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Abstract

Al-generated clinical notes are increasingly
used in healthcare, but evaluating their qual-
ity remains a challenge due to high subjectivity
and limited scalability of expert review. Exist-
ing automated metrics often fail to align with
real-world physician preferences. To address
this, we propose a pipeline that systematically
distills real user feedback into structured check-
lists for note evaluation. These checklists are
designed to be interpretable, grounded in hu-
man feedback, and enforceable by LLM-based
evaluators. Using deidentified data from over
21,000 clinical encounters (prepared in accor-
dance with the HIPAA safe harbor standard)
from a deployed Al medical scribe system, we
show that our feedback-derived checklist out-
performs a baseline approach in our offline
evaluations in coverage, diversity, and predic-
tive power for human ratings. Extensive ex-
periments confirm the checklist’s robustness
to quality-degrading perturbations, significant
alignment with clinician preferences, and prac-
tical value as an evaluation methodology. In
offline research settings, our checklist offers a
practical tool for flagging notes that may fall
short of our defined quality standards.

1 Introduction

Evaluating the quality of Al-generated text is chal-
lenging, especially in domains where the text is
highly specialized and requires expert knowledge.
This is particularly true in the medical domain,
specifically for Al-generated clinical notes. Au-
tomated metrics are scalable but often misaligned
with clinical needs, relying on limited reference
notes and penalizing harmless stylistic differences.
Reference-free methods tend to focus narrowly on
factuality (Xie et al., 2024). Meanwhile, human
evaluation by clinical experts is generally high-
quality but costly, inconsistent, and difficult to
scale due to subjective preferences and varying
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Checklist Score: 7/ 10

Does the section include a clear and concise diagnosis or
differential diagnosis for each problem?

Are the rationale and evidence for each diagnosis clearly
documented?

Does the section provide a detailed plan for addressing each
identified problem, including specific treatments and
interventions?

Are follow-up plans and timelines specified for each problem?

Does the section mention any need for additional diagnostic
testing or referrals?

Is patient education or counseling regarding the diagnosis and
treatment plan documented?

Is there documentation of the patient’s or caregiver’s
understanding and agreement with the plan?

Does the section include considerations for any comorbid
conditions that may affect the management of the patient's
problems?

Is there documentation of any medication changes, with reasons
provided for each change?

Figure 1: Example checklist questions for the Assess-
ment and Plan section of a clinical note. The checklist
score consists of the proportion of satisfied questions.

documentation standards across specialties (Wang
et al., 2025a; Hanson et al., 2012). The diversity of
clinical practice makes defining a single set of eval-
uation criteria (e.g., a rubric) that applies across all
notes difficult (Yim et al., 2023; Wang et al., 2024;
Croxford et al., 2025a).

Checklists are commonly employed in aviation
and healthcare, used to improve safety and qual-
ity (Reijers et al., 2017; Chaparro et al., 2019;
Brykczynski, 1999; Degani and Wiener, 1993;
Haynes et al., 2009) and to guide human- or LLM-
evaluators in complex tasks.

To address the challenge of evaluating Al-

generated clinical notes, we propose leveraging
real user feedback to generate grounded checklists.
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For each encounter, clinicians may provide free-
form written feedback for the corresponding note.
Such user feedback reflects real issues clinicians
face with Al-generated notes, providing valuable
insights into the qualities that make a clinical note
effective or lacking. By analyzing this feedback,
we can automatically uncover the attributes associ-
ated with highly-rated notes. These qualities can be
compiled into structured checklists to effectively
evaluate clinical notes. The checklist can be used
with LLMs-as-a-Judge (Zheng et al., 2023), to au-
tomatically flag notes that are lacking, at scale for
checklists that are too long for humans to evalu-
ate, or to support human evaluation by providing a
rubric for the human evaluator to follow. Thus, we
tackle the following research question: can user
feedback be systematically distilled into a note
quality checklist?

To achieve these goals, we propose a method
to automatically generate a checklist, given user
feedback. The pipeline involves leveraging user
feedback as context, prompting an LLM for candi-
date checklist questions, and then applying a series
of refinement steps to select for the most salient
questions. Finally, we conduct automatic evalua-
tion of the final checklists, with plans for human
validation and checking for generalization'. An ex-
ample of how a checklist would be used for scoring
a note can be seen in Fig. 1.

Our contributions are as follows:

* We propose a systematic pipeline for generating
and refining checklists from real user feedback,
with clear evaluation metrics.

* In our internal offline evaluation, the checklist
appears more comprehensive, diverse, and predic-
tive of human ratings than a baseline (zero-shot)
checklist.

* We demonstrate the checklist’s robustness to var-
ious quality-degrading perturbations (e.g., miss-
ing information, poor writing flow and organiza-
tion, and redundancy and hallucinations) as well
as significant alignment with expert preferences.

2 Related Work

Additional work on checklist generation and evalu-
ation are discussed in Appendix §A.

Clinical note evaluation Guideline or rubric-
based evaluation of clinical notes has been explored

'Our checklists are not intended for clinical deployment
or for altering patient care without clinician review.

in several works (Yim et al., 2019). Stetson et al.
(2012) is a 9-item rubric for medical documenta-
tion quality, a shorter version of the Physician Doc-
umentation Quality Instrument (PDQI) (Stetson
et al., 2008). It is scored on a 5-point Likert scale
and has been used to evaluate Al-generated clinical
notes (Amenyo et al., 2025; Croxford et al., 2025b).
Eng et al. (2024) creates a high-level guideline for
medical documentation best practices. Burke et al.
(2014) is another physician-validated medical note
rubric. These rubrics often have Likert scales as
answer options, which introduces additional com-
plexity and ambiguity for human and LLM raters.
Rubrics are also difficult to develop and score, due
to subjectivity and variability of practice (Croxford
et al., 2025a; Oleson, 2024). While these existing
rubrics are static, we introduce an approach that
is comprehensive of large-scale user concerns and
dynamic to new feedback.

