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Abstract

Clinical question answering over electronic health records (EHRs) increasingly relies on
large language model (LLM) agents that retrieve structured patient data through exter-
nal tools. Published benchmarks, however, evaluate these systems at a single patient-
population size, and rarely measure the effect of backend representation from that of the
retrieval interface design. This paper compares six retrieval configurations that vary along
two axes: backend (a property graph database, a relational database and a dense vector
index) and interface design (curated domain-specific tool calls, model-generated queries,
full-text search, and single-shot dense retrieval). The evaluation covers a 334-question bank
spanning six categories (simple lookup, multi-hop, temporal, cohort, reasoning, and unan-
swerable), instantiated at three nested population scales: 200, 2000, and 20,000 alive patients
from a single Synthea cohort. Four models are compared: Claude Haiku 4.5, Qwen 2.5 72B,
Llama 3.1 8B, and Llama 3.3 70B, spanning closed-frontier and open-source alternatives. Cu-
rated tool-calling configurations improve accuracy over retrieval-augmented baselines for
capable models, but reduce accuracy for a small open-source model due to function-calling
protocol failures. We report how accuracy, latency, and cost evolve with each approach,
model size, and cohort size, supported by paired statistical tests and confidence intervals.
All benchmark components, databases, and evaluation code are publicly available.

Keywords: large language models; LLM; SQL; knowledge graphs; structured data; EHR
data; question answering

1. Introduction

Artificial intelligence in the form of large language models (LLMs) is rapidly transform-
ing healthcare, with applications spanning clinical decision support, diagnostic assistance,
and health informatics [1]. A promising frontier is the deployment of LLM-based au-
tonomous agents that interact with structured clinical data sources, most notably electronic
health records (EHRs), to answer complex medical questions on demand [2]. The ability
to retrieve, reason over, and synthesize information from EHRs at scale holds consid-
erable potential for supporting clinicians, accelerating research, and enabling real-time
population-level insight.

The deployment of LLM-based agents over sensitive patient data also raises questions
about privacy preservation and secure data access. Recent work has specifically addressed
multi-agent architectures designed for privacy-preserving natural language interaction
with FHIR-based EHR systems [3]. De Maio et al. proposed a multi-agent system in which
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publicly available LLMs construct FHIR resource URIs while a locally deployed model
interprets the retrieved data, thereby preventing direct exposure of patient records to
external services. An extended version of this work [4] further introduced a dedicated Data
Update Agent supporting real-time record modification alongside a dual-pathway design
that separates retrieval from update operations, while maintaining regulatory compliance
and fault tolerance across diverse clinical scenarios. These architectures demonstrate that,
beyond retrieval accuracy, the design of agentic systems for EHR interaction must account
for the data governance constraints inherent to real-world clinical deployments.

Clinical question answering (QA) over EHRs is a demanding task, as it requires
not only language understanding but also precise interaction with structured databases
containing heterogeneous patient data. Three approaches for this task have emerged. Text-
to-SQL approaches leverage the familiarity and ubiquity of relational database systems,
translating natural language questions into structured query language statements that can
be executed against tabular EHR data [5]. Retrieval-augmented generation (RAG) is an
approach that offers a simpler alternative by retrieving relevant document chunks or record
excerpts and feeding them directly into the language model’s context window, bypassing
the need for formal query construction [6]. Knowledge graph approaches represent patient
data as interconnected entities and relationships, enabling richer multi-hop reasoning,
temporal inference, and cohort-level aggregation through specialized retrieval tools [7].
While all three approaches have demonstrated utility in controlled settings, their relative
strengths and limitations, particularly with respect to scalability, are under-explored.

Published benchmarks for clinical QA agents have evaluated these systems at a
fixed patient-population size [8], limiting insight into how different retrieval architectures
behave as the underlying data grows. This is a critical gap: real-world EHR deployments
span populations ranging from small clinical units to regional health systems containing
tens of thousands of patients, and the computational and accuracy trade-offs of each
retrieval approach may diverge substantially across these scales. Furthermore, most existing
evaluations rely on a narrow set of question categories, mostly with reference-based lookup,
and do not systematically assess performance across clinically relevant query types [5].

The choice of the model adds another dimension of complexity. The rapid increase
in both closed-frontier and open-source LLMs means that the performance of any given
clinical QA architecture depends on the underlying model. Yet comparative evaluations
across models are rarely conducted under identical experimental conditions, the same
question bank, the same scoring protocol, and the same population sizes [8], making it
difficult to assess the contribution of the retrieval methodology from that of the language
model itself.

This study addresses these gaps by implementing and systematically comparing three
different methodologies: a graph-based clinical QA agent against text-to-SQL and RAG
baselines under controlled, identical conditions. The evaluation employs a 334-question
bank spanning six clinically meaningful question categories, instantiated at three pop-
ulation scales (200, 2000, and 20,000 patients) derived from a single Synthea synthetic
cohort [9]. Four models, Claude Haiku 4.5, Qwen 2.5 72B, Llama 3.1 8B, and Llama 3.3 70B,
are benchmarked across all methodologies, capturing a range from closed-frontier to open-
source alternatives. Results show that the choice of method and model has a large effect on
accuracy, while increasing the patient population in the range of 200 to 20,000 patients has
minimal effect. Accuracy and latency are reported for each combination of method, model,
and cohort size, with statistical tests and confidence intervals throughout.
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2. Related Work
2.1. Text-to-SQL

Translating natural language questions into SQL over relational EHRs is the most
established approach for structured clinical question answering. Early efforts include
TREQS [10], an end-to-end attentive translation model trained on MIMIC-III [11], which
established the feasibility of question-to-SQL translation on real EHR schemas. Lee et al.
introduced EHRSQL [5], a benchmark of approximately 24,000 question-SQL pairs over
MIMIC-III and eICU collected from 222 hospital staff that explicitly includes unanswerable
questions and reports execution F1 as the primary metric. Their results expose how
fragile schema-grounded query generation remains: even strong language models stay
well below human accuracy and fail on aggregation queries. Building on this, Shi et al.
proposed EHRAgent [2], an LLM agent that emits Python code (rather than raw SQL) to
compose multi-step queries over the same MIMIC tables, reporting a 19.9 percentage-point
improvement over SQL-only baselines through tool-aware decomposition. Our sql-t2s
method follows the same text-to-SQL pattern but evaluates it head-to-head against five
different approaches under matched models, matched scoring, and a publicly reproducible
Synthea cohort [9].

