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Abstract
Patient portal messages often embed clini-
cal questions inside long, emotionally nu-
anced narratives, requiring clinicians to infer
the underlying information need. We study
the task of rewriting verbose patient-authored
narratives into concise, clinician-interpreted
questions framed as if querying an electronic
health record (EHR) system. We evaluate a
lightweight LLM-based rewrite pipeline that
constrains outputs to 10–15 words and uses
rule-based validation with regeneration. We
test the approach on 140 distinct patient ques-
tions drawn from the ArchEHR-QA dataset
and shared task. Each system output is
double-annotated by two annotators for qual-
ity (Good/Ok/Bad) and error types (Generic,
Malformed, Tangential, Hallucination). Re-
sults show that while models follow output
constraints, they often produce overly generic
or tangential questions, and occasional halluci-
nations introduce unsupported clinical details.
Across both clinician-question and patient-
narrative comparison settings, automatic met-
rics show substantial overlap across human
quality labels; in pairwise meta-evaluation,
BERTScore is the strongest proxy for human
preferences. We release our code and annota-
tions to support future work1.

1 Introduction

Patients frequently contact healthcare teams via pa-
tient portals with questions about tests, diagnoses,
and care plans (Tai-Seale et al., 2017). In prac-
tice, these questions are often embedded in lengthy
narratives with extraneous detail, uncertainty, and
emotion (Table 1), forcing clinicians to “read be-
tween the lines” to determine what the patient is ac-
tually asking (Dymek et al., 2021; Yan et al., 2021).
Translating patient-authored narratives into con-
cise clinician-interpreted questions is key for down-
stream systems: it clarifies the clinical information

1https://github.com/soni-sarvesh/
patient-question-reformulation

Patient Question: Hi I ... started shaking ... woken up ...
confused ... been told that there is a shadow on my brain ...

Clinician-interpreted Question: What caused the patient’s
confusion and short-term memory loss?

Output #1 (Quality: Ok; Error: Generic): What are possible
causes of a brain shadow after seizure activity?

Output #2 (Quality: Bad; Error: Hallucination): What is
the likely cause of the new cerebral lesion on imaging?

Table 1: Abbreviated example of question reformulation
and human evaluation; full version in Appendix Table 5.

needs, enables targeted retrieval of supporting elec-
tronic health record (EHR) evidence, and reduces
the risk that automated assistance addresses the
wrong intent. We view this reformulation as an
auxiliary representation that complements, rather
than replaces, the original patient message.

Prior work on medical question summarization
targets generic consumer health queries answer-
able from general medical knowledge (Yadav et al.,
2022). In contrast, answers to patients’ EHR-
related questions depend on hospitalization records.
Therefore, reformulation must (i) remain faithful to
patient intent, (ii) support patient-record retrieval,
and (iii) avoid medical details not supported by the
message. Moreover, existing methods rarely model
patient-to-clinician perspective shift. Prior natural
language processing work on portal messages has
emphasized triage or generic response generation
(Anderson et al., 2025; Biro et al., 2025); how-
ever, reformulating EHR-grounded patient narra-
tives into clinician-style questions is underexplored.
We make three contributions:

1. We present a simple large language model
(LLM)-based system with constrained output,
rule-based validation, and regeneration for
patient-to-clinician question reformulation.

2. We conduct double-annotated human evalu-
ation of LLM outputs, rating quality (good,
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ok, or bad) and categorizing errors (generic,
malformed, tangential, hallucination).

3. We analyze automatic metrics in two compar-
ison settings (against the reference clinician
question and the patient-authored narrative)
and meta-evaluate which metrics best track
human preferences for model comparison.

2 Related Work

Medical question summarization. Generating
clinician-interpreted questions from patient narra-
tives is question summarization, which is widely
studied for consumer health questions answer-
able from general medical knowledge rather than
patient-specific records (Ben Abacha et al., 2021).

