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Abstract

Retrieval-augmented generation (RAG) holds
promise for clinical question answering over
electronic health records (EHRs), but existing
systems treat retrieval as an opaque subrou-
tine, limiting auditability and reliability in pa-
tient care workflows. We introduce a deter-
ministic multi-stage retrieval pipeline for lon-
gitudinal EHR question answering that decom-
poses retrieval into four distinct, ablated stages
where each stage is instrumented with diagnos-
tic metrics, making the flow of clinical evidence
measurable and auditable at every step. Eval-
uated on a broad LLM-annotated cohort and
an expert-annotated cardiovascular benchmark
developed alongside clinicians from real ICU
records, the full pipeline achieves 22-23% rel-
ative recall gain over a strong dense retrieval
baseline across both cohorts, with consistent
improvements in downstream answer quality.
The pipeline’s deterministic and transparent de-
sign addresses a critical gap in clinical NLP:
retrieval systems that clinicians and researchers
can not only rely on, but inspect, audit, and
build upon for real-world deployment.

1 Introduction

Electronic Health Records (EHRs) capture rich lon-
gitudinal information about patients, including de-
mographics, diagnoses, medications, and proce-
dures, but a large fraction of this information exists
only in unstructured free text: discharge summaries,
nursing reports, radiology narratives, and echo re-
ports (NHS, 2023; Hiyrinen et al., 2008). Unlike
coded fields, these narratives capture nuanced clin-
ical reasoning, temporal relationships, and contex-
tual detail that structured data systematically omits
(Menachemi and Collum, 2011). A single patient
admitted to an intensive care unit can accumulate
hundreds of notes across multiple encounters, and
over a longitudinal care history this figure reaches
into the thousands (Zhang et al., 2017). The result

is that clinically decisive information spanning ar-
eas such as trial eligibility (Raghavan et al., 2014),
diagnosis (Shivade et al., 2014), and medication
safety is present in the record but practically inac-
cessible at scale.

Conventional query interfaces and keyword
search fail in this setting because they ignore clin-
ical context, cannot resolve synonyms and abbre-
viations, and do not scale to long, redundant, and
noisy documentation (Hill et al., 2021; Spasic et al.,
2020). What clinicians and researchers need in-
stead are systems that can answer natural language
questions directly over a patient’s record: whether
a patient has ever met criteria for a particular syn-
drome (Pathak et al., 2013), how a clinical state
has evolved across admissions (Silva and Matos,
2022), or why a medication was started, adjusted,
or discontinued (Li et al., 2011). The core chal-
lenge is not data storage or extraction but reliable,
traceable retrieval: identifying the specific note seg-
ments that support an answer, across a large and
heterogeneous longitudinal record, without missing
evidence that could affect patient care.

Retrieval-augmented generation (RAG) has
emerged as a promising framework for this chal-
lenge, combining a retrieval component with a
generative model conditioned on retrieved context
(Lewis et al., 2020). In the EHR setting, RAG
systems retrieve relevant passages from a patient’s
longitudinal notes and generate concise, grounded
responses to clinical queries (Sivarajkumar et al.,
2024; Alkhalaf et al., 2024), making the approach
well suited to long, noisy, and heterogeneous doc-
umentation. However, the quality of generated
answers depends directly on what is retrieved, as
a generator conditioned on incomplete evidence
will produce answers that are fluent but miss criti-
cal clinical information. Despite this, the question
of how to engineer retrieval for high recall and
auditability under realistic clinical constraints re-
mains largely open.
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In this work, we address this gap with a determin-
istic multi-stage retrieval pipeline for longitudinal
EHR question answering, designed around the con-
straints of real clinical workflows. The pipeline
was developed and evaluated alongside clinical ex-
perts, with an expert-annotated cohort constructed
specifically for cardiovascular medication review,
a high-stakes setting where incomplete evidence re-
covery can directly compromise clinical decisions.
Specifically, we:

* Decompose retrieval into four distinct, ab-
lated stages that narrow the clinical corpus,
expand query coverage, recover missed evi-
dence, and optimise final ranking to ensure no
clinically relevant information is lost.

Instrument each stage with diagnostic metrics,
ensuring the flow of clinical evidence is mea-
surable and auditable at every step, enabling
systematic improvement of the pipeline and,
ultimately, reliable clinical use.

Validate on an expert-annotated cardiovas-
cular cohort developed alongside clinicians
from real ICU records and an LLM-annotated
cohort, achieving over 22% relative recall
gain over a strong dense retrieval baseline
across both cohorts with consistent improve-
ments in downstream answer quality.