2.2. Retrieval-Augmented and Full-Context Clinical QA

A common alternative to formal query generation is to retrieve relevant patient text
and place it into the LLM’s context window. The earliest large-scale dataset for this regime
is emrQA [6], a semi-automatically generated one-million-pair question—answer set over
the i2b2 clinical notes corpus, which established the feasibility of large-scale QA over
unstructured EHR text. Kweon et al. later constructed EHRNoteQA [12], 962 patient-
specific questions over MIMIC-IV [13] discharge notes designed to evaluate LLMs directly;
they also validated GPT-4 as a clinical judge with Spearman p = 0.78 against clinician
ratings, providing one of the anchors for the LLM-as-judge methodology we adopted
in our paper. More recently, FHIR-AgentBench [8] introduced five agent architectures
over MIMIC-IV-FHIR, with 2931 clinician-authored QA pairs, explicitly comparing simple
retriever variants, retriever-plus-code, and ReAct configurations. Even their strongest
system reached only 50% answer correctness, which underlines how difficult grounded
patient-data QA remains for state-of-the-art LLMs. Our two retrieval-style baselines, sql-
fts (PostgreSQL full-text search with tf-idf-style ranking over the relational tables) and
llm-only (the entire patient JSON snapshot placed in context), instantiate the lower and
upper bounds of this approach and let us measure where formal query generation actually
pays off.

2.3. Knowledge Graph Approaches and Text-to-Cypher

Graph representations of patient data unlock multi-hop reasoning and cohort-level
aggregation that flat retrieval struggles with. The recent GraphRAG framework [14]
demonstrated that combining knowledge graph extraction with community-summary
retrieval improves long-document question answering, motivating a family of medical
extensions. Pengcheng Jiang et al. proposed GraphCare [7], the first system to build
personalized per-patient knowledge graphs by distilling external KGs and LLM knowledge,
with measurable gains on clinical-prediction tasks. Medical-Graph-RAG [15] extended this
idea to evidence-based medical QA via community-summary GraphRAG, applying the
GraphRAG methodology to a biomedical corpus. On the query-generation side, Ozsoy et al.
released a domain-general Text2Cypher benchmark [16]; but clinical applications remain
under-explored. Our graph retrieval methodology replaces ad hoc Cypher generation with
a small set of curated function calls (tools), while graph-cypher evaluates the alternative of
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letting the LLM compose Cypher directly, so the relative overhead of that abstraction can
be measured under identical conditions.

A broader body of KGQA and KG-RAG work provides the methodological context for
these clinical extensions. Hu et al. [17] conducted a systematic empirical comparison of nine
pre-trained language models on simple KGQA tasks, finding that knowledge distillation
and entity-level knowledge enhancement are the most effective strategies for PLM-based
graph QA—a finding that motivates our choice to treat model capability as an independent
experimental axis. For multi-hop settings, Tan et al. proposed CLRN [18], a cross-lingual
reasoning network that decomposes multi-hop KG traversal into sequential one-hop steps
without requiring a pre-fused graph; the sequential one-hop decomposition principle is
directly reflected in our curated tool-call design for multi-hop clinical queries. On the
retrieval side, Talk2Doc [19] showed that combining RAG with a weighted knowledge
graph substantially improves patient question answering, reporting strong retrieval metrics
on the MedQuAD dataset—lending further support to graph-grounded retrieval over
flat document retrieval in clinical settings. Pythia-RAG [20] extends this paradigm to
multimodal settings by building a unified knowledge graph from both text and images and
retrieving relevant subgraphs via the Prize-Collecting Steiner Tree algorithm, achieving
accuracy gains over unstructured RAG baselines and illustrating the generality of structured
graph retrieval beyond the unimodal, structured-EHR setting studied here.

2.4. Tool-Calling LLM Agents

Tool-calling agents generalize the patterns described above, in which the model or-
chestrates external tools (queries, retrievers, validators) to ground its answers. The method-
ological foundation for this approach is the ReAct framework [21], which interleaves
chain-of-thought reasoning with tool-call actions and has become the de facto template
for agentic LLM systems. Yixing Jiang and colleagues formalized this for medicine with
MedAgentBench [22], comprising 300 tasks over 100 patients in a FHIR-compliant interac-
tive environment. Su et al. introduced KGARevion [23], a tool-calling agent that verifies
LLM-generated triplets against a concept KG. FHIR-AgentBench, compares five tool-calling
agent architectures and exposes how brittle multi-turn agentic loops can be on patient-
grounded questions. However, the effectiveness of fundamentally different retrieval ap-
proaches under matched models and matched scoring has received limited attention, and
few studies examine how ranking outcomes vary when the same comparison is conducted
across different size cohorts.

2.5. LLM-as-Judge Scoring

LLM-based scoring of free-form responses was established by G-Eval [24] and MT-
Bench [25], which showed strong agreement between model judges and human raters on
open-ended tasks. In clinical QA, GPT-4-class judges match clinician inter-rater agreement
on benchmarks like MedQA [26]. Structured EHR retrieval adds further challenges: the
answers may be correct but wrong in units, time-point, or patient ID.

This work (i) compares retrieval methodologies at fixed model and scoring; (ii) eval-
uates across three cohort sizes (200, 2000, 20,000 patients); and (iii) reports results for
three model classes spanning closed-frontier and open-source LLMs.