EHR question answering (QA) and informa-
tion retrieval (IR). Most clinical QA and IR
work focuses on clinician-authored questions over
EHR content (Bardhan et al., 2024; Sivarajkumar
et al., 2024). Differently, ArchEHR-QA (Soni and
Demner-Fushman, 2026a) is a publicly available
resource that pairs patient-authored narratives with
clinician-interpreted questions and annotated EHR
evidence for patient-specific QA. We build on this
line of work by isolating the upstream reformula-
tion step, focusing on translating patient language
into a clinician-formulated query suitable for down-
stream retrieval and grounding.

Patient portal messaging. Prior work on patient
portal messages has emphasized message classi-
fication and triage to reduce clinician burden and
improve routing (Tafti et al., 2019; Ren et al., 2023;
Anderson et al., 2025). More recently, large lan-
guage models (LLMs) have been integrated for
drafting responses to patient messages, raising both
efficiency opportunities and safety concerns (Chen
et al., 2024; Garcia et al., 2024; Biro et al., 2025).
Clinician question reformulation is complementary:
by surfacing the inferred clinical information need,
it can support safer downstream retrieval of patient-
specific evidence and grounded response drafting.

3 Methods

3.1 Data

We use patient-authored questions and correspond-
ing clinician-interpreted questions from ArchEHR-
QA (Soni and Demner-Fushman, 2026a), which
links questions from public health forums about re-
cent hospitalizations to de-identified clinical notes

from MIMIC (Johnson et al., 2016, 2023). To
preserve clinical fidelity, the clinical notes are
unedited; the patient questions are minimally edited
to match surface details in the associated note (e.g.,
pronoun changes such as “he” to “she”). In total,
we evaluate on 140 distinct patient questions. This
set combines the 108 unique questions in the orig-
inal ArchEHR-QA release (134 question–note in-
stances before deduplication) with 32 additional
questions from the ArchEHR-QA 2026 Shared
Task data (Soni and Demner-Fushman, 2026b).

3.2 Model

We use a simple LLM-based generation approach
with rule-based validation. Given a patient-
authored narrative, an instruction-tuned LLM is
prompted to produce a concise clinician-interpreted
question that captures inferred clinical intent and
is suitable for downstream EHR-oriented use. The
prompt constrains the output to a single 10–15-
word clinician question to promote uniformity (Ta-
ble 4). Validation uses deterministic string pro-
cessing to extract the clinician question from the
prompted markdown format and verify that exactly
one non-empty question is present. If extraction
fails (i.e., the generated output does not conform to
the prompted format), the same prompt is reused
for up to five attempts; the first generation that
passes the format check is retained. In our runs,
every retained output passed validation within five
attempts. This rule-based check only enforces out-
put format, not the 10–15-word length; the length
constraint is specified in the prompt and influences
generation, but is not strictly enforced post-hoc.
Beyond this, we do not use retrieval, external med-
ical knowledge, or hand-crafted rewriting rules.
We evaluate two open-weight LLMs with differ-
ent parameter scales: Llama 3.1 8B and 3.3 70B
(Grattafiori et al., 2024); decoding and inference
settings are reported in Appendix A.1.

3.3 Evaluation

Manual evaluation. Three annotators with clini-
cal/biomedical expertise (an MD, a clinical infor-
maticist, and a biomedical researcher) evaluated
model outputs for Quality (Good: faithful and spe-
cific; Ok: usable but imperfect; Bad: unusable) and
assigned Error labels as needed. We used four non-
mutually-exclusive error categories: Generic (too
general), Malformed (ill-formed), Tangential (not
focused on the core patient intent), and Hallucina-
tion (unsupported details). Annotators could view
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3-class Binary
Good / Ok / Bad {Good, Ok} / Bad