2 Related Work

Clinical question answering over EHRs requires
systems to identify small sets of highly relevant,
patient-specific evidence from large, heteroge-
neous, and longitudinal records. Unlike open-
domain Question-Answering (QA), clinical set-
tings impose strict requirements on evidence trace-
ability, recall of critical findings, and bounded re-
sult sets suitable for clinician review since the
retrieved evidence may directly affect patient
care and must therefore be reliable and auditable
(Roberts et al., 2017; Koopman et al., 2015). In
this context, system reliability therefore depends
not on answer fluency alone, but on whether the
correct note segments are retrieved in the first place
which is a challenge that has increasingly moti-
vated retrieval-augmented approaches in clinical
NLP.

Large Language Model (LLM) systems for clini-
cal tasks frequently adopt RAG to ground outputs
in external evidence (Lewis et al., 2020; Izacard
and Grave, 2021; Guu et al., 2020). In medicine,

such approaches have been applied to clinical ques-
tion answering (Singhal et al., 2023; Lehman et al.,
2023), summarization (Nazi and Peng, 2024), and
decision support (Jin et al., 2021). However, eval-
uation in these systems typically emphasizes end-
to-end answer correctness or textual quality, while
the retrieval component itself receives little direct
analysis.

Deterministic Information Retrieval (IR) ap-
proaches for EHRs often leverage medical on-
tologies such as SNOMED CT (Donnelly, 2006)
and Unified Medical Language System (UMLS)
(Bodenreider, 2004) to improve recall and inter-
pretability (Sivarajkumar et al., 2024) . Named en-
tity recognition and concept normalization systems
such as cTAKES (Savova et al., 2010), MetaMap
(Aronson, 2010), and MedCAT (Kraljevic et al.,
2021a) have been widely used to attach structured
semantics to clinical narratives. Ranking models,
which score and order candidate passages by rel-
evance to a query, range from traditional proba-
bilistic methods such as BM25 (Robertson and
Zaragoza, 2009) to neural dense retrievers adapted
to biomedical text (Karpukhin et al., 2020; Lee
et al., 2020; Gu et al., 2021). Despite these ad-
vances, most clinical IR pipelines remain relatively
shallow, typically involving one or two retrieval
stages followed by ranking, and sparse methods
such as BM25 can struggle in clinical settings
where the same concept can be expressed through
varied terminology, abbreviations, and paraphras-
ing, motivating the shift towards dense retrieval
methods and more flexible, LLM-driven retrieval
frameworks.

Modern RAG systems increasingly embed re-
trieval inside LLM-driven control loops. In these
architectures, LLMs may reformulate queries (Asai
et al., 2024), generate intermediate hypotheses
(Yao et al., 2023), judge evidence relevance (Asai
et al., 2024), select passages (Yao et al., 2023),
or determine when to stop retrieving (Jiang et al.,
2023; Fan et al., 2024; Gao et al., 2023b). Vari-
ants of iterative (Shao et al., 2023; Trivedi et al.,
2023), recursive (Kim et al., 2023) and agentic
(Shinn et al., 2023) retrieval have been proposed
to improve reasoning over multi-hop or ambiguous
queries.

While LLM-driven retrieval introduces flexibil-
ity through model-guided query reformulation, pas-
sage selection, and iterative reasoning, it shifts
control and evidence selection to opaque model-
internal decisions, reducing auditability and in-
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troducing variable latency and computational cost
that complicate integration into time-sensitive and
privacy-sensitive clinical workflows. Taken to-
gether, existing work presents two extremes: deter-
ministic but relatively shallow clinical IR pipelines,
and flexible but opaque LL.M-orchestrated retrieval
frameworks. What remains missing is a system-
atic treatment of retrieval itself as a multi-stage,
diagnosable process for patient-level QA.

3 Methodology

3.1 Dataset

This study uses the MIMIC-III (Johnson et al.,
2016) clinical database, a publicly available collec-
tion of deidentified electronic health records from
intensive care units at the Beth Israel Deaconess
Medical Center. MIMIC-III contains unstructured
clinical documentation such as admission notes,
progress notes, nursing notes, discharge summaries,
radiology reports, and other narrative reports asso-
ciated with ICU and related hospital encounters.

For this work, unstructured free-text notes from
the NOTEEVENTS table were used, yielding lon-
gitudinal collections that reflect realistic documen-
tation patterns across multiple admissions and care
settings.

3.2 Problem Formulation

Each patient record consists of multiple hospital
visits, and each visit comprises a collection of
free-text clinical notes.

For a given patient ¢, the record can be written as:

Ri = {w%‘/ﬁ?' . 'aV%Mi}a

where V;,,, denotes the m-th visit for patient ¢, and
M; is the number of visits. Each visit V},,, is itself
a set of notes

Vim = {nimla Nim2y - -+ nimKim}v

where 1, 1S an unstructured free text clinical note
associated with that visit, and K, is the number
of notes for visit m of patient ¢. Each note 1,1 is
associated with a clinical category ¢, where

¢ = {discharge, nursing, ECG, radiology, echo}.