3. Materials and Methods

Figure 1 summarizes the evaluation pipeline. A 334-question bank is created, at
three cohort sizes, with six retrieval approaches operated by four language models. Each
(question, approach, model, tier) cell is scored by a primary LLM judge and a secondary
deterministic metric before being aggregated and submitted to statistical analysis. All
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Question
(324 in bank)

experiments were orchestrated on an Apple MacBook Pro 14-inch (Apple Inc., Cupertino,
CA, USA) with an Apple M4 Pro chip and 48 GB of unified memory, running macOS
Tahoe 26.3.1. The relational and graph databases ran locally on this machine; all language-
model inference was performed through hosted APIs. Synthetic patients were generated
with Synthea 3.4.0 (The MITRE Corporation, Bedford, MA, USA). Structured data were
stored in PostgreSQL 16 (PostgreSQL Global Development Group) with GIN tsvector full-
text indexes, and in Kuzu 0.11.3 (Ktuizu Inc., Waterloo, ON, Canada) for the property graph.
The evaluation harness was implemented in TypeScript 5.7 on Node.js 22, using the Model
Context Protocol SDK for tool calls. Statistical analyses were performed in Python 3.14 with
NumPy 2.4.4, pandas 3.0.2, SciPy 1.17.1, statsmodels 0.14.6, scikit-learn 1.8.0, seaborn 0.13.2,
and Matplotlib 3.10.8.

4 A
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Figure 1. Overview of the evaluation pipeline. The same question bank, the same model, and
the same scoring procedure are applied to every retrieval approach and dataset size, isolating the
approach and model as the only experimental variables.

3.1. Datasets and Data Representations

All experiments were conducted on synthetic electronic health records produced by
Synthea, an open-source generator that simulates the longitudinal life histories of synthetic
individuals and emits records in FHIR, C-CDA, and CSV formats. Synthea was chosen
over real clinical datasets such as MIMIC because it has no access restrictions, it produces
clinically realistic disease modules from published incidence statistics, and its deterministic
seeding allows the entire cohort to be regenerated from a single configuration file.

We generated 20,000 synthetic patients with complete clinical histories. From this pool,
three subsets with 200, 2000, and 20,000 patients were extracted, with the smaller datasets
strictly contained in the larger ones. This ensures that every question whose ground truth is
valid at the 200-patient subset remains valid at the 2000-patient and 20,000-patient datasets,
so any difference in measured accuracy across scales reflects retrieval behaviour rather than
a change in the underlying answer. Table 1 summarizes the datasets created.
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Table 1. Counts of clinical resources in the nested Synthea cohort.

Resource 200 Patients 2000 Patients 20,000 Patients
Patients 200 2000 20,000
Encounters 9028 97,091 969,499
Conditions 6297 67,253 657,619
Medications 7196 74,788 696,078
Observations 110,349 1,250,228 11,977,238
Procedures 24 981 276,189 2,739,587
Providers 1183 1183 1183
Organizations 1183 1183 1183

Each dataset was materialized in three storage backends, so that all retrieval method-
ologies operate over identical scenarios. The three representations are a property graph
database, a normalized relational database, and a collection of per-patient JSON snapshots.

3.1.1. Knowledge Graph

The graph representation is implemented in Kuzu [27], an embedded property- graph
database with a Cypher-compatible query language. Rather than instantiating every clinical
concept on a per-patient basis, the schema separates shared concepts from patient-specific
occurrences. Each distinct condition, medication, observation type, and procedure appears
once as a concept node carrying its SNOMED, RxNorm, or LOINC code, and per-patient
instances of that concept link to it through dedicated relationships. This shared-concept
design reduces total node count by roughly two orders of magnitude relative to a naive per-
patient duplication, and lets the LLM reason about populations by traversing edges from a
concept rather than aggregating across redundant copies. At the 20,000-patient dataset the
graph contains 305 condition concepts, 356 medication concepts, 297 observation concepts,
and 412 procedure concepts, against more than 11.9 million observation instances and
657,619 condition instances.

3.1.2. Relational Database

The relational representation is implemented in PostgreSQL and consists of nine
normalized tables that mirror the entities of the graph. Foreign keys connect every clinical
record to its patient and, where applicable, to the encounter in which it was recorded, and
B-tree indexes are defined on the join columns most frequently used by analytic queries.
Two variants of the database were prepared from the same ingest pipeline, with identical
row counts and identical content. The first variant supports the text-to-SQL methodology
and exposes only the base tables and indexes described above. The second approach
additionally provisions PostgreSQL full-text-search machinery for the keyword-retrieval
approach: a tsvector column is added to each clinical table, populated from the relevant
free-text fields such as description, code, and name, indexed with a GIN index. Both
variants are loaded by a common ingest routine that derives canonical numeric values for
laboratory observations using a curated LOINC normalization registry, so that range-based
questions can be answered consistently across methodologies.

3.1.3. Patient Snapshots

The third representation collects, for each patient, the entirety of that patient’s record
into a single JSON document. The document contains the patient demographics, all encoun-
ters in chronological order, and, nested under each encounter, the conditions, medications,
observations, and procedures recorded during it. This constitutes the input to the context-
only methodology, in which the relevant patient or patient set is appended in full to the
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language model’s context window without any intermediate retrieval, and it is also used
by the question-generation pipeline to derive answers and support record identifiers.

3.1.4. Question Bank

A set of 334 questions was created to test retrieval behaviour across the clinically
relevant scenarios. The bank covers six categories: simple-lookup questions that require
returning a single fact about a single patient (72 items); multi-hop questions that require
chaining two or more clinical relationships (58 items); temporal questions that require
ordering of events or interval reasoning (56 items); cohort questions that require identifying
or counting patients matching combined criteria (60 items); reasoning questions that require
integration of clinical context beyond a single field lookup (60 items); and unanswerable
questions whose requested information is absent from the cohort (28 items). Questions were
generated programmatically from per-category templates instantiated against the JSON
ground truth, then filtered manually to remove items whose phrasing was ambiguous, or
whose answer space was trivial. Each question is anchored to one or more patient identifiers
and carries the supporting record identifiers used to derive its expected answer, which
simplifies both manual curation and automated scoring. The same set is administered at
every tier; because the smaller ones are strict subsets of the larger one, the expected answer
for a given question is identical across tiers when the patients it references are present. Full
details of the bank’s design, provenance, category definitions, and clinician review are
provided in Supplementary S2.