Po κ Po κ

36.8% 0.162 71.1% 0.234

Table 2: Inter-rater agreement on Quality annotations for
3-class (Good/Ok/Bad) and a binary recoding (Accept-
able/Bad). Exact match Po and Cohen’s κ are reported.
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Figure 1: Pairwise agreement/disagreement matrix for
Quality ratings between annotators (N = 280). Diag-
onal cells show agreement counts; off-diagonal cells
show disagreement counts for each label pair.

the reference clinician question, but overlap with
the reference was not a rating criterion, since multi-
ple reformulations could be valid; annotators were
blinded to model identity. All 280 outputs (140
cases×2 models) were double-annotated. For the
first 50 cases (100 outputs), annotators discussed
disagreements to calibrate guideline interpretation,
but did not revise labels for subjective disagree-
ments; the remaining cases were annotated inde-
pendently, and we retain both labels without adju-
dicating subjective disagreements.

Automated evaluation. We compute ROUGE-
L (Lin, 2004), BERTScore (Zhang et al., 2019),
Medcon (Yim et al., 2023), and AlignScore (Zha
et al., 2023) between each generated question and
two comparison texts: the reference clinician ques-
tion and the patient-authored narrative. These met-
rics capture lexical overlap (ROUGE), embedding
similarity (BERTScore), clinical concept overlap
(Medcon), and factual consistency (AlignScore).

4 Results and Discussion

The average lengths of the patient narratives and
reference clinician-interpreted questions are 100.4
and 11.9 words, respectively. The Llama 8B and

Set-level (multi-label) agreement
Metric Score

Mean Jaccard similarity 0.283
Exact match rate (%) 19.3

Per-error-type agreement
Label Po(%) κ

Generic 45.7 −0.086
Malformed 93.2 0.629
Tangential 60.7 0.070
Hallucination 84.6 0.230

Table 3: Inter-rater agreement for Error annotations.
Set-level agreement for multi-label error sets uses mean
Jaccard similarity and exact match; per-error-type agree-
ment reports percent agreement Po and Cohen’s κ.

70B models generated questions averaging 15.5
and 11.5 words, respectively. Since the 10–15-
word constraint is conveyed via the prompt but not
enforced by validation, these averages reflect how
closely each model follows the prompted length
instruction. The 70B model adheres tightly to the
prompted range: 95% of its outputs fall within
10–15 words (with the remaining 5% slightly un-
der 10). The 8B model follows the lower bound
reliably (100% of outputs are at least 10 words)
but frequently exceeds the upper bound, with only
48.6% of outputs in the 10–15 range.

Inter-rater Agreement. On Quality, annotators
agreed on 36.8% of instances, increasing up to
71.1% with binary recoding (Table 2). This is con-
sistent with a subjective boundary between Good
and Ok and with the difficulty of judging adequacy;
Figure 1 shows the distribution of disagreements,
and Cohen’s κ indicates slight agreement.

For Error labels, set-level agreement is moderate
with the mean Jaccard similarity of 0.283, while
the exact match is 19.3% (Table 3). Per-label agree-
ment varies widely: Malformed errors are easiest
to identify with a percent agreement (Po) of 93.2%,
whereas Generic is hardest (Po = 45.7%), likely
because judgments about whether a reformulation
is overly broad or insufficiently specific are more
subjective than judgments about surface forms.

Inter-rater variability is also common in clinical
interpretation itself, where specialists may legit-
imately disagree (Novack et al., 2006). Related
open-ended biomedical annotation tasks, including
Medical Subject Headings (MeSH) indexing and
evaluation of generated clinical notes, also report
modest inter-rater agreement (Fernandez-Llimos,
2025; Moramarco et al., 2022). We therefore pre-
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Figure 2: Human judgments of Quality and Error for
questions generated by Llama 8B and 70B models.

serve these annotations as complementary annota-
tor judgments rather than as a single gold label.

Human ratings. Figure 2 summarizes Quality
and Error judgments for both models. Overall,
the 70B model produces fewer Bad outputs, but
many generations remain Ok, reflecting that par-
tially correct intent capture may still be too generic
or miss patient-specific nuance. Both models ex-
hibit substantial Generic and Tangential errors; the
8B model shows a higher fraction of Hallucina-
tion-labeled errors, while the 70B model shows
relatively more Malformed-labeled errors.