Other note evaluation works include training re-
ward models (Wang et al., 2025b), or proposing
reference-free evaluation on pre-defined desired at-
tributes (typically factuality-based) (Kanithi et al.,
2024; Xie et al., 2024). We are the first to propose
a checklist-based evaluation approach grounded in
real human feedback.

Checklist-based evaluation with LLM-as-a-
Judge LLMs are increasingly used as automatic
evaluators, due to their ability to handle nuance and
scale. In particular, LLM-evaluators (or LLMs-as-
a-Judge) are used to evaluate the quality of another
LLM’s generations. However, LLM-evaluators
have been shown to contain biases like increased
position bias with more answer candidates (Ye
etal., 2024), leading us to choose a binary checklist-
based evaluation approach.

Works like Goldberg et al. (2024) use LLMs
to evaluate compliance with a pre-existing check-
list, and many others have explored checklist-based
evaluation with LL.M-as-a-Judge for a variety of
tasks (Lin et al., 2024; Que et al., 2024; Chu et al.,
2025). It has been extensively demonstrated that
checklists can be used to improve the reliability of
LLM-evaluators and agreement with human judg-
ments (Lee et al., 2025; Pereira et al., 2024; Cook
et al., 2024; Wei et al., 2025; Li et al., 2025).

3 Data

We leverage a mix of proprietary data (user feed-
back and note ratings) from a commercial Ambi-
ent Al company and open-source datasets (clini-
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¢ ChecKlist score: for a note and a checklist, the
proportion of the checklist questions that pass.

checklist
|
Checklist Generation
Figure 2: Proposed end-to-end pipeline.
Feedback Rating
“Does not capture all the key clinical details 2
discussed during the visit”
“Prefer past tense” 4
“Could benefit from clearer summary and clin- 3
ical reasoning”
“Covers everything I would have wanted to 5
see”
Table 1: Example synthetic user feedback and star
ratings.

cal notes). We use: 1) approximately 22,000 real-
world clinical encounters containing free-text user
feedback and 1-5 star ratings (see Table 1 for syn-
thetic examples), 2) 506 pairs of clinical notes rated
by clinical experts in pairwise comparisons, and 3)
207 reference clinical notes and transcripts from
ACI-bench (Yim et al., 2023), each structured into
four standard sections and used for benchmarking
and evaluation. Further details can be found in §B.

4 Pipeline & Implementation

We start with some definitions:

* Checklist question: a question that can be an-
swered with “Yes” or “No”; specifically, the ques-
tion is designed to be answered with “Yes” if the

To streamline the evaluation process and make
checklists more easily comparable, we make sev-
eral simplifying assumptions:

We focus on the Assessment and Plan (AP) sec-
tion of the notes, since it is a key component of
clinical notes and all encounters should have this
section. However, our proposed methods can be
extended to other note sections.

¢ Checklist questions must be answerable w/ “Yes”
or “No” for all encounters, i.e., no “N/A” answers
allowed.

* Questions should be answerable given only tran-
script and the specified note section.

* Checklists should be concise, to be easily pro-
cessable by humans.
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Fig. 2 shows the proposed pipeline®. We will go
over generation (§4.1) and refinement (§4.2) of the
checklist questions below. See §5 for evaluation
and results of the final checklist questions.

4.1 Checklist Generation Methods

We generate candidate checklist questions for each
note section separately. Appendix §C contains the
prompts used for generating checklists.

Baseline: 'We prompt a LLM with the instruction
to generate candidate checklist questions, without
any feedback or specified guidelines (zero-shot).
This baseline is designed to isolate the contribution
of clinician feedback. We chose not to adapt prior
rubrics such as Stetson et al. (2012) or Burke et al.
(2014) since they are Likert-style and not directly
comparable to binary checklists without careful
redesign, and having a clinical expert draft check-
list questions from scratch has proven non-trivial
and time-consuming, due to the subjectivity and
exhaustiveness of the task.

With Feedback: We prompt a LLM with the
feedback corpus and the instruction to generate
candidate checklist questions. Because there is
more feedback than can fit in the model’s context
window, we split the feedback into batches. Ques-
tions are confirmed to be written such that a “Yes”
answer corresponds to a good clinical note; if not,
the LLM rewrites them in the correct direction.

4.2 ChecKklist Refinement

Once we have candidate checklist questions, we
conduct several steps to filter out undesirable ques-
tions, based on our criteria in §4. The refinement
steps, which are detailed below, include:

1. De-duplicating redundant questions.

2. Tagging for generally applicable and section
specific questions.

3. Dropping questions that are not LLM enforce-
able.

4. Selecting a final subset optimized for feedback
coverage and diversity.

Redundant Questions We obtain embeddings of
each question, using text-embedding-3-large,
and then calculate the cosine similarity between
each pair of questions. We build a graph where

This pipeline is illustrative, uses de-identified data, and
remains subject to further validation.

each question is a node, and an edge exists between
two questions if their cosine similarity is > 0.85
(this threshold is chosen from manual inspection
of clusters). Each connected component of the
graph is a cluster of similar questions, while iso-
lated nodes are unique questions. For each cluster,
we prompt gpt-40 to generate a single question
consolidating the similar questions.

