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Abstract

Large language models (LLMs) show promise
in drafting responses to patient portal messages,
yet their integration into clinical workflows
raises various concerns, including whether they
would actually save clinicians time and effort
in their portal workload. We investigate LLM
alignment with individual clinicians through a
comprehensive evaluation of the patient mes-
sage response drafting task. We develop a
novel taxonomy of thematic elements in clin-
ician responses and propose a novel evalua-
tion framework for assessing clinician editing
load of LLM-drafted responses at both con-
tent and theme levels. We release an expert-
annotated dataset and conduct large-scale eval-
uations of local and commercial LLMs using
various adaptation techniques including the-
matic prompting, retrieval-augmented gener-
ation, supervised fine-tuning, and direct pref-
erence optimization. Our results reveal sub-
stantial epistemic uncertainty in aligning LLM
drafts with clinician responses. While LLMs
demonstrate capability in drafting certain the-
matic elements, they struggle with clinician-
aligned generation in other themes, particularly
question asking to elicit further information
from patients. Theme-driven adaptation strate-
gies yield improvements across most themes.
Our findings underscore the necessity of adapt-
ing LLMs to individual clinician preferences to
enable reliable and responsible use in patient-
clinician communication workflows.

1 Introduction

The use of large language models (LLMs) to draft
messages in asynchronous communication plat-
forms, such as email and online portals, has rapidly
gained momentum (Jovic and Mnasri, 2024; Bach
et al., 2024; Qiao et al., 2025). A particularly high-
stakes setting for this task is patient portal mes-
saging (Hu et al., 2025), in which LLMs might
be integrated into the patient-clinician communica-
tion loop by drafting an initial clinician response to
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Figure 1: Patient message response drafting. LLMs
draft responses to patient messages, then clinicians edit
the draft by deleting and adding content as needed. We
evaluate content-level and theme-level alignment be-
tween clinicians and LLMs.

an incoming patient message, which the clinician
would then edit and send to the patient. Figure 1
shows an example of this multimodal task: generat-
ing a response draft to a patient-initiated message,
given the message and a summary of the patient’s
relevant electronic health record (EHR) consisting
of text, tabular, and timeseries data. Responding
to patient portal messages places a heavy burden
on clinicians due to increasing use of the patient
portal and significant clinical workforce constraints
(Budd, 2023; Underdahl et al., 2024; Martinez et al.,
2023; Gatto et al., 2026; Yan et al., 2021). As such,
there is growing interest in developing Al-mediated
support for improving efficiency and engagement
in portal messaging (Gatto et al., 2022, 2025, 2026;
Biro et al., 2025). Thus, patient portals serve as a
compelling use case for evaluating LL.M-drafted
responses in high-stakes asynchronous messaging.

Prior work has gathered clinician feedback on
LLM response drafts to patient portal messages
with mixed results. Some studies report that these
responses can be useful (Hu et al., 2025; Garcia
et al., 2024; Bootsma-Robroeks et al., 2025; En-
glish et al., 2024b). However, there is evidence
that LLLM responses often diverge from clinician
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Theme Example Frame

Example Response Element

Empathy

Encouragement of patient treatment effort

You’ve been doing a great job with your tapering.

Symptom Questions

Asking about location of symptoms

Has your pain only been in your lower back?

Medication Questions

Asking about intake of medications

Have you been taking your Amoxicillan regularly?

Medical Assessment Explanation of test result

Your iron levels look normal.

Medical Planning Confirmation of required testing

Let’s get you in for a bloodwork test.

Logistics Confirmation of clinic policy

We can only offer telehealth in the state.

Care Coordination Promise of future patient contact

We’ll reach out after we receive the results.

Contingency Planning ~ Symptom-related backup plan

If you’re feeling dizzy, please call triage

Table 1: Themes derived from clinician responses to patient portal messages, alongside representative frames and
example response elements/utterances. For example, “explanation of test result” is a frame within the medical
assessment theme, and “your iron levels look normal” is a clinician response component that falls under this frame.
In total, we derive 8 clinician response themes comprised of 67 unique frames (examples in supplemental materials).

responses in style and content, and lack accuracy
(Hu et al., 2025; Biro et al., 2025; Sharma et al.).

Divergence between LLLM response drafts and
clinician responses could lead to a lack of reliabil-
ity, if LLM response drafts need significant editing,
contributing to clinicians’ workload in responding
to patient messages, or a lack of safety, if unedited
low-quality LLM response draft elements are sent
to the patient. Reliability is important, as clinicians
spending more time editing the drafted response
defeats the purpose of using LLLMs to improve effi-
ciency (Tai-Seale et al., 2024; Bootsma-Robroeks
et al., 2025). Patient safety is also a critical con-
sideration, as LLLM-generated drafts may contain
clinical errors, negatively impact standards of care,
and even lead to liability issues (Biro et al., 2025;
Sharma et al.; Chen et al., 2025).

We investigate LLM-assisted drafting of re-
sponses to asynchronous messages, evaluating
alignment between LLM-generated drafts and re-
sponses written by expert clinicians in the patient
portal setting. Specifically, we aim to explore the
content-level and theme-level alignment between
clinician-written and LLM-generated responses, to
inform responsible use of NLP in patient message
response drafting. We answer three relevant re-
search questions. RQ1: What constitutes a high-
quality clinician response to a patient message?
RQ2: How might we automate evaluation of LLM
response draft quality, with respect to clinician edit-
ing workload? RQ3: How can we adapt LLMs to
support clinicians in generating quality responses
to patient messages?

In answering these research questions, we make
four key contributions. First, we use a clinicians-
in-the-loop, hybrid approach to develop a relevant
set of “themes” and frames to systematically char-
acterize responses to messages. Second, we de-
velop and validate a novel two-level evaluation
framework for assessing editing load given LLM-

drafted responses to messages. Third, we annotate
and release an expert-annotated dataset for evaluat-
ing performance on the message response drafting
task!. Finally, we conduct a rigorous evaluation
of three local and three commercial LLMs on this
task, using five LLM adaptation techniques varying
in degree of supervision, finding that theme-driven
adaptation of LLLMs improves response drafting
performance by 33% over 0-shot models.

2 Data Overview

The patient-clinician conversations used in our ex-
periments are collected from a large academic hos-
pital in the United States (Gatto et al., 2025). These
conversations are sourced from the hospital’s elec-
tronic health record (EHR) portal messaging plat-
form. Patient portal messaging is an asynchronous
healthcare communication service in which pa-
tients and their clinicians discuss a wide variety
of patient health issues, including symptoms, medi-
cation efficacy, treatment planning, scheduling lo-
gistics, and more (North et al., 2019).

We begin with 610k total messages taken from
the secure patient portal between 1/2020 - 9/2024.
Our dataset includes messages from primary care,
and thus includes a wide range of medical topics.
We gather all patient-initiated messages which re-
ceived a written clinician response to create 146k
conversations, i.e. original patient message and
response from a clinician. Our final data pool con-
tains 10,105 unique patients, of which 64% are
female and 36% are male, with ages ranging be-
tween 18-80. Each sample in our data pool consists
of a patient message, a clinician response, and a
summary of the patient’s chart or electronic health
record (EHR) data®>. We utilize 144k conversa-
tions from the data pool as training data, and gather

1https: //huggingface.co/datasets/PortalPal-AI/

Patient-Message-Response-Drafting
2See appendix A for full dataset details
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Dataset Source Response Clinician ct. Size Message Response
IPPM Patient Portal Message + EHR ~ Theme-Guided 4 300 83+54 53432
SyPPM Synthetic Message + EHR Theme-Guided 3 100 11051 70426
SoCPPM | Patient Portal Message + EHR Real-Time 196 300 69+45 55+£78

Table 2: Summary of the three datasets. Patient messages in [PPM and SoCPPM, and EHR summaries for all
datasets are sourced from a real EHR portal. SyPPM messages are semi-synthetic, generated using de-identified real
patient messages for public release. Details on how clinician responses are collected and annotated are in Appendix
G. We include mean +standard deviation of the word count of patient messages and clinician responses.

evaluation datasets from the remaining 2k conver-
sations.

2.1 Thematic Analysis of Responses

We address RQ1 by carefully deriving elements
of high-quality clinician responses to patient mes-
sages. Based on manual thematic analysis of our
real patient-clinician conversations, and research
workshops with a team of 13 expert primary care
physicians, nurses, and triage nurses, we derive
a set of clinically-relevant “themes” which can
be used to characterize the quality of clinician re-
sponses to patient messages (Braun and Clarke,
2006; Sun et al., 2013; TaftiAhmad et al., 2021).
These themes can be found in Table 1. Appendix B
gives full details of our mixed-methods approach
to identify these themes.

2.2 Summary of Evaluation Datasets

Table 2 summarizes our three evaluation datasets.
Here we briefly describe the three datasets derived
from these 2k conversations and share additional
dataset details in Appendix A.2. Each sample in
each dataset is a tuple of strings {m, ¢, 7} consist-
ing of a patient message m, a summary c of the
patient’s EHR chart and a single clinician response
r. The Ideal Patient Portal Messaging (IPPM)
dataset is created to evaluate LLMs in a setting
where clinicians do not face the same resource
constraints as in the real-world, thus responses
are written by a team of paid expert clinicians
who are guided by the themes derived in Section
2.1. The publicly-available Synthetic Patient Portal
Message (SyPPM) contain semi-synthetic patient
portal messages, paired with real de-identified pa-
tient EHR summaries, with responses collected via
the same method as IPPM. The Standards of Care
Patient Portal Messaging (SoCPPM) dataset is cre-
ated to evaluate LLLMs in a practical setting, where
response drafts are compared with a clinician re-
sponse which was sent via the portal in real time,
thus responses are collected via the patient portal.

3 Scalable Evaluation of LLMs

We want to evaluate the reliability of LLM re-
sponses on the response drafting task (RQ2). Our
evaluation seeks to identify: in order to achieve
the same quality of response, 1) how much con-
tent would the clinician need to add to the LLM
draft? and 2) how much content would the clini-
cian need to remove from the LLM draft? Hence,
we use a reference-based approach which directly
compares an LLM draft with a response written by
an expert clinician (Li et al., 2024). Using a refer-
ence response written independently by a clinician
(i.e. without first seeing an LLM response draft)
eliminates the risk of anchoring bias (i.e., the clin-
ician accepting LLM content they wouldn’t have
independently written, thereby shifting standards
of care). Comparing what needs to be removed
from and added to an LLM-drafted response to
achieve an independently expert-written response,
is analogous to measuring 1) recall, i.e. how much
of the expert-written response is covered by the
LLM-drafted response, and 2) precision, i.e. how
much of the LLM-drafted response is matched in
the expert’s response. As our goal is to identify the
editing load of a clinician using a LLM-as-judge
framework, we call this the EditJudge Evalua-
tion Framework (Figure 2). This framework is a
human-AlI collaborative, task-specific, reference-
based, LLM-as-judge evaluation framework (Li
et al., 2025; Bavaresco et al., 2025).

