pipeline
(BM25 + Llama-3.1-8B-Instruct) to isolate the effect of stochastic
retrieval, which may limit generalizability to other architectures.

Addressing these constraints, extending the evaluation to the full
dataset, and testing with stronger models are left to future work.
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