The objective of this work is to enable patient-
centered QA over these note collections. Given
a natural language query ¢ about a specific patient
1, for a specific visit m, the system must produce a
natural language answer a, and a set of supporting

evidence segments F; drawn from notes from one
visit across one or multiple categories. In the RAG
setting, a retriever g selects relevant note chunks
and a generator h produces the final answer condi-
tioned on them.

In our experiments, queries are evaluated under
two complementary settings: a category-restricted
setting, where E; is limited to notes of a specific
clinical category c, and a visit-level setting, where
E; spans all note types within a visit. Both settings
reflect realistic clinical workflows and are evaluated
throughout this work.

Notation note For clarity, we present the formal-
ism for the category restricted setting within a sin-
gle patient visit (i, m, c). The visit-level setting
arises naturally by expanding the candidate cor-
pus to |J,.Cime. The proposed pipeline is not re-
stricted to this scope, and cross-visit retrieval can
be performed by expanding the candidate corpus
to ,,, Cime, Without modifying the underlying re-
trieval or representation components.

3.3 Modules
3.3.1 Chunking

Clinical notes vary substantially in length and struc-
ture, and naively splitting them into fixed-size
segments risks either breaking coherent clinical
units or creating overly long passages. We adopt
a structure-aware chunking strategy that respects
natural note boundaries and category-level organi-
sation.
For a given patient ¢ and visit m, the visit-level
note collection is Vi, = {nimi, ..., Nimk,,, }»
where each n;,,; is an unstructured clinical note
with an associated category c. Chunking oper-
ates at the level of a patient—visit—category triplet
in all experimental settings as notes from dif-
ferent clinical categories are chunked indepen-
dently since merging across categories would con-
flate clinically distinct documentation types and
degrade retrieval signal. For a fixed (i,m,c),
Nime = {Nimet,- - Nimek,,,,} denote the se-
quence of notes of category c. From this sequence,
we construct a sequence of chunks
Cime = {Uime1, - - - s WimeT;,,. }, Where each chunk
Uimet 18 @ concatenation or sub-span of one or more
elements of \;,,. subject to a character-length con-
straint Lyyin < [Wimet| < Limaz, With Ly, = 900
and L,,q. = 1500.

This strategy, as outlined in Appendix A.1, out-
performs purely length-based recursive segmen-
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tation, as confirmed by ablations reported in Ap-
pendix A.2 (Table 3), and yields retrieval units that
respect natural note boundaries, are easier to in-
terpret clinically, and remain short enough to be
handled efficiently.

3.3.2 Metadata Enhancement via NER

For each note chunk w;,,.t, we enrich the raw
text with structured metadata derived from clin-
ical Named Entity Recognition (NER). We apply
the MedCAT (Kraljevic et al., 2021b) model to
identify clinical entities (e.g., disorders, findings,
medications) and leverage its built-in SNOMED
CT (SNOMED) mapping to assign each detected
entity e to an ontology concept with corresponding
semantic category s(e) € S, where S denotes the
space of clinical semantic types.

Formally, the NER model produces a set of entity
annotations e = {(ej, s(ej))}ji:"i“, where e;
is the entity span and s(e;) its semantic type. We
then compute summary metadata for the chunk as

Mipmet = ((’{63 S gimct : 5(6]') = T}DTES’ gimct)

which stores both entity counts per semantic type
and the full list of detected entities. These metadata
Mimee are stored alongside the chunk text ;¢ in
the retrieval index.

Attaching ontology-based categories to each
chunk enables the pipeline to rapidly narrow a large
clinical corpus to a semantically plausible subset
before retrieval stages. For example, a query about
medications can be directed towards chunks con-
taining entities labeled as clinical drugs or medici-
nal substances, reducing noise and computational
cost for downstream stages.

3.3.3 Embedding and Indexing

Each chunk, augmented with its MedCAT-derived
metadata is encoded using a dense embedding
model to produce a fixed-dimensional vector rep-
resentation suitable for semantic similarity search
(Karpukhin et al., 2020; Ni et al., 2022; Izacard and
Grave, 2021). These embeddings are computed for
all chunks in a patient’s corpus and stored in a
vector database that supports efficient approximate
nearest-neighbor search. At query time, this in-
dex enables rapid retrieval of the most semantically
similar chunks, serving as the foundation for the
subsequent stages in the pipeline.

We use the Chroma! vector database and the
BAAI/11lm-embedder (Zhang et al., 2023) model as

"https://www.trychroma.com

the encoder for both queries and chunks, as it has
shown strong performance on semantic retrieval
benchmarks.

