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Abstract

Clinical documentation is a major driver of
clinician workload and burnout, motivating
the adoption of ambient AI scribes that tran-
scribe clinician-patient conversations into clin-
ical notes. Safe deployment requires both
transcript-grounded fidelity and robustness
to upstream Automatic Speech Recognition
(ASR) noise-properties not captured by tra-
ditional ROUGE-like metrics. We propose
a clinically grounded evaluation framework
that decomposes notes into atomic, QNOTE-
structured facts and applies a two-phase trian-
gulated protocol: (1) align generated facts to
clinician-authored gold notes to measure cover-
age, omission, contradiction, and candidate ad-
ditions; (2) verify gold-absent generated facts
against transcripts to distinguish valid elab-
orations from unsupported content. Across
eight LLM-based note generators, we find that
omissions are the primary source of contex-
tual degradation (8.5%–24.0%), while contra-
dictions remain relatively stable (6.2%–7.9%).
A large majority of content initially flagged as
“added” relative to gold is supported by the
transcript (92%), highlighting the importance
of transcript verification. Robustness analy-
sis with controlled transcript-level perturba-
tions shows that conversational redundancy of-
ten mitigates errors (38.6% recovery), whereas
substitution errors (e.g., negation flips, medical
homophones) are more likely to propagate when
redundancy is absent. These results provide a
structured approach for evaluating fidelity and
robustness in clinical note generation and sug-
gest practical considerations for safer deploy-
ment.

Data and Code Availability Code for transcript
preprocessing, prompting, SOAP note generation,
and all evaluation analyses are available at GitHub
Repository1, including scripts to reproduce the re-
ported experiments, figures, and tables; this study
uses the publicly available PriMock57 dataset (Ko-
rfiatis et al., 2022), and all additional annotations cre-
ated as part of our evaluation (e.g., error taxonomy
labels and severity ratings) will be made available
alongside the code release, subject to the dataset’s
original licensing terms.

Institutional Review Board (IRB) Because all
datasets used in this study are publicly available, IRB
approval is not required.

1. Introduction

Clinical documentation has become one of the most
time-consuming responsibilities in modern health-
care. Evidence suggests that for each hour of di-
rect patient care, physicians may spend nearly two
additional hours on electronic health record (EHR)
tasks, contributing to administrative overload (Kana-
parthy et al., 2025). This growing documentation
burden has been strongly associated with clinician
burnout and diminished quality of patient interac-
tions (Leung et al., 2025; Kanaparthy et al., 2025).
Although clinical note formats, such as SOAP (Sub-
jective, Objective, Assessment, Plan), provide a stan-
dardized structure for outpatient encounter docu-
mentation, composing a complete and clinically high-
quality note still requires substantial manual effort.
Prior work has introduced validated instruments for

1. https://github.com/ehsanlatif/LLM-Notes-Evaluation.
git
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assessing note quality, such as QNOTE (and related
approaches), highlighting the importance of com-
pleteness, clarity, and accuracy in clinical documen-
tation (Burke et al., 2014; Palm et al., 2025).

Recent advances in large language models (LLMs)
have accelerated interest in automating clinical doc-
umentation, particularly through ambient AI scribes
that transcribe clinician-patient conversations into
structured notes (Tierney et al., 2024). Early de-
ployments suggest reduced documentation time and
improved clinician engagement (Olson et al., 2025;
Kanaparthy et al., 2025), but their use in high-stakes
clinical settings raises concerns regarding factual ac-
curacy, safety, and accountability (Leung et al.,
2025).

Despite the promise of LLM-powered clinical docu-
mentation, several gaps remain in the systematic un-
derstanding of model performance and safety. First,
many existing evaluations are limited to a single
model or a narrow clinical setting, making it difficult
to compare performance across systems or general-
ize findings. A recent systematic review found that
only a small fraction of studies evaluating LLMs in
healthcare used real patient care data, and compar-
atively few examined summarization or clinical note-
generation tasks (Bedi et al., 2025). Benchmarks,
such as HealthBench, have advanced the evaluation
of LLMs in healthcare, but primarily focus on ques-
tion answering and short-form tasks rather than full-
length clinical documentation, such as SOAP note
generation (Arora et al., 2025). Second, traditional
NLP similarity metrics (e.g., ROUGE, BLEU) are
poorly suited to clinical note evaluation, because
surface-level overlap does not reliably reflect clinical
correctness or safety. Clinically meaningful evalua-
tion must distinguish errors of addition (hallucina-
tions), omission, and contradiction, and assess their
potential downstream consequences (Asgari et al.,
2025).

These evaluation gaps have important clinical im-
plications. An AI model that hallucinates a dose
or diagnosis of medication poses a fundamentally
different risk profile than one that omits the rele-
vant history or allergies, and inaccurate documen-
tation can mislead clinicians and compromise conti-
nuity of care (Asgari et al., 2025). Although some
recent studies suggest that AI-generated notes can
approach clinician-written notes in certain quality
dimensions, they can be more verbose and remain
prone to containing hallucinated or extraneous con-
tent (Palm et al., 2025). As a result, clinicians con-

sistently emphasize the need for careful human over-
sight and responsible integration into clinical work-
flows (Leung et al., 2025). Therefore, it is importamt
to rigorously characterize the types and severity of
errors produced by different LLMs, and to evaluate
how robust these systems are under realistic condi-
tions, including transcription imperfections.