Tagging for applicability and specificity We
keep only questions that are applicable to general
encounters, ensuring that they are answerable with
a simple “Yes” or “No” for all encounters, without
allowing for “N/A” responses. Additionally, we
flag questions that reference other note sections,
retaining only section-specific questions. This en-
sures that questions are answerable using only the
transcript and the specified note section. Appendix
§D.1 contains examples of questions that would be
dropped in this step. To implement this, we prompt
the 03-mini model to tag each question using a
zero-shot, chain-of-thought (CoT) approach.

LLM Enforceability We want to ensure that
the questions are answerable by LLM-evaluators.
Thus, we define enforceability unit tests: mini-
benchmarks of 10 reference notes per checklist
question that pass the question criteria, where each
reference note is then rewritten to fail the criteria.
A unit test is “passed” if the rewritten note receives
a score of “No” for the question. By doing this, we
can select the checklist questions that are actually
enforceable by LLMs.

We measure the enforceability rate for each
checklist question, which is the proportion of
rewritten notes that correctly fail the criteria, which
is then averaged across all questions into a single
enforceability score for the checklist. §D.2 fur-
ther details the implementation of these unit tests.
We discard questions with an enforceability score
below a threshold of 0.7.

Optimal subset of questions for feedback cov-
erage and diversity The final refinement step
selects an optimal subset of checklist questions
that maximizes coverage of user feedback while
minimizing redundancy and checklist length. We
define coverage as the proportion of feedback items
addressed by the selected questions, measured us-
ing an LL.M-based coverage matrix, and diversity
as the average dissimilarity (1 minus Jaccard sim-
ilarity) between the sets of feedback covered by
each question. Then for coverage C, diversity D,
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Metric Baseline  Feedback
(n=10) (n=20)
Coverage T 0.978 0.987
Diversity 1 0.897 0.923
Intra-cluster Dist | 0.670 0.667
Inter-cluster Dist 1 0.061 0.080
LLM enforceability T 0.82 0.89

Table 2: Evaluation of the final checklists, with respect
to feedback coverage, diversity, and LLM enforceability.
Diversity is additionally evaluated by intra-cluster and
inter-cluster distances. The feedback checklist beats the
baseline checklist in each category.

weight o, and length penalty A, we can define the
following objective score:

Score(k)=a-C+(1—a)-D—X-k

We use beam search to select the subset of k ques-
tions that optimizes this score. Additional imple-
mentation details are provided in §D.3.

5 Evaluation

Following all refinement steps, we will have a final
set of checklist questions. We then evaluate the
utility of the final checklist, using the following
suite of evaluation metrics:

* Scores for feedback coverage, feedback diversity,
and LLM enforceability.

* Predictive power of the checklist questions.
* Robustness against perturbations.

* Correlation with human preference ratings.

To demonstrate our pipeline, we generate a
checklist from feedback data for the AP section of
the notes. From the ~7700 feedback items that are
tagged with the AP section, 97 candidate checklist
questions are generated. Following our refinement
steps, we obtain a final checklist of 20 questions.
Our checklist is compared against a baseline check-
list of 10 questions, both of which are written out
in §E. §F.1 describes our specific generation and
refinement results.

5.1 Feedback Coverage & Diversity and LLM
Enforceability

Following the definitions given in §4.2, we can
measure the coverage, diversity, and LLM enforce-
ability of our checklist questions compared to a

baseline checklist. We additionally evaluate di-
versity by embedding the feedback covered by
each question (using text-embedding-3-large),
and then minimizing intra-cluster distances among
questions and maximizing inter-cluster distances
between question clusters. Intra-cluster distance is
defined as the average distance between all feed-
back items covered by a question, and inter-cluster
distance is defined as the average distance between
the centroids of the clusters of feedback items cov-
ered by each question.

Our checklist has better feedback coverage and
diversity and is more LLM enforceable than the
baseline checklist, as shown in Table 2. The feed-
back checklist has a coverage of 0.987 and a di-
versity of 0.923, compared to the baseline’s cover-
age of 0.978 and diversity of 0.897. The feedback
checklist also has a lower intra-cluster distance and
a higher inter-cluster distance than the baseline
checklist, indicating that it covers a wider range of
feedback items while avoiding redundancy. Our
feedback checklist also obtains a higher enforce-
ability score, i.e., it is more answerable by LLMs
(see §E.2 for the breakdown across questions).

5.2 Predictive Power

We measure the predictive power of the checklist
questions by using them as features to predict the
star ratings of the notes. We can do this by training
a classifier on the feedback data, where the input
is the feedback and the output is the star rating
of the note. The checklist questions are used as
features for this task, with the mapping of the input
to features as the coverage matrix from §4.2. §F.2
describes the setup of the task in more detail.

Our checklist has better predictive power than
the baseline checklist as well. Our feedback check-
list yields a higher accuracy of 0.70 for predict-
ing the star ratings of the notes, compared to 0.62
for the baseline checklist. We also find that our
feedback checklist has a higher macro F1 score of
0.63, compared to 0.43 for the baseline checklist.
This indicates that the feedback checklist is better
aligned with the star ratings of the notes.

5.3 Robustness against Perturbations

As described in §B.3, we leverage ACI-bench notes
as a set of reference notes that are of good quality.
We then define a set of perturbations, i.e., trans-
formations, that can be applied to the reference
notes, to simulate poor quality notes. The specific
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Figure 3: The feedback checklist has a higher pertur-
bation A than the baseline checklist. It is more robust
against perturbations, particularly for missing informa-
tion, organization, and redundancy/hallucination.

perturbations we apply to the reference notes are
described in §F.2 and summarized in Table 3. After
scoring the reference notes and the perturbed notes
with the checklist, we can measure the robustness
of the checklist against these perturbations.