We use two measures of editing load to cap-
ture complementary aspects of alignment between
generated and reference responses. The Content-
Level Edit-F1 score assesses whether a response
drafting LLM reproduces specific clinical facts, in-
structions, or action items present in the reference,
which is critical for safety and correctness. How-
ever, clinically appropriate drafts may vary substan-
tially in wording or level of detail while addressing
the same underlying intent. The Theme-Level Edit-
F1 score captures higher-level alignment by mea-
suring whether the response addresses thematically
similar clinical goals, concerns, and communica-
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Figure 2: The EditJudge Evaluation Framework for evaluating LLM response drafts. The content-level edit-F1
score identifies matching content in the response draft (E M, i.e. true positives), along with expected deletions
(E D, false positives) and expected additions (' A, false negatives) needed in order to align the LLM response draft
with the clinician’s desired response. The theme-level edit score identifies matching themes, serving as a relaxed

evaluation of the theme-level alignment.

tive functions (e.g., reassurance, triage guidance,
or follow-up planning), even when the granular
content differs. Using both metrics distinguishes
incomplete response drafts from those that are se-
mantically (content-level) and thematically aligned
but phrased differently, providing a more reliable
evaluation of response draft quality.

3.1 Content-Level Edit-F1 Score

Given an expert-written clinician response r. and
an LLM response draft r4, the Content-Level Edit-
F1 score aims to identify how many expected ad-
ditions (FA) and expected deletions (E D) are
needed from the clinician, in order to unify r4 with
re. Matching content in the response draft r; is
referred to as an expected match (E M), meaning
we would not expect the clinician to have to rewrite
that content in order to achieve their desired re-
sponse 7., saving the clinician time and achieving
reliability via LLM response drafting.

We give our algorithm for counting EA, ED,
and EM in Algorithm 1 in Appendix C. This al-
gorithm splits an expert-written response 7, into
atomic elements (sentences), then for each element
uses a fine-tuned judge LLM (content-level edit-
Judge) to either identify expected matches £ M in
the response draft r4, or expected additions £ A
to the response draft to achieve that element. The
content-level editJudge takes as input a sentence
from the expert-written response s, and the LLM-
drafted response r4, and outputs either the match-
ing content from the LLM-drafted response s, or
“NO MATCH?” if there is no matching content. Fi-
nally, this algorithm identifies expected deletions
ED in the response draft by quantifying the remain-

ing amount of unmatched content. By treating ex-
pected matches, expected additions, and expected
deletions as true positives, false negatives, and false
positives respectively, we calculate recall, i.e. the
percentage of the expert-written response r, which
does not need to be added to 4, and precision,
i.e. the percentage of the LLM response draft ry
which does not need to be removed. We calculate
the harmonic mean of the content-level recall and
precision scores (i.e. F7) and call this the Content-
Level Edit-F1 score. Assuming additions and dele-
tions are evenly-weighted, Content-Level Edit-F1
gives the expected reduction in editing load for the
clinician by using the LLM response draft.

We evaluate 10 variations of content-level ed-
itJludge models, and select a fine-tuned LLama-
3-8B-Instruct model for use in our experiments
in Section 5. This editJudge model achieves 96%
agreement with expert human annotators, including
92% overlap with expert-annotated matching con-
tent decisions. We discuss data annotation, training,
and evaluation of editJudge models in Appendix C.

3.2 Theme-Level Edit-F1 Score

Given a clinician response r. and an LLM response
draft rg4, the Theme-Level Edit-F1 score aims to
identify the higher-level themes in the clinician
response 7. which are correctly matched by the
themes in the LLM response draft r4. To identify
themes in each response, we develop and evaluate
a theme-level editludge model. Given a sentence
from either the clinician response s, € r or the
LLM drafted response sg4 € 14, the theme-level
editJudge model assigns a theme label /,. Predict-
ing clinician response themes is an 9-class multi-

32623

4



IAA Measure | Emp SymQ MedQ Asse Plan Log Coord Cont
Strict Inclusion | 0.53 0.53 020 0.03 0.00 0.57 000 0.00
Strict Exclusion | 0.00 0.00 0.00 033 093 000 033 047
Strict Agreement | 0.53 0.53 020 036 093 057 033 047

Table 3: Inter-annotator agreement (IAA) measured at the theme-level by identifying cases when all three annotators
either included (strict inclusion) or excluded (strict exclusion) each theme in their response. We find that some
themes are unanimously found in all clinician responses to most (> 50%) patient messages. Interestingly, we also
find that the medical treatment theme is almost never found in any clinician response to most patient messages (<
7%). This speaks to the reluctance of these clinicians to treat patients via the portal, instead favoring information

seeking (e.g. follow-up questions) responses.

label classification task, as there are 8 high-level
themes (see Table 1) and an “Other” class to cap-
ture miscellaneous themes not captured in the main
8 classes. Using the theme labels [, assigned to
sentences sy from the LLM drafted response rq4
as predictions for the theme labels [, assigned to
sentences s, from the clinician response r., the
Theme-Level Edit-F1 score is the micro average
F of theme predictions. We develop and evaluate
a fine-tuned theme-level editJudge theme classifi-
cation model which achieves an F} score of 0.82
on expert-annotated dataset (details in Appendix
O).

4 Experimental Setup

We are interested in how LLMs might be more
closely aligned with expert clinicians, to increase
the reliability and responsibility of LLMs in re-
sponse drafting (RQ3). We describe the models
used in our evaluation, a measure of inter-annotator
predictability (IAP) to contextualize our results,
and a measurement of theme frequency in clinician
and LLM response drafts.

4.1 Models and Adaptation Methods
4.1.1 Local and Frontier LLMs

Locally-hosted LLMs are often preferable in clini-
cal settings due to the sensitive nature of protected
health information (PHI) and the frequency with
which PHI occurs in patient portal messages (Sal-
lam et al., 2023; Zhou et al., 2023). Token through-
put and hosting memory constraints are also im-
portant considerations (Lorencin et al., 2025). As
such, we are interested in evaluating 7-8b param-
eter LLMs on the response drafting task. We use
three models: (i) the instruction-tuned Llama3-8B
model (Al@Meta, 2024), (ii) a healthcare-specific
version of the same model Aloe-8B (Gururajan
et al., 2024), and (iii)) Qwen3-8B (Team, 2025)
from a different model family. We also test three

commercial models on the SyPPM dataset, our
public dataset: (i) Claude 4.5 Sonnet (Anthropic,
2025), (ii) Gemini 2.5 Pro (Comanici et al., 2025),
and (iii)) GPT-OSS (Agarwal et al., 2025).

4.1.2 Adaptation Techniques

We are interested in exploring several avenues for
aligning LLMs with expert clinicians to improve
reliability and responsibility. We briefly describe
each adaptation strategy here, providing full details
in Appendix D, and prompts in Appendix H.

0-Shot. Minimally-guided responses from each
model are evaluated to identify how closely-aligned
the LLM is with expert clinicians.

Thematic. Some prior work has shown that
prompting techniques can improve LLM perfor-
mance on patient messaging tasks (Genovese et al.,
2025). We are interested in whether the themes de-
rived in Section 2.1 can align LLLMs more closely
with expert clinicians. The thematic prompt in-
cludes a brief explanation of each of the 8 themes,
to guide the LLM with context.

RAG. Retrieval augmented generation has been
used in other patient messaging tasks to improve
style and content of LLM responses (Chen et al.,
2025). We perform 5-shot RAG prompting.

SFT. Supervised fine-tuning on prior patient-
clinician conversations has proven to be an effec-
tive way to adapt LLM for patient message re-
sponse drafting (Liu et al., 2024). We perform
SFT using all 144k training messages.

TADPOLE. We develop a novel Thematic Agen-
tic Direct Preference Optimization for Learning En-
hancement strategy for creating theme-driven pref-
erence training data for DPO (Rafailov et al., 2023).
TADPOLE uses response enhancement agents de-
signed for each theme derived in Section 2.1. We
test several preference pair creation strategies (de-
tails in Appendix D.3), and report the results of
models trained using the best-performing strategy.
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Content-Level Theme-Level
Dataset Model Precision Recall Edit-F1 Precision Recall Edit-F1

0-Shot 0.07£0.02  0.26+0.04 0.10£0.02 | 0.494+0.03 0.74+0.03 0.5840.02
Theme 0.06+£0.01  0.30+0.05 0.094+0.01 | 0.474+0.01 0.80+£0.02 0.58+0.01
IPPM RAG 0.11£0.03  0.304+0.17 0.13£0.01 | 0.484+0.20 0.66+£0.09 0.5640.02
SFT 0.15+£0.01 0.16+0.00 0.14+0.01 | 0.64+0.01 0.57+0.01 0.60+0.01
TADPOLE | 0.13£0.01 0.18+0.01  0.1440.01 | 0.544+0.00 0.65+£0.02 0.5940.01
0-Shot 0.12£0.04 0.31+0.03 0.16£0.04 | 0.47+0.02 0.46+0.03 0.4740.02
Theme 0.11£0.00 0.33+0.10 0.1540.02 | 0.504+0.01 0.58+0.01 0.5440.00
SyPPM RAG 0.17£0.08 0.284+0.07 0.18+0.05 | 0.47+0.03 0.43+£0.02 0.4540.02
SFT 0.22+0.01 0.17+£0.01  0.18+£0.0 | 0.64+0.01 0.41+£0.01 0.5040.01
TADPOLE | 0.21£0.01 0.20+0.02 0.20£+0.01 | 0.624+0.01 0.54£0.02 0.58+0.01

Gemini 0.20 0.43 0.26 0.58 0.69 0.64

IAP 0.26 0.25 0.24 0.61 0.63 0.62

Table 4: Edit-F1 scores for LLM adaptations on the IPPM and SyPPM patient message response drafting datasets.
Each model adaptation is performed on three underlying LLMs, we report scores as average-standard deviation. We
report content-level precision, recall, and edit-F1 (Section 3.1), as well as theme-level precision, recall, and edit-F1
(Section 3.2). We include the best commercial model (Gemini + theme prompting) scores on the publicly-available
SyPPM dataset. Finally, we report content-level inter-annotator predictability (IAP), comparing LLM performance

and expert human alignment.

4.2 Inter-Annotator Agreement and
Predictability

A key consideration when evaluating the LLM-
clinician alignment is how closely-aligned clini-
cians are with each other. Clinician alignment may
vary based on experience factors (e.g. role, years
of experience, specialty), personality factors (e.g.
writing style), and interpersonal factors (e.g. re-
lationship with the patient). We gather 3 expert
responses to 40 samples from the SyPPM dataset to
quantify inter-annotator agreement (IAA) and inter-
annotator predictability (IAP). We calculate IAA
at the theme-level by measuring how frequently
all 3 experts included or excluded a theme in a re-
sponse (see Table 3). IAA allows us to estimate
the extent to which response themes are clinician-
independent. We calculate IAP using the editJudge
framework to compare inter-human alignment on
patient message response drafting (see Tables 4-5)
(Calderon et al., 2025). IAP gives us a measure of
how useful a different clinician’s response might be
when used as a response draft. We further discuss
IAA and IAP in Appendix E.1.