In this work, we address these gaps through two
research questions:

• RQ1: Do LLM-generated clinical notes preserve
the transcript’s contextual integrity?

• RQ2: What is the impact of introducing con-
trolled transcription errors on the generated clin-
ical note quality?

To answer these questions, we evaluated eight
LLM-based note generators on clinician-patient con-
versations, using identical prompts and, when sup-
ported, deterministic decoding. Our contributions
are as follows:

1. We introduce a hallucination evaluation method
that performs fact extraction, comparison, and
clinical categorization. Using the hallucination
evaluation method, we compare eight propri-
etary LLMs and analyze how errors distribute
across SOAP sections. We show that GPT-5
achieves the highest overall fidelity.

2. We propose a robustness analysis method that
induces clinically realistic transcription errors
into transcripts (Table 1) and find that tran-
script redundancy is a primary robustness mech-
anism (38.6% of induced errors recovered via
alternate mentions), whereas substitution-type
errors (e.g., medical homophones) are difficult
to detect without redundancy; a deployment-
relevant failure mode for ambient scribing sys-
tems (Bell et al., 2020).

2. Related Work

2.1. Clinical Note Generation and
Hallucination Evaluation

The automation of clinical documentation has at-
tracted significant research interest as a means to
alleviate physician burden. Giorgi et al. (2023)
demonstrated that fine-tuned FLAN-T5-Large could
achieve strong performance on section header predic-
tion and text generation in the MEDIQA-Chat chal-
lenge, while GPT-4 with in-context learning achieved
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the highest average section scores for full SOAP
note generation. This highlighted an early trade-
off between conciseness and completeness in LLM-
generated documentation. Biswas and Talukdar
(2024) extended this work by evaluating multiple
LLMs on SOAP and BIRP note generation, finding
that GPT-4 consistently outperformed other models
on ROUGE-based metrics. However, their qualita-
tive analysis revealed persistent issues: models oc-
casionally omitted clinically relevant details, intro-
duced vague plans, and hallucinated plausible but un-
supported information. Critically, the authors noted
that high ROUGE scores primarily reflect lexical
similarity rather than factual correctness, suggesting
that aggregate metrics obscure safety-critical failure
modes.

The limitations of standard evaluation metrics
have received increasing scrutiny. Janiak et al.
(2025) demonstrated that when evaluated by seman-
tic judges rather than ROUGE, state-of-the-art hallu-
cination evaluation methods saw performance drops
of up to 45.9%, and that simple response length was
often a more powerful indicator of hallucination than
complex detection algorithms. Asgari et al. (2025)
proposed a framework specifically designed to assess
clinical safety and hallucination rates, distinguishing
between faithfulness hallucinations (deviations from
source content) and factuality hallucinations (devia-
tions from world knowledge). They found that longer
summaries contained more hallucinations and iden-
tified “Specific⇒General” errors as a major failure
mode where models replaced technical clinical terms
with common language. Vishwanath et al. (2024) de-
veloped a specialized framework categorizing hallu-
cinations into five medical types, finding that expert
clinician review required 91.5 minutes per note at $55
per annotation underscoring the unsustainability of
manual auditing at scale.

To address factual accuracy, Li et al. (2025) intro-
duced the K-SOAP format that augments traditional
SOAP sections with explicit clinical entity extrac-
tion, demonstrating that keyword guidance provided
“obvious prevention of hallucinations.” Miller et al.
(2025) showed that dynamic few-shot prompting with
retrieval of semantically similar examples achieved
strong performance on clinical note section classifica-
tion, reducing “structural hallucinations” where con-
tent is misplaced across sections. These works es-
tablish that explicit grounding in extracted facts can
improve accuracy, a principle we adopt through fact-
level decomposition using the QNOTE schema.

2.2. Robustness to Transcription Errors

Ambient AI scribe systems rely on automatic speech
recognition (ASR), yet the robustness of downstream
note generation to transcription errors remains un-
derstudied. Binici et al. (2025) investigated this gap
by measuring error rates across ASR systems and
developing an LLM-based approach to generate cor-
rupted transcripts mirroring realistic ASR failures,
including insertions, deletions, and phonetically sim-
ilar substitutions. Testing on PriMock57, they found
that pre-training on corrupted-clean pairs improved
summary quality, but their evaluation used aggregate
metrics rather than hallucination-specific measures.

