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Abstract
Though patients are increasingly granted digital access to their electronic health records (EHRs), existing interfaces
may not support precise, trustworthy answers to patient-specific questions. Large language models (LLM) show
promise in clinical question answering (QA), but retrieval-based approaches are computationally inefficient, prone to
hallucination, and difficult to deploy over real-life EHRs. This work introduces FHIRPath-QA, the first open dataset
and benchmark for patient-specific QA that includes open-standard FHIRPath queries over real-world clinical data.
A text-to-FHIRPath QA paradigm is proposed that shifts reasoning from free-text generation to FHIRPath query
synthesis. For o4-mini, this reduced average token usage by 391× relative to retrieval-first prompting (629,829 vs
1,609 tokens per question) and lowered failure rates from 0.36 to 0.09 on clinician-phrased questions. Built on
MIMIC-IV on FHIR Demo, the dataset pairs over 14k natural language questions in patient and clinician phrasing
with validated FHIRPath queries and answers. Empirically, the evaluated LLMs achieve at most 42% accuracy,
highlighting the challenge of the task, but benefit strongly from supervised fine-tuning, with query synthesis accuracy
improving from 27% to 79% for 4o-mini. These results highlight that text-to-FHIRPath synthesis has the potential
to serve as a practical foundation for safe, efficient, and interoperable consumer health applications, and the
FHIRPath-QA dataset and benchmark serve as a starting point for future research on the topic. The full dataset and
generation code can be accessed on GitHub.
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1. Introduction

Over the past decade, healthcare systems world-
wide have adopted standardized, interoperable rep-
resentations of electronic health records (EHRs).
HL7 Fast Healthcare Interoperability Resources
(FHIR) has emerged as the dominant framework,
with national adoption across major EHR vendors
and mandated API requirements in jurisdictions
such as the United States (HL7 International; Or-
ganization et al., 2023).

However, digital access does not equal under-
standing. Although patients can increasingly view
their EHRs, FHIR’s graph-structured design makes
navigation difficult (Zhang and Walji, 2014; Roman
et al., 2017). Most systems rely on keyword search,
often returning entire documents or dense tables
rather than the specific value requested (Hanauer
et al., 2015). Bridging this gap requires automated
question-answering (QA) systems capable of re-
trieving precise, verifiable answers from a patient’s
own record (Del Fiol et al., 2014).

Large Language Models (LLMs) demonstrate
strong clinical reasoning on general medical QA
tasks (Bardhan et al., 2024). However, deploying
them over patient-specific EHR data introduces
substantial challenges. Context windows are finite,
making full-record ingestion costly and prone to
degradation as length increases (Liu et al., 2024;
Chen et al., 2024). Retrieval-Augmented Gener-
ation (RAG) systems remain vulnerable to hallu-

cination (Zhang and Zhang, 2025), which is un-
acceptable in patient-facing tools where incorrect
answers may influence health decisions (Bussone
et al., 2015). Additionally, LLMs struggle to reli-
ably traverse FHIR’s deeply nested graph structure;
benchmarks such as FHIR-AgentBench report con-
sistent failures in multi-hop reasoning and reference
resolution (Lee et al., 2025). Finally, transmitting
sensitive patient data to external models raises pri-
vacy concerns, while hosting sufficiently powerful
models locally is often impractical.

To address these limitations, we turn to the stan-
dard itself. While FHIR defines the data structure,
FHIRPath (HL7 International, 2020) is its native
path-based query language. Unlike SQL—which
requires backend database access rarely available
to patient-facing applications—FHIRPath operates
at the API layer and is broadly supported across
interoperable health systems.

Adopting a Text-to-FHIRPath approach offers
three distinct advantages over RAG or SQL-based
methods:

1. Determinism & Safety: A generated query
acts as an intermediate logic step that can
be validated before execution, substantially
reducing hallucination at the answer level by
shifting risk to symbolic query generation.

2. Data Minimization: By executing the query
logic locally or at the API level, the system re-
trieves only the specific data point requested

https://github.com/mooshifrew/fhirpath-qa
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(e.g., a single observation value) rather than
retrieving and processing entire clinical doc-
uments. This drastically reduces the context
window cost and minimizes personally identifi-
able information exposure.

3. Interoperability: A model trained to generate
FHIRPath works across any system compli-
ant with the US Core Data for Interoperability
(USCDI) standard, whereas SQL generation
is brittle and tied to specific database schema.

Despite the growing need for patient-centric QA,
existing benchmarks largely evaluate adjacent but
insufficient problem settings. Much prior work tar-
gets clinician-facing analytics or structured query-
ing for secondary clinical use (Lee et al., 2022),
rather than patient access to their own records.
Patient-oriented benchmarks such as archEHR-
QA emphasize interpreting verbose patient ques-
tions, identifying relevant evidence, and generat-
ing grounded answers from free-text clinical notes
(Soni and Demner-Fushman, 2026). While criti-
cal for modeling patient–clinician communication,
these tasks operate at the document level and do
not evaluate precise, field-level access to structured
EHR data.

Benchmarks that evaluate QA over FHIR often
rely on synthetic or heavily curated data (Soni et al.,
2019; Kothari and Gupta, 2025), substantially re-
ducing the ambiguity, noise, and scale of real pa-
tient records. More recent benchmarks assess
agentic interaction with live FHIR servers (Lee et al.,
2025), evaluating end-task correctness but without
exposing or supervising the executable query logic
required to reliably traverse FHIR graphs.