Error co-occurrence. Figure 3 characterizes er-
ror frequency and co-occurrence across annotated
Error label instances (error categories are non-
mutually exclusive). Generic is the dominant fail-
ure mode (236 instances), followed by Tangential
(146), with Hallucination (61) and Malformed (57)
occurring less frequently. Generic frequently co-
occurs with Tangential (66 instances), suggesting
that a model latches onto a peripheral detail and
produces a broad question about it rather than the
most clinically relevant information need.

Hallucinations are less common but clinically
important. As shown in Table 1, hallucinations can
introduce unsupported details (e.g., assuming a “le-
sion” when the patient only mentions a “shadow”),
which would misdirect downstream EHR retrieval
and response drafting. Hallucination co-occurs
more often with Generic (22) or Tangential (15)
than with Malformed (3), suggesting that halluci-
nations are often fluent and well-formed, making
them harder to detect using format checks alone.
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Figure 3: Error-label co-occurrence matrix computed
over all annotator-output instances (no adjudication). Di-
agonal: count of each error label; off-diagonal: within-
instance co-selections of error pairs.

Automatic metrics and human quality judg-
ments. ROUGE, BERTScore, Medcon, and
AlignScore stratified by human Quality labels are
shown in Appendix Figures 4 and 5. When com-
puted against the reference clinician question, auto-
matic metrics align only weakly with human Qual-
ity ratings. BERTScore shows the clearest upward
shift for both 8B and 70B models (higher median
for Good than Bad/Ok). ROUGE and AlignScore
show heavy overlap across Bad/Ok/Good, and the
median scores for Good are not consistently higher
than those for Ok or Bad. Medcon is largely zero-
dominated with high variance and overlap across
quality levels, consistent with sparse concept over-
lap when only a single reference clinician ques-
tion is available and when acceptable reformula-
tions may use different clinically meaningful terms.
Thus, automated metrics may flag very low-scoring
outliers but do not reliably distinguish reformula-
tions with different Quality labels and may miss
clinically consequential errors (e.g., fluent halluci-
nations), reinforcing the need for expert evaluation
and richer multi-reference benchmarks. Using the
patient-authored narrative instead yields the same
broad conclusion: metric score distributions still
overlap substantially across quality labels. How-
ever, the clinician-question setting appears some-
what more informative overall, most clearly for
BERTScore, while differences for the other metrics
are smaller or less consistent.

Automatic metrics and human pairwise pref-
erences. We meta-evaluate automatic metrics
against human pairwise preferences, following
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prior work (Freitag et al., 2024), on the subset of
cases where the two systems received different hu-
man quality ratings (Appendix Table 6). When
computed against the reference clinician question,
BERTScore achieves the highest overall pairwise
accuracy (PA; 61.0%) and is the best metric in
each quality-pair bucket, whereas ROUGE-L and
AlignScore remain below 50% PA overall. When
computed against the patient narrative, BERTScore
still ranks first (52.0%), but the gap to ROUGE-L
and AlignScore narrows (both 48.0%). Medcon re-
mains weaker, though its PA increases from 26.8%
with clinician questions to 40.7% with patient nar-
ratives. Overall, BERTScore is the strongest proxy
for human preferences in our setting.

5 Conclusion

In a simple LLM-based constrained generation ap-
proach to translating verbose patient-authored nar-
ratives into concise clinician-interpreted questions,
with outputs assessed through double-annotated hu-
man evaluation, we found that fluent rewrites are
often generic or tangential, and occasional halluci-
nations introduce unsupported clinical details. Au-
tomatic metrics do not cleanly separate more useful
reformulations from less useful ones; in pairwise
meta-evaluation, BERTScore provides the most
informative signal for relative model comparison
among the metrics we tested.