Wang et al. (2025) developed a comprehensive eval-
uation framework for ambient digital scribing tools
that systematically tested robustness to transcrip-
tion noise and edge cases. Key findings revealed
that masking clinically critical terms led to vague
or inferred statements, models frequently retained
or silently “corrected” implausible values without
flagging them, and new medications posed major
challenges with transcription errors leading to omis-
sions. Prior work on ASR error characterization
(Shah, 2024) classified errors into categories including
dictionary errors (out-of-vocabulary medical terms),
homonym errors (phonetically identical but seman-
tically distinct words), and critical errors (negation
flips, misrecognized numbers), finding that while
most errors allowed plausible interpretation from con-
text, the remaining errors posed serious clinical risks.

3. Dataset

PriMock57 (Korfiatis et al., 2022) is a clinical bench-
mark dataset comprising 57 mock primary-care con-
sultations. Each consultation includes an audio
recording, a manually produced utterance-level tran-
script, and a corresponding physician-authored clini-
cal note. The dataset is designed to support the eval-
uation of automatic speech recognition (ASR) sys-
tems as well as downstream clinical note generation
models. The overall dataset details are provided in
Appendix A.

Initial experimentation with our hallucination eval-
uation revealed systematic inconsistencies between
physician-authored notes and consultation tran-
scripts, primarily in the form of omissions, contra-
dictions, and additions. As shown in Fig. 2, omis-
sions were most frequent (94), followed by contra-
dictions (40) and additions (26), suggesting missing
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information as the dominant source of misalignment.
We then conducted a structured multi-annotator au-
dit of all consultations, categorizing issues as resolv-
able or unresolvable and assigning severity ratings to
unresolvable cases. Fig. 3 shows that most issues
were resolvable (146, 91.2%), while a smaller sub-
set was unresolvable (14, 8.8%) due to factors such
as physician inference beyond the transcript or tran-
scription ambiguity. Resolvable issues were corrected
through targeted edits, with examples shown in Ta-
ble 6. Consultations containing high-critical unre-
solvable errors were excluded, reducing the dataset
from 57 to 51 consultations and eliminating 91% of
annotated issues, resulting in a cleaner benchmark
for downstream factual evaluation; however, this fil-
tering may bias the dataset toward more consistent
examples and could lead to optimistic estimates of
real-world performance. Additional details are pro-
vided in Appendix C.

4. Methods

4.1. Hallucination evaluation (for RQ1)

We propose a hallucination evaluation method that
operates in three stages: (1) fact extraction from
generated notes, gold notes (medically vetted human
expert-written notes), and transcripts; (2) fact com-
parison using an LLM-based agent; and (3) metric
computation (Fig. 1 illustrates the overview of the
hallucination evaluation method).

4.1.1. Note Generation

All models received identical prompts for SOAP note
generation. It begins with a system message defining
the AI’s role as a clinical documentation assistant,
followed by detailed style directives emphasizing con-
ciseness, clinical abbreviations, and avoidance of hal-
lucinations. The structure explicitly outlines the re-
quired SOAP format (Subjective, Objective, Assess-
ment, Plan) and provides an example of the desired
output style. The prompt template is provided in the
Appendix B.

4.1.2. Fact Extraction

We extract structured facts from clinical text using
the QNote format (Burke et al., 2014). Each fact is
associated with a specific SOAP section and contains:

• A unique identifier (e.g., hpi-003)

• The section label (e.g., History of Present Illness)

• The fact content in natural language

• Source text from the original document

Fact extraction serves as a normalization layer be-
tween free-form clinical narratives and downstream
fact-level evaluation. Rather than evaluating halluci-
nations at the document level, which is often ambigu-
ous and difficult to attribute, our approach decom-
poses clinical notes into atomic, section-aware factual
units that can be independently verified for entail-
ment. Vladika et al. (2025) has shown that decom-
posing generated text into atomic factual statements
enables more fine-grained and reliable factuality eval-
uation than document-level comparison, particularly
in entailment-based settings.

The extraction process employs a structured, rule-
constrained prompting strategy to guide the lan-
guage model; the prompt template is provided in Ap-
pendix B. Specifically, the model is required to adhere
to four constraints:

1. Categorization: Assign each fact to one of the
12 predefined QNOTE sections.

2. Atomization: Ensure each extracted fact rep-
resents a single clinically meaningful assertion
(e.g., one symptom, finding, or action), decom-
posing compound statements when necessary.

3. Source Attribution: Include the exact verba-
tim source text from which each fact was derived.

4. Comprehensiveness: Extract all medically
relevant facts present in the note.

Two independent annotators manually verified a
subset of LLM-extracted facts for factual correct-
ness and alignment with the source transcript. Inter-
annotator agreement was quantified using Cohen’s κ,
yielding a value of 0.95, which corresponds to sub-
stantial agreement. These results indicate that the
extraction process produces accurate and verifiable
atomic facts suitable for fine-grained entailment eval-
uation.

Requiring explicit source attribution enables deter-
ministic and auditable entailment checking. While
this approach may introduce systematic errors related
to over-decomposition, these are observable and eas-
ier to correct than implicit hallucinations embedded
in free-form text.