4.3 Estimated Theme Frequency

As manually annotating sentence themes in all
responses would be inefficient, we use our
empirically-validated sentence-level theme classi-
fier (theme-level editJudge LLM, achieves 0.82 F1
on test set in Appendix C) to classify themes in all
clinician responses (i.e., ground truth) and all LLM
response drafts to estimate thematic tendencies (see
Table 6).

5 Results

We evaluate six LLMs and five adaptation tech-
niques on the IPPM and SyPPM response draft-
ing evaluation datasets and discuss our findings.
Due to space constraints, we discuss results on the
SoCPPM dataset in Appendix F.

Table 4 contains both content-level and theme-
level edit-F1 scores, averaged across the three lo-
cal LLMs described in Section 4.1.1, alongside
standard deviation. Table 5 contains content- and
theme-level edit-F1 scores for Claude 4.5 Sonnet,
Gemini 2.5 Pro, and GPT-OSS reasoning models,
using both 0-shot and thematic prompting adapta-
tion. In Tables 4 and 5 we report micro average
precision, recall, and edit-F1 at the content and
theme levels. Table 6 contains theme frequencies
for clinician responses and adapted LLM drafts,
averaged across all evaluation datasets.

5.1 Content-Level Results

Usefulness of Thematic Context: We find that
fine-tuned models achieve highest precision, theme-
prompted models achieve highest recall, and the
TADPOLE adaptation strategy offers the best blend
of precision and recall with the highest average
content-level edit-F1 scores. We find that added
context improves LLM alignment with individual
clinicians, and that edit-F1 performance generally
scales with the amount of added context. Ex-
amining theme-specific content-level recall (Table
14 in Appendix F.2), TADPOLE-adapted models
blend precision with empathetic communication
content (0.30 average recall vs 0.28 average among
other adaptations) and contingency planning con-
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Content-Level Theme-Level
Prompt | Model Pr Re  Edit-F1 Pr Re  Edit-F1
GPT 0.03 0.21 0.05 0.45  0.64 0.53
0-Shot Gemini | 0.17 0.40 0.23 0.52 0.56 0.54
Claude | 0.20 0.38 0.25 0.52 0.54 0.53
Avg 0.13 0.33 0.18 0.50 0.58 0.53
GPT 0.06 0.30 0.09 0.49 0.77 0.60
Theme Gemini | 0.20 0.43 0.26 0.56 0.69 0.64
Claude | 0.16 0.37 0.22 0.58 0.69 0.63
Avg 0.14 0.37 0.19 0.54 072 0.62
IAP 026 0.25 0.24 0.61 0.63 0.62

Table 5: Edit-F1 results for Claude 4.5 Sonnet, Gemini 2.5 Pro, and GPT-OSS reasoning models on the publicly-
available SyPPM evaluation dataset. We evaluate each model using 0-shot and thematic prompts, and average
scores for each prompt. We report precision, recall, and edit-F1 at both the content and theme levels. We report
content-level IAP, comparing LLM performance and expert human alignment at the content level.

tent (0.27 vs 0.21)—two themes which tend to
appear more in “ideal” response drafts. Among
commercial models, thematic prompting adapta-
tion improves performance of all three LLMs. We
find that the best frontier-level model in our eval-
uation is Gemini 2.5 Pro adapted with thematic
prompting, achieving 0.26 content-level and 0.64
theme-level edit-F1. Our single best-performing
TADPOLE model (Qwen3-8B trained on the “cor-
rupted” preference pairs>) achieves comparable per-
formance (0.25 content-level edit-F1 score) to the
best-performing frontier model (Gemini 2.5 Pro +
theme prompt, 0.26). Our evaluation suggests that
using one of these models in patient message re-
sponse drafting would lead to a 25-26% reduction
in clinician edits.

Epistemic Uncertainty: Individual variation
stemming from epistemic uncertainty is often ob-
served in healthcare systems (Han et al., 2021),
including patient-provider communication (Chen
et al., 2024b; Garcia et al., 2024; Laukka et al.,
2020; Baxter et al., 2024; English et al., 2024a;
Gatto et al., 2025, 2026). Our results support this
finding (see Tables 3-12 in Appendix E.1). When
one clinician’s responses are used as drafts for an-
other clinician, we find an average content-level
edit-F1 score of 0.24—meaning that using another
clinicians response as a draft only reduces clini-
cian edits by 24%. This indicates substantial epis-
temic uncertainty at the content level of clinician re-
sponses, i.e., LLMs specialized at the task level are
subject to performance loss due to inter-clinician
variation in judgment and preferences. This high-
lights the need for LLMs to be specialized at the
expert level in order to further improve clinician
efficiency with response drafts.

3See TADPOLE results in Table 10 in Appendix D.3

5.2 Theme-Level Results

LLMs Generate Quality Empathetic Content:
Evaluating at the theme level shows that LLMs
are capable of generating some themes accurately,
while other themes are more challenging. For
example, LLMs tend to generate the empathetic
communication theme frequently (Table 6), and
they perform well overall at generating this theme—
e.g. TADPOLE-adapted models achieve an average
Theme-Level Edit-F1 score of 0.99 on the empa-
thetic communication theme in SyPPM (see Table
15 in Appendix F.2). This finding supports En-
glish et al. (2024b), which finds that nurses report
that LLM response drafts improve empathy and
tone. On the contrast, Table 6 shows that unaligned
LLMs will rarely ask follow-up questions. Un-
aligned LLMs tend to be misaligned with clinicians
on question asking themes—e.g. 0-shot models
achieve only 0.17 and 0.08 average Theme-Level
Edit-F1 scores on SyPPM symptom and medica-
tion question-asking themes (Table 15). Contextual
adaptation greatly improves LLM performance at
question asking, with TADPOLE-adapted LLMs
improving to 0.79 and 0.49 average Theme-Level
Edit-F1 scores on SyPPM symptom and medication
question-asking themes.

Individuality of Expert Clinicians: In general,
IAP is much higher at the theme level than at the
content level, indicating that theme-level alignment
is a more achievable goal when drafting clinician
responses. However, some individual themes have
very low IAP, e.g. treatment planning (0.07 IAP
Theme-Level Edit-F1 score in Table 15) and con-
tingency planning (0.06). Discussions with various
clinicians, including our annotators, highlight that
different clinicians tend to think differently about
how content will be perceived by patients — e.g.
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Patient EHR Summary

0-Shot LLM Response

Demographics: Between 60 - 65, Female

little finger - gastroesophageal reflux disease ...
Diagnoses (Past Year): Chronic Sl joint pain - Low back pain ...
Active Medications: TRAZODONE 150 MG TABLET - PRAZOSIN 1 MG ...

Active Problem List: Myopia with astigmatism and presbyopia - Trigger finger, right

Patient Message (SyPPM)

I’'m sorry to hear that your allergies are bothering you agaiin.
Allergies can be a real nuisance, especially during this time of
year. I've reviewed your medical history and medications, and |
have a few recommendations to help you manage your symptoms
better. First, you should try to stay indoors as much as possible

guidance on how to manage my symptoms better.
Thanks,
Emily

It’s that time of year again, and my allergies are acting up. I've had a runny nose
for weeks now, and I'm getting a bit tired of it. | was wondering if | could get some

- medications can help reduce inflammation and relieve some of

during peak pollen hours (usually between 10am and 4pm). This
will help reduce your exposure to allergens. When you do go
outside, make sure to wear a mask to cover your nose and mouth,
and avoid rubbing your eyes. Secondly, you should take your

. TRAZADONE and PRAZOSIN medications as prescribed. These

Clinician Response

I’'m sorry you have been experiencing
these troubling symptoms. Have you
had any additional symptoms? What
medications have you tried in the past
that may have worked to alleviate your

symptoms? helped?

TADPOLE LLM Response

We are looking for some information.
What are your symptoms? When did
they start? Are you taking anything for
them? Have you tried anything that has

Q

your allergy symptoms. If you’re experiencing any side effects,
please let me know. Thirdly, you should consider using a nasal
saline spray or a neti pot to help clear your sinuses. These can be
very effective in reducing congestion and runny nose
symptoms. Lastly, if your symptoms persist or worsen, please
don't hesitate to reach out to me. We may need to adjust your
medications or explore other treatment options. | hope these
recommendations help. Please feel free to reach out with any
questions or concerns.

Q

Figure 3: Example responses to a patient message and EHR summary in SyPPM. Responses from expert clinicians
and theme-adapted (e.g. TADPOLE) LLMs tend to ask the patient more follow-up questions, whereas responses
from unadapted (e.g. 0-shot) LLMs tend to be longer, and contain more medical assessment and medical planning
themes. This misalignment between experts and unadapted LLMs can lead to over-diagnosis and over-treatment, a

potentially risky phenomenon for clinical communication.

some clinicians indicate that the benefits of provid-
ing contingency plans do not outweigh the burden
it places on patients. This again underscores the
need for LLMs to be able to be adapted at an in-
dividual level, in order to draft useful responses
for individual clinicians with different roles (triage
nurse, medical assistant, residents), specialties (in-
ternal medicine vs family medicine), years of ex-
periences, and preferences. Individual alignment
is vital for reliable and responsible use of LLM-
mediated tools in high-stakes professional work-
flows like healthcare.

5.3 Implications of Results

Reliable LLM Adaptation: We find that un-
adapted LLMs tend to over-treat and over-diagnose,
generating medical themes more frequently than
clinicians. This is supported by our estimate of
theme proportions (Table 6), which finds that un-
adapted LLMs generate far more medical assess-
ment and treatment planning themes than clini-
cians and contextually-adapted LLMs. An exam-
ple of this phenomenon, taken from 0-shot and
TADPOLE responses to a patient message from
the publicly-available SyPPM, is given in Figure
3. The clinician and the TADPOLE-adapted LLM
ask follow-up questions to the patient, to better un-
derstand their allergy symptoms and medication
history, whereas the response from the 0-shot LLM
contains a large amount of content with medical
assessment and medical treatment themes. These
themes cover utterances related to medical deci-

sion making and communication—explaining test
results, symptoms, and potential diagnoses; and
recommending various forms of treatment. Intu-
itively, unadapted LLMs generate these themes
more frequently as they relate to general LLM
alignment principles, e.g., safety and helpfulness
(Jietal., 2023). However, such behavior can lead
to over-diagnosis and over-treatment (Kale and Ko-
renstein, 2018), an emerging concern about using
Al in medicine (Scott et al., 2024). Responses
drafted by unadapted models also tend to be longer
(Garcia et al., 2024; Hu et al., 2025; Tai-Seale et al.,
2024), which may introduce more cognitive bur-
den for clinicians, defeating the purpose of saving
clinicians’ time spent in responding to messages.