3.3.4 Query Category Generation

To guide metadata filtering of the corpus, we gen-
erate relevant SNOMED CT semantic types from
each query q. Using MedGemma 4B (Sellergren
et al., 2025), a medically pre-trained language
model, with few-shot prompting over S, a set of
candidate ontology categories curated from the
SNOMED CT hierarchy in consultation with clin-
ical experts, we produce two disjoint sets of se-
mantic types: S;l cS, & €S8, where Sg de-
notes direct categories explicitly referenced in ¢
(e.g., ‘clinical drug’, ‘medicinal product’ for medi-
cation queries), and S7 denotes complementary cat-
egories that frequently co-occur with direct types
(e.g., ‘dose form’, ‘frequency’, ‘unit of presenta-
tion’). The filtering instruction set enables nuanced
corpus pruning by capturing both primary semantic
types and their clinically associated aspects.

filter
Cimcq

= {uimct S Cz’mcq | dr e Sq : Mimct[T] > ()}

This guides the metadata filter to select relevant
notes, substantially reducing the retrieval corpus
while preserving recall of relevant evidence.

3.3.5 Query Entity Extraction and HyDE

To refine filtering, we extract specific entities from
query ¢ using MedCAT NER restricted to cate-
gories Sg:

£t = {e € £(q) | s(e) € 5,).

In parallel, Hypothetical Document Embeddings
(HyDE) (Gao et al., 2023a) generates a hypothet-
ical document d, from ¢, that approximates what
a relevant clinical note might look like, exposing
semantic content and clinical terminology that may
not be explicit in the original query phrasing. We
use a MedGemma 4B model for this. On this docu-
ment, we again run NER restricted to S, yielding
a set of candidate entities

(C/‘;lyde’ raw _ {6 c g(dq) | 8(6) € Sq}

These candidates are then validated against enti-
ties observed in the notes corpus, retaining only
those that exceed a frequency threshold deter-

mined empirically, giving a validated set £/ C
ghyde, raw
q .
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The final query entity set is £, = Egire“ U Egyde,
which we use to refine filtering:

Cfilter+ _ {Uimct c Clﬁygirq | Eq N Eimet F @}

imcqy

This entity-level refinement further narrows the
filtered corpus, ensuring that subsequent dense re-
trieval operates over a highly focused and semanti-
cally coherent candidate set.

3.3.6 Semantic Retrieval
From the entity-refined filtered set Ci®™* we per-

1mcq
form dense semantic retrieval to obtaqin an ini-
tial candidate set. All chunks across a patient’s
record are embedded using an encoder for all
Uimet € Ui,m,c Cime-
At query time, given query g with embedding
q, we compute cosine similarities over the refined

filtered corpus and retrieve the top-k’ chunks where
k' = min (30, max (1, Lo.?, : |c§,‘,§i{j\J )) .

This adaptive &’ scales with filtered corpus size
(taking ~30% of available chunks, capped at 30),
ensuring proportional coverage while guaranteeing
at least one candidate. These top-k’ chunks form
the primary evidence set that would typically feed
directly into generation in standard RAG frame-
works; we instead refine this further with classifier
recovery and re-ranking.

3.3.7 Classifier-Based Recall Recovery

Dense retrieval alone may still miss clinically im-
portant evidence, especially in long, heterogeneous
notes where relevant information can be phrased in
diverse ways. To reduce such false negatives, we in-
troduce a recall-oriented classifier that re-examines
chunks initially treated as non-relevant.

Let Ct ~ C Chlter+ denote the top-k’ chunks

1mcq imcq
from semantic retrieval, with excluded chunks

Cneg . — Cﬁlter+ \CJr

imc imcq imeq

For the classifier ¢(q, uimct), we use a BERT
model (Devlin et al., 2019) (bert-base-uncased),
which demonstrated stronger generalisation than
clinical variants in preliminary experiments, to pre-
dict chunk-level relevance for (g, wjmet) € C;ffcq.
We revive chunks exceeding threshold v (chosen
to be 0.8):

ct =ct

imcy imcqy

U { wimet € Cirs |

imcy
¢(Qa uimct) > 7}

Training details, data statistics, and hyper param-
eters are reported in Appendix A.5.

3.3.8 Re-ranking

After semantic retrieval and classifier recovery, the
expanded candidate set C;n ca contains both high-
confidence chunks from dense retrieval and revived
chunks from classification. To produce a compact,
high-quality evidence set for generation, we apply
final re-ranking using the BGE-Reranker model
(Chen et al., 2024) over C;F

imcq

C?TI,;aclq =k {T(%uimct) ‘ Uimet € aztncq}a

where 7(q, uimet) denotes the BGE-Reranker
score and k is the final retrieval budget. While se-
mantic retrieval and classifier recovery deliberately
cast a wide net to maximise recall, the reranker
tightens the candidate set to the final retrieval bud-
get k as described in Section 4.2.2, prioritizing the
most query-relevant chunks for the generator.