Each extracted fact is normalized into the following
JSON structure:
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Hallucination evaluation method

1. Note
Generation

Input:
Transcript

Gen
Note

Gold
Note

2. Fact
Extraction

Gen
Facts

Gold
Facts

Phase 1
Gen vs Gold Facts

Phase 2
Gen vs Transcript

Output: Final
Metrics

3. Fact Comparison

Ref

Robustness analysis method

Transcript
T

Generated Note
N

Metrics
H

Original:

Transcript
T ′

Generated Note
N ′

Metrics
H ′Corrupted:

Error Induction ∆N ∆H

Figure 1: Overview of the proposed framework. Left: Fact-based evaluation method for LLM-generated
notes, where transcripts are compared to gold notes via fact extraction and assessed by the LLM Comparison
Agent (here we shorten the “Generated” as “Gen” to manage space). Right: Robustness analysis method
showing the effect of corrupted transcripts on generated notes and metrics, with arrows indicating induced
errors (∆N , ∆H).

{
"fact_id": "section-001",
"content": "atomic fact string",
"source_text": "verbatim quote"

}

4.1.3. Fact Comparison

Evaluating factual accuracy in AI-generated clini-
cal notes is challenging due to clinical nuance that
cannot be captured by traditional string-based met-
rics. In particular, it is necessary to distinguish clin-
ically equivalent statements while separating omis-
sions from hallucinations. To address this, we pro-
pose an LLM-based fact comparison agent operating
over atomic, QNOTE-structured facts, enabling clin-
ically meaningful evaluation of recall, precision, and
hallucination.

Our method follows a two-phase triangulated pro-
tocol, leveraging three sources of evidence (gener-
ated notes, gold notes, and transcripts) to separate
reference incompleteness from genuine model errors
(shown in Fig. 1).

Phase 1: Generated Note Facts vs Gold Note
Facts. In Phase 1, generated and gold-standard
facts are aligned bidirectionally. Each gold fact is
assigned one of the following labels: Covered (the
concept is present in the generated note, allowing se-
mantic paraphrase), Contradicted (the generated
note asserts the opposite meaning), or Omitted (the
concept is absent from the generated note). Each
generated fact is independently classified as: Sup-
ported (it semantically matches a gold fact), Con-
tradicted (it conflicts with a gold fact), or Absent
(it is not present in the gold reference and is passed
to Phase 2).

The comparison explicitly accounts for seman-
tic equivalence and unit normalization (e.g., “24–48
hours” ≈ “1–2 days”). We do not treat transcript
silence as evidence of a negative finding; absence of
evidence is considered uninformative rather than im-
plicitly negative. The prompt template is provided
in Appendix B, preventing spurious mismatches due
to surface variation.

Phase 2: Generated Notes, Facts vs Tran-
script. Facts labeled Absent from gold are veri-
fied against the original transcript to distinguish le-
gitimate elaborations from hallucinations. Verifica-
tion yields one of two outcomes: Valid elabora-
tion , when the fact is supported by transcript evi-
dence (via direct mention or clearly stated evidence),
or Invalid elaboration , when it is unsupported by
the transcript. To assess sensitivity to evaluation as-
sumptions, we additionally consider a stricter variant
where only explicitly stated transcript evidence is ac-
cepted, excluding inferred or medically implied rela-
tionships. Hallucinations are further categorized as
True addition (new information absent from the
transcript, including statements that may be clin-
ically reasonable but not explicitly stated or sup-
ported) or True contradiction (direct conflict with
transcript evidence). This two-phase design ensures
clinically valid elaborations are preserved while reli-
ably identifying true hallucinations.

4.2. Robustness analysis (RQ2)

Ambient AI scribe systems are intended to reduce
clinician documentation burden; however, they inher-
ently depend on upstream automatic speech recog-
nition (ASR) and transcription pipelines. In this
setting, transcription errors are not merely cosmetic
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artifacts: once recorded in an EHR note, they can
persist across encounters and influence downstream
clinical decision making. Patient-facing studies have
shown that errors in ambulatory EHR notes are com-
mon and can impose an additional burden on pa-
tients who must repeatedly identify and request cor-
rection of incorrect medical information (Bell et al.,
2020). More critically, because clinical documenta-
tion is reused for continuity of care, a single unde-
tected error may mislead future clinicians and in-
crease the risk of propagated misinformation across
encounters, particularly in automated workflows that
aim to minimize human-in-the-loop verification (Bell
et al., 2020). These risks motivate the need to study
robustness under realistic transcription noise, espe-
cially for safety-critical error types that can alter di-
agnoses, treatment plans, and medication lists.

To evaluate model robustness to transcription
errors, we developed a controlled error induction
method. Using the best-performing model from RQ1,
we systematically introduce errors into transcripts
and measure their downstream effects on generated
notes.

4.2.1. Error Taxonomy

We define six categories of transcription errors, mo-
tivated by (i) commonly observed ASR failure modes
in clinical speech (e.g., deletions, low-confidence span
suppression, and phonetic confusions), and (ii) prior
evidence that certain documentation errors (espe-
cially negation errors and medical term confusions)
can directly affect clinical interpretation and manage-
ment decisions. This taxonomy targets error classes
that are both plausible under real clinical transcrip-
tion pipelines and clinically consequential when pre-
served in EHR notes (Table 1 provides a complete
taxonomy).