For a checklist question, we define its Perturba-
tion Delta (A) as the score of the perturbed note
subtracted from the score of the reference note, av-
eraged over all notes. Since a perturbed note should
score lower than the reference note, A should be
larger for more robust checklist questions. We can
then measure the robustness of the full checklist by
measuring the average A across all questions.

Our checklist is significantly more robust
against perturbations than the baseline checklist.
As shown in Fig. 3, the feedback checklist has an
average perturbation A of 2.26, compared to 0.91
for the baseline checklist. The A’s are significantly
greater than O for all perturbations (p < 0.001, one-
sample ¢-test). In contrast, the baseline shows no
significant change for the repeat_sentence and
coherence_shuffle perturbations. We also con-
firm that most A’s are significantly larger for our
feedback checklist than the baseline, with p < 0.05
for a two-sample ¢-test and a large effect size (Co-
hen’s d = 2.94).

Our checklist is particularly robust to
perturbations like delete_sentence and
delete_section, which are designed to simulate
missing salient information. Furthermore, our

0.8

0.6+

0.4+

Average Checklist Score

0.2 Rank
Rank One (Preferred)
Rank Two

0.0

Baseline (n=10) Feedback (n=20)

Checklist Type

Figure 4: Correlation with human preference ratings is
significant for our checklist (p < 0.05 from a paired
t-test, Cohen’s d = 0.28), but not for the baseline.

checklist is more sensitive to perturbations like
section_shuffle and coherence_shuffle,
which are designed to simulate poor writing
flow and organization. repeat_sentence and
irrelevant_sentence are also detected by
our feedback checklist, but not by the baseline
checklist, suggesting that our feedback checklist is
better at detecting redundancy and hallucination
errors in the notes.

5.4 Correlation with Human Preference
Ratings

We use 109 unique pairs of preference ratings for
the AP section for our evaluation. For each note
pair, we compute the checklist score for each note.
We then aggregate the scores for the ranked notes
and check for statistical significance. Ideally, the
preferred note should have a higher checklist score
than the non-preferred note.

Our checklist is significantly correlated with hu-
man preferences compared to the baseline check-
list (see Fig. 4). That is, our checklist produces
a significant difference (p < 0.05 from a paired
t-test) in scores between the preferred and non-
preferred notes, with prefered notes having the
higher score. The baseline checklist does not pro-
duce a significant difference in scores between the
preferred vs. non-preferred notes.

6 Conclusion

In this work, we propose a method to automatically
generate a checklist for evaluating clinical notes,
based on real user feedback for notes produced
by a commercial Ambient Al company. We show
that our generated checklists have more desirable
properties than a baseline checklist, and we define
a series of evaluation metrics to assess the quality
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of the checklists. In particular, we show that our
checklists are comprehensive, diverse, predictive of
human ratings, and aligned with expert preferences.

Our approach addresses a critical need in health-
care Al for scalable, clinically-grounded evalua-
tion. By systematically distilling feedback from
over 21,000 real clinical encounters, we demon-
strate that user concerns can be transformed into
actionable evaluation criteria. The resulting check-
list serves as an interpretable, enforceable tool that
can flag potentially problematic notes while main-
taining transparency about evaluation criteria.

This work demonstrates the practical value of
leveraging large-scale user feedback to create eval-
uation tools for deployed Al systems. Our pipeline
provides a systematic approach to convert real user
feedback into structured evaluation criteria, offer-
ing a scalable alternative to purely manual review
while preserving clinical input and oversight.

Future work includes scaling the pipeline to ad-
ditional note sections and domains, implementing
dynamic and more robust feedback filtering, and
incorporating advanced evaluation methods such as
feature importance analysis, human studies, and im-
proved LLM-evaluator reasoning to further refine
and validate the checklists. Extended discussion of
future work can be found in §G.

Limitations

Our pipeline makes several simplifying assump-
tions, such as excluding "N/A" answers and cross-
section comparisons, which may limit the scope
and nuance of the resulting checklists. Checklist
coverage is inherently limited by the content of user
feedback; e.g., if there are no complaints about pro-
noun usage, there may not be a checklist question
about using correct pronouns. Checklist questions
that favor comprehensive notes may penalize con-
cise ones that are still clinically sufficient, such as
in time-sensitive settings like emergency care. Our
methodology could be adapted for these specialties
by filtering for specialty-specific feedback, as well
as for other contexts (e.g., multi-provider notes).
Our current setup treats all checklist questions
with equal weight, and though this assessment
is inherently subjective, we acknowledge that
clinical significance varies across checklist items.
Weighted scoring could be implemented automati-
cally (e.g., Wei et al. (2025)) or added during clini-
cal review of the rubric as a post-hoc step, without
redesigning our existing methodology.

We rely heavily on LLMs in our pipeline and
evaluation, which introduces its own set of chal-
lenges. When using LLMs-as-a-Judge, there is a
lack of ground truth labels to determine whether
clinical notes satisfy checklist questions, such as
for ACI-bench notes. Exhaustive evaluation is dif-
ficult, since each checklist question can be a sub-
stantial problem on its own. As such, our current
metrics are not exhaustive. Finally, we rely on
proxies for positive signals, such as internal pair-
wise preference data, though these proxies also
have their own limitations (e.g., poor agreement be-
tween raters, though we mitigate this by selecting
pairs with at least two raters in agreement).