This work proposes a deterministic FHIRPath-
based approach as a safer, verifiable alternative to
standard retrieval methods. By pairing executable
query logic with answers, the approach prioritizes
precision and safety over broad recall. The method
is evaluated using a novel benchmark derived from
MIMIC-IV on FHIR Demo and EHR-SQL (Bennett
et al., 2024, 2023; Lee et al., 2022, 2024), lever-
aging real clinical data rather than synthetic prox-
ies. A patient-perspective paraphrasing pipeline is
introduced to assess the system’s ability to trans-
late non-expert language into structured FHIRPath
queries. An overview of the primary contributions
follows:

• A Question-FHIRPath-Answer dataset.
FHIRPath-QA combines realistic clinical
questions, executable FHIRPath queries, and
answers from real MIMIC-IV on FHIR patient
data. The full dataset as well as generation
code is publicly available for reproducibility
and to support future extension.

• Patient-oriented Paraphrasing. Real pa-
tients do not ask for "tachycardia" status; they

EHR-SQL
Templates

FHIRPath Compatible
Question Templates

Select FHIRPath
Compatible
Questions

Patient + Clinician
Perspective

Paraphrasing (LLM)

Paraphrase Set

MIMIC-IV on
FHIR 

Initialize Template

Patient Specific Value
Sampling

Automatic Filtering

Manual Filtering

Sample + Fill
Paraphrase

Generate FHIRPath
Query

Evaluate Query on
Patient EHR

Question-FHIRPath-
Answer Dataset

No Valid?

Yes

Figure 1: Building FHIRPath-QA involved ques-
tion selection, LLM-based paraphrasing, and query
generation grounded in real patient data.

ask, "Why is my heart racing?" This work in-
cludes a pipeline to translate clinical ques-
tions into layperson language, evaluating the
model’s ability to bridge the semantic gap be-
tween vague patient intent and strict FHIR
schema.

• Empirical Evaluation of retrieval-first and
query-first QA pipelines with commercial and
fine-tuned models.

2. Related Work

Early EHR QA focused on Text-to-SQL generation
for clinician analytics. MIMICSQL (Wang et al.,
2020), EHR-SQL (Lee et al., 2022), and EHR-SQL-
2024 (Lee et al., 2024) established strong base-
lines using real clinical questions grounded in the
MIMIC-III (Johnson et al., 2016), eICU (Pollard
et al., 2018) and MIMIC-IV databases (Johnson
et al., 2023). However, these systems rely on di-
rect database access (SQL), which is typically inac-
cessible from patient-facing applications. Further,
these databases have non-standard schema, so
transferability to clinical use is limited.

There are limited benchmarks for QA models
on FHIR. Soni et al. (2019) curated one of the
first question-query-answer data sets in FHIR data.
However, they did so using Synthea (Walonoski
et al., 2017), a synthetic data-generation pipeline,
so the EHRs lack the noise, variability, and scale of
real clinical data. Kothari and Gupta (2025) similarly
used Synthea to generate a QA dataset for fine-
tuning LLMs, but these questions were generated
after selecting a small set of relevant resources, fur-
ther simplifying the task. Consequently, systems
are not required to reason over large, longitudinal
EHRs with the complexity or scale of real patient
records.
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More recently, a paradigm shift toward agen-
tic interaction has led to benchmarks that eval-
uate an LLM’s ability to interact with live FHIR
servers. MedAgentBench (Jiang et al., 2025) as-
sesses end-to-end task completion across 10 clini-
cal workflows using 300 physician-authored ques-
tions, emphasizing practical correctness. FHIR-
AgentBench (Lee et al., 2025) similarly evaluates
agentic performance, but focuses specifically on
clinician-oriented question answering. Correctness
is determined using annotated keys of relevant re-
sources. While this benchmark meaningfully ad-
vances QA evaluation on real FHIR data, it does
not expose or supervise the executable query logic
used to retrieve answers, as the underlying dataset
generation relies on SQL. Consequently, the in-
termediate reasoning required to traverse FHIR
graphs is not directly observable or learnable, high-
lighting the absence of benchmarks that expose
executable query logic over real FHIR data.

Taken together, prior work either targets clinician-
facing analytics via Text-to-SQL, evaluates FHIR-
based QA on synthetic or heavily curated data, or
measures agentic interaction with FHIR servers
without exposing the underlying executable logic.
As a result, none directly supervise the trans-
lation of natural language questions into verifi-
able, executable queries over real-world FHIR
data. FHIRPath-QA addresses this gap in Text-to-
FHIRPath generation by introducing a benchmark
that pairs patient and clinician language questions
with executable FHIRPath queries over real MIMIC-
IV on FHIR records.

3. Dataset Construction

3.1. Data Source
To ensure questions, queries, and answers are re-
alistic, patient data was used from the MIMIC-IV on
FHIR Demo Dataset (Bennett et al., 2024, 2023).
Though the released dataset draws from the 100-
patient EHRs in MIMIC-IV on FHIR Demo, the gen-
eration code extends to the full MIMIC-IV dataset.
This data was uploaded into a local instance of the
HAPI FHIR server as it is a robust open-source im-
plementation of the HL7 FHIR standard (Hussain
et al., 2018).