First, we include errors that remove critical clini-
cal information: (1) censoring of medical terms
(e.g., medications, allergies, conditions), (2) censor-
ing of numerical values (e.g., dose, frequency, du-
ration), (3) censoring of diagnostic terms, and
(4) omission of symptom mentions at the utter-
ance level. These error types model real situations
where ASR systems or post-processing pipelines drop
uncertain spans, where entire clinically relevant turns
are missed, or where a note generator lacks the evi-
dence needed for accurate clinical assessment. Miss-
ing information can be as harmful as incorrect infor-
mation, since downstream models may fill gaps with

unsupported inferences or produce incomplete plans
that delay or misdirect care.

Second, we include substitution-type errors that
introduce incorrect but plausible clinical facts: (5)
negation flips and (6) medical homophones.
Negation errors are well-known to be safety-critical
in clinical NLP because they invert the presence/ab-
sence of symptoms, diagnoses, or exposures (e.g., “no
fever” → “fever”) and can change diagnostic rea-
soning and triage; automated negation detection has
been specifically studied because of its frequency and
importance in clinical text (Elkin et al., 2005). Simi-
larly, medical homophone substitutions (e.g., confus-
ing drug names) are particularly risky because the
corrupted term remains linguistically fluent and may
evade detection by both models and human readers.
Prior work suggests documentation inaccuracies can
lead to confusion, reduced trust, non-adherence, de-
layed follow-up, and increased length of stay (Bell
et al., 2020). In automated scribing systems with
minimal verification, such errors can persist in the
EHR, mislead future clinicians, and propagate misin-
formation across future encounters.

5. Experimentation and Results

5.1. Experimental Setup

We design the experiments to mirror the proposed
method (Fig. 1) and to support two research ques-
tions: (RQ1) fact-based hallucination evaluation un-
der clean transcripts, and (RQ2) robustness under
controlled transcription noise. Across both settings,
we follow the same core flow: (i) transcript → note
generation, (ii) fact extraction, (iii) LLM-based fact
comparison, and (iv) metric computation. Unless
otherwise stated, we keep prompts and decoding set-
tings fixed to ensure comparability.

Models Evaluated. We evaluate eight
instruction-following LLMs spanning multiple
capability levels and deployment profiles, chosen
to reflect a range of high-performing, commercially
accessible models used in clinical documentation
pipelines. We emphasize standard and lightweight
variants because SOAP note generation primarily re-
quires preserving and structuring information rather
than explicit multi-step reasoning, and because these
models are more cost-effective and reproducible in
practice. We note that our empirical findings are
limited to this model family, although the evaluation
framework itself is model-agnostic and can be applied
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Table 1: Taxonomy of transcription errors for robustness analysis.

ID Error Type Description Example

(1) Censor Medical Term Remove drug names, condi-
tions, allergies

“metformin” → [BLANK]

(2) Censor Numerical Value Remove doses, frequencies,
durations

“aspirin, seventy five milligrams,
once a day” → “aspirin, once a day”

(3) Censor Diagnosis Remove diagnostic terms “You seem to have labyrinthitis” →
“You seem to have”

(4) Symptom Omission Remove entire symptom
mention dialogue

Complete sentence removal

(5) Negation Flip Invert yes/no responses “no fever” → “fever”
(6) Medical Homophone Replace with similar-

sounding medical term
“Trimethoprim” → “Triamterene”

to other architectures. Model identifiers and API
settings are provided in Table 5 and Appendix A.1.

Inputs and Outputs. For each encounter tran-
script T , each model produces a SOAP note N using
an identical note-generation prompt (Appendix B).
For hallucination evaluation (RQ1), we additionally
use the medically vetted gold note G. For robustness
experiments (RQ2), we construct a corrupted tran-
script T ′ and generate a corresponding note N ′ using
the best-performing model from RQ1.

Unified Prompting and Deterministic Decod-
ing. All models receive the same prompt template
for SOAP note generation, consisting of (i) a sys-
tem message specifying the role as a medical scribe
and formatting constraints, and (ii) a user message
containing the transcript and instructions to output
a structured SOAP note. To isolate model differ-
ences from sampling variance, we use deterministic
decoding when supported (temperature = 0; max to-
kens fixed). For models with model-specific decoding
defaults (e.g., reasoning-focused variants), we report
the default settings used (Table 5). The fact com-
parison agent uses structured, few-shot prompts and
emits JSON outputs to support reproducibility and
auditing.

5.1.1. RQ1: Hallucination Evaluation
Protocol

Given transcript T , model-generated note N , and
gold note G, we compute hallucination and coverage
metrics using the three-stage pipeline in Fig. 1:

1. Fact Extraction. We extract atomic, QNOTE-
structured facts from N , G, and T (Sec. 4.1.2).

Each fact includes a section label and verbatim
source attribution to enable auditable verifica-
tion.