Ethical Considerations

Our work involves the use of clinical note data
and user feedback for the purpose of building au-
tomated evaluation pipelines. All proprietary data
used in this work, such as user feedback, star rat-
ings, and clinical note content, is handled in com-
pliance with applicable data privacy policies and
HIPAA regulations. All PHI is de-identified in ac-
cordance with HIPAA safe harbor standard before
model training and evaluation; no direct identifiers
are transmitted outside the covered environment.

Our checklist is designed as a scalable triage tool,
not a replacement for clinical judgment. Our gener-
ated checklists are designed to be interpretable and
transparent, but further validation with practicing
clinicians is necessary before clinical deployment.
Clinicians can review the finite set of criteria, after
which the checklist can be applied at scale to flag
notes for expert attention. We acknowledge that
LLM outputs may introduce subtle errors or biases,
and we flag this as an area for continued valida-
tion. In production, the checklist will be part of a
much larger evaluation suite that involves human
and clinician oversight at different stages, not to be
used as a single criterion for decision making.
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jers et al., 2017; Chaparro et al., 2019; Brykczyn-
ski, 1999; Degani and Wiener, 1993; Haynes et al.,
2009), there is a growing body of work on generat-
ing checklists automatically with LLMs (Lee et al.,
2025; Cook et al., 2024; Pereira et al., 2024; Wei
et al., 2025; Li et al., 2025). These works focus
on generating checklists specific to individual in-
structions or data samples (e.g., a summary or user
conversation), rather than generalizable checklists
that can be applied across a corpus of data.

For other clinical applications, Nan et al. (2017)
propose a rule-based method for generating dy-
namic clinical safety checklists and Zhang et al.
(2021) learns optimal checklists for clinical deci-
sion support from a set of predefined binarized
features. Checklists have also been manually de-
veloped by experts, for individual medical notes
(Savkov et al., 2022) and generative medical tasks
in Chinese (Zhang et al., 2025). Our work aims to
automatically generate checklists for clinical notes
that apply across encounters, checking for items
beyond facts.

Checklist evaluation Wang et al. (2023) propose
a method of generating natural language cluster la-
bels based on a goal; we similarly want to generate
checklist questions that cover a corpus of feedback,
based on the goal of evaluating note quality. Our
feedback coverage methodology is loosely inspired
by their Propose-Assign-Select framework. Guo
et al. (2024) define a testbed of global perturbations
to assess metrics for plain language summarization;
we draw from these criteria to form our own pertur-
bation benchmark.

B Data

B.1 User Feedback

We retrieve ~22K encounters with user feedback
of > 2 words, non-null (1-5) star ratings. Table 1
provides some synthetic examples. The user feed-
back is free-text, and the star ratings are on a scale
of 1-5, with 1 being the worst and 5 being the best;
these are obtained from real users of an Ambient
Al company that scribes clinical encounters and
generates clinical notes. We specifically filter for
feedback that is relevant to note quality and con-
tent, as opposed to other issues like recording or
EHR integration. We use an internal tool to deter-
mine the relevant note section (e.g. HPI, AP) for
each piece of feedback and only keep the relevant
feedback for each section.

B.2 Human Preference Ratings

We also have access to 506 pairs of note sections
with internal preference ratings, which are rated by
clinical experts within the company. These pairs
of notes have at least two raters agreeing on the
preferred note in a pairwise comparison. Each
sample of this dataset contains the transcript of the
encounter and the pair of notes for the section being
rated, with the preferred note being marked.

B.3 Reference Notes: ACI-bench

We are using 207 reference notes and transcripts
from ACI-bench (Yim et al., 2023). Each note con-
tains four sections, corresponding to the sections
our user feedback is tagged with in parentheses:

* SUBJECTIVE (HPI_Subjective) includes items
taken during verbal exam and typically written
in the chief complaint, history of present illness,
and past social history.

* OBJECTIVE EXAM (Physical Exam or PE) in-
cludes content from the physical examination on
the day of the visit.

* OBJECTIVE RESULTS (Results) includes diag-
nostics taken prior to the visit, including labora-
tory or imaging results.

e ASSESSMENT AND PLAN (AP) includes the
doctor’s diagnosis and planned tests and treat-
ments.

In cases where certain sections are missing, an
EMPTY flag is used as the content. We utilize
these reference notes to calculate pass rates/check-
list scores, generate perturbed notes, and create unit
tests.

C LLM Prompts
gpt-4o is used for checklist generation.

C.1 Baselines

System message:

You are an expert in clinical documentation. You
want to evaluate the quality of a clinical

note. You will generate a list of simple yes
/no questions, such that the "Yes" answer
corresponds to a good clinical note.

You may optionally specify the specific note
section that each question pertains to. The
sections are as follows:

- "subjective” includes items taken during
verbal exam and typically written in the
chief complaint, history of present illness,

and past social history
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- "objective_exam” includes content from the
physical examination on the day of the visit

- "objective_results” includes diagnostics taken
prior to the visit, including laboratory or
imaging results

- "assessment_and_plan” includes the doctor's
diagnosis and planned tests and treatments

If the question is applicable to the full note,
then denote "full” as the pertinent section.

C.2 Feedback Checklists

Proposer’s system message for a given section:

You are an expert in clinical documentation.

You will be provided with an itemized list of
physician feedback on the {section} section
of medical notes.

Your task is to generate a set of yes/no
questions that comprehensively reflect this
feedback.

The questions should aim to identify the
presence or absence of good documentation
practices in the {section} section.

The questions should be specific to the {section}

section and should not reference or depend
on the content of other sections of the
medical note.