3.2. Question Answering

Each of the 334 questions in the set is administered to six retrieval approaches operated
by four language models, resulting in 334 x 4 x 3 x 6 = 24,048 question instances. The
retrieval approaches differ exclusively in the interface through which the language model
can access the patient data, while the data themselves, the retrieval method, and the
generation settings are held constant.

3.2.1. Retrieval Methodologies

The graph approach equips the language model with eighteen tools that expose
the patient knowledge graph through clinically meaningful operations, such as patient
lookup, domain-scoped record retrieval, aggregation, and temporal comparison, rather
than requiring the model to write raw graph queries.

The graph-cypher methodology uses a single tool that executes Cypher queries and
returns the result rows. The system prompt for this approach describes the graph schema,
the available node and relationship labels, and a small number of query patterns; the
language model is responsible for planning and executing every query itself.

Two of the approaches query a standard relational database (PostgreSQL). The first,
sql-t2s, gives the model the database schema and asks it to write SQL queries to answer
each question. The second, sql-fts, is nearly identical but uses a version of the database
optimized for full-text search, and the model is explicitly encouraged to use keyword-style
queries where appropriate. Both approaches share the same safety rules: write operations
are blocked, results are capped at a maximum row count, and queries that run too long
are cancelled.

The fifth approach, llm-only, removes all retrieval tools and instead pastes the relevant
patient data directly into the prompt as text. For questions about a single patient, that
patient’s full record is included. For questions about a group of patients, records are
concatenated until the context window is full. This represents the baseline case where the
model reads patient data directly, with no structured retrieval.
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As a dense-retrieval baseline we add rag-dense, a single-shot vector RAG approach.
Each patient record is split into typed section chunks (demographics, conditions, medica-
tions, observations grouped by laboratory code with the most recent values, procedures,
and encounters). Every chunk is then embedded into a 768-dimensional vector with the
general-purpose nomic-embed-text model and L2-normalized in a per-tier index. At query
time the question is embedded with the same model, cosine similarity is computed against
the chunks of the anchored patient, and the eight most similar chunks are concatenated
into the prompt with the question; the model then answers in a single pass with no tools.
Scoping is identical to the lexical sql-fts baseline: patient-specific questions retrieve only
within the anchored patient, and cohort questions, which have no single patient, receive the
same cohort listing that sql-fts uses. rag-dense therefore differs from sql-fts principally in
the retrieval mechanism (dense vector similarity rather than lexical full-text search), though
it also retrieves a fixed set of chunks in a single pass rather than issuing model-driven
queries; retrieval therefore remains the primary experimental variable.

Several design choices bound this baseline, and we state them so the result is read
correctly. The retrieval depth (k = 8 chunks) is matched to the sql-fts context size for a
controlled comparison rather than tuned; the embedder is general-purpose rather than
clinical; and observations are chunked by code with only the most recent values. To separate
the contribution of retrieval from that of the language model, we additionally evaluate
a language-model-free retrieval baseline, a BM25 ranker and a BM25-dense reciprocal-
rank-fusion hybrid, reported in Supplementary S1; Figure S1 shows retrieval-level answer
containment by question type.

3.2.2. Models

Four language models were used: Claude Haiku 4.5 (Anthropic) [28], Qwen 2.5 72B, [29]
Llama 3.1 8B and Llama 3.3 70B [30]. The four models span a closed-frontier small
model, two large open-source models, and a small open-source model, and were cho-
sen so that observed differences across methodologies could be attributed to the language
model’s capability for structured retrieval rather than to incidental differences in availability
or deployment.

3.2.3. Generation and Agent Settings

All experiments used identical generation settings across models and retrieval ap-
proaches. The maximum response length was set to 4096 tokens. For the four tool-based
approaches, the model was allowed up to 20 back-and-forth tool calls per question before
being forced to give a final answer. Questions rarely needed more than 10 tool calls. In the
llm-only setting, the model answers in a single turn since it has no tools to call.

Every approach had its own system prompt describing the tools, schema, and expected
answer format, but these prompts were kept identical across models and dataset sizes.

3.3. Evaluation

Every (question, model, cohort, approach) cell produces a structured record that pairs
the model’s natural language answer with the question’s expected answer, together with
the latency of the run and the number of language-model turns. These records are then
scored along three complementary axes: a correctness score produced by a large language
model acting as a judge, a secondary token-overlap score retained for transparency, and a
set of operational metrics describing the latency and effort of obtaining each answer.

3.3.1. LLM-as-Judge Agreement

The primary correctness metric is a three-level graded score assigned by a language-
model judge. A score of 1.0 indicates that every key fact in the reference answer is also
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present in the model’s answer, regardless of phrasing, date format, or surrounding clinical
context. A score of 0.5 indicates partial correctness, applied in three recurring situations:
the key data are present but the qualitative assessment or trend descriptor is incorrect,
some items of a list-valued answer are correct while others are missing or wrong, or the
answer is verbose but ultimately lands on the right facts. A score of 0.0 indicates that the
answer is wrong, hallucinated, empty, unparsable, or refuses an answerable question.

Two special flags can be raised during evaluation. The first is set when the judge
believes the reference answer itself is wrong, most often because a question is ambiguous
about whether it asks for a record count or a patient count. These cases are excluded
from the main accuracy figures and flagged for human review. The second is set when
the model’s answer contains the correct information but also includes extra content that,
while not contradictory, goes beyond what was asked. These answers still receive full
marks since the rubric only penalizes contradictions, but the flag is retained for qualitative
error analysis.