2. Two-Phase Fact Comparison. We compare
facts using the LLM-based agent. In Phase 1,
N is aligned against G to measure coverage and
identify candidate additions. In Phase 2, gener-
ated facts labeled Absent from the gold reference
are verified against T to distinguish valid elabo-
rations from true hallucinations.

3. Metric Computation. Using comparison out-
comes, we compute the addition rate, omission
rate, contradiction rate, and coverage.

5.1.2. RQ2: Robustness Evaluation via
Controlled Error Induction

To study robustness to transcription errors, we keep
the same evaluation flow but replace the clean tran-
script with a minimally corrupted version and analyze
downstream changes (Fig. 1, right):

Error Generation (T → T ′). Starting from the
original transcript T , we create a corrupted transcript
T ′ by inducing exactly one error drawn from the tax-
onomy in Sec. 4.2.1. These perturbations are applied
at the transcript-text level (rather than the audio or
ASR decoding stage) to isolate the downstream im-
pact of specific transcription errors. We use an LLM
to propose candidate corruptions by (i) identifying
clinically consequential spans across SOAP-relevant
content, (ii) selecting an error type likely to change
meaning, and (iii) generating the altered text. We
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then filter out low-impact candidates and verify med-
ical homophones to ensure both terms are plausible
clinical entities. Each T ′ contains a single targeted
perturbation.

Note Generation (T ′ → N ′). For each corrupted
transcript T ′, we generate a SOAP note N ′ using
the best-performing model from RQ1 (GPT-5). We
also retain the note N generated from the original
transcript T for paired comparisons.

Error Response Evaluation. We categorize the
model’s handling of the induced error in N ′ as
omitted, preserved, corrected, or flagged as
unreasonable. This assessment is performed with an
LLM-as-a-judge using a fixed rubric, and we validated
its alignment with human judgments on the complete
set.

Note-to-Note Difference Analysis (∆N). To
isolate behavior changes attributable to transcription
noise, we compare N ′ against N using an auditing
rubric (LLM-as-a-judge). This captures additions,
omissions, and contradictions in N ′ relative to N , in-
dependent of transcript support. Because this analy-
sis is relative to N , it does not count error corrections
in N ′ as hallucinations when they align back to the
original note.

5.2. RQ1: Hallucination evaluation results

To answer RQ1 (whether LLM-generated SOAP
notes preserve the transcript’s contextual integrity),
we apply our two-phase fact comparison protocol
(Phase 1: generated vs. gold; Phase 2: absent-from-
gold vs. transcript). Table 2 reports metrics that
operationalize contextual integrity as (i) coverage of
clinically relevant transcript content, (ii) low omis-
sion of gold-anchored facts, (iii) low contradiction
with transcript evidence, and (iv) low true addition
(unsupported by both transcript and gold).

Overall contextual integrity is primarily lim-
ited by omissions. GPT-5 preserves transcript
context most effectively, achieving the highest cov-
erage (85.28% ± 0.34) and the lowest omission rate
(8.48% ± 0.23), while also exhibiting the lowest con-
tradiction rate (6.24% ± 0.11). Across models, con-
textual integrity varies most in completeness: omis-
sion rates span 8.48%-23.96%, whereas contradiction
rates remain in a narrower range (6.24%–7.88). This
indicates that models more often degrade context by

dropping transcript-supported details than by intro-
ducing explicit inconsistencies.

Most non-gold content is transcript-
supported, not fabricated. Many differences
between generated and gold notes reflect reference
incompleteness rather than loss of contextual in-
tegrity. Specifically, a large majority of content
initially flagged as “added” relative to gold is
verified in Phase 2 as valid elaboration supported
by the transcript (91.92%). True additions are
uncommon but model-dependent: GPT-5.2 yields
the lowest true-addition rate (0.24% ± 0.06), while
smaller models show higher rates (e.g., GPT-5 nano:
4.00% ± 0.16), consistent with a trade-off between
conservative generation and completeness.

Context degradation is section-dependent.
Section-level analysis (Fig. 4) shows that contextual
integrity is not uniform across the SOAP structure.
Errors concentrate in HPI, which contributes the
largest share of omissions and contradictions, con-
sistent with the need to preserve temporality, qual-
ifiers, and multi-part symptom narratives. In con-
trast, Plan of Care accounts for a disproportionate
share of additions (50% of all added facts), suggesting
that forward-looking planning encourages inference-
like generation that can diverge from transcript-
grounded documentation when not explicitly stated.

Significance of model effects. A Friedman test
confirms that model choice significantly affects omis-
sion (p < 10−17) and addition rates (p < 10−13),
but not contradiction rates (p = 0.27). Overall, con-
textual integrity differences across LLMs are driven
mainly by recall (coverage/omissions) and secondar-
ily by true additions identified via transcript veri-
fication, while contradictions appear comparatively
stable across systems.