Limitations

First, clinician interpretation of a patient narra-
tive is inherently subjective, and we do not ad-
judicate disagreements; instead, we retain multi-
annotator labels. While this better reflects varia-
tion in clinician reasoning, it complicates learning
and evaluation with a single “gold” label. Second,
each instance currently provides only one reference
clinician-interpreted question, even though multi-
ple rewrites may be equally acceptable. This is mit-
igated by the judgments on the generated questions
that could now be used as paraphrases in future
evaluations. Third, we evaluate two open-weight
models from a single family (Meta Llama 3.1 8B
and 3.3 70B). This is a deliberate scope choice:
the paper’s contribution is a characterization of re-
formulation error modes and a meta-evaluation of
automatic metrics, rather than a leaderboard-style
model comparison. The specific error rates and
metric rankings may not transfer to other open-
weight, proprietary, or clinically adapted LLMs.

Fourth, the 10–15-word output constraint was cho-
sen to promote uniformity and to discourage mod-
els from echoing patient narrative verbatim, but
it can force compression of multi-part patient con-
cerns into a single question. The reference clinician
questions in ArchEHR-QA average 11.9 words,
and themselves often collapse compound concerns;
we did not separately quantify how often impor-
tant nuance is lost by the constraint. Relaxing
or removing the length cap, or allowing multiple
sub-questions, is worth exploring in future work.
Fifth, the evaluation set contains 140 patient cases,
so small between-model differences should not be
over-interpreted. Sixth, we report one final valid
generation per model–instance pair under a fixed
prompting and decoding setup. The pipeline is in-
tentionally simple and is not tuned to maximize
task performance through extensive prompt engi-
neering, retrieval augmentation, or model adapta-
tion. Stronger systems or averaged multi-sample
evaluations could change the absolute performance
levels and possibly the relative behavior of the au-
tomatic metrics. Finally, our evaluation isolates
the reformulation step and does not measure down-
stream effects such as evidence retrieval or answer
grounding; assessing these is a natural next step.

Ethical considerations

This work uses a publicly available, de-identified
dataset and releases additional annotations for re-
search. Nevertheless, the task involves clinical
language and could be misused if deployed without
oversight. In particular, hallucinated clinician ques-
tions could misdirect evidence retrieval or clinical
reasoning. We position our work as a benchmark
and analysis of failure modes, and any real-world
deployment should include clinician-in-the-loop re-
view, monitoring for hallucinations, and safeguards
against inappropriate clinical decision-making.
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A Implementation Details

This section reports decoding settings and the com-
plete generation prompt.

You are provided with a patient question under [PATIENT
NARRATIVE].

[PATIENT NARRATIVE]:

{...}

Your task is to generate a clear and concise clinician question
that a clinician would interpret from the patient narrative.
Assume that the clinician is asking this question to a smart
electronic health record system to help themselves in
formulating a response to the patient. Restrict the length of
the clinician question between 10 to 15 words.

Format instructions: Output your response in a markdown
format, containing only the clinician question. For example:

```clinician-question
This is a clinician-version of the patient question.
```

Table 4: Complete prompt used to automatically gener-
ate the clinician-interpreted questions.

A.1 Hyperparameters

We use fixed decoding parameters for all
runs (HuggingFace Transformers text-generation
pipeline): do_sample=True, temperature=0.9, top-
p=0.6, top-k=50, repetition_penalty=1.05, and
max_new_tokens=512; we do not perform hyper-
parameter search. For each model and patient nar-
rative, we generate a single final clinician question
(with up to five retries only when the output fails
format/length validation); we do not sample mul-
tiple valid generations or average across random
seeds.

A.2 Prompt

Table 4 gives the complete prompt used to generate
clinician-interpreted questions.

B Supplementary Example

Table 5 provides the full version of the abbreviated
example in Table 1.

C Supplementary Analyses

This section provides supplementary figures, tables,
and analyses that complement the results in the
main text.