The judge model throughout was Claude Haiku 4.5. Its system prompt is stored in
a single authoritative document and loaded automatically at evaluation time, ensuring
the prompt in use can never silently drift from the documented version. The rubric was
validated by working through seventeen borderline cases in which the human authors
and the model agreed on the correct score; these cases are released alongside the rubric
so reviewers can audit the calibration decisions directly (Supplementary S3). To guard
against self-preference bias, the scoring prompt was designed to be blind to system identity:
it presents only the question, the reference answer, and the candidate response, with no
information about which retrieval approach or model generated the response. A sample of
responses scored as incorrect were also reviewed manually by the authors to confirm the
judgements, and no systematic pattern of false negatives was found.

3.3.2. Deterministic Reference Scoring

A secondary score is computed independently of the language-model judge using
deterministic word and number matching, with the method varying by answer type. This
score is not used as the primary outcome since it cannot handle paraphrasing or clinically
equivalent reformulations, but its independence from the judge makes it a useful cross-
check on the judge’s reliability.

3.3.3. Statistical Analysis

In order to test whether the six approaches differ in accuracy, two statistical tests are
run on the scores: Friedman’s test [31] on the raw judge scores, and Cochran’s Q [27] test on
a binarized pass/fail version of the same scores. The binarization is applied at two cutoffs:
strict (only fully correct answers pass) and lenient (partially correct answers also pass), to
check whether conclusions are sensitive to where the threshold is drawn.

When a test finds significant differences across approaches, all pairs of approaches are
compared directly using Wilcoxon signed-rank tests on the raw scores and McNemar’s
test [28] on the binarized scores, with Cliff’s 6 [29] effect sizes reported alongside p-values to
indicate the magnitude of each difference. McNemar’s test is switched to its exact binomial
form when the number of discordant pairs is small. All pairwise p-values are adjusted for
multiple comparisons using Bonferroni correction [32].

Cross-model comparisons follow the same template: within each approach and dataset
size, Friedman'’s test is applied across the four models, paired by question, to test whether
model choice affects accuracy. Confidence intervals around mean accuracies are estimated
by stratified bootstrap resampling with 10,000 replicates. To test whether accuracy changes
with cohort size, the per-question score is regressed on the log of the cohort size for each
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model and approach combination, and the slope coefficient is reported with its magnitude
and significance.

4. Results
4.1. Overall Accuracy

Figure 2 shows the mean judge score of each retrieval methodology under each model,
pooled across the three tiers and with 95% bootstrap confidence intervals. Table 2 identifies,

for each (model, cohort) pair, the methodology that achieved the highest mean judge score,
together with that method’s score and the pooled mean across all six approaches in the

same block.
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Figure 2. Mean judge score per approach and model, pooled across the three subsets. Error bars are
95% bootstrap confidence intervals stratified by question identifier.

Table 2. Best-performing retrieval approach for each (model, subset) pair.

Model Subset Best Approach Best Score Pooled Score
Claude Haiku 4.5 200 sql-t2s 0.885 0.736
Claude Haiku 4.5 2000 sql-t2s 0.806 0.690
Claude Haiku 4.5 20,000 graph-cypher 0.837 0.715

Qwen 2.572B 200 sql-t2s 0.736 0.600
Qwen 2.572B 2000 sql-t2s 0.730 0.619
Qwen 2.572B 20,000 sql-t2s 0.766 0.655
Llama 3.1 8B 200 sql-fts 0.676 0.304
Llama 3.1 8B 2000 sql-fts 0.646 0.366
Llama 3.1 8B 20,000 sql-fts 0.592 0.314
Llama 3.3 70B 200 llm-only 0.502 0.436
Llama 3.3 70B 2000 llm-only 0.498 0.404
Llama 3.3 70B 20,000 graph 0.579 0.477
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4.2. Statistical Significance of Retrieval Approaches

Figure 3 shows the pairwise Wilcoxon signed-rank tests between every pair of ap-

proaches within each (model, tier) block, paired by question identifier. The heatmap cells

encode the Bonferroni-corrected p-value.

Pairwise approach differences in mean judge score, pooled across subsets
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Figure 3. Pairwise approach differences in mean judge score, pooled across the three subsets (200,
2000, 20,000 patients), per model. Cell value is row — col; positive (red) means the row approach
scored higher than the column approach on the same questions. Stars denote Bonferroni-adjusted
Wilcoxon signed-rank significance at p < 0.05 (*), p < 0.01 (**), p < 0.001 (***).

4.3. Performance by Question Type

Figure 4 presents the mean judge score along the question-type axis, producing
one heatmap per model with rows for the six question categories and columns for the
six retrieval approaches. Cell colour encodes mean accuracy.
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Figure 4. Mean judge score per question type and approach, one panel per model. Cell colour

encodes accuracy on the [0, 1] scale.

4.4. Performance Across Cohort Sizes

Figure 5 plots mean judge score against subset size on a logarithmic horizontal axis,

with one curve per approach and one panel per model, and 95% bootstrap confidence

intervals at each tier.
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Figure 5. Mean judge score as a function of cohort tier, per approach and model. Cohort size is shown

on a logarithmic axis; shaded bands are 95% bootstrap confidence intervals.
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The largest absolute slope is 0.042 per log-decade, well below practical concern. Full
per-cell regression coefficients are in Table S4.

4.5. Retrieval Gains

Figure 6 compares, for each model, the mean judge score of the tool-using approaches
(graph, graph-cypher, sql-t2s) against the context-only baseline (llm-only), quantifying how
much the model gains or loses from being given retrieval tools.

Tool-using paradigms widen the model-capability gap
+21
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Figure 6. Mean judge score of the best tool-using approach minus the mean judge score of llm-only,
per model, expressed in percentage points (pp). Positive bars indicate that tool use improves accuracy;
negative bars indicate the opposite.