If a feedback item pertains to multiple note
sections, focus only on the parts that apply

to {section} content.

Each question should ideally address multiple
feedback items rather than targeting only
one.

Keep questions concise, atomic, and objective;
avoid complex sentence structure.

For each question, list the corresponding
INDICES of the feedback item that are
addressed.

Avoid overly specific questions; instead, favor
general questions that apply across a
variety of medical encounters.

Do not include protected health information (PHI
) in any questions.

Use third-person language when referring to the
note.

A "Yes" answer should indicate that the note
meets good clinical documentation standards.

Incorporate both positive and negative feedback:

- For negative feedback, generate questions that
would flag a note if it exhibited similar
issues.

- For positive feedback, generate questions that
promote those qualities in all notes.

Generate as many questions as necessary to cover
the feedback comprehensively.

Assigner’s system message:

You will be given an itemized checklist of
questions and a user feedback.

Indicate which questions cover the feedback.
Respond as a list of question item numbers.

Questions:

1.00 k=20

—e— Coverage
Diversity
0.98
0.96
<
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Figure 5: « values for the objective function, where «
is the weight of the coverage term. The « value is set
to 0.5 for the final checklists, since it provides balance
between coverage and diversity.

‘{itemized checklist questions}

C.3 Unit Tests

System message for re-writing reference notes to
fail checklist criteria:

You are an expert in clinical documentation. You
will be given a checklist question and a
medical note that fulfills the criteria,
with respect to the given clinical
transcript.

Your task is to rewrite the note so that it
fails the criteria with respect to the
transcript.

User message for re-writing reference notes to
fail checklist criteria:

Transcript: {reference transcript}
Note: {reference note}

Question: {question}

C.4 Feedback Coverage

Assigner’s system message:

You will be given an itemized checklist of
questions and a user feedback.

Indicate which questions cover the feedback.
Respond as a list of question item numbers.

Questions:
{itemized checklist questions}

D Extended Refinement Details

D.1 Examples of Flagged Questions

When tagging for applicability, we drop questions
like “Is there a comprehensive assessment and plan
for all chronic conditions discussed, ensuring noth-
ing important is omitted?”” For section-specificity,
we flag questions like “Is there a clear separation
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between the history of present illness (HPI) and the
action plan to ensure there is no overlap?” since
they would require access to the HPI section to
answer.

D.2 LLM Enforceability

The 10 reference notes in each question’s mini-
benchmark are selected randomly among all
the ones that pass the question. We prompt
gpt-4.1-mini to rewrite the reference notes to
fail; see §C.3 for the prompt used to rewrite the
reference notes to fail the checklist questions. For
example, if the checklist question is “Does the note
use the correct pronouns?” and the reference note
uses “she”, then the note could be rewritten to use
“he” to fail the criteria.

Post-processing is done to ensure only the rewrit-
ten note is produced, i.e., no explanations. Manual
verification of 50 pairs of notes spanning 27 dif-
ferent checklist questions has yielded a 90% vali-
dation rate (rewritten notes that correctly fail); the
remaining 10% of rewritten notes are still of infe-
rior quality (missing/inaccurate details), but do not
necessarily fail the criteria of the question.

D.3 Optimizing for Feedback Coverage and
Diversity

Ideally, the checklists questions should maximize
coverage of user feedback while avoiding redun-
dancy. This refinement step accounts for address-
ing the most salient feedback points, while avoiding
questions that are too specific to a single encounter
or too general and uninformative.

Coverage is defined as whether each feedback
is supported by each question, and it is measured
by the assigner LLLM, with the prompt defined in
§C.4. We obtain a “coverage matrix”, where (i, j)
value is 1 if question ¢ covers feedback 7, and 0
otherwise. Total coverage rate C, is the sum of the
coverage matrix divided by the number of feedback
items.

To avoid redundancy, we also want feedback
diversity among the checklist questions’ coverage
sets. For questions ¢ and j with covered sets of
feedback F; and F;, we define the similarity S;; of
the feedback items covered by questions 7 and 7 as
their Jaccard similarity, i.e., S;; = |F; N Fj|/|F; U
F;|. Then for a checklist of n questions, we can
define the diversity of question ¢ as one minus its

a=0.5,A=0.0005

1.004

0.95

Score

0.85-

—e— Coverage
Diversity
—+— Objective Score

0.801

T T T T T T —
5 10 15 20 25 30 3536
Number of Questions (k)

Figure 6: Objective score (coverage and diversity) vs.
length of checklist. £ = 20 is the optimal number of
questions.

average similarity with all other questions:

1 n
Di=1-— Z Sig
J=1j#i

Total diversity D is the average of the diversity
of all questions.

Since we also want to avoid overly length check-
lists, we also add a weight A for penalizing length.
Finally, for a checklist of k£ questions, we can define
a objective score to balance coverage and diversity
of a checklist, given « as the weight:

Score(k) =a-C+(1—a)-D—X-k

We can then use beam search to select the op-
timal subset of k questions. Fig. 5 shows the «
values for the objective function, where « is the
weight of the coverage term. We select a final «
value of 0.5, since it provides balance between cov-
erage and diversity.

E Checklist Questions

The checklists are intended for quality assessment,
not reimbursement or coding optimization; addi-
tional audit measures are required to prevent mis-
use.

Baseline Checklist for AP (n = 10)

1. Does the section include a clear and concise
diagnosis or differential diagnosis for each prob-
lem?

2. Are the rationale and evidence for each diagno-
sis clearly documented?

3. Does the section provide a detailed plan for ad-
dressing each identified problem, including spe-
cific treatments and interventions?
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8) Does the section include considerations for any comorbid conditions that may affect the management of the patient's problems?