4 Experiments

4.1 Setup and cohorts

This work evaluates retrieval performance on two
complementary cohorts: an LL.M-annotated co-
hort for broad pipeline evaluation, and an expert-
annotated cardiovascular cohort constructed along-
side clinicians. Both are constructed from de-
identified EHR data from MIMIC-III.

4.1.1 LLM-annotated Cohort

This cohort is built by sampling patients at random
from MIMIC-III to avoid introducing task-specific
or phenotype-specific bias into the evaluation set.
For each selected patient, MedGemma 27B gener-
ates query—answer-span triplets conditioned on the
available record, yielding a patient-specific, visit-
specific, and category-specific set of triplets. The
spans are then mapped to gold evidence documents
in the record, so that each query has both (i) an as-
sociated set of relevant documents and (ii) a target
answer.

The dataset comprises 1300 query-document-
answer triplets derived from 5 patients across 3
visits, with on average 25 documents per query of
which 1-2 are gold evidence. For a given patient
and visit, queries are generated separately for each
note type c rather than over a combined document
set. Rather than shallow coverage across many pa-
tients, this cohort is designed for depth, extensively
interrogating each patient across all visit types and
note categories to stress-test the pipeline against
the full complexity of real longitudinal records.
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Category generation:
[clinical drug’, ‘medicinal

Query:
What medications was the

patient taking for fever?

product’, ‘substance’]

@ . Metadata filtering
Match these fiters with notesindb  k = min(30.max(1,1 0.3n]))

Entity extraction:
" [drug/medication’, ‘fever’]

HyDE:

" ['fever’, Paracetamol’]

&3 Do

Semantic Search Classifier | Reranker
Revive 'x" relevant docs Choose 3-5 best docs

Figure 1: Overview of the four-stage retrieval pipeline

4.1.2 Expert-annotated Cardiovascular
Cohort

The second cohort focuses on a clinically coherent
subset of cardiovascular patients. Clinical experts
first identify relevant patients and then construct
100 query—document mappings, covering typical
information needs in cardiovascular medication re-
view. For each patient—visit pair, experts identify
relevant documents across all available note types.
On average, there are 71 documents for each query,
of which about 14 documents are annotated as gold
evidence. This cohort therefore serves as the clini-
cal validation benchmark, with high-quality, task-
specific annotations against which the pipeline’s
retrieval performance can be assessed. Unlike exist-
ing EHR QA benchmarks that predominantly focus
on factoid questions requiring a single supporting
document, the average of 14 gold evidence docu-
ments per query here reflects the true complexity
of real clinical information needs across heteroge-
neous note types. Appendix A.4 describes the an-
notation process. A calibration pilot on 30 queries
achieved 95.8% inter-annotator agreement, con-
firming dataset reliability. Across the 100 queries,
this dataset amounts to over 7400 document-level
relevance judgments, representing a substantial ex-
pert annotation effort. This cohort directly reflects
the cardiovascular medication review workflow de-
scribed in Section 6.

Both the cohorts are evaluated under the setting
natural to them: the category-restricted setting,
where retrieval is limited to documents of a specific
category c, is applied to the LLM-annotated cohort;
and the visit-level setting, where retrieval spans
all document types within a visit, is applied to the
expert-annotated cohort.

4.2 Evaluation Metrics

Notation For a given query, Coriginal denotes all
the document chunks in the patient record, Cfiered

chunks that remain after filtering, G gold chunks
associated with the query and Cieyived the chunks
reintroduced by the classifier.

4.2.1 Filtering stage metrics

At the filtering stage, we report:

Corpus ratio The fraction of chunks retained

after filtering: ||Cﬁ1¢ed|

CVc»riginznl

Filtering recall The fraction of gold chunks that
IGmCﬁilered ‘

remain in the filtered corpus: [€

Revived (classifier configurations only) The
fraction of classifier revived chunks that are true
gold evidence, reported as ‘A/B’:

’G N Crevived’/‘crevived"

4.2.2 Retrieval stage metrics

At the semantic search or reranking stage, operating
on the filtered corpus and returning k& chunks per
query, we report:

Recall@k The fraction of gold chunks appearing
among the top-k retrieved chunks.

Averaging All metrics are macro-averaged over
queries, so each query contributes equally regard-
less of the number of associated gold chunks.

Choice of k. We set k=3 for the LLM-annotated
cohort (around 25 candidate documents, 1-2 gold)
to reflect a low-budget retrieval scenario, and k=20
for the expert-annotated cohort (around 71 candi-
date documents, 14 gold) to ensure adequate cover-
age.