4.6. Latency and Failures by Approach and Model

Figure 7 shows the distribution of end-to-end latency per question, per (model,
method), as a box plot on a logarithmic axis. Figure 8 shows the percentage of attempted
cells that failed for each (model, method), split by failure type.
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Figure 7. End-to-end latency per question, by approach and model. Boxes mark the interquartile range
with the median; whiskers extend to the 5th and 95th percentiles. The horizontal axis is logarithmic.
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Figure 8. Each bar is the percentage of attempted cells that failed, split by failure type. A cell counts
as failed if it errored or received a judge score of zero. Tool-protocol means the model emitted a tool
call as its final answer instead of placing it in the structured tool channel. Claude Haiku 4.5 and
Qwen 2.5 72B fail mostly by wrong answer, tallest on sql-fts, and never by tool-protocol. Llama 3.1 8B
fails by tool-protocol on about half of all agentic cells. Llama 3.3 70B removes the tool-protocol failure
but exhausts the turn budget on the graph approach.

4.7. Cost by Approach and Model

Most APIs of the LLMs are not publicly available and require payment per request
and tokens spent. We present in Table 3 the cost per 334-question run and in Table 4 the
cost per correct answer (in USD). These are bound to change since the cost is changing all
the time. Cost per run divided by the mean judge score times 334. Within a model the
agentic methods cost more per question, but their higher accuracy keeps the cost per correct
answer close to the single-shot methods. For Claude Haiku 4.5 the cheapest method per
correct answer is llm-only at 0.023 and the most expensive is graph at 0.064. Llama 3.1 8B
is zero because it can be run locally.

Table 3. Cost per 334-question run in USD.

Method Haiku 4.5 Qwen 72B Llama 3.3 70B Llama 3.1 8B
Graph 16.85 1.05 217 0
Graph-cypher 14.68 1.45 2.35 0
Sql-t2s 13.31 1.41 1.26 0
Sql-fts 5.54 0.24 0.38 0
Ilm-only 4.86 0.48 0.75 0
rag-dense (est.) 4.50 0.40 0.60 0

Table 4. Cost per correct answer in USD.

Method Haiku 4.5 Qwen 72B Llama 3.3 70B Llama 3.1 8B
Graph 0.064 0.005 0.013 0
Graph-cypher 0.053 0.007 0.019 0
Sql-t2s 0.047 0.006 0.008 0
Sql-fts 0.036 0.001 0.003 0
Ilm-only 0.023 0.002 0.004 0
rag-dense (est.) 0.035 0.004 0.006 0

5. Discussion
5.1. Retrieval Benefit Depends on the Model

The most consequential finding of this study is the interaction between model capa-
bility and the value of structured retrieval. Figure 6 shows that the gain from equipping
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a model with retrieval tools is not a property of the data or the approach used, but of the
model’s capacity to operate the tool interface reliably. For Claude Haiku 4.5 the best agentic
approach exceeds the llm-only baseline by roughly 0.21 in mean judge score (0.84 against
0.64 pooled across tiers), and for Qwen 2.5 72B the gain is smaller but still consistently
positive. For Llama 3.1 8B the relationship reverses: the graph and graph-cypher ap-
proaches collapse to judge scores between 0.08 and 0.22, well below the same model’s
0.62-0.66 llm-only baseline. The Llama 3.1 8B runs on agentic approaches which exhibit
unusually long turn distributions terminating in max-turns failures rather than final an-
swers, and inspection of the raw transcripts shows the model emitting raw JSON rather
than issuing a structured tool call, hallucinating tool names absent from the schema, or
repeatedly invoking the same tool with identical arguments. Llama 3.3 70B occupies
an intermediate position: it sustains the agentic approaches without the 8B’s collapse
(graph and sql-t2s both near 0.48 pooled), yet its gains over its own llm-only baseline are
small and category-dependent, with no single approach dominating. The implication is
that structured retrieval is not universally beneficial: it amplifies the gap between strong
and weak models rather than narrowing it, and a benchmark that fixes the model while
varying only the retrieval approach will systematically underestimate the difficulty of
small-model deployment. This echoes findings in medical image analysis, where smaller
deep neural networks have achieved competitive or superior performance over larger
architectures [33,34], suggesting that the relationship between model capacity and task
performance is non-trivial across medical Al domains.

5.2. Retrieval Approach Comparison

Among the four tool-using approaches, text-to-SQL emerges as the strongest default
for the two capable models. Table 2 shows sql-t2s winning most (model, cohort) scenarios,
including all instances with Qwen and the two smaller cohorts with Claude. Graph-cypher
performs the best with the 20,000-patient cohort for Claude. Llama 3.1 8B performed the
best for all cohorts with the sql-fts approach.

The pairwise Wilcoxon heatmap in Figure 3 confirms that the sql-t2s advantage over
graph and llm-only is large and statistically significant when it comes to Claude and
Qwen models, while its advantage over graph-cypher is small and significant only in some
cells. Figure 4 shows that performance varies meaningfully across question categories.
For the two capable models, sql-t2s posts the highest score on most categories—simple
lookup, multi-hop, and reasoning, and it ties the curated graph approach on cohort—while
graph-cypher leads on temporal and sql-fts on unanswerable.

5.2.1. Simple Lookup

sql-t2s achieves the highest scores for capable models (Claude: 0.91, Qwen: 0.88),
reflecting that single-table exact-value retrieval is precisely what relational databases are
optimized for. Graph traversal offers no structural advantage here. Llama 3.1 8B’s best
score is 0.84 (sql-fts), but then accuracy collapses with other agentic approaches (0.18-0.26).
The single-shot rag-dense baseline scores 0.48-0.51 uniformly across all four models, and
for Llama 3.1 8B it nearly doubles sql-t2s (0.48 vs. 0.26), indicating that dense retrieval
is more robust than keyword search when the model cannot drive an agentic loop; it
nonetheless trails sql-t2s for the capable models. Llama 3.3 70B clusters tightly across
approaches (0.51-0.64), with the context-only llm-only baseline (0.64) matching the best
tool-based result, so structured retrieval offers it no advantage here.