9) Does the section provide a detailed plan for addressing each identified problem, including specific treatments and interventions?

Figure 7: The enforceability score of each checklist question, indicating how LLLM enforceable each one is. The
feedback checklist has both a greater quantity of perfectly enforceable questions and a higher average rate of

1) Is patient education or counseling regarding the diagnosis and treatment plan documented?

2) Is there documentation of the patient’s or caregiver’s understanding and agreement with the plan? -

5) Does the section include a clear and concise diagnosis or differential diagnosis for each problem?

7) Does the section mention any need for additional diagnostic testing or referrals?

10) Is there documentation of any medication changes, with reasons provided for each change?

1)Is the assessment and plan section organized in a clear and concise manner, such as using bullet points instead of paragraphs where appropriate?
2) Does the assessment and plan section include only relevant clinical reasoning and plan details, without repeating history of present llness (HPI) information or subjective patient statements?

5) Is the assessment_and_plan free of extraneous information, ensuring that only details relevant to the current diagnosis and treatment plan are included?
6) Is there a clear distinction between the patient's reported symptoms and the physician's assessments or recommendations?

7)Is all relevant medication information, including names, dosages, and frequency, accurately documented in the assessment and plan?

8)Is the assessment and plan section comprehensive, covering all relevant patient issues discussed during the Visit?

10) Does the assessment and plan include a summary of the patient's current clinical status, such s stable or unstable?

11) Is the assessment_and_plan section free from incorrectly attributing patient statements to physician recommendations or vice versa?

15) Is there sufficient detail in the assessment and plan to reflect patient-specific nuances discussed during the visit?
16) Are all relevant diagnostic and management details, such as medication names, doses, and follow-up plans, accurately captured in the assessment and plan?
17) Does the assessment_and_plan section include follow-up actions or recommendations discussed during the patient encounter?

18) Are diagnoses in the assessment_and_plan section consistent with the clinical discussion and relevant to the specialty?

enforceability.

4) Are the rationale and evidence for each diagnosis clearly documented?

Scores by Question

3) Are potential risks and benefits of the treatment plans discussed?

6) Are follow-up plans and timelines specified for each problem?

0.0 0.2

[feedback]

0.4 0.6
Enforceability Score

08 1.0

Scores by Questio

3)Are diagnoses prioritized correctly according to the main reason for the visit?

4) Does the assessment and plan section include the main diagnosis and relevant additional diagnoses?

9) Is the assessment and plan based on information that is discussed or agreed upon with the patient?

12) Are the goals of treatment and expected outcomes clearly stated in the assessment_and_plan?
13) Is medical terminology correctly and consistently used in the assessment and plan section?
14) Are diagnoses and plans consistent with the patient's reported issues and clinical findings?

19) Is the assessment and plan section clear, concise, and free of redundancy?

20) Does the assessment and plan document treatment options and decisions discussed during the visit?

0.0 0.2

04 06
Enforceability Score

0.8

Avg Score: 0.82

-~ Avg Score: 0.89

Name

Description

Section

# Notes

delete_sentence
delete_section
repeat_sentence
coherence_shuffle
section_shuffle
irrelevant_sentence
prm_inaccuracy
prm_hallucination
prm_unhelpful
prm_incomplete_step
prm_paraphrase

delete random sentences from each section

remove a whole section of the note

repeat random sentences in each section

shuffle sentences within each section

shuffle sentences across sections

insert irrelevant sentences (e.g., from other notes)
errors involving incorrect info or unsupported topics
introduce unrelated subject entities

introduce vague, confusing, or incomplete expressions
randomly removing specific steps from A&P
Gemini Pro 1.5 paraphrased note sections

All
All
All
All
All
All
AP
AP
AP
AP
AP

207
207
207
207
207
207
67
67
67
67
67

Table 3: Descriptions of the perturbed notes for evaluation. The number of notes is the number of reference notes

that were perturbed with each perturbation. Perturbations beginning with prm are from Wang et al. (2025b)

Baseline Baseline reference score = 0.73
Feedback Feedback reference score = 0.88
each problem?
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Figure 8: The feedback checklist has a higher average
score for the reference notes than the baseline checklist.

changes,
change?
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Are follow-up plans and timelines specified for

Does the section mention any need for addi-
tional diagnostic testing or referrals?

Is patient education or counseling regarding the
diagnosis and treatment plan documented?

Is there documentation of the patient’s or care-
giver’s understanding and agreement with the

Does the section include considerations for any
comorbid conditions that may affect the man-
agement of the patient’s problems?

Is there documentation of any medication
with reasons provided for each



10. Are potential risks and benefits of the treatment
plans discussed?

Feedback Checklist for AP (n = 20)

1. Is the assessment and plan section organized in
a clear and concise manner, such as using bullet
points instead of paragraphs where appropriate?

2. Is the assessment and plan section comprehen-
sive, covering all relevant patient issues dis-
cussed during the visit?

3. Are diagnoses and plans consistent with the pa-
tient’s reported issues and clinical findings?

4. Does the assessment and plan section include
the main diagnosis and relevant additional diag-
noses?

5. Is there sufficient detail in the assessment and
plan to reflect patient-specific nuances discussed
during the visit?

6. Does the assessment and plan section include
only relevant clinical reasoning and plan details,
without repeating history of present illness (HPI)
information or subjective patient statements?

7. Are diagnoses prioritized correctly according to
the main reason for the visit?

8. Is the assessment and plan based on informa-
tion that is discussed or agreed upon with the
patient?

9. Are all relevant diagnostic and management
details, such as medication names, doses, and
follow-up plans, accurately captured in the as-
sessment and plan?