4.2.3 Generation stage metrics

We report ROUGE-L (Lin, 2004), BERTScore
(Zhang et al., 2019), and SARI (Xu et al., 2016)
as generation stage metrics for the LLM-annotated
cohort only, as the expert-annotated cohort does
not provide reference answers for all queries.
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5 Experimental Results

5.1 Baseline Retriever

Our primary baseline is a dense semantic search
system that retrieves the top k£ document chunks
per query from the patient corpus, without any ad-
ditional stages. We use a fixed encoder to obtain
embeddings for both queries and document chunks
and rank chunks by cosine similarity. This standard
RAG retriever configuration serves as the reference
system for all subsequent comparisons, represent-
ing the most widely deployed retrieval approach in
clinical RAG systems.

Baseline configuration The baseline retriever
uses the configuration that achieved the best per-
formance across preliminary ablations on chunk
strategy, chunk size, and embedding model with
full details of the compared methods reported for
the LLM-annotated cohort in Appendix A.2.

5.2 LLM-annotated cohort

Table 1 reports retrieval results on the LLM-
annotated patient cohort, showing the contribution
of each individual component as discussed in Sec-
tion 5.2.1. The full pipeline shrinks the search
space to 78% of original size while boosting re-
call@3 from 0.60 to 0.73.

5.2.1 Pipeline Ablations

We ablate the pipeline cumulatively, adding meta-
data filtering, HyDE query expansion, a classifier,
and a reranker in sequence, reporting filtering-stage
metrics (corpus ratio, filtering recall, revived gold
chunks) and recall@3 at each stage.

Metadata filtering Metadata filtering removes
more than one quarter of the corpus (0.73), which
is attractive from an efficiency standpoint, but the
resulting filtering recall of 0.84 is still below the
level needed for a reliable end-to-end system. Part
of the difficulty is that metadata signals do not fully
capture where fine-grained clinical facts are docu-
mented, and relevance is highly query dependent,
so notes that appear generic or low-priority can
still contain critical gold evidence and are occa-
sionally pruned. This motivates the addition of
beyond query-aware components.

HyDE HyDE query expansion meaningfully im-
proves both filtering recall and recall@3 when
added to the metadata filtered pipeline, raising fil-
tering recall from 0.84 to 0.88 and recall@3 from
0.62 to 0.65. This confirms that queries enriched

with clinically plausible terminology surface evi-
dence that the original query phrasing alone misses.
However, a filtering recall of 0.88 indicates a non-
trivial fraction of gold evidence is missed, motivat-
ing a subsequent classifier to recover these.

Classifier The classifier aimed for recall recov-
ery meaningfully boosts filtering recall from 0.88
to 0.94 and recall@3 from 0.65 to 0.69, while re-
viving 134 gold chunks previously excluded. This
demonstrates that learned relevance assessment can
correct the over-pruning of borderline cases for
generic-looking notes that contain critical clinical
facts for which metadata signals alone are insuf-
ficient. Together, the three stages build on each
other, resulting in substantially stronger evidence
recovery.

Reranker The reranker boosts recall@3 from
0.69 to 0.73 by reordering the candidate set, re-
vealing that residual errors reflect fine-grained rel-
evance distinctions among superficially relevant
chunks rather than fundamental misses. This con-
firms the pipeline’s strength: each stage corrects
a distinct failure mode, culminating in a compact,
high-precision evidence set for the generator.

5.3 Expert-annotated Cardiovascular Cohort

The expert-annotated cohort is substantially harder:
71 documents per query versus 25, and 14 gold
evidence documents versus 1-2, spanning heteroge-
neous note types. This is not a controlled retrieval
task but a genuine clinical information need, where
evidence is distributed and missing any part of it
has direct implications for medication review deci-
sions. Despite this complexity, the pipeline delivers
a 23% relative recall gain over the dense retrieval
baseline, closely matching the +22% observed on
the LLM-annotated cohort. The consistency of this
gain across two fundamentally different evaluation
settings, one broad and automatically annotated
and one clinically curated and expert-validated,
confirms that the pipeline’s improvements are not
an artefact of the evaluation conditions but reflect
genuine, generalisable evidence recovery. These
results demonstrate the pipeline’s promise as a prac-
tical retrieval tool for real-world clinical use.

5.4 Generation Stage Evaluation

While our primary contribution is retrieval engi-
neering, we include generation metrics to con-
firm retrieved evidence translates to improved end-
to-end QA (Table 2). Using MedGemma 4B
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Note: Each approach builds cumulatively on all prior stages