Importance of Evaluation: Our evaluation mea-
sures how many edits a clinician would make to
an LLM-generated response draft, in order to align
the draft with what the clinician would have writ-
ten. This evaluation is different from the goal of
measuring response quality along pre-defined axes,
and influences our decision to define a ground truth
as a single clinician response, rather than a strategy
such as rubric-based evaluation (Arora et al., 2025)
or surveying expert feedback (Liu et al., 2024).
Our targeted evaluation highlights the challenge of
aligning models with individual clinicians’ judg-
ment, tone, and preferences. It also yields insights
for future work to explore alternatives to response
drafting to improve clinician efficiency, e.g., pro-
viding clinicians “nudges” for themes with higher
epistemic uncertainty.
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Response | Emp SymQ MedQ Assess Plan Logis Coord Cont Oth
Clinicians | 0.85 0.36 0.30 0.34 0.19 0.56 045 022 0.02
0-Shot 0.94 0.02 0.05 0.89 082 0.59 0.78 0.18 0.14
Theme 0.95 0.26 0.13 094 079 0.64 0.82 0.18 0.20
RAG 0.77 0.01 0.05 0.79 0.65 0.56 0.69 0.11 0.19
SFT 0.97 0.02 0.02 023 026 0.38 0.69 0.02 0.02
TADPOLE | 0.99 0.29 0.20 028 031 0.36 0.83 0.25 0.01

Table 6: Proportion of responses containing different thematic content, found in responses written by clinicians and
various model adaptations. Clinician theme proportion is averaged across the IPPM, SyPPM, and SoCPPM datasets.
LLM adaptation theme proportion is averaged over the three underlying LLMs as well as the three datasets. Bold
proportions highlight the adaptation that was closest to clinician proportions.

6 Related Works

Patient Message Response Drafting. Several
works have studied the usefulness of LLMs in draft-
ing clinician responses to patient messages. Most
evaluate drafts via only clinician feedback, lim-
iting the scale of evaluation, and employ only O-
shot frontier-level LLMs (most commonly OpenAl
GPT-4) (Biro et al., 2025; Sharma et al.; English
et al., 2024b; Small et al., 2024; Tai-Seale et al.,
2024; Hu et al., 2025; Bootsma-Robroeks et al.,
2025). Our work extends prior work in two ways:
(1) large scale evaluation of adapted LLMs and
(2) inclusion of EHR data with message to situ-
ate generated responses. Results from prior stud-
ies are mixed, with some showing the potential
of LLM drafts in promoting empathy and giving
health advice (English et al., 2024b; Eschler et al.,
2015), while others show that there is room for im-
provement in LLM draft completeness, tone, and
simplicity (Garcia et al., 2024; Small et al., 2024;
Chen et al., 2024b). Among studies that go be-
yond 0-shot evaluation, Hu et al. (2025) and Kim
et al. (2024) explore prompting strategies to im-
prove LLM response drafts. Our thematic prompt-
ing strategy builds on prior work by incorporating a
more granular-level understanding of LLM behav-
ior in response generation across the constituent
themes of a clinician’s response. Liu et al. (2024)
is perhaps most similar to our work in that they
perform SFT of a Llama model and evaluate on a
small test set (n=10) using clinician feedback and
BERTScore. Our work in developing a thorough
automated evaluation framework aims to build on
this by enabling larger-scale automated evaluation.
Our focus on large-scale evaluation enables deeper
insight into the risks and benefits of LLM use in
patient message response drafting.

Evaluation based on LLM-As-Judge. The use
of LLMs as judges of LLM-generated content has
grown significantly in recent years (Li et al., 2024;
Lin and Chen, 2023; Li et al., 2025; Bavaresco
et al., 2025), including in healthcare text generation
contexts (Croxford et al., 2025; Bedi et al., 2025;
Zhao et al., 2025; Krolik et al., 2024). Perhaps most
similar to our work, Croxford et al. (2025) intro-
duce an LL.M-as-Judge framework for evaluating
generated EHR summaries and use a rubric-based
evaluation. In contrast, our novel Edit-F1 frame-
work is designed to estimate edit load, i.e., expected
deletions/additions to LLM-generated draft.

7 Conclusion

We have evaluated LLMs on the patient message
response drafting task. We have developed a set
of clinician response themes and used these to de-
velop a novel evaluation framework for assessing
clinician editing load given LLM response drafts.
We have performed a large-scale evaluation of
contextually-adapted LLMs and frontier LLMs,
finding that contextual adaptation improves LLM
performance. We highlight that individual clinician
preferences vary significantly, and that adaptation
of LLMs to individual clinicians is required to fur-
ther increase the reliability and responsibility of
LLM use for patient message response drafting.

8 Limitations

Dataset Our data is drawn from a single hospi-
tal system and patient portal platform, which may
limit generalizability to other healthcare settings
with different workflows, patient populations, and
communication norms. This is a rural hospital sys-
tem. Future work may explore safety, bias and
robustness of adapted LLMs in such settings. The
judge LLM and thematic classification models we
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developed in Section 3 are tuned specifically for our
evaluation datasets and would require additional
validation before application in other contexts (Wu
and Aji, 2025; Preum et al., 2021; Stankovic et al.,
2021; Chen et al., 2024a).

Automated Evaluation Some prior evaluations
of minimally-adapted LLM use in the patient portal
suggest that reduction in clinician time via LLM
response drafting is minimal (Hu et al., 2025; Tai-
Seale et al., 2024; Bootsma-Robroeks et al., 2025).
Our evaluation seeks to fill a critical research gap
by automating the evaluation of how much a clin-
ician would edit these responses, which we hope
will enable progress towards better LLM alignment
with individual clinicians and meaningful reduction
in clinician workload. Our evaluation suggests that
best-performing response drafting LLMs would re-
duce clinician edits by 25-26%. This is a modest
reduction, potentially due to the complexity of our
data which covers real messages from general pri-
mary care and a wide range of medical topics and
patient intents. Our focus on this automated evalua-
tion limits us from performing in-depth qualitative
analysis by clinicians and patients. While our hos-
pital network is not an early adopter of LLM use
in clinic which prohibits the use of our models for
live patient messages, we hope to perform further
studies with clinicians and patients in future work.

Ethical Considerations Real patient data used
in our evaluations is highly sensitive, and extreme
caution should be taken when using LLMs on real
patient data to ensure patient privacy. We carefully
design our evaluations to ensure responsible use
of this data. Our data cleaning process ensures
sensitive patients, e.g. patients under the age of
18, were not included in our final dataset. We host
all real data on a secure server and perform all
IPPM and SoCPPM experiments on this server.
We only use proprietary LLMs on semi-synthetic
data (SyPPM) which was created via completely
de-identified patient charts and messages.
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A Dataset Details

A.1 Data Collection and Formatting

As described in Section 2, the patient-clinician
conversations used in our experiments are col-
lected from a large academic hospital in the East-
ern United States. These conversations are sourced
from the hospital’s electronic health record (EHR)
portal messaging platform. 610k total messages
are taken from the secure patient portal between
172020 - 9/2024. Our dataset includes messages
from primary care, and thus includes a wide range
of medical topics. We gather all patient-initiated
messages which received a written clinician re-
sponse to create 146k conversations, i.e. original
patient message and response from a clinician. Our
final data pool contains 10,105 unique patients, of
which 64% are female and 36% are male, with ages
ranging between 18-80. Each sample in our data
pool consists of a patient message, a clinician re-
sponse, and a summary of the patient’s chart before
the sending of the patient message. We designate
144k conversations from the data pool as training
data, and we gather evaluation datasets from the
remaining 2k conversations.

Following Gatto et al. (2025), details from
throughout the EHR are summarized into four cat-
egories, based on the time that the patient message
was sent. First, the patient’s age range and gender
are given as Demographics. Next, the patient’s ac-
tive problems are listed under Full Active Problem
List. The patient’s recent encounters (with a maxi-
mum of 10 entries), including diagnoses, surgeries,
visits, etc. are listed under Recent Encounters.
Finally, a patient’s active outpatient medications
are summarized in Medications. An example de-
identified chart from SyPPM is provided in Figure
4.

A.2 Evaluation Dataset Details

Designating 144k training conversations, we gather
evaluation datasets from the remaining 2k conver-
sations. We create three evaluation sets, designed
to evaluate LLM alignment with experts according
to different standards of care. Each sample in each
dataset is a tuple of strings {m, ¢, 7} consisting of
a patient message m, a summary c of the patient’s
EHR chart and a single clinician response 7.
IPPM The Ideal Patient Portal Messaging
(IPPM) dataset is created to evaluate LLMs in a set-
ting where clinicians do not face the same resource
constraints as in the real-world. In this evaluation

dataset, ground-truth responses are written by a
paid team of 4 expert primary care nurses who
work daily in the patient portal, collected via RED-
Cap surveys (Harris et al., 2009). In addition to
giving ample time to write a full response to each
message/EHR summary, experts were asked “if
you had unlimited time, what would be included in
your response to this patient?”” To provoke quality
responses, clinicians were given a separate text en-
try box for each of the themes derived in Section
2.1. For example, the Treatment Contingency Plan-
ning text box included the prompt “please outline a
backup/red flag plan for the patient, if applicable.”
An example REDCap survey is given in Appendix
G for reproducibility. The IPPM dataset is com-
prised of 300 patient messages and corresponding
EHR charts, with one expert clinician response per
sample.

SyPPM As the other datasets use real patient
data containing protected health information (PHI),
they are not suitable for public release. We create
the Synthetic Patient Portal Messaging (SyPPM)
as a public benchmark to promote open-source re-
search in clinician response drafting. We begin
by taking 100 semi-synthetic patient portal mes-
sages which are created using a small number of de-
identified patient portal messages in an in-context
synthesis prompt (Gatto et al., 2025, 2024) and
pair them with real de-identified patient EHR sum-
maries. Ground-truth responses to each patient
message are then provided by a primary care clini-
cian, using the same theme-guided REDCap survey
used for [PPM.

SoCPPM The Standards of Care Patient Portal
Messaging (SoCPPM) dataset is created to evalu-
ate LLMs in a practical setting, in which response
drafts are compared with the clinician response
which was sent via the secure portal in real time.
This dataset is comprised of 300 patient messages
and corresponding EHR summaries, where ground-
truth responses are sourced from the patient portal.
We evaluate LLM response drafts with respect to
these real responses from the patient portal to study
how LLM responses might perform in real-world
settings, against the current standards of care in the
patient portal.