3.2. Question Templates
Standardized question templates were adapted
from EHR-SQL (Lee et al., 2022) to ensure they
have clinical relevancy. Templates were selected
that focus on individual patients (e.g. "What was
the last prescription for patient X?") rather than
population-level or aggregate statistics (e.g. "How
many patients were diagnosed with hepatitis this
year?"). This choice was made because individual

FHIR Resource Clinical Topics
Patient Demographics, birth date,

gender
Encounter Hospital visits, ICU

stays, admission types,
discharge times

Observation Lab tests, vital signs,
weight, intake events, out-
put events, microbiology
results

Condition Diagnoses, clinical status
Medication (Med.) Drug names
Med.Request Prescriptions, dosages,

drug delivery routes
Med.Administration Medication administered

to patient in hospital
Procedure Clinical interventions, sur-

gical procedures, timing
of events

Table 1: The FHIR resource types used in
FHIRPath-QA cover a range of clinical topics re-
quired for inpatient care.

patients would not have access to, nor an interest
in, other patients’ EHRs. Finally, questions were
filtered to ensure they can be answered from the
information in FHIR data by a single FHIRPath exe-
cution. In total, 61 unique question templates were
selected covering a broad range of clinical topics,
summarized in Table 1.

3.3. Multi-Perspective Paraphrasing
A multi-perspective paraphrasing strategy was de-
veloped to measure the robustness of models
across diverse user groups. While existing datasets
like EHR-SQL primarily focus on clinician-oriented
language, FHIRPath-QA accounts for the varying
degrees of medical literacy among potential users
of a FHIR-based QA system. The generated para-
phrases are divided into two distinct perspectives:

1. The Patient/Caregiver Perspective: Recog-
nizing that patients and caregivers often ac-
cess their own data through portals, these
paraphrases were generated with more conver-
sational and intuitive phrasing. Further, speci-
fication of the patient’s ID is removed from the
question, since it is assumed that this informa-
tion would be known from user identification.

2. The Clinician Perspective: This category
maintains the technical precision of the origi-
nal templates. Formal medical terminology is
maintained to reflect the language that would
be used by a physician or nurse.

Following the observation that modern LLMs can
outperform traditional language-generation meth-
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Figure 2: The query generated to answer the ques-
tion Were any organisms found in my last SEROLO-
GY/BLOOD microbiology test this year? Colored re-
gions indicate logical stages of the query: resource
type selection (blue), specimen filtering (green),
temporal constraints (orange), and selection of the
most recent observation (purple). A final post-
aggregation constraint checks that an organism
was found (grey).

ods, OpenAI gpt-4o was used for paraphrase gener-
ation. For each question template, 50 paraphrases
were generated from both the clinician and patient
perspectives. The refinement process followed a
three-step pipeline:

1) All required variables and fillable placeholders
in the query templates were verified to be preserved
correctly during paraphrasing.

2) Lexical diversity was enforced by discarding
paraphrases with a pairwise Levenshtein distance
less than 10 or a normalized distance under 0.15.

3) Semantic alignment was maintained by
encoding sentences with the all-MiniLM-L6-v2
transformer and computing cosine similarity. A
lower similarity threshold was applied for patient-
perspective paraphrases to accommodate the nat-
ural linguistic variance of non-physician language.

This process removed over half of the total para-
phrases, resulting in a final dataset of 1,239 clini-
cian and 856 patient entries. Patient paraphrases
exhibited higher lexical variety and lower semantic
similarity compared to clinician paraphrases. For
details, see Appendix B.2.

3.4. FHIRPath Query Generation
Consistent with established datasets, the query
template and placeholder structure introduced by
Lee et al. (2022) are adopted. This framework is
extended by mapping question templates to the
hierarchical FHIR R4 standard, replacing relational
SQL joins with path-based FHIRPath traversals.

FHIRPath expressions were crafted to be exe-
cuted on a patient bundle containing all resources
needed to answer the question. This assumption is
valid queries are executed on the server side. For
local execution, such a scenario can be replicated

by running queries on a patient’s full bundle: the
result of an ‘$everything‘ export.

The questions can be broadly grouped based
on four primary response types: counts (e.g. fre-
quency of interventions), existence (true/false),
lists (returning multiple entities), and exact re-
sponses (retrieving specific names, dosages, or
timestamps). Each question type necessitates a
distinct set of navigation steps and filter applications
to account for the decentralized nature of the FHIR
R4 standard, and the different sets of resources
relevant to each question. For instance, querying
a microbiology test involves navigating the relation-
ship between the event of specimen collection and
the event of the result report. These are recorded
as distinct clinical observations and require com-
plex link traversal. An example of this is shown in
Figure 2.

3.5. Query Validation
The generation pipeline was extensively tested
and validated on patient bundles of varying sizes.
These tests focused on ensuring syntactic va-
lidity of queries by parsing them with an open-
sourced, rust-native FHIRPath implementation
from OctoFHIR (OctoFHIR). Queries were manu-
ally validated for semantic consistency across mul-
tiple placeholder configurations.

Further validation focused on execution accu-
racy over manually annotated FHIR bundles. Since
MIMIC-IV on FHIR patient bundles are very large,
five smaller versions (averaging 17 resources per
bundle) were curated for this task to ensure each
question could be answered. Each query type was
validated over the five curated patient bundles.

3.6. Dataset Assembly
To ensure questions have answers (e.g. not asking
about ICU visits if the patient has never been in
the ICU), questions and queries were randomly
generated based on the context of specific patients’
entire EHR. To account for date shifts in the de-
identification process of MIMIC-IV, datetime filtering
was computed with the current date being the date
of the last record in the EHR. Queries were then
executed against patient bundles to generate the
corresponding answers.

3.7. Evaluation Splits
To evaluate different forms of generalization, three
complementary evaluation settings were defined.