10. Does the assessment and plan include a sum-
mary of the patient’s current clinical status, such
as stable or unstable?

11. Is the assessment and plan section free from in-
correctly attributing patient statements to physi-
cian recommendations or vice versa?

12. Does the assessment and plan section include
follow-up actions or recommendations dis-
cussed during the patient encounter?

13. Is the assessment and plan free of extraneous
information, ensuring that only details relevant
to the current diagnosis and treatment plan are
included?

14. Are diagnoses in the assessment and plan sec-
tion consistent with the clinical discussion and
relevant to the specialty?

15. Is there a clear distinction between the patient’s
reported symptoms and the physician’s assess-
ments or recommendations?

16. Are the goals of treatment and expected out-
comes clearly stated in the assessment and plan?

17. Is the assessment and plan section clear, concise,
and free of redundancy?

18. Does the assessment and plan document treat-
ment options and decisions discussed during the
visit?

19. Is all relevant medication information, includ-
ing names, dosages, and frequency, accurately
documented in the assessment and plan?

20. Is medical terminology correctly and consis-

tently used in the assessment and plan section?

F Additional Evaluation and Results

F.1 Generation and Refinement

The ~7700 feedback items for the AP section are
randomly split into 8 batches of approximately 900-
1000 items each. 97 candidate checklist questions
are generated from this set of feedback.

Filtering out redundant questions and tag for
applicability and specificity results in 50 questions.
For example, the questions “Is the assessment and
plan section well-organized and clearly separates
different medical issues or diagnoses?”” and “Is the
assessment and plan organized in a way that is easy
to read, with distinct separation between different
patient problems?” are clustered and merged into a
single question: “Is the assessment and plan section
well-organized with clear separation of medical
issues or diagnoses?”

These 50 questions are then evaluated for LLM
enforceability. We find that 36 questions have a
unit test threshold of at least 0.7, and we discard the
remaining 14 questions. Such discarded questions
include: “Is unnecessary and speculative language
avoided in the assessment and plan section?”” The
average enforceability score for the remaining ques-
tions is 0.9.

Finally, we select a subset of k questions that
maximize coverage and diversity. Setting o = 0.5
and A = 0.0005, we find that &k = 20 provides
the optimal balance of coverage and diversity with
length of the checklist (see Fig. 6).

F.2 Evaluation

Predictive Power For simplicity, we set up the
task as a binary classification task, by using data
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with star ratings of 1 as negative and 5 as posi-
tive (1113 and 680 samples respectively). We then
train a Logistic Regression model with 5-fold cross-
validation on 80% of the feedback and test with the
remaining 20%.

LLM Enforceability Results From Fig. 7, we
see that the baseline checklist has an average unit
test scores of 0.82 over 10 questions, while the
feedback checklist has an average unit test score of
0.89 over 20 questions.

Robustness to Perturbations We are inspired by
the perturbations defined by Guo et al. (2024) for
our use case, though we implement our own meth-
ods. We also use data from Wang et al. (2025b)
as perturbed versions of AP note sections. Specifi-
cally, we apply each of the following perturbations
in Table 3 to the reference notes. With this bench-
mark, we can measure the robustness of our final
checklists against changes in informativeness, co-
herence, and factuality.

We also see that our feedback checklist produces
a higher average score for the reference notes than
the baseline checklist (Fig. 8).

G Future Work

Some evaluation metrics, like feedback coverage/-
diversity and LLM enforceablity, can be incorpo-
rated into the checklist refinement pipeline, to help
select for the most salient questions. This would
allow the refinement process to be more iterative.

Scaling the Pipeline We would like to scale the
pipeline to generate checklists for other note sec-
tions. We would also like to implement a dynamic
pipeline, where the checklist is updated as new
feedback comes in. This would allow us to continu-
ously improve the checklist and adapt it to changing
user needs.

Additional Feedback Filtering The feedback
we receive is often unstructured and noisy. There
is a lot of redundancy in the feedback, and not all
of it is actionable. So, we can apply additional
filtering steps to the feedback, such as grouping by
specialty, filtering out un-actionable feedback, and
clustering similar feedback.

Question Importance for Predicting Human
Ratings We can further identify questions that
have the greatest influence on performance, us-
ing feature importance measures like SHAP val-
ues (Lundberg and Lee, 2017). These values can

also help assign priority to the order of questions in
the checklist, so that the most important questions
are asked first or given more weight in the final
checklist score.

Human Evaluation To validate the quality of our
checklists, we will run human evaluation. Some
potential user studies include:

* Pairwise preference of checklists (e.g., rate
baseline vs. feedback checklist questions)

* Have physicians conduct evaluation of real de-
ployed notes using checklists, and see if there
is higher agreement between raters compared
to evaluationg without a checklist

Generalizability To show the generalizability of
our checklist generation method, we would like
to apply it to some alternate domain. We are still
brainstorming what dataset(s) we could use for this.
Requirements of the data include user feedback and
ratings for some product that should fulfill certain
standards.

Tuning a LLM-evaluator We can further try
tuning LLM-as-a-Judge specifically for our task
of checklist scoring. While the current setup sim-
ply has the LLM-evaluator produce a “Yes”/“No”
answer for each checklist question, we can also al-
low the LLM to reason about the note and checklist
question and provide a more detailed explanation of
its score. Allowing the evaluator to cross-validate
the note with structured EHR data could enhance
accuracy by catching factual inconsistencies that
text-only evaluation misses.
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