5.2.2. Multi-Hop

sql-t2s again leads for the larger models (Claude: 0.94, Qwen: 0.66); multi-table JOINs
cover the same relational traversal as graph hops over structured data. The gap between
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Claude and Qwen likely reflects stronger SQL generation. Llama 3.1 8B reaches only 0.08,
making multi-hop the category where small-model collapse is most severe. rag-dense
scores 0.20-0.23 across models—below sql-t2s (Claude 0.94) but, for Llama 3.1 8B, more
than double the best agentic result (0.20 vs. 0.08), since single-pass dense retrieval sidesteps
the tool-protocol failures that sink the small model on multi-step queries. Llama 3.3 70B
follows the capable-model pattern here, with sql-t2s its strongest approach (0.52), well
ahead of the single-shot baselines.

5.2.3. Temporal

graph-cypher is the strongest approach for Claude (0.82), as Cypher’s native date-
ordering and time-interval syntax maps more directly onto temporal questions than SQL’s
equivalent constructs. Qwen reaches 0.73 with sql-t2s. Llama 3.1 8B’s best score is 0.68 with
sql-fts. rag-dense scores 0.34-0.38 and, like the other single-shot baseline, varies little across
models; a fixed top-k retrieval lacks the explicit date-ordering that makes Cypher effective
here, so it trails graph-cypher for the capable models. For Llama 3.3 70B the llm-only
baseline (0.59) edges sql-t2s (0.56), and graph-cypher (0.39) shows none of the temporal
advantage it gives Claude.

5.2.4. Cohort

sql-t2s and graph approaches are almost tied for capable models (Claude: 0.85/0.83;
Qwen: 0.74/0.75), with graph-cypher well below for Qwen. The dedicated population-
level functions exposed as graph tools spare the model from writing complex multi-table
aggregations, explaining why the gap between approaches is narrower here than on other
categories. Llama 3.1 8B scores 0.10-0.33 regardless of approach. rag-dense is the weakest
approach in this category, collapsing to 0.01-0.07. The curated graph approach is strongest
for Llama 3.3 70B as well (0.59, ahead of sql-t2s at 0.48), reinforcing the value of dedicated
population-level tools on cohort questions.

5.2.5. Reasoning

sql-t2s leads for capable models (Claude: 0.80, Qwen: 0.75). The inferential step is
handled by the LLM after retrieval, so the deciding factor is which backend delivers the
cleanest underlying fact. SQL’s exact matching has the edge. Llama 3.1 8B reaches 0.12
with sql-t2s. rag-dense scores 0.29-0.41 (Claude 0.41), well below sql-t2s but degrading
only modestly for the small model (Llama 3.1 8B: 0.29), again reflecting its insensitivity to
model capability. Llama 3.3 70B departs from the capable-model pattern on reasoning: its
best result is the 1lm-only baseline (0.47), with sql-t2s reaching only 0.35, indicating the SQL
backend does not aid its post-retrieval inference.

5.2.6. Unanswerable

This is the only category where llm-only is on top of the best approaches for both
Claude (0.74) and Llama 3.1 8B (0.57). A tool that explicitly returns no results gives the
model an unambiguous signal to decline; sql-t2s requires the model to independently inter-
pret a zero-row result, leading to more false positives. These questions require no complex
retrieval, only the absence of a result. Here rag-dense matches lexical retrieval (Claude 0.73
versus sql-fts 0.74) and stays comparatively high for the small model (Llama 3.1 8B: 0.49,
Llama 3.3 70B: 0.52), confirming that dense and lexical retrieval are essentially equivalent
at signalling that no answer exists. Llama 3.3 70B is the one case where dense retrieval
leads outright—rag-dense (0.52) tops every other approach, and graph-cypher (0.45) edges
lexical sql-fts (0.42).
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5.3. Cohort-Size Effects

No approach degrades meaningfully as the cohort grows from 200 to 20,000 patients.
The few statistically significant slopes are inconsistent in direction with no clear pattern,
which suggests they reflect noise rather than a genuine scaling trend. Cohort size has no
meaningful effect on accuracy within the range tested (200-20,000 patients). This conclusion
should not be extrapolated to the scales typical of regional or national EHR systems, which
can span one to ten million patients. At those scales, failure modes absent from this
evaluation may emerge: query timeouts on large relational tables, index performance
degradation under high-cardinality joins for SQL-based approaches, and memory pressure
during multi-hop graph traversals for knowledge graph approaches. Future works should
test those approaches at millions of patients.

It is also worth noting that graph-cypher takes the top spot for Claude Haiku 4.5 at
the 20,000-patient dataset, while sql-t2s performs better at smaller cohort sizes. This hints
that graph-based approaches may become more competitive as the dataset grows.

5.4. Latency and Deployment Tradeoffs

Latency is driven by the choice of approach, not by how many patients are in the
cohort. Figure 7 shows that sql-fts is the fastest approach across all four models, with
median latencies between 1 and 7 s. The approaches that involve multi-step planning take
between 12 and 20 s for Claude and between 6 and 36 s for Qwen. These are acceptable
latencies for research and prototyping contexts, but would be too slow for latency-sensitive
applications. Qwen on graph-cypher stands out as a problem: a median of 35.9 s and
a mean of 53.8 s, the latter driven by the model repeatedly generating Cypher that the
database rejects and the agent retrying until it runs out of turns.

Within the scope of this benchmark evaluation, sql-t2s achieves the highest overall
accuracy for capable models, with curated graph tools offering a complementary advantage
for cohort-level and temporal questions. For smaller models that struggle with tool-calling
protocols, sql-fts or llm-only are more reliable choices than agentic approaches. These
findings characterize the relative strengths of each configuration as a research benchmark;
clinical safety, decision impact, and downstream harm are outside the scope of this evalua-
tion and would need to be assessed before any of these configurations could be considered
for use in clinical practice.