The dataset is partitioned into training (78%),
validation (9%), and test (13%) splits using a strati-
fied split over natural language paraphrases. Para-
phrases are disjoint across splits, while question
templates and patients may overlap. This setting
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Split Benchmark Large
Clinician Patient Clinician Patient

Train 954 (45.5%) 675 (32.2%) 4721 (38.7%) 4775 (39.1%)
Val 104 (5.0%) 89 (4.2%) 535 (4.4%) 661 (5.4%)
Test 181 (8.6%) 92 (4.4%) 791 (6.5%) 717 (5.9%)
Total 1239 (59.1%) 856 (40.9%) 6047 (49.6%) 6153 (50.4%)
Combined 2095 12200

Table 2: Dataset Statistics. There are 100 distinct patient records and 61 question templates. The
Benchmark contains one question, query, and executed answer per unique paraphrase. FHIRPath-QA
Large contains multiple questions and queries per paraphrase, without executed answers. Samples are
stratified by split and further categorized by perspective (Clinician vs. Patient). The bottom row displays
the combined counts across both perspectives.

evaluates linguistic generalization and is used for
all baseline comparisons.

A query holdout is defined, in which four en-
tire question templates are excluded from train-
ing. These templates correspond to executable
FHIRPath queries that do not appear elsewhere
in the dataset, while still operating over FHIR re-
source types observed during training. It accounts
for 155 samples in FHIRPath-QA Benchmark. Per-
formance on this split evaluates a model’s ability to
synthesize novel executable query logic from nat-
ural language, rather than relying on memorized
template-level mappings.

To assess structural generalization beyond the
observed schema, a resource holdout is defined
consisting of five templates that require FHIR re-
sources not present in the training data, specifi-
cally Location and MedicationAdministra-
tion. This holdout is composed of 126 samples in
FHIRPath-QA Benchmark. Success on this split in-
dicates whether fine-tuning enables generalization
of FHIRPath syntax and traversal patterns to un-
seen resource types, despite no exposure to their
schemas during training.

3.8. Dataset Makeup
Resources: The FHIRPath-QA dataset is released
as a two-tier resource designed to support both
model training and reliable execution-based evalu-
ation:

• FHIRPath-QA Benchmark: A high-precision
evaluation set containing 2,095 question-
query-answer triples. Every entry in this sub-
set has been validated via execution against
the patient’s ‘$everything‘ bundle to ensure
correctness. This serves as an execution-
validated benchmark for measuring execution
accuracy and linguistic generalization.

• FHIRPath-QA Large: A large-scale corpus
containing 12,200 question-query pairs. The
queries in this dataset are grounded in real pa-
tient records, but answers are not provided via

execution. This resource is designed specifi-
cally for supervised fine-tuning (SFT), provid-
ing the high volume of examples needed for
models to learn the complex syntactic nesting
of FHIRPath.

Volume and Diversity: In total, the dataset com-
prises 14,295 unique samples derived from 61
question templates and 2,095 paraphrases (~34.3
per template) which are grounded in 100 real pa-
tient EHRs. Each sample is annotated with the
paraphrase split label and an indicator for belong-
ing in the unseen query and resource-level holdout
groups for simple filtering that ensures large-scale
training sets are disjoint from the evaluation bench-
marks.

4. Experiments

Experiments were designed and carried out with
the following goals in mind: (1) to compare the
performance and token-efficiency trade-offs be-
tween query-first (text-to-FHIRPath) and retrieval-
first approaches; (2) to assess the robustness of
these approaches to the variations in patient and
clinician-speech; and (3) to investigate the extent
to which SFT enables generalization across novel
paraphrases, unseen FHIRPath logic, and novel
FHIR resource types. All evaluation results in this
paper are reported on FHIRPath-QA Benchmark.

4.1. Architectures

Two distinct architectural paradigms for clinical
question answering were evaluated.

1. Ingestion-based Retrieval approach (re-
ferred to as "retrieval") modeled after the
single-turn agent in FHIRAgentBench (Lee
et al., 2025), requires the LLM to identify and
retrieve relevant FHIR resources for a given
patient and perform reasoning over the raw
content.
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2. FHIRPath query-based execution approach
(referred to as "query-first") tasks the agent
with generating a FHIRPath query. This query
is then executed against the patient’s complete
FHIR bundle to extract an answer, shifting the
computational burden from LLM inference over
long contexts to deterministic query execution.

4.2. Metrics
Final answer accuracy was used to evaluate model
performance. This is assessed as an exact match
of the executed result for the query-first approach.
Since the retrieval-based approach produces free-
text answers, responses were manually evaluated
for correctness against the execution-validated
benchmark by two independent annotators (the
first and second author), both with graduate-level
training and relevant domain experience. Any dis-
agreements were resolved through discussion and
consensus.

Because all experiments were conducted in the
single-turn setting, failures occurred for both ap-
proaches. For large patient EHRs, the retrieval-
first approach occasionally exceeded the model
context limit. For the query-first approach, failures
corresponded to invalid FHIRPath syntax. The ac-
curacy excluding these failures was also measured.
When failures were included, they were treated as
an incorrect answer.

Efficiency was measured via token usage in-
cluding prompt and completion tokens. For failed
retrieval-based attempts, where the token limit
was exceeded, the attempted input tokens was
recorded.

4.3. Standard Model Comparison
Baseline performance and efficiency were first eval-
uated across four foundational models: OpenAI o4-
mini, 4.1-mini, 4o-mini, and 4.1-nano. The o4-mini
model was included due to strong reported per-
formance in similar evaluations (Lee et al., 2025),
4.1-mini for its extended context length, 4o-mini as
a broadly capable baseline for comparison, and 4.1-
nano for its smaller size. Each model was tested
using both retrieval-first and query-first architec-
tures. Evaluation was conducted on the test split of
FHIRPath-QA Benchmark, as detailed in Table 2,
establishing performance benchmarks for standard
large language models (LLMs) on clinical FHIR
tasks.