Table 1: Ablated retrieval results under natural configurations

Approach Corpus Ratio Filtering Recall Revived Recall@k
LLM-annotated cohort (category-restricted)
Baseline 1.00 - - 0.60
Metadata filtering 0.73 0.84 - 0.62
HyDE 0.75 0.88 - 0.65
Classifier 0.78 0.94 134/514 0.69
Reranker (Full Pipeline) 0.78 0.94 376/1369 0.73
Expert-annotated cohort (visit-level)
Baseline 1.00 - — 0.47
Metadata filtering 0.65 0.77 - 0.52
HyDE 0.66 0.80 - 0.52
Classifier 0.68 0.83 21/71 0.56
Reranker (Full Pipeline) 0.68 0.83 38/91 0.58
Table 2: Generation stage metrics to missed clinical signals.
Metric Baseline Full pipeline e For cardiovascular medication review, clin-
icians must synthesize evidence distributed
ROUGE-L 0.362 0.412 . . .
across discharge summaries, nursing notes,
BERTScore  0.469 0.533 ECG reports, and echo reports. The pipeline
SARI 74.92 82.45

conditioned on top-k retrieved chunks, the full
pipeline improves all generation metrics over base-
line retrieval: ROUGE-L: +14% relative gain,
BERTScore: +14% relative gain and SARI: +10%
relative gain. These consistent gains across
lexical overlap (ROUGE-L), semantic similarity
(BERTScore), and system output quality (SARI)
validate that improvements propagate to answer
quality. Our focus on deterministic retrieval pro-
vides the strong evidence foundation on which gen-
eration quality directly depends.

6 Clinical Workflows

The pipeline is designed for real-world clinical de-
ployment, with two immediate target workflows:

e For clinical risk scoring, such as CHA,;DS,-
VASc score (Lip et al., 2010) computation,
where each variable must be evidenced by
specific documentation across heterogeneous
note types, high recall is the critical require-
ment, as missing a single signal can produce
an incorrect risk score. The pipeline’s multi-
stage design ensures that evidence scattered
across note types is systematically recovered,
reducing the risk of incorrect risk scoring due

surfaces this evidence in response to natural
language queries, enabling clinicians to in-
terrogate a patient’s longitudinal record di-
rectly. The pipeline’s deterministic, stage-
wise design ensures every retrieval decision
remains traceable and auditable, properties as
important as performance in settings where
the provenance of evidence directly affects
clinical accountability.

7 Conclusion

Reliable clinical question answering over EHRs
depends fundamentally on retrieval quality, yet the
retrieval component has remained the least scruti-
nized part of clinical RAG systems. This work ad-
dresses that gap directly. By decomposing retrieval
into four distinct, instrumented stages, the pipeline
makes evidence recovery measurable and auditable
at every step, achieving 22-23% relative recall gain
over a strong dense retrieval baseline across cohorts.
The consistency of this gain across two evaluation
settings of fundamentally different complexity sug-
gests genuine, generalisable improvements in evi-
dence recovery rather than artefacts of evaluation
design. Our work delivers a retrieval system that
clinicians and researchers can rely on, inspect, un-
derstand, and build upon for real-world clinical
use.
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Limitations and Future Work

The LLM-annotated cohort was designed to priori-
tise depth over breadth, extensively interrogating
five patients across all visit types, note categories,
and query distributions to stress-test the pipeline
against the full complexity of real longitudinal
records. While this design choice ensures thor-
ough within-patient evaluation, future work should
extend coverage to a broader patient population to
assess robustness across variation in documenta-
tion style and clinical complexity.

Similarly, evaluation is currently restricted to
MIMIC-III, a single US medical centre; apply-
ing the pipeline to other EHR systems, clinical
domains, languages, and documentation cultures is
a natural and important next step.

Generation metrics are reported for MedGemma
4B only, and evaluating downstream answer quality
under a broader range of generators is a straight-
forward extension. The pipeline’s recall ceiling is
tied to MedCAT’s NER performance, and future
work could explore more clinical NER systems or
LLM-based entity extraction.

The classifier is trained on a heavily imbalanced
dataset reflecting realistic clinical sparsity, and eval-
uating threshold robustness across note types and
query distributions beyond those seen in training
remains an open question. Finally, the multi-stage
design introduces additional latency over a standard
dense retrieval baseline; detailed runtime metrics
and latency characterization for time-sensitive clin-
ical deployment will be reported in future work.
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A Appendix

A.1 Algorithm for Chunking

Algorithm 1 Chunking clinical notes

Require: Notes grouped by patient, admission,
and category
Require: Minimum chunk size L,,;,, maximum
chunk size L,qz
Ensure: A list of text chunks with timestamps
1: Initialize empty list of chunks C
2: for each patient—admission—category group G
do

3: Sort notes in GG chronologically
4: Start an empty chunk buffer B, length L <
0
5: for each note in order do
6: Let ¢ be the length of this note
7: if ¢ is very large then
8: Split the note into smaller pieces
using recursive splitter
9: for each piece do
10 if adding it to B would exceed
Loz then
11: Save current chunk to C and
start a new one
12: end if
13: Add piece to current chunk and
record its timestamp
14: end for
15: else if adding the note would exceed
Lpae then
16: Save current chunk to C
17: Start a new chunk with this note
18: else
19: Add the note to the current chunk
20: end if
21: end for

22: if the final chunk buffer is not empty then
23: Save it to C

24: end if

25: end for

26: return all chunks C

A.2 Baseline Design Choices

Before introducing the full multi-stage pipeline, we
first investigate two design choices for the baseline
retriever: chunk size and embedding model. These
experiments allow us to select a strong and well-
justified baseline configuration, which we then use

consistently in the main results and pipeline abla-
tions.