5.5. Cost and Accuracy Tradeoffs

The most expensive approaches are the agentic ones (graph, graph-cypher and sql-t2s)
and they cost the most on the most capable model. For Claude Haiku 4.5 a single
334-question run on the graph approach costs USD 16.85, more than three times the USD
4.86 of the context-only llm-only baseline (Table 3). These agentic approaches are, however,
also the ones that reach the highest accuracy, so once cost is normalized per correct answer
the gap narrows considerably: graph costs USD 0.064 per correct answer against USD
0.023 for llm-only (Table 4). The higher per-run price of the agentic approaches therefore
buys additional accuracy rather than being spent unproductively. API pricing changes
frequently, so the absolute numbers reported here should be read as a snapshot rather
than as fixed costs. As expected, the more capable models command the higher prices:
Claude Haiku 4.5 is several times more expensive than Qwen 2.5 72B on every approach,
while Llama 3.1 8B is effectively free because it runs locally. Cost and capability thus move
together, and any deployment decision must weigh the two against each other.
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5.6. Limitations

The patient cohort is entirely synthetic. Synthea generates clinically realistic data based
on published disease incidence statistics and epidemiological models, but synthetic data is
inherently cleaner and more structured than real EHR data. Real clinical records contain
inconsistent coding across providers, missing or contradictory entries, free-text notes, and
data quality issues that Synthea does not reproduce. The accuracy figures reported here are
specific to this well-structured synthetic environment, and performance on real EHR data
may differ substantially from the results presented.

The two main structured retrieval approaches are likely to be affected differently
by real-world data quality issues. SQL-based approaches are vulnerable to key integrity
failures: missing or mismatched foreign keys, duplicate patient identifiers, and inconsistent
coding across encounters can cause JOIN operations to return incomplete or incorrect result
sets without raising an explicit error, leaving the text-to-SQL agent with no signal that its
query succeeded on corrupted data. Knowledge graph approaches face a complementary
failure mode: incomplete or inconsistently coded entities result in absent or disconnected
nodes, causing graph traversal to terminate early or return partial answers. Because both
failure modes are silent, the system returns an answer rather than an error and neither is
easily detectable without ground-truth validation. Evaluating these differential effects on a
real, noisy EHR dataset is an important direction for future work.

The four models evaluated span a limited portion of the capability spectrum. Larger
and newer models would be expected to perform better, particularly on the tool-calling
approaches where Llama 3.1 8B struggled. The collapse in accuracy seen when Llama 3.1 8B
was paired with agentic approaches is an important finding in itself; it shows that model
capability is not just a performance factor but a condition for certain approaches to work
at all.

The three cohort sizes tested (200, 2000, and 20,000 patients) cover a useful range,
but remain small relative to real-world EHR systems, which can contain several million
patients. Some failure modes may only emerge at those scales, and the scaling conclusions
reported here should not be extrapolated beyond the range tested.

Finally, the scoring rubric does not penalize verbose answers. As shown in Figure S3,
the over_answered flag (raised when a model gives the correct answer but adds unrequested
information) is highest for Claude sql-t2s and graph-cypher, at 11.3% and 10.7% of responses
respectively, compared to 2.7% for graph and 5.2% for sql-fts. In a real clinical setting,
accuracy alone is not enough; a clinician asking a simple question expects a concise answer,
not additional unrequested clinical context. Future work should consider whether verbosity
should be penalized alongside factual correctness in the scoring rubric. At the system level,
over-answering could be discouraged through explicit brevity constraints in the system
prompt (e.g., instructing the model to respond in a single sentence or to return only the
requested value), output-length penalties during fine-tuning, or post-generation filtering
that strips content beyond the first direct answer, each of which could be measured using
the over_answered flag as a direct indicator of conciseness.

A potential source of bias is that Claude Haiku 4.5 serves as both a system under
evaluation and the primary scoring judge, raising the possibility that its scores are sys-
tematically inflated. As a cross-check, we computed agreement between the LLM judge
and the deterministic reference scorer broken down by model, and found no evidence of
systematic self-preference (Table S1). Nevertheless, future evaluations should consider
using a judge model that is not among the systems being benchmarked, or reporting scores
under multiple judges to quantify inter-judge variability.
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6. Conclusions

This study compared six retrieval approaches for clinical question answering over
electronic health records across four models, three cohort sizes, and 334 questions covering
six clinically relevant categories. The main contribution is a controlled, reproducible
evaluation that isolates the effect of the retrieval approach and the model from each other
and from cohort scale.

The results show that text-to-SQL works best as a general-purpose approach for
capable models, with curated graph tools performing better for cohort-level and temporal
questions. Interestingly, graph-cypher outperforms text-to-SQL for Claude Haiku 4.5 at the
largest cohort size tested, which raises the question of whether graph-based approaches
become more competitive as the patient population grows. Testing this at the scale of
millions of patients is a direct and important continuation of this work.

More importantly, the results show that adding structured retrieval tools does not help
equally across models; it substantially improves accuracy for a capable model but reduces
it for a small open-source model that cannot reliably call tools. Cohort size of these ranges,
by contrast, has almost no effect on accuracy across the range tested.
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on the continuous judge score, per (model, subset); Table S4: Linear regression of the per-question
judge score on log10(subset); Table S5: Cochran’s Q omnibus on the binarized judge score; Table Sé:
Pairwise McNemar tests with continuity correction; Figure S1: Retrieval-level answer containment
by question type (no language model); Figure S2: Per-(model, subset) pairwise Wilcoxon heatmaps;
Figure S3: Judge flag rates per (model, approach); Supplementary S1: Retrieval Methods Comparison;
Supplementary S2: Question bank: design, provenance, and clinician review; Supplementary S3:
Adjudicated calibration cases for the LLM judge rubric.
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