B Thematic Analysis Details

We carefully derive elements of high-quality clini-
cian responses to patient messages. Based on prior
work, manual thematic analysis of real patient-
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###Demographics###

Age: Between 35 - 40

Gender: Female

###Full Active Problem List###:

DVT prophylaxis - Pelvic floor dysfunction - Chronic left-sided low back pain with left-sided
sciatica - Hypothyroidism due to Hashimoto’s thyroiditis - [UD (intrauterine device) in place - H/O
abnormal cervical Papanicolaou smear - Paresthesia of left leg - Hypothyroid - Vitamin D deficiency -
Uncontrolled pain - Disorder of muscle, ligament, and fascia - Postoperative pain - Altered bowel
habits

###Recent Encounters (Max 10)###

Diagnoses (Past Year): Cough, persistent - Acne vulgaris - Abnormal uterine bleeding - Encounter for
cosmetic procedure - Changing skin lesion - Acne scarring - Fatigue, unspecified type - COVID-19

ruled out
Diagnoses (Older):
###Medications (Outpatient)###

-TRETINOIN 0.025 % TOPICAL CREAM
-LEVOTHYROXINE 75 MCG TABLET
-CLINDAMYCIN 1 % LOTION
-SPIRONOLACTONE 100 MG TABLET
-SPIRONOLACTONE 50 MG TABLET
-LORAZEPAM 1 MG TABLET

Active (Start Date Before Message, Not Yet Ended):

Figure 4: An example de-identified EHR chart summary from the SyPPM patient message response drafting

evaluation dataset.

clinician conversations, and consultation with ex-
pert primary care physicians, nurses, and triage
nurses, we derive a set of “themes” which can
be used to characterize the quality of clinician re-
sponses to patient messages (Braun and Clarke,
2006; Sun et al., 2013). Below, we present our hy-
brid (top-down and bottom-up) approach to identify
these themes.

As the quality of patient-clinician communica-
tion has a significant impact on patient health out-
comes, characterizing quality response elements is
important preliminary work for evaluating LLMs
on the patient message response drafting task
(Stewart, 1995; Doyle et al., 2013). Our goal
is to derive themes that should occur in clini-
cian responses to patient messages. We are inter-
ested in both empirically-derived themes, sourced
from real patient-clinician conversations, as well as
theoretically-derived themes, sourced from expert
consultation and clinician communication theory
(Stewart, 1995; Sakumoto and Joshi, 2023). Empir-
ical themes are indicative of the current standards
of care in patient portal communication, whereas
theoretical themes may not be found in real-world

clinician communication due to time, system, and
resource constraints often experienced in asyn-
chronous patient-clinician communication in the
patient portal (North et al., 2019; Martinez et al.,
2023). We therefore employ a hybrid top-down
(theoretical), bottom-up (empirical) approach to
identifying themes of quality clinician communica-
tion within the patient portal.

B.1 Theoretical Response Themes

We collaborate with a team of 11 clinicians to iden-
tify “ideal” clinician response themes to various
patient messages. This iterative process involved
1-1 interviews with 2 primary care physicians and
9 primary care nurses, all of whom regularly in-
teract with patients on the EHR portal from which
our data pool (Appendix A) is sourced. These
interviews consisted of discussions based on open-
ended questions, e.g. “what are your primary goals
when writing responses to patient messages in the
patient portal?” as well as discussions guided by
examples of patient messages, e.g. “what would
you want to say to this patient?” or "how would
your response vary based on a <specific change>
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in the patient-initiated message?" Through these
interviews, we derive an initial set of theoretical
clinician response themes based on suggested best
practices.

B.2 Empirical Response Themes

Using notes from these conversations as a back-
drop, a team of three authors *, including a primary
care physician, performed a comprehensive, iter-
ative thematic analysis (Braun and Clarke, 2006)
using a random sample of 100 patient messages,
alongside a summary of the patient’s electronic
health record and the clinician’s response. This pro-
cess involved hand-labeling each sentence-length
element of 25 clinician responses with a “frame,”
then grouping those frames into “themes,” and re-
peating this process with new samples. In total we
repeated this process four times.

After performing the bottom-up thematic analy-
sis, additional input from two primary care physi-
cians guided the final, comprehensive list of eight
clinician response themes comprised of 67 frames.
Descriptions and examples of each response theme
can be found in Table 1.

C EditJudge Framework Details

In Figure 2 we see an example of how the Content-
Level and Theme-Level Edit-F1 scores are cal-
culated given a clinician response and an LLM
response draft. In Algorithm 1 we give the al-
gorithm for counting expected matches E M, ex-
pected additions ' A, and expected deletions £ D
in an LLM-drafted response, in order to calculate
Content-Level Edit-F1 scores.

C.1 Content-Matching Judge Model

Here we describe the process used to fine-tune the
content-level editJudge model used in Algorithm
1 to calculate Content-Level Edit-F1. First, three
authors hand-label 450 training samples and 50
evaluation samples. Each sample input is a re-
sponse draft written by the Aloe-8B (Gururajan
et al., 2024) 0-shot model, along with a sentence
drawn from an expert-written response to a sam-
ple from the publicly-available SyPPM evaluation
dataset. The annotators either wrote “NO MATCH”
if there was no matching content from the response
draft, or copy/pasted the matching content from the
response draft if applicable. The prompt to identify

“Each team member is well-versed in health informatics
and qualitative thematic analysis

Algorithm 1 Counting expected matches E M, ex-
pected additions F' A, and expected deletions £ D
in an LL.M-drafted response

Require: r. (expert-written response), rq (LLM-
drafted response)
Ensure: EM,ED, EA
1: Split 7. into atomic elements (sentences)
Initialize EM «+ 0, FEA + 0
for all sentence s, in r. do
if MATCH s, with content in r; then
EM + EM +1
else
FA«+ FA+1
end if
end for
r, < Remove matching content from ry
: Split r; into sentences
: ED < number of sentences in r;
: return EM, ED, EA

D A A

—_ = =
W N = O

matches was “if the expert clinician would not have
to rewrite this content in order to achieve the same
meaning as their given sentence, this is matching
content.” Author annotators were asked to flag all
samples about which they were unsure or which re-
quired clinical expertise, and two expert clinicians
were consulted on these samples to make a final
decision.

This matching decision is not always straight-
forward. For example, in Figure 2 we see that
the clinician-written sentence “I’m sorry to hear
about your new symptoms”” matches with the LLM-
drafted sentence “I’m sorry you’ve been feeling
nauseous.” While expert clinicians in our evalua-
tion agreed that they would not need to rewrite this
LLM-drafted sentence, in order to achieve the same
meaning as the clinician-written sentence, this is
not always trivial and may vary from clinician to
clinician. Examples of clinician-verified matches
and non-matches from our training samples can be
found in Table 7.

Given a sentence s from an expert-written re-
sponse 1. and an LLM-drafted response r; the
content-level editJudge model was tasked with out-
putting either the matching content from the LLM
draft s4, or the string “NO MATCH”. Since the
matching content sy is later removed from r, to
identify expected deletions E'D, the output of the
judge model §; must match verbatim to the match-
ing content in the draft s; in order to remove s in
Algorithm 1. We therefore evaluate the editJudge
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Responding Clinician
Response Sentence

LLM Draft
(Excerpt)

Match Decision

Evaluating Clinician
Annotation Note

Thank you for
touching base -

I’'m sorry you

have been
experiencing these
troubling symptoms.

Hi Sarah, Thank you for
reaching out and bringing

this to my attention.
Postmenopausal bleeding can
indeed be a sign of something
more serious, so it’s important
that we investigate further.

Thank you for reaching out Both sentences thank the

and bringing this to
my attention.

patient for being proactive
and express sympathy about
their symptoms. The clinician
would not have to rewrite

this component in order to
achieve the same meaning.

Please let us know
if you have

any issues with
getting the
medication.

Thanks for reaching out to me
about your decision to switch.
I would recommend a

different medication.

Please let me know if you have
questions or concerns.

We can discuss this further

in your upcoming appointment.

NO MATCH

While issues with getting
the medication may be
classified as a concern,
the draft is not specific
enough and the clinician
would have to rewrite.

Have you eaten
anything out of
the ordinary
for you?

Have you experienced any

other symptoms, such as
stomach pain, bloating,

or changes in bowel movements?
Are you taking any new
medications or supplements

that could be causing the nausea?
Have you recently changed

your diet or experienced

any significant stress?

Have you recently changed

your diet or experienced
any significant stress?

Both symptom-related follow-up
questions ask the patient

about recent diet changes,

and the clinician would not

have to rewrite the drafted
sentence in order to achieve

the same meaning.

Table 7: Selected examples from the content-level editJudge evaluation dataset. The editJudge model is given the
LLM draft (an excerpt from each is shown in this table to preserve space) and a sentence from a clinician-written
response, and is tasked with outputting either the matching content from the LLM draft, or the string “NO MATCH”.
We show two matching decisions, one from the empathetic communication theme and another from the symptom-
related follow-up question theme, as well as a close non-match from the contingency planning theme. Alongside the
match decisions, we give a brief explanation of the match decision from the annotation clinician.

Model Type | Avg Agr Avg Non-Match Avg Match % Match
Qwen2.5-7B-Instruct | 0-Shot 0.74 1.00 0.07 0.07
Llama-3-8B-Instruct 0-Shot 0.17 0.11 0.32 0.50
Qwen2.5-7B-Instruct | 5-Shot 0.71 0.93 0.14 0.14
Llama-3-8B-Instruct 5-Shot 0.63 0.88 0.00 0.00
Qwen2.5-3B SFT 0.76 0.97 0.21 0.21
Qwen2.5-3B-Instruct | SFT 0.80 0.94 0.43 0.50
Llama-3.2-3B-Instruct | SFT 0.85 1.00 0.46 0.57
Qwen2.5-7B SFT 0.87 0.97 0.61 0.71
Qwen2.5-7B-Instruct | SFT 0.89 0.97 0.68 0.71
Llama-3-8B-Instruct SFT 0.96 1.00 0.84 0.92

Table 8: EditJudge model performance across different configurations. We find that SFT is superior to either
0-shot or 5-shot editJudge models. We find that the best model, the fine-tuned instruction-tuned Llama3-8B model,
achieves 96% agreement with clinician-guided author annotations. 84% of the matching author annotations were
exactly matched by this judge model, and 92% of match decisions contained at least some overlap.
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model by identifying whether it outputs exactly-
matching content sy identified by the annotators.
We first identify whether the editJudge model cor-
rectly makes the matching decision (either by out-
putting “NO MATCH” or some substring 5, from
the LLM draft r;), and call this agreement, i.e.
the proportion of evaluation samples on which the
judge model makes the correct matching decision.
We further score the editJudge model by identify-
ing non-match agreement, i.e. the proportion of
non-matches correct identified by the judge model,
and match agreement, the proportion of annotated
which are exactly matched by the editJudge model
outputs. To get a granular estimate of judge model
outputs, we also score match overlap, i.e. the pro-
portion of evaluation responses in which editJudge
model output §; and annotated matching content
54 overlap. We evaluated 6 judge models, testing O-
shot, 5-shot, and supervised fine-tuning adaptation
strategies for this content-level matching task.

We see content-level judge results in Table 8.
In general, SFT is far superior to either 0-shot
or 5-shot judge models. We find that the best
model, the instruction-tuned Llama3-8B model
(Al@Meta, 2024) fine-tuned on the 450 training
samples, achieves 96% agreement with clinician-
guided author annotations. 84% of the matching
author annotations were exactly matched by this
judge model, meaning the exact correct content
would be removed from the LLM draft r; to iden-
tify exact expected deletions ED, and 92% of
match decisions contained at least some overlap.