4.4. Fine-tuning Protocol
To evaluate the impact of specialized training, 4o-
mini, 4.1-mini, and 4.1-nano models were fine-
tuned on the training samples of FHIRPath-QA
Large excluding all samples associated with the

unseen query structure and resource-level hold-
out templates. Training was conducted through the
OpenAI API (1 epoch, batch size 5, learning rate
1.8 for 4o-mini, 2.0 for 4.1-mini, and 0.1 for 4.1-
nano). Evaluation was conducted on paraphrases
in the test split to assess linguistic generalization
(Test 1), on the unseen queries to assess an im-
proved understanding of FHIR elements (Test 2),
and finally on unseen resource types to assess
resource-level generalization (Test 3).

To explore the effect of the number of patients
represented by the training examples, SFT was
performed with three subsets of the training dataset
containing: 1) 10 patients, 2) 30 patients, and 3)
the full 100 patients in MIMIC-IV on FHIR Demo.

5. Results

5.1. FHIRPath-QA Stresses Scalability
Table 3 shows the token usage per question for rea-
soning and non-reasoning LLMs for the retrieval-
first and query-first models. Using o4-mini, the
query-first approach yielded a 391x reduction in av-
erage tokens per question compared to the retrieval-
based approach. The retrieval strategy also exhib-
ited extreme variance in token usage (SD ≈ 1.9M
tokens), making its running-costs less predictable
for clinical deployment. This variance scaled di-
rectly with EHR size. In contrast, query-first to-
ken usage was stable (SD ≈ 420 tokens), as the
LLM only processes the natural language question
and a system prompt. Non-reasoning models had
lower token usage, but this had a small impact in
the retrieval-first setting, where input tokens domi-
nated.

Strategy Model Tokens SD
Retrieval o4-mini 629,839 1,926,723
Retrieval 4.1-mini 577,281 1,889,508
Query-first o4-mini 1,609 420
Query-first 4.1-mini 697 24

Table 3: The retrieval-first approach consumed a
substantially higher number of tokens per question
than the query-first approach.

5.2. A Challenging Benchmark
Table 4 lists the results of the retrieval-first and
query-first approaches with standard LLMs. Over-
all, the results show that the FHIRPath-QA bench-
mark poses a challenge to standard LLMs and
agentic architectures, with none achieving an over-
all accuracy above 42%. Across models, o4-mini
outperformed 4.1-mini and 4o-mini following the
query-first and retrieval-first approaches. When rel-
evant EHRs successfully fit within the context win-
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Model Accuracy Failure Rate Acc. Excl. Failures
Clinical Patient Clinical Patient Clinical Patient

a) Retrieval
o4-mini 0.33 0.33 0.36 0.34 0.51 0.49
4.1-mini 0.42 0.41 0.17 0.14 0.50 0.48
4o-mini 0.24 0.15 0.46 0.40 0.45 0.25
b) Query-first
o4-mini 0.35 0.38 0.09 0.15 0.39 0.45
4.1-mini 0.25 0.27 0.15 0.23 0.29 0.35
4o-mini 0.25 0.28 0.02 0.09 0.26 0.31

Table 4: Overall accuracy slightly favors the retrieval-first approach, but this metric is influenced by its
higher failure rate. When excluding failures, the retrieval-first approach consistently outperforms the
query-first approach. Retrieval-first performs better on clinically phrased questions, whereas the query-first
approach performs better on patient-style paraphrases.

dow (i.e. excluding failures), the retrieval-first strat-
egy demonstrated superior baseline performance,
which suggests that foundational LLMs lack a thor-
ough understanding of FHIR structures and as a
result have a poor ability to convert questions to
correct FHIRPath queries.

Notable differences in performance based on
question phrasing and system architecture were
observed. Retrieval-first scored more highly on
clinician over patient paraphrases, which suggests
that foundation models rely heavily on lexical over-
lap. Technical terms in clinician queries may act
as anchors to the formal strings found within the
FHIR resource JSONs, allowing for more accurate
"needle-in-a-haystack" retrieval. Conversely, in the
query-first setting, patient-perspective questions
yielded higher accuracy.

5.3. Impact of Supervised Fine-Tuning
Results from SFT on the FHIRPath-QA Large cor-
pus indicate that the apparent performance ceiling
of the query-first approach stems from base model
pretraining rather than architectural limitations. As
shown in Figure 3, SFT leads to a dramatic improve-
ment in the model’s ability to map natural language
to executable logic. For Test 1, which evaluated
novel paraphrases of questions seen in training,
all models experienced strong gains. Notably, 4o-
mini accuracy nearly tripled, rising from a baseline
27% to 79%. This result confirms that specialized
training substantially improves the LLMs’ ability to
recognize diverse linguistic patterns and map them
to executable FHIRPath logic.

Test 2 demonstrates model capacity for logi-
cal generalization, which utilized entirely novel
question templates composed of clinical reason-
ing elements seen in other contexts. Performance
gains across all models in this category suggest
that SFT enabled the agents to learn composi-
tional mappings between clinical intent and the
FHIR schema, rather than simply memorizing ques-

tion–query pairs.
The results of Test 3 highlight a limit of text-

to-FHIRPath generalization. As the models were
tasked with querying resources not present in the
training set, performance decreased following fine-
tuning. While the models become highly proficient
in the specific resource types and query patterns
represented in the training data, they may overfit to
that subset and lose some of the broader, general-
purpose schema knowledge present in the base
models.