5.3. RQ2: Robustness Analysis

To answer RQ2 (the impact of controlled transcrip-
tion errors on generated SOAP note quality), we per-
formed robustness analysis by inducing a single clini-
cally realistic transcription error into each transcript
(T → T ′) and generating SOAP notes from the cor-
rupted input (T ′ → N ′). We then assess how the
induced error affects the resulting note by analyzing
(i) whether the erroneous span is preserved, corrected,
omitted, or flagged as unreasonable, and (ii) which
recovery mechanisms drive downstream robustness
(Fig. 1, right).
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Table 2: Overall model performance on SOAP note generation. Best values are bolded, second-best are
underlined. Values represent mean ± standard deviation across all consultations.

Model Coverage ↑ Omission ↓ Contradiction ↓ Addition ↓ Elaboration ↓
GPT-4.1 81.84 ± 0.70 10.38 ± 0.55 7.78 ± 0.16 0.61 ± 0.03 20.85 ± 0.19
GPT-4.1 mini 79.29 ± 1.26 13.60 ± 1.48 7.12 ± 0.22 1.14 ± 0.24 19.93 ± 0.52
GPT-4o 69.14 ± 0.22 23.96 ± 0.02 6.89 ± 0.19 0.39 ± 0.04 18.91 ± 1.20
GPT-5.2 83.93 ± 1.15 9.20 ± 0.23 6.88 ± 0.91 0.24 ± 0.06 22.27 ± 0.13
GPT-5 85.28 ± 0.34 8.48 ± 0.23 6.24 ± 0.11 0.41 ± 0.16 22.70 ± 0.39
GPT-5 mini 78.94 ± 0.60 13.18 ± 0.69 7.88 ± 0.09 2.02 ± 0.39 18.54 ± 2.47
GPT-5 nano 77.63 ± 1.38 14.82 ± 0.41 7.54 ± 0.97 4.00 ± 0.16 21.98 ± 0.45
o3 83.52 ± 0.11 9.92 ± 1.24 6.56 ± 1.13 3.50 ± 0.82 20.37 ± 0.13

Error recovery / handling pattern Count % of 44

Mentioned elsewhere (redundancy) 13 29.5%

Mentioned elsewhere – doctor repeated
and confirmed afterwards

2 4.5%

Mentioned elsewhere (doctor summarized
at the end)

2 4.5%

Inferred from surrounding 4 9.1%

Contradicted with another mention but
recovered (nonsense omitted)

4 9.1%

Assumed default value (correct) 1 2.3%

No hints in surrounding 1 2.3%

Recovered via redundancy (aggre-
gate)

17 38.6%

Table 3: Distribution of model behaviors under con-
trolled transcript corruption (RQ2). Percentages are
computed over 44 induced transcript errors.

Many transcription errors do not degrade note
quality due to redundancy. The largest frac-
tion of induced errors has a limited downstream im-
pact because transcripts often contain repeated clin-
ical facts (e.g., confirmation questions or end-of-visit
summaries). In 38.6% of cases (17/44), the generated
note recovered the correct fact using alternate men-
tions in the dialogue (Table 3), indicating that con-
versational redundancy acts as an implicit robustness
mechanism even without explicit error detection.

When redundancy is absent, errors can trig-
ger transcript-ungrounded inference. In the
absence of redundant evidence, models sometimes fill
missing information by inferring from the surround-
ing context. We observe such inference-driven re-
covery in 9.1% of cases (4/44). While these cor-
rections may appear clinically plausible, they reduce
transcript-grounded note quality by introducing con-

tent not explicitly supported by the input and there-
fore represent hallucinations under our evaluation
definition.

Substitution-type errors are most likely to
propagate into the note. For substitution errors
such as medical homophones, models frequently pre-
serve fluent but contextually incongruent terms, di-
rectly propagating transcription noise into the gen-
erated SOAP note. This indicates limited sensitiv-
ity to local semantic mismatch when no contradict-
ing mention exists elsewhere. In contrast, in 9.1% of
cases (4/44), models avoided degradation by lever-
aging another transcript mention that contradicted
the corrupted span, effectively omitting the nonsense
term and aligning with the consistent evidence (Ta-
ble 3). Overall, these findings show that the impact
of transcription errors on note quality is highly con-
ditional: redundancy substantially mitigates down-
stream degradation, whereas single-span substitu-
tions can persist and alter clinical meaning when re-
dundancy is absent.

6. Discussion

Our results emphasize that trustworthy evaluation
(and deployment) of ambient scribe systems requires
disentangling three sources of deviation; importantly,
our contribution is in evaluation methodology rather
than directly mitigating hallucinations: (i) reference
incompleteness in clinician-authored notes, (ii) model
generation errors that degrade transcript-grounded
contextual integrity (omissions, contradictions, true
additions), and (iii) upstream transcription noise.
In PriMock57, transcript-to-note inconsistencies were
common, motivating our multi-annotator audit and
removal of highly critical unresolvable cases to en-
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able reliable factual benchmarking (BN et al., 2025).
This directly supports our methodological contribu-
tion: the two-phase triangulation protocol (Phase 1:
Gen vs Gold; Phase 2: Absent vs Transcript) re-
duces false hallucination flags when gold notes omit
transcript-supported details, while still isolating true
unsupported content; a key challenge in clinical fac-
tuality evaluation (Vladika et al., 2025).