C.2 Sentence Theme Classification Model

We now similarly describe the fine-tuning the
sentence-level theme classification model, used to
calculate the Theme-Level Edit-F1 score described
in Section 2.1. First, one author hand-labeled 175
training samples and 50 evaluation samples. Each
sample was a sentence-length string taken from re-
sponses to SyPPM samples generated by the Aloe-
8B (Gururajan et al., 2024) 0-shot. Consulting with
two expert clinicians, each sample was assigned a
single theme label, including the 8 themes and an
“Other” label, to set up a 9-class classification task.
Example sentences from each theme can be found
in Table 1.

Following the results of the content-level edit-
Judge training, we choose to fine-tune a Llama3-8B
model (Al@Meta, 2024) to perform the sentence
classification, where the task is to output the class
label (e.g. “Symptom-Related Follow-Up Ques-

Theme F1
Empathetic Communication 0.94
Symptom-Related 1.00
Follow-Up Questions '
Medication-Related 0.67
Follow-Up Questions '
Medical Assessment Explanation | 0.67
Medical Planning Instruction 0.71
Logistics: Scheduling, 0.82
Billing, Operations '
Care Coordination 0.80
Contingency Planning 0.67
Other 1.00
Micro Avg 0.82

Table 9: Sentence classification model results. Using
a fine-tuned Llama3-8B model (Al@Meta, 2024), we
report class-wise performance and micro average F1.
We see that the sentence classification model performs
well overall, with a micro average F1 of 0.82, and that it
predicts all individual classes competently (> 0.67 F1).

tion”) given the response sentence. Class-wise per-
formance and micro average F1 of this sentence
classification model are reported in Table 9. We
see that the sentence classification model performs
well overall, with a micro average F1 of 0.82, and
that it predicts all individual classes competently
(> 0.67 F1). We note that this task is subjective on
some level, given that theme classes are not neces-
sarily disjoint. For example, there are valid reasons
to argue that a question such as “have you noticed
any diarrhea while on your amoxicillin?” could be
both a symptom- and medication-related follow-up
question. However, we enforce a single-class label
for simplicity in our evaluations.

D LLM Adaptation Details

As described in Section 4.1.2, here we provide
details for the supervised fine-tuning (SFT) and
thematic agentic direct preference optimization for
learning enhancement (TADPOLE) LLM adapta-
tion strategies which we use in our evaluation in
Section 5. Prompts for the 0-shot and thematic
adaptations can be found in Appendix H. Further
details for the RAG, SFT, and TADPOLE adapta-
tions can be found below.

D.1 RAG Details

Using the training dataset (144k) as a RAG
database, we encode patient messages and
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EHR summaries using S-BERT’ (Reimers and
Gurevych, 2019), and include the 5 most similar
message + EHR strings, along with their real clin-
ician responses in the prompt to guide the LLM,
alongside the instruction from the 0-shot prompt.

D.2 SFT Details

We perform supervised fine-tuning using all 144k
training messages. The LLM is trained to output
the clinician response 7, given the patient message
m and a summary of the patient’s EHR c¢ contextu-
alized with the O-shot prompt (see Appendix H for
this prompt).

Each time a model is fine-tuned, both for the SFT
models in Section 4.1.2 and for the fine-tuned judge
models in Section 3, we train for 1 epoch using a
batch size of 4 on a single Nvidia A40 GPU (48GB
RAM). We train using low-rank adaptation (LoRA)
(Hu et al., 2022) for efficiency, which has shown to
be a performant fine-tuning strategy (John Schul-
man, 2025; Zhao et al., 2024). We use LoRA with
rank 8 and an alpha scaling factor of 16. We use
the AdamW optimizer with weight decay of 0.01,
linear learning rate scheduler with warmup over
10% of the training steps, and gradient clipping at a
norm of 1.0. We apply mixed precision training us-
ing float16 to optimize memory usage and training
speed.

D.3 TADPOLE Details

For each theme, TADPOLE takes a a base response
r and creates both an “enhanced” response r* and
“corrupted” response r~ by either adding or re-
moving thematic content from the response. First,
we take 8k training samples and generate base re-
sponses using the fine-tuned (SFT) model. For
enhancing a response r with content from a given
theme ¢, we use a response enhancing agent to
get an enhanced response 7;". Each thematic en-
hancement agent is a simple 3-shot prompt. For
corrupting a response r with content from a given
theme ¢, we use a standard corruption agent con-
textualized with the theme ¢ to obtain a corrupted
response r; . Enhancement prompts and the cor-
ruption prompts are developed for and passed to
the Qwen2.5-32B-Instruct® (Team, 2024) model.
We obtain 1k enhanced responses for each theme
and 1k corrupted responses for each theme for a
total of 8k enhanced, base, and corrupted response
{r*,r,r~} tuples.
>all-MiniLM-L6-v2
®Qwen/Qwen2.5-32B-Instruct

Following Li et al., we test several preference
pair creation strategies using these tuples. En-
hanced pairs {r, r} use enhanced responses and
base responses as chosen and rejected responses,
respectively. Corrupted pairs {r,r~} choose
base responses over corrupted responses. Hard-
Corrupted pairs {r*,7~} choose enhanced re-
sponses over corrupted responses. We also investi-
gate a Blend which contains an even amount of all
three pairs. We perform DPO (Rafailov et al., 2023)
on the fine-tuned model using 8k TADPOLE pref-
erence pairs. We perform DPO on the SFT model
using a beta of 0.01. Similarly with SFT, we per-
form DPO by training for 1 epoch using a batch size
of 1 on a single Nvidia A40 GPU (48GB RAM).
We apply mixed precision training using float16 to
optimize memory usage and training speed.

We report average content-level and Theme-
Level Edit-F1 scores on IPPM for each TADPOLE
strategy in Table 10. The hard-corrupted strategy
achieves best performance at the content-level, as
well as overall when weighting evenly between
content- and Theme-Level Edit-F1 scores. Hence
we report the results of the models trained on hard-
corrupted pairs in Section 5.

E Measures of Inter-Clinician Variation

Clinician responses to patient messages may vary
based on experience factors (e.g. role, years of ex-
perience, specialty), personality factors (e.g. writ-
ing style), and interpersonal factors (e.g. relation-
ship with the patient). Table 12 gives examples
of different clinician responses to the same patient
message within the SyPPM dataset.

As noted in Section 4.2, we gather 3 expert re-
sponses to 40 samples from the SyPPM dataset. Of
the 3 experts, 1 is a primary care physician with 15+
years of experience and 2 are primary care nurses,
each with 5+ years of experience. In Section 4.2
we briefly describe how we use multiple responses
to understand inter-annotator agreement (IAA) and
inter-annotator predictability (IAP). Here we give
full details of our measures of IAA and IAP.

E.1 Inter-Annotator Agreement

We are first interested in measuring how similarly
clinicians would respond to the same patient mes-
sage in the same conditions. We start by identi-
fying, for each theme, the proportion of patient
messages to which all three annotator responses
either included that theme (strict inclusion), or did
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Content-Level Theme-Level
Pairs Pr Re Edit-F1 | Pr Re Edit-F1
Blend 0.13 0.19 0.14 0.53 0.65 0.58
Enhanced 0.09 0.14 0.10 045 0.62 0.52
Corrupted 0.13 0.16 0.12 0.60 0.62 0.61
Hard-Corrupted | 0.13 0.18 0.14 0.54 0.65 0.59
IAP 0.26 0.25 0.24 0.61 0.63 0.62

Table 10: Content-level and theme-level edit-F1 scores for varying TADPOLE preference pair creation strategies on
the IPPM dataset. The hard-corrupted strategy achieves best performance at the content-level, as well as overall
when weighting evenly between content- and theme-level edit-F1 scores.

Clinician | A B C
A 1.00 0.51 0.59
B 0.51 1.00 0.45
C 0.59 045 1.00

Table 11: Inter-annotator agreement measured at the
content-level between clinician pairs using cosine simi-
larity. We find that agreement between clinician pairs
varies substantially, with some (clinicians A and C)
more aligned than others (clinicians B and C).

not include that theme (strict exclusion). Taken
together (strict agreement), we can estimate the
extent to which each response theme is clinician-
independent.

These theme-level IAA measurements can be
found in Table 3. We find that themes such as em-
pathetic communication, symptom-related follow-
up questions, and logistical information are unan-
imously found in all clinician responses to most
(> 50%) patient messages in SyPPM. Interestingly,
we also find that the medical treatment theme is al-
most never found in any clinician response to most
patient messages (< 7%). This speaks to the re-
luctance of these clinicians to treat patients via the
portal, instead favoring information seeking (e.g.
follow-up questions) responses.

For a simpler measure of IAA, we also mea-
sure the average pairwise cosine similarity of each
clinician’s responses, comparing each pair of clini-
cians in Table 11. We find that agreement between
clinician pairs varies substantially, with some (clin-
icians A and C, 0.59) more aligned than others
(clinicians B and C, 0.45).

E.2 Inter-Annotator Predictability

We calculate IAP using both Content-Level and
Theme-Level Edit-F1 scores to enable direct com-
parison to our model results in Section 5. To esti-
mate the amount of agreement between two expert

clinicians in our evaluation framework, we assign
the first clinician the role of expert and the second
the role of drafting responses. Treating the first
clinician’s response as the expert response 7, and
the second’s response as the response draft r4, we
calculate Content-Level and Theme-Level Edit-F1
scores using the editJudge described in Section 3.
Assigning each ordered pair (N = 6) of expert
responses as ground-truth responses and response
drafts, we compare 6 x 40 = 240 total responses,
and take the average results. Tables 4, 14, and 15
give IAP estimates for Content-Level and Theme-
Level Edit-F1 scores, class average Content-Level
recall scores, and class average Theme-Level Edit-
F1 scores, respectively.

F Additional Results

F.1 SocPPM Results

The SoCPPM dataset is created to evaluate LLMs
in a practical setting, in which response drafts are
compared with the clinician response which was
sent via the secure portal in real time. In some ways
this is a less-ideal form of the patient message re-
sponse drafting task, because real-time clinician
responses tend to contain a high degree of variation
which is challenging to filter automatically. For ex-
ample, real-time clinician responses frequently con-
tain standardized responses (“‘dot phrases”) which
offer commonly-repeated instructions, e.g. “please
call the COVID-19 hotline if you are experiencing
any of the following symptoms...” (Baltaro et al.,
2022). Additionally, real-time responses are writ-
ten under more duress due to workforce constraints
and growing use of the patient portal (Budd, 2023;
Underdahl et al., 2024; Martinez et al., 2023; Yan
et al., 2021).

In Table 13 we report the content-level and
theme-level precision, recall and Edit-F1 scores
for adapted LLMs on the SoCPPM dataset. We
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Patient Message

Clinician A Response

Clinician B Response

I’'m not feeling quite

myself lately. I've been
experiencing some weakness
that’s making everyday
activities a bit more
challenging. I was wondering
if we could touch base

about what might be

causing this?