A.2.1 Chunking Strategy and Size

We conduct an ablation study on different chunking
strategies and chunk sizes to determine the most
effective configuration for the baseline retriever.
The chunking strategies compared are:

* Recursive chunking: Fixed-length recursive
segmentation with partial overlap between
segments.

* Smart structural chunking (proposed): A
structure-aware approach that respects doc-
ument boundaries and clinical section head-
ers while maintaining approximately uniform
chunk length.

For each strategy, we experimented with multiple
target chunk sizes (approximately 400, 1200, and
1800 characters) and evaluated recall @3 using the
dense retriever. The results, summarised in Table
3, show that the smart structural chunking strategy
consistently outperforms purely length-based seg-
mentation. A chunk size of around /000 offered the
best trade-off between retrieval recall and corpus
compactness and was selected for all subsequent
experiments.

We note that more sophisticated approaches such
as semantic chunking or sentence-level segmenta-
tion were not explored in this work. In the clinical
domain, such methods often disrupt the logical
flow of medical narratives, where the order of state-
ments, temporal markers, and contextual depen-
dency carry significant meaning. To preserve the
semantic continuity and clinical validity of the text,
we retain structure-aware, non-semantic chunking
methods.

A.3 Embedding Model

Using the optimal chunking configuration iden-
tified above, we compared several embedding
models for the baseline retriever, including
nomic-ai/nomic-embed-text-v1.5 (Nussbaum
etal., 2024), intfloat/e5-base-v2 (Wang et al.,
2022), mixedbread-ai/mxbai-embed-large-v1

(Lee et al., 2024),
emilyalsentzer/Bio_ClinicalBERT
(Alsentzer et al., 2019) and

sentence-transformers/all-MinilLM-L6-v2
(Thakur et al., 2021). Each model was used
to encode both query and chunk embeddings,
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and performance was measured using recall@3.
The results, shown in Table 4, demonstrate that
11m-embedder provides the highest recall while
maintaining computational efficiency. It was
therefore selected as the default embedding
model for both the baseline and all full-pipeline
experiments.

Strategy  Chunk size Recall@3
Recursi 400 0.41
Chu‘;ksirfe 1200 0.53
g 1800 0.56
S (200,500) 0.45
b (900, 1500) 0.60
€ (1700,2200)  0.59

Table 3: Chunk size ablation

Model Recall@3
Ilm-embedder 0.6
nomic-embed-text-v1.5 0.59
e5-base-v2 0.58
mxbai-embed-large-v1 0.59
Bio_Clinical BERT 0.42
all-MiniLM-L6-v2 0.55

Table 4: Embedding model ablation

A.4 Expert Annotation Process

Two clinical experts performed annotation for the
cardiovascular cohort using a structured process:

Annotation guidelines We created a comprehen-
sive annotation document detailing:

e Task definition: Identify all documents
containing evidence for clinical information
needs

¢ Relevance criteria: Direct mentions, infer-
able evidence, multi-hop reasoning require-
ments

* Annotation procedure: Consensus resolu-
tion, temporal judgment guidelines

Annotation tool We built a custom web interface
to streamline the process, featuring:

* Side-by-side patient record browser (visit-
organized notes by category)

* Query-document relevance marking

* Export to structured gold format for evalua-
tion

Pilot and calibration An initial pilot on the same
30 queries achieved 95.8% inter-annotator agree-
ment. A calibration meeting refined edge cases:

* Reasoning “hops™: single-hop (direct) vs.
multi-hop (synthesis across mentions)

* Temporal ambiguity in nursing notes (past vs.
present conditions)

¢ Cross-document evidence distribution across
note types

Remaining 70 queries were split among the an-
notators.

A.5 Classifier Training Details

Training data consists of query-chunk pairs gener-
ated using Gemma 12B (Team et al., 2025) over
a held-out set of MIMIC-III patients with no over-
lap with either evaluation cohort. Chunks contain-
ing gold evidence serve as positive examples and
non-relevant chunks within the same patient-visit-
category serve as negatives, yielding 16894 training
pairs in total with 2238 positive and 14656 negative,
reflecting the realistic sparsity of relevant evidence
in clinical notes. The classifier is trained with bi-
nary cross-entropy loss with class weights for 10
epochs, with learning rate 5 x 107 and weight
decay 0.01.
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