For RQ1, we find that contextual integrity is pri-
marily limited by incompleteness rather than fab-
rication: omission rates vary substantially across
models, whereas contradiction rates remain compar-
atively stable. Clinically, this shifts the main safety
concern from rare hallucinatory additions to missing
or partially preserved encounter context. Errors are
also section-dependent: HPI concentrates on omis-
sions/contradictions, while Plan of Care accounts for
a disproportionate share of additions, reflecting a ten-
dency for forward-looking sections to invite inference-
like generations. These findings align with evidence
that documentation inaccuracies can meaningfully af-
fect downstream care and impose burden when errors
persist across encounters (Bell et al., 2020), moti-
vating section-aware review strategies and interfaces
that highlight evidence for high-risk facts.

For RQ2, controlled transcription errors degrade
note quality in a conditional manner: many errors do
not propagate when alternate mentions exist, making
transcript redundancy the primary robustness mech-
anism (Lukac et al., 2025). However, when redun-
dancy is absent, models sometimes reconstruct miss-
ing information via contextual inference (e.g., cen-
sored diagnoses), which may appear clinically plau-
sible but reduces transcript-grounded note quality
by introducing unsupported content. Substitution-
type perturbations (e.g., medical homophones) are
particularly likely to propagate because they remain
fluent yet semantically incongruent, and models do
not reliably flag them without contradicting evidence
elsewhere. Given the growing real-world adoption of
ambient scribing systems (Olson et al., 2025), these
findings suggest practical deployment considerations:
emphasizing explicit transcript evidence (or multi-
ple mentions) for safety-critical categories (diagnoses,
medications, allergies, negations), surfacing uncer-
tainty when generation depends on inference, and ap-
plying targeted checks for substitution-like ASR fail-
ures that can silently alter clinical meaning (Stults
et al., 2025).

7. Limitations

Our experiments are conducted on PriMock57 (Kor-
fiatis et al., 2022), a mock primary-care dataset that
enables controlled benchmarking but may not reflect
real-world clinical audio conditions (e.g., background
noise, code-switching, demographic variation, and
specialty-specific complexity). In practice, ASR sys-
tems may exhibit error distributions that differ from
and are more severe than those in curated bench-
marks, which could alter both hallucination rates and
robustness outcomes (Vishwanath et al., 2024).

In addition, our evaluation pipeline relies on LLMs
for fact extraction, comparison, and judge-based ro-
bustness labeling. Despite structured prompting,
JSON constraints, and manual audit checks, LLM-
based evaluators can be biased or brittle on safety-
critical edge cases (e.g., subtle negation, temporal
qualifiers, and numerical reasoning) (BN et al., 2025).
While we observe strong agreement with manual ver-
ification on sampled subsets, residual sensitivity to
judge behavior remains a limitation of this approach.
Our robustness analysis further induces a single con-
trolled error per transcript; real ASR pipelines may
produce multiple interacting errors that compound
downstream effects (Croxford et al., 2025). Finally,
we evaluate SOAP generation under standardized
prompts and deterministic decoding (Stults et al.,
2025); results may be sensitive to prompt design and
instruction style.We also do not include clinician end-
user evaluation, which limits assessment of perceived
clinical risk, usability, and workflow impact in real-
world settings (Olson et al., 2025).

8. Conclusion

We propose a clinically grounded evaluation frame-
work for measuring hallucination and robustness
in LLM-based medical note generation, rather
than a method for directly reducing hallucinations.
Our two-phase triangulated protocol reduces over-
penalization due to incomplete gold notes by verifying
absent-from-gold facts against transcripts, enabling
more deployment-relevant benchmarking. Across
eight LLMs, omissions are the dominant failure mode
and the primary driver of model differences, while
robustness experiments show that conversational re-
dundancy mitigates many transcription errors but
that contextual inference can introduce transcript-
ungrounded content. These findings support eval-
uation beyond gold-note matching and motivate
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section-aware oversight and safety guardrails for high-
risk categories (diagnoses, medications, and nega-
tions) in ambient scribing deployments.
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Appendix A. Dataset Details

A.1. Models Evaluated

Here, we provided all the details and rationale behind
the selection of each model.
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Table 4: Dataset statistics for Primock57 cleaned.

Statistic Value

Number of consultations 51
Average transcript length (words) 1632.0± 431.0
Average gold note length (words) 198.2± 50.0

Sections covered
Chief Complaint, HPI, PMH, Medications, Allergies, Fam-
ily Hx, Social Hx, Assessment, Plan, Follow-up, Physical
Exam, Review of Systems

• GPT-4.1 & GPT-4.1 mini: The then-
latest iteration of the GPT-4 series, emphasiz-
ing advanced instruction-following and reliabil-
ity. GPT-4.1 mini is its cost-efficient counter-
part.

• GPT-4o: A multimodal model optimized for