I’'m sorry you have been
experiencing these troubling
symptoms. Could you describe
where you experience the
weakness? How does it impede
your daily activities? Does it
come and go? How long has

this been going on? Do you
have any other symptoms such
as dizziness or lightheadedness?
Have you checked your blood
pressure at home? Have you had
any changes to your medications
recently? Please call the office
to schedule an appointment for
urgent evaluation. If your symptoms
worsen acutely, including any
dizziness or lightheadedness, or
syncopal episodes (fainting), you
should call 911 and be seen
emergently in the ER.

Sorry to hear you aren’t feeling
well. Are you having any other
symptoms? How long have these
symptoms been going on? Have
you ever had symptoms like this
before? Are you having any nausea,
vomiting, diarrhea, or constipation?
Are you having any fevers? Are you
losing weight without trying? Are
you having any blood in bowel
movements? Are you having
abdominal pain? Have you noticed
any particular foods that trigger

the symptoms? Have you started
any new medications or supplements?
Have you recently changed dosing
or timing of medications you take?
Have you tried any medications
that have helped? Please give us

a call to schedule an appointment.
You should be seen in the ED if
you have worsening or sudden
abdominal pain, severe vomiting,
dizziness, chest pain, or shortness
of breath.

I’'m having a pretty rough
time with my seasonal
allergies right now. My eyes
are itchy, I'm congested, and
I just can’t seem to stop
sneezing. I've been using
some over-the-counter meds,
but theyre not really giving
me the relief I need. I was
wondering if you could
recommend something a bit
stronger or if I should come
in for an appointment.

I’'m sorry you have been
experiencing these troubling
symptoms. Which medications
have you tried, and what has
helped you in the past?

Are you having any other
symptoms? Are you having
any fevers? Are you having
any shortness of breath?

Have you started any new
medications or supplements?
Have you recently changed
dosing or timing of medications
you take? Have you tried any
medications that have helped?
Please give us a call to
schedule an appointment. Give
our triage nurses a call if

your symptoms are worsening.

I’ve been dealing with itchy

eyes for weeks now, and I'm
guessing it’s just my allergies
acting up again. I was wondering
if I could get your thoughts

on it - should I just stick with
my usual meds or is there
something else I can try?

I’'m sorry that you have been
experiencing these troubling
symptoms. Have you been having
any other symptoms? Have you
had any recent changes in your
medications? Have you tried
anything that may have helped
alleviate your symptoms? If your
symptoms are persisting on your
usual allergy medications, or
symptoms are worsening, please
call the office to schedule an
appointment.

Thanks for checking in. Are you
having any other symptoms? How
long have these symptoms been
going on? Have you ever had
symptoms like this before? Have
you started any new medications
or supplements? Have you recently
changed dosing or timing of
medications you take? Have you
tried any medications that have
helped? Please call to schedule

an appointment. You should be
seen in the ED if you have
worsening or sudden shortness

of breath, vision changes, or
chest pain.

Table 12: Examples of different clinician responses to the same patient message within the SyPPM dataset. We
collect responses from three separate annotators to 40 messages within the SyPPM dataset, and show selected

examples from two annotators here.
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Content-Level Theme-Level
Dataset Model Precision Recall Edit-F1 Precision Recall Edit-F1
0-Shot 0.06£0.01 0.2940.08 0.10+0.01 | 0.48+£0.01 0.83£0.08 0.61+0.01
Theme 0.06+0.00 0.32+0.11 0.09+0.01 | 0.444+0.00 0.85+0.11 0.584+0.01
SoCPPM RAG 0.11+£0.03 0.33+0.18 0.14+0.01 | 0.494+0.03 0.754+0.18 0.5940.01
SFT 0.15+0.01 0.18+0.00 0.15+0.01 | 0.63+0.01 0.62+0.00 0.62+0.01
TADPOLE | 0.124+0.01 0.1940.01 0.144+0.01 | 0.51£0.01 0.694+0.01 0.5940.01
IAP 0.26 0.25 0.24 0.61 0.63 0.62

Table 13: Edit-F1 scores for LLM adaptations on the SOCPPM patient message response drafting dataset. Each
model adaptation is performed on three underlying LL.Ms, we report scores as average+standard deviation. We
report content-level precision, recall, and edit-F1 (Section 3.1), as well as theme-level precision, recall, and edit-F1
(Section 3.2). We report content-level inter-annotator predictability (IAP), comparing LLM performance and expert

human alignment.

find that LLMs in general perform more poorly
on this dataset than the ideal IPPM and SyPPM
datasets. The best-performing model adaptation
on SyPPM (TADPOLE) achieves 0.20 content-
level Edit-F1 scores on SyPPM (see Table 4). The
best-performing model adaptation on SoCPPM
(SFT) achieves only 0.15 content-level Edit-F1 on
SoCPPM (Table 13). We hypothesize that this is
because the SOCPPM dataset represents a version
of the patient message response drafting task that
is both more challenging, due to the existence of
situated knowledge scattered throughout the EHR
system that is unknowable for the response drafting
LLM, and less ideal, given that frequently clinician
responses in practical settings can be messy and
often sent under time pressure (Budd, 2023; Under-
dahl et al., 2024; Martinez et al., 2023; Yan et al.,
2021).

We also note that SFT outperforms TADPOLE
on the SOCPPM dataset, with SFT achieving 0.15
and 0.62 content- and theme-level Edit-F1 scores,
respectively, and TADPOLE achieving only 0.14
and 0.59 (Table 13). As TADPOLE adaptation uses
thematic preference pairs to further fine-tune SFT
models, we hypothesize that the themes used to
generate these preference pairs are less suitable for
the lower-quality, higher-variation responses found
in real-time clinician responses.

F.2 Class-Average Edit-F1 Scores

In Tables 4 and 13 we report Content-Level Edit-
F1 scores across the IPPM-SyPPM, and SoCPPM
datasets, respectively. To investigate theme-
specific performance of LLM response drafts, we
also report theme class-specific scores at the con-
tent and theme levels. At the content level, in Table
14 we report the average recall of theme-labeled

content within the expert responses of a given eval-
uation dataset. At the theme level, in Table 15 we
report the class-average Edit-F1 scores when pre-
dicting expert response themes with LLM response
draft themes. We discuss these results in Section 5.

In Table 5 in Section 5 we give Content-Level
and Theme-Level Edit-F1 scores for the Claude
4.5 Sonnet (Anthropic, 2025), Gemini 2.5 Pro (Co-
manici et al., 2025) and GPT-OSS (Agarwal et al.,
2025) reasoning models. In Tables 16 and 17 we
similarly report the content-level average recall of
theme-labeled content and the theme-level class-
average Edit-F1 scores.

G Example REDCap Survey

In the IPPM evaluation dataset, ground-truth re-
sponses are written by a paid team of 4 expert
primary care nurses who work daily in the patient
portal, collected via REDCap surveys (Harris et al.,
2009). In the SyPPM evaluation dataset, ground-
truth responses are written by a paid primary care
doctor with 15+ years of experience. Each clinician
was paid $50 for every 10 responses (estimated to
take 1 hour), in order to give ample time to write
a full response to each message/EHR summary.
While writing responses, experts were prompted
“if you had unlimited time, what would be included
in your response to this patient?”” To provoke qual-
ity responses, clinicians were given a separate text
entry box for each of the themes derived in Section
2.1. For example, the Treatment Contingency Plan-
ning text box included the prompt “please outline
a backup/red flag plan for the patient, if applica-
ble.” Screenshots of an example REDCap survey
question can be found in Figure 5 and Figure 6.
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. AAa
Message Labeling 9

Patient Message 1

Please refer to the following patient's message and chart summary while drafting a response to the patient.

Patient Chart Summary:
##t#Demographics###

###Full Active Problem List###:

###Recent Encounters (Max 10)###

###Medications (Outpatient)###

Patient Message:
Hey Doc,

I've been having some stomach issues lately. Sometimes | get these sharp pains and I'm really gassy. It's pretty
annoying and | don't know what's causing it. It doesn't happen all the time, just every now and then.

Should | come in or something?

Empathetic Communication

Empathetic response elements can include acknowledging the
patient's problem, encouraging their positive effort, requesting
patiences, or thanking the patient.

Expand
Please write any empathetic statements you wish to include in

your response to this patient, if applicable.

Figure 5: Screenshot of the beginning of a REDCap survey question used to collect clinician responses to patient
messages in the SyPPM dataset. The patient’s EHR chart and message are first given, then the clinician is prompted
with a series of text entry boxes for each response theme described in Section 2.1.
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Logistics: Scheduling, Billing, Operations

Please provide necessary scheduling, billing, or other
operations information to the patient, if applicable. Give any
logistical instructions to the patient. Ask the patient any
logistics-related follow-up questions.

Expand
Planning: Care Coordination and Communication Planning
Please outline communication plans for/with the patient,
and/or inter- or intra-clinic communication plans, if applicable.

Expand
Planning: Treatment Contingency Planning
Please outline a backup/red flag plan for the patient, if
applicable.

Expand
Other
Please add anything else that should be said to this patient, but
doesn't fit in the previous categories, if applicable.

Expand

Assumptions/Notes/Additional Thoughts

Please feel free to make any necessary assumptions about the
patient's case based on their available chart or your best
guess/experience with similar patients.

Here you may detail any assumptions you needed to make

when drafting your response, and any notes you wish to leave Expand
as part of your annotation. You may also detail parts of your

thought process as you drafted your response.

Figure 6: Screenshot of the end of a REDCap survey response used to collect clinician responses to patient messages
in the SyPPM dataset. After seeing the patient’s EHR chart and message, the clinician is prompted with a series
of text entry boxes for each response theme described in Section 2.1. The clinician is also prompted to give any
additional thoughts or assumptions they made while drafting their response.
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Dataset | Model Emp SymQ MedQ Assess Plan Logis Coord Cont
Proportion 0.81 0.05 0.02 0.38 0.27 0.42 0.58 0.03
0-Shot 0.29£0.02 | 0.07£0.00 | 0.07£0.00 | 0.16+0.01 | 0.23£0.01 | 0.21£0.02 | 0.24£0.01 | 0.21£0.02

SoCPPM Theme 0.30+0.02 | 0.074+0.01 | 0.07£0.00 | 0.16+0.00 | 0.23+£0.00 | 0.23+0.03 | 0.254+0.00 | 0.24+0.04

RAG 0.30+£0.02 | 0.074+0.00 | 0.07£0.00 | 0.16+0.01 | 0.25+£0.03 | 0.22+0.03 | 0.254+0.01 | 0.23£0.04

SFT 0.30+0.01 | 0.084+0.00 | 0.07+£0.00 | 0.154+0.00 | 0.21£0.01 | 0.24+0.00 | 0.244+0.00 | 0.27+0.00

TADPOLE | 0.30£0.02 | 0.08+0.00 | 0.074+0.00 | 0.15+£0.01 | 0.234+0.03 | 0.23£0.02 | 0.244+0.00 | 0.254+0.04
Proportion 0.76 0.23 0.09 0.31 0.24 0.51 0.67 0.07

0-Shot 0.28£0.02 | 0.07£0.00 | 0.07£0.00 | 0.15+0.01 | 0.23£0.02 | 0.21£0.03 | 0.24£0.00 | 0.22£0.04