C.1 Quality-rating disagreements

Figure 1 shows that disagreements were mostly
between adjacent labels (Good vs. Ok: 96; Bad vs.
Ok: 43) rather than the extremes (Good vs. Bad:
38), supporting the use of multi-annotator labels
rather than a single adjudicated “gold” label.
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Patient Question: Hi I was in hospital in a critical care
unit after having a fit and started shaking on one side of my
body. I spaced out. I have woken up but I am confused, I
don’t remember what happened. I have been told that there
is a shadow on my brain what could this be

Clinician-interpreted Question: What caused the pa-
tient’s confusion and short-term memory loss?

System Response #1: What are possible causes of a brain
shadow after seizure activity?

Quality: Ok | Error: Generic
Reason: Generated question is general.

System Response #2: What is the likely cause of the new
cerebral lesion on imaging?

Quality: Bad | Error: Hallucination
Reason: Patient question does not mention a lesion.

Table 5: Complete example of patient-to-clinician ques-
tion reformulation and human evaluation of model out-
puts.

C.2 Automatic metric distributions
Figures 4 and 5 show distributions of ROUGE-L,
BERTScore, Medcon, and AlignScore stratified by
human Quality labels, computed against the refer-
ence clinician-authored question and the patient-
authored narrative, respectively.

C.3 Pairwise metric meta-evaluation
Table 6 reports pairwise accuracy results for au-
tomatic metrics against human preferences under
both comparison settings.

Additional observations. Table 6 also shows a
few additional trends. In the clinician question
setting, Medcon yields ties for more than half of
the comparisons (72/123), although its accuracy
rises to 64.7% when ties are excluded. These ties
likely reflect Medcon’s frequent zero scores, since
the compared texts are short and often share few or
no clinical entities. In the patient narrative setting,
Medcon still produces many ties (27/123), although
fewer than in the clinician question setting. We also
observe greater asymmetry by the human-preferred
system in the patient narrative setting, suggesting
that some metrics are more sensitive to cases where
the 70B output is preferred than to cases favoring
the 8B output.
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Figure 4: Distributions of automated metric scores computed between each system-generated question and the
reference clinician-authored question, stratified by human Quality label, for outputs from Llama 8B and 70B.

Figure 5: Distributions of automated metric scores computed between each system-generated question and the
original patient-authored narrative, stratified by human Quality label, for outputs from Llama 8B and 70B.

Overall PA by human winner PA by quality pair

Metric PA Ties PA w/o ties 8B 70B good/bad good/ok ok/bad
N=123 N=123 N=123 − ties N=66 N=57 N=28 N=58 N=37

Using Clinician Question
ROUGE-L 49.6 2 50.4 51.5 47.4 60.7 44.8 48.6
BERTScore 61.0 0 61.0 63.6 57.9 71.4 56.9 59.5
Medcon 26.8 72 64.7 25.8 28.1 21.4 34.5 18.9
AlignScore 48.0 0 48.0 48.5 47.4 60.7 43.1 45.9

Using Patient Narrative
ROUGE-L 48.0 4 49.6 43.9 52.6 53.6 43.1 51.4
BERTScore 52.0 0 52.0 39.4 66.7 53.6 44.8 62.2
Medcon 40.7 27 52.1 30.3 52.6 42.9 37.9 43.2
AlignScore 48.0 0 48.0 36.4 61.4 39.3 44.8 59.5

Table 6: Meta-evaluation of automatic metrics against human pairwise preferences on a subset of cases where
the two models received different human quality ratings. PA denotes pairwise accuracy. All entries except Ties
are percentages (%); denominators are shown below the column headers. PA treats metric ties as disagreements,
whereas PA w/o ties is computed on the non-tied subset only. Columns 8B and 70B report PA conditioned on which
system the human preferred, and columns good/bad, good/ok, and ok/bad report PA within each human quality-pair
bucket. Bold indicates the highest overall PA within each setting.
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