The scale of patient-specific data used during
training also proved to be a critical factor in model
proficiency. By comparing models fine-tuned on
subsets of 10, 30, and 100 patient records, a con-
sistent upward trend in execution accuracy as the
diversity of patient data increased was observed.
This suggests that the current performance has
not yet reached a plateau; rather, it indicates that
future work extending the fine-tuning dataset to the
full MIMIC-IV-FHIR corpus would likely yield further
gains in handling the natural variance and "noise"
found in real-world longitudinal records.

Finally, a notable shift occurred in the model’s
sensitivity to paraphrase perspective post SFT.
While the base models performed better on pa-
tient paraphrases from their structural simplicity,
fine-tuned models consistently reversed this trend,
achieving higher accuracy on clinician-paraphrases
(see Appendix A.1). This implies that the inherent
ambiguity of layperson language characterized by
lower semantic similarity to the clinical ground truth
imposes a natural performance ceiling on single-
turn systems.

5.4. Error Analysis

To evaluate the underlying causes of performance
degradation in the query generation pipeline, we
performed a qualitative error analysis. Examples
of each failure mode are provided in Appendix C.
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Figure 3: SFT for the query-first approach improved executed answer accuracy on questions with para-
phrased inputs over shared query structures (Test 1: Paraphrase) and on questions requiring novel query
compositions over FHIR resource types seen during fine-tuning (Test 2: Query). In contrast, performance
did not generalize to questions involving unseen resource types (Test 3: Resource). Increasing the
number of patients in the fine-tuning dataset (10, 30, 100) led to progressively larger performance gains.

5.4.1. Resource Profile Complexities

A common error mode identified in generated
queries stems from an apparent misunderstand-
ing of various FHIR resource profiles. Agents fre-
quently attempt to reference resource elements
that do not exist. This failure is indicative that the
structure of the resource is not fully understood by
the model. For instance, Location resources do
not contain temporal information, but some queries
tried to access it in search of the time period of a
specific visit (Appendix C.2). The correct way to
access these types of resources would be to re-
solve the reference to it, typically via the Encounter
resource.

5.4.2. Semantic Misinterpretation

A common failure mode arose when the models
were faced with question ambiguity, resulting in
syntactically correct FHIRPath that does not cor-
rectly address the question. This challenge was
more prominent in patient-paraphrased questions
lacking precise clinical language. For example, in
questions inquiring about a patient’s medications,
a particular challenge is in differentiating Medica-
tionRequest resources (prescriptions) and Medica-
tionAdministration (in-hospital drug administration)
resources (see Appendix C.3). Resolving this am-
biguity often requires clinical knowledge of whether
certain drugs are typically administered in hospital
or prescribed. Other subtle misinterpretations in-
clude counting total events instead of unique events
(Appendix C.4) or considering in-hospital transfers
as unique visits.

5.4.3. Date Filter Mismatch

Up to 30% of errors in some fine-tuned models
were characterized by the generation of the correct
FHIRPath query, with the exception of the date filter.
In these instances, the model successfully identi-

fies the required resource type and filtering criteria
but incorrectly computes the date relative to the
current time. An example is provided in Appendix
C.1. Quantification of the frequency of this error for
each model is provided in Appendix A3.

6. Conclusion

This work presents FHIRPath-QA, a novel dataset
and benchmark combining patient-specific ques-
tions, validated FHIRPath queries, and executed
answers. It is derived from the MIMIC-IV on FHIR
Demo dataset, with clinically relevant questions ex-
pressed from both clinician and patient perspec-
tives. To our knowledge, this is the first pub-
licly available benchmark and dataset for Text-to-
FHIRPath generation grounded in real EHRs.

Empirical comparison of retrieval-first and query-
first QA pipelines shows that query-first approaches
offer practical advantages in reliability and effi-
ciency when operating over large EHRs. Executing
symbolic queries avoids context window limitations,
reduces token consumption by several orders of
magnitude, and provides a clear and interpretable
failure mode when query generation is unsuccess-
ful. At the same time, empirical results demonstrate
that retrieval-based approaches remain competitive
in answer accuracy when relevant resources can
be ingested, underscoring that query-first execution
is not a universal replacement for retrieval-based
QA.

These findings show that mapping natural lan-
guage questions to executable FHIRPath logic
remains challenging for pretrained LLMs. How-
ever, SFT on question–query pairs substantially im-
proves performance and enables generalization to
novel paraphrases and previously unseen question
compositions over known FHIR resource types.

Importantly, these results reveal a fundamental
tension in patient-facing question answering. While
fine-tuning improves executable query synthesis,
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patient-perspective questions — characterized by
greater lexical diversity and semantic ambiguity —
impose a natural performance ceiling. Even when
models learn FHIRPath syntax, resolving layper-
son intent into precise clinical constructs remains
difficult. This suggests that patient-facing QA may
require mechanisms beyond single-turn query gen-
eration, such as clarification strategies or schema-
aware grounding, to bridge the semantic gap be-
tween informal language and structured EHR rep-
resentations.

By exposing executable query logic over real
FHIR data and highlighting the linguistic challenges
inherent in patient language, FHIRPath-QA estab-
lishes a foundation for safer, more transparent, and
more interoperable patient-facing clinical QA sys-
tems.
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8. Limitations

This dataset is constructed from MIMIC-IV on FHIR
Demo and primarily reflects ICU and in-patient care
from a single institution, which may limit general-
izability to other clinical settings. Although patient-
oriented paraphrases are included, questions are
synthetically generated from templates and may
not fully capture the variability and scope of real
patient-authored queries. The scope of FHIRPath-
QA is restricted to factual, record-grounded ques-
tions that can be answered deterministically from
structured FHIR resources; interpretive or explana-
tory clinical questions are out of scope. Finally, SFT
experiments cover a limited set of resource types,
and reduced performance on unseen resources
suggests potential over-specialization.
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A. Additional Tables

A.1. Comprehensive Performance
Results

See Table A1.

A.2. Comprehensive Usage Results
See Table A2.

A.3. FHIRPath Query Match Rates
See Table A3.

B. Additional Figures

B.1. Token Usage by Patient EHR Size
See Figure B1.
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Figure B1: Patient record size vs token usage (log
scale) using (o4-mini). The upper bound on tokens
used in the retrieval-first approach scales linearly
with the patient EHR size, whereas query-first re-
mains constant. Retrieval tokens corresponds to
total tokens or attempted tokens if the context length
limit was exceeded.

B.2. Paraphrase Statistics
See Figure B2.

C. Error Analysis Examples

C.1. Example 1
Model: query_gen-4.1-nano_100
Question: until last year, for patient 10003400,
what was the last time a medication was prescribed
using the IV route?
Context: Assume current datetime is 2137-09-
02T19:17:11
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationRequest’anddosageInstruction.route.c

oding.code=’IV’andauthoredOn.toDateTime()<=@2136
-12-31T19:17:11.000Z).sort(authoredOn).last().authore
dOn.toDateTime()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationRequest’anddosageInstruction.rout
e.coding.code=’IV’andauthoredOn.toDateTime()<=@2
137-12-31T19:17:11.000Z).sort(authoredOn).last().aut
horedOn.toDateTime()
true_answer: 2136-12-14T08:52:22-05:00
model_answer: 2137-09-02T13:45:41-04:00
Analysis: The model used the incorrect date in the
generated query despite having an exact match
otherwise.

C.2. Example 2
Model: query_gen-4o-mini_100
Question: Can you tell me what the last careunit
was until 2144?
Context: Assume current datetime is 2145-01-
03T20:33:00
true_query: Bundle.entry.resource.where(resourceT
ype=’Encounter’andselect((period.start|period.end).sor
t().first().toDateTime())<=@2144-12-31T05:02:42.000Z
).sort(period.start).last().location.sort(period.start).last()
.location.resolve().name
model_query:Bundle.entry.resource.where(resource
Type=’Location’andname.exists()andperiod.start.toDat
eTime()<=@2144-12-31T23:25:29.000Z).sort(period.st
art).last().name
true_answer: Cardiac Vascular Intensive Care
Unit (CVICU)
model_answer: []
Analysis: The generated query does not demon-
strate knowledge about the structure of a Location
or Encounter resource. Location resources contain
no temporal information; they are linked to Encoun-
ters which contain visit information including the
time period.

C.3. Example 3
Model: query_gen-4.1-mini_100
Question: I’d like to know the number of times I
took Potassium Chloride until 20/05/2187.
Context: Assume current datetime is 2187-05-
23T17:20:00
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationAdministration’andcontext.resolve().id
entifier.system=’http://fhir.mimic.mit.edu/identifier/enco
unter-icu’andmedicationCodeableConcept.coding.displ
ay=’PotassiumChloride’andselect((effectiveDateTime|e
ffectivePeriod.start).sort().first().toDateTime())<=@218
7-05-20T18:21:11.000Z).count()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationRequest’and(medicationReference.
resolve().identifier.where(value=’PotassiumChloride’).e
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Model Base/FT Accuracy Failure Rate Acc. Excl. Failures
Clinical Patient Clinical Patient Clinical Patient

a) Retrieval
4.1-mini Base 0.42 0.41 0.17 0.14 0.50 0.48
4o-mini Base 0.24 0.15 0.46 0.40 0.45 0.25
o4-mini Base 0.33 0.33 0.36 0.34 0.51 0.49
b) Query-first
4.1-mini Base 0.25 0.27 0.15 0.23 0.29 0.35
4.1-mini FT-10 0.68 0.61 0.02 0.10 0.69 0.67
4.1-mini FT-30 0.72 0.64 0.01 0.09 0.73 0.70
4.1-mini FT-100 0.73 0.66 0.01 0.09 0.74 0.73
4o-mini Base 0.25 0.28 0.02 0.09 0.26 0.31
4o-mini FT-10 0.70 0.62 0.01 0.09 0.70 0.68
4o-mini FT-30 0.70 0.63 0.02 0.09 0.71 0.69
4o-mini FT-100 0.73 0.66 0.01 0.09 0.74 0.73
4.1-nano Base 0.02 0.07 0.22 0.29 0.02 0.09
4.1-nano FT-10 0.59 0.49 0.04 0.11 0.61 0.55
4.1-nano FT-30 0.68 0.54 0.04 0.11 0.71 0.61
4.1-nano FT-100 0.67 0.57 0.01 0.11 0.68 0.63
o4-mini Base 0.35 0.38 0.09 0.15 0.39 0.45

Table A1: Comprehensive experimental results of retrieval and query-first strategies across clinical and
patient perspectives for all models evaluated on the test split. FT-X indicates the fine-tuning dataset
included X patients.

Model Base/FT Token Usage
Tokens / Question STD

a) Retrieval
4.1-mini Base 577,281 1,889,508
4o-mini Base 737,846 1,992,794
o4-mini Base 629,839 1,926,723
b) Query-first
4.1-mini Base 697 24
4.1-mini FT-10 704 25
4.1-mini FT-30 704 25
4.1-mini FT-100 703 25
4o-mini Base 692 18
4o-mini FT-10 703 25
4o-mini FT-30 704 25
4o-mini FT-100 703 25
4.1-nano Base 684 19
4.1-nano FT-10 703 25
4.1-nano FT-30 703 25
4.1-nano FT-100 702 23
o4-mini Base 1,609 420

Table A2: Token consumption per question on the test split across retrieval and query-first strategies for
all models evaluated. FT-X indicates the fine-tuning dataset included X patients.

xists()ormedicationCodeableConcept.coding.code=’Po
tassiumChloride’)andauthoredOn.toDateTime()<=@21
87-05-20T19:10:10.000Z).count()
true_answer: 1
model_answer: 0
Analysis: The patient-paraphrased question con-
tains ambiguity in the phrase "I took Potassium
Chloride". The incorrectly assumes Potassium
Chloride was a prescription, but it was intended to

be a question about drug intake while an in-patient.
The clinician-paraphrased question would clearly
specify if the drug was ’prescribed’ or ’administered’.
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Model (Train Size) Query Match Rate Query Match Rate with Masked Numeric Quantities
4.1-mini (Base) 0.01 0.01
4.1-mini (10) 0.31 0.58
4.1-mini (30) 0.35 0.63
4.1-mini (100) 0.34 0.63
4.1-nano (Base) 0.00 0.01
4.1-nano (10) 0.07 0.39
4.1-nano (30) 0.14 0.44
4.1-nano (100) 0.16 0.43
4o-mini (Base) 0.03 0.05
4o-mini (10) 0.24 0.58
4o-mini (30) 0.33 0.63
4o-mini (100) 0.35 0.64
o4-mini (Base) 0.03 0.03

Table A3: The query match rate with masked numeric quantities consistently increased after fine-tuning,
demonstrating that a high number of query inaccuracies were due to incorrect date filtering in otherwise
correct queries. This metric was computed by masking all numeric substrings (i.e. dates, patient ids,
dose quantities) in the generated and ground truth query before comparing strings.

Figure B2: Histograms of a) the minimum normalized Levenshtein distance between paraphrase and
each other paraphrase of the same question template and b) the semantic similarity of paraphrase to
original question template by perspective.

C.4. Example 4

Model: query_gen-4.1-mini_100
Question: I need to know how many medications
were issued to me until 4 months ago.
Context: Assume current datetime is 2151-01-
15T23:17:00
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationRequest’andauthoredOn.toDateTime()
<=@2150-09-30T23:17:00.000Z).select(medicationRef
erence.resolve()|medicationCodeableConcept).distinct
().count()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationRequest’andauthoredOn.toDateTim
e()<=@2150-09-30T23:17:00.000Z).count()
true_answer: 258
model_answer: 1442
Analysis: The generated query counts the total
number of prescriptions instead of counting distinct
medication types as the question required. The
result is a partially correct query.

C.5. Example 5

Model: query_gen-4o-mini_base
Question: Which microbiology test did patient
10003046 undergo last since 14 months ago?
Context: Assume current datetime is 2154-01-
09T11:53:00
true_query: Bundle.entry.resource.where(resourceTy
pe=’Observation’andcode.coding.system=’http://fhir.mi
mic.mit.edu/CodeSystem/microbiology-test’andeffectiv
eDateTime.toDateTime()>=@2152-11-01T11:53:00.00
0Z).sort(effectiveDateTime).last().code.coding.display
model_query: Bundle.entry.resource.where(resourc
eType=’Observation’andcode.coding.display=’Microbio
logy’andeffectiveDateTime.toDateTime()>=@2152-11-
01T11:53:00.000Z).sort(effectiveDateTime).last().code.
coding.display
true_answer: C. difficile PCR
model_answer: ""
Analysis: The generated query fails to specify a mi-
crobiology test code system. It incorrectly applies
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a generic display filter that does not exist, missing
the required microbiology result. Apart from this
filter clause, the query is correct.

C.6. Example 6
Model: query_gen-4.1-mini_base
Question: Provide the number of Condom Cath
outputs associated with patient 10035631 since 10
years ago
Context: Assume current datetime is 2116-03-
12T07:45:00
true_query: Bundle.entry.resource.where(resourceT
ype=’Observation’andcode.coding.display=’CondomC
ath’andeffectiveDateTime.toDateTime()>=@2106-01-0
1T07:45:00.000Z).count()
model_query: Bundle.entry.resource.where(resourc
eType=’Observation’andcode.coding.display=’Condom
Cath’andeffectiveDateTime.toDateTime()>=@2106-03-
12T07:45:00.000Z).count()
true_answer: 1
model_answer: 1
Analysis: The generated query uses the incorrect
date component, making the correct evaluated an-
swer coincidental.

C.7. Example 7
Model: query_gen-o4-mini_base
Question: How many times was patient 10000032
given Sodium Polystyrene Sulfonate until 2180?
Context: Assume current datetime is 2180-08-
10T22:48:00
true_query: Bundle.entry.resource.where(resourceT
ype=’MedicationRequest’and(medicationReference.res
olve().identifier.where(value=’SodiumPolystyreneSulfo
nate’).exists()ormedicationCodeableConcept.coding.co
de=’SodiumPolystyreneSulfonate’)andauthoredOn.toD
ateTime()<=@2180-12-31T22:18:53.000Z).count()
model_query: Bundle.entry.resource.where(resourc
eType=’MedicationAdministration’andmedicationCode
ableConcept.coding.display=’SodiumPolystyreneSulfo
nate’andeffectiveDateTime.toDateTime()<=@2180-12-
31T22:48:00.000Z).count()
true_answer: 4
model_answer: 0
Analysis: The generated query has no correct
components. Likely stemming from ambiguity
in the question with the phrase "given Sodium
Polystyrene Sulfonate", the model assumes this
to be a drug administered in a hospital context.
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