IPPM Theme 0.2940.02 | 0.07£0.02 | 0.06+0.01 | 0.154+0.00 | 0.28+0.09 | 0.23+0.02 | 0.25+0.01 | 0.22+0.07

RAG 0.24£0.06 | 0.044+0.03 | 0.04£0.03 | 0.15+0.00 | 0.33+£0.09 | 0.19+0.06 | 0.26+0.01 | 0.20=£0.06

SFT 0.304+0.00 | 0.08+£0.00 | 0.07+£0.00 | 0.15+0.00 | 0.21+0.00 | 0.24+0.00 | 0.244+0.00 | 0.27+0.00

TADPOLE | 0.30£0.00 | 0.08+0.00 | 0.07+0.00 | 0.15+£0.01 | 0.214+0.02 | 0.24£0.01 | 0.244+0.01 | 0.264+0.02
Proportion 0.99 0.79 0.79 0.33 0.05 0.75 0.11 0.56

0-Shot 0.28£0.03 | 0.06+0.02 | 0.07£0.01 | 0.15+0.00 | 0.27£0.05 | 0.22+0.01 | 0.24+0.00 | 0.22£0.02

Theme 0.30+£0.02 | 0.084+0.00 | 0.08+£0.00 | 0.16+0.01 | 0.24+0.01 | 0.244+0.03 | 0.25+0.01 | 0.25+0.05

SyPPM RAG 0.31+0.01 | 0.084+0.00 | 0.07+£0.00 | 0.16+0.01 | 0.23£0.02 | 0.25+0.01 | 0.244+0.01 | 0.26=+0.01
SFT 0.2940.03 | 0.064+0.02 | 0.06£0.02 | 0.15+0.01 | 0.27£0.06 | 0.24+0.01 | 0.25+0.01 | 0.22+0.05
TADPOLE | 0.30£0.00 | 0.08+0.00 | 0.074+0.00 | 0.15+£0.01 | 0.214+0.01 | 0.24£0.01 | 0.244+0.01 | 0.2740.00
Gemini 0.30 0.07 0.07 0.16 0.23 0.24 0.24 0.24

IAP 0.30 0.07 0.07 0.16 0.23 0.24 0.24 0.24

Table 14: Class average content-level recall scores for adapted LLMs. Each model adaptation is performed on three
underlying LLMs, we report average results +standard deviation. We report micro average recall scores for each
theme class. We also report the proportion of responses which contain each theme in each dataset. We include
SyPPM results of the best commercial model (Gemini with theme prompting) for comparison. Finally, we report

theme-level IAP, comparing LLM performance and expert human alignment at the theme level.

H Prompts

In Section 3 we describe several methods for adapt-
ing LLMs for the patient message response drafting
task. We give the 0-shot and thematic prompts in
Figure 7 and Figure 8, respectively. The thematic
prompt guides the model to use our derived themes
when drafting responses to patient messages. In
Section 5 we see that thematic prompting, and other
forms of contextual adaptation such as RAG, SFT,
and our novel TADPOLE DPO-based strategy, im-
prove LLM performance on the response drafting

task.
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Dataset | Model Emp SymQ MedQ Assess Plan Logis Coord Cont
Proportion 0.81 0.05 0.02 0.38 0.27 042 0.58 0.03
0-Shot 0.88+0.02 | 0.12£0.06 | 0.08£0.07 | 0.57£0.02 | 0.46£0.02 | 0.58+0.03 | 0.68+0.02 | 0.12+0.07

SoCPPM Theme 0.88+0.02 | 0.13£0.05 | 0.12£0.05 | 0.55+0.00 | 0.44+0.02 | 0.58+0.03 | 0.69+0.02 | 0.09£0.01

RAG 0.824+0.05 | 0.12£0.05 | 0.07£0.06 | 0.55+0.01 | 0.47+0.01 | 0.57+0.03 | 0.70+0.03 | 0.1140.09

SFT 0.88+0.01 | 0.10£0.16 | 0.00£0.00 | 0.42+0.02 | 0.36+0.07 | 0.51+0.04 | 0.644+0.02 | 0.0940.08

TADPOLE | 0.89+0.00 | 0.18+0.04 | 0.10+0.04 | 0.454+0.02 | 0.354+0.07 | 0.53+0.05 | 0.68+£0.01 | 0.09+0.03
Proportion 0.76 0.23 0.09 0.31 0.24 0.51 0.67 0.07

0-Shot 0.85+0.02 | 0.05£0.05 | 0.09£0.06 | 0.51£0.02 | 0.42+0.02 | 0.59+0.02 | 0.76+0.03 | 0.12+0.05

IPPM Theme 0.85£0.02 | 0.45+£0.05 | 0.20£0.06 | 0.494+0.01 | 0.41+0.00 | 0.59+0.02 | 0.77+0.00 | 0.15£0.04

RAG 0.77£0.05 | 0.05£0.02 | 0.08£0.10 | 0.47+£0.00 | 0.46:+0.05 | 0.584+0.03 | 0.754+0.02 | 0.1140.03

SFT 0.86+0.00 | 0.08+0.02 | 0.08+£0.08 | 0.324+0.03 | 0.384+0.05 | 0.49+0.03 | 0.73+£0.01 | 0.07£0.07

TADPOLE | 0.87£0.00 | 0.45+0.02 | 0.21+0.07 | 0.30+0.05 | 0.364+0.05 | 0.46+0.05 | 0.77£0.01 | 0.15+0.02
Proportion 0.99 0.79 0.79 0.33 0.05 0.75 0.11 0.56

0-Shot 0.98+0.02 | 0.17£0.10 | 0.08£0.07 | 0.50£0.00 | 0.10+0.01 | 0.54+0.23 | 0.19+0.08 | 0.42+0.06

Theme 0.994+0.00 | 0.72+£0.01 | 0.32£0.01 | 0.50£0.01 | 0.06+0.04 | 0.524+0.05 | 0.174+0.01 | 0.33£0.15

SyPPM RAG 0.93+0.03 | 0.19£0.10 | 0.05£0.00 | 0.494+0.01 | 0.12+0.04 | 0.57£0.17 | 0.20£0.02 | 0.3240.21
SFT 0.984+0.01 | 0.38+£0.04 | 0.09£0.04 | 0.33£0.08 | 0.24+0.13 | 0.58+0.09 | 0.2240.02 | 0.134+0.03
TADPOLE | 0.99+£0.00 | 0.79+0.03 | 0.49+0.01 | 0.16+0.04 | 0.17+0.09 | 0.19£0.02 | 0.22£0.03 | 0.46:£0.16
Gemini 0.99 0.71 0.28 0.50 0.14 0.76 0.33 0.71
IAP 0.80 0.80 0.53 0.38 0.07 0.73 0.15 0.06

Table 15: Class average theme-level edit-F1 scores for LLM adaptations. Each model adaptation is performed on
three underlying LLMs, we report average results t=standard deviation. We report micro average edit-F1 scores for
each theme class. We also report the proportion of responses which contain each theme in each dataset. We include
SyPPM results of the best commercial model (Gemini with theme prompting) for comparison. Finally, we report
theme-level IAP, comparing LLM performance and expert human alignment at the theme level.

Prompt | Model | Emp SymQ MedQ Assess Plan Logis Coord Cont
GPT 0.31 0.07 0.07 0.15 021 0.24 0.24 0.27

0-Shot Gemini | 0.30 0.08 0.07 0.15 021 0.25 0.24 0.28
Claude | 0.31 0.07 0.07 0.15 023 0.24 0.24 0.27

Avg 0.31 0.07 0.07 0.15 0.22 0.24 0.24 0.27

GPT 0.28 0.07 0.08 0.14 0.34 0.21 0.24 0.19

Theme Gemini | 0.30 0.07 0.07 0.16 023 0.24 0.24 0.24
Claude | 0.31 0.08 0.07 0.14 0.20 0.24 0.24 0.27

Avg 0.30  0.07 0.07 0.15 026 0.23 0.24 0.23

IAP 0.30 0.21 0.21 0.13 027 0.37 0.15 0.64

Table 16: Class average content-level recall scores for Claude 4.5 Sonnet, Gemini 2.5 Pro and GPT-OSS reasoning
models models on the publicly-available SyPPM evaluation dataset. We evaluate each model using 0-shot and
thematic prompts. Classifying elements in clinician responses into themes, we report response draft recall scores
averaged across each theme. We also report content-level IAP, comparing LLM performance and expert human
alignment at the content level.

Prompt Model | Emp SymQ MedQ Assess Plan Logis Coord Cont
GPT 0.99 0.42 0.22 0.50 0.10 0.81 0.27 0.64

0-Shot Gemini | 0.99 0.16 0.03 0.50 012 0.79 0.29 0.66
Claude | 0.99 0.49 0.22 0.50 0.09 0.53 0.34 0.52

Avg 0.99 0.36 0.16 0.50 0.10 071 0.30 0.61

GPT 0.99 0.80 0.43 0.50 0.10 0.82 0.27 0.60

Theme Prompting Gemini | 0.99 0.71 0.28 0.50 0.14 0.76 0.33 0.71
Claude | 0.99 0.87 0.39 0.50 0.12 0.63 0.15 0.56

Avg 0.99 0.79 0.37 0.50 0.12 074 0.25 0.62

Theme Proportion 0.99 0.79 0.79 0.33 0.05 075 0.11 0.56
IAP 0.80 0.80 0.53 0.38 0.07 0.73 0.15 0.06

Table 17: Class average theme-level edit-F1 scores for Claude 4.5 Sonnet, Gemini 2.5 Pro and GPT-OSS reasoning
models models on the publicly-available SyPPM evaluation dataset. We evaluate each model using 0-shot and
thematic prompts. We report edit-F1 scores for each theme class. Additionally, we report the proportion of responses
which contain each theme (theme proportion) in the SyPPM dataset. Finally, we also report theme-level IAP,
comparing LLM performance and expert human alignment at the theme level.
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You will be given a patient portal message and the patient’s EHR chart. Respond to the message as
though you were their doctor.

Patient Chart: {chart}

Patient Message: {message}

Doctor Response:

Figure 7: 0-shot prompt for patient message response drafting

You will be given a patient portal message and the patient’s EHR chart. Respond to the message as
though you were their doctor.

Good doctor responses are typically concise, and may contain some of the following themes:

- Empathetic communication, e.g. showing understanding and care for the patient’s situation

- Symptom-related follow-up questions, e.g. asking about the patient’s symptoms or history

- Medication-related follow-up questions, e.g. asking about the patient’s medication history or plans
- Medical assessment, e.g. explaining symptom causes or why you are prescribing a medication

- Medical instruction, e.g. outlining medical plans for the patient or providing instructions to the
patient

- Logistical information, e.g. giving details about scheduling, billing, operations

- Care coordination, e.g. outlining communication plans for/with the patient, and/or inter- or intra-
clinic communication plans

- Contingency planning, e.g. outlining a backup/red flag plan for the patient

Patient Chart: {chart}

Patient Message: {message}

Doctor Response:

Figure 8: Thematic prompt for patient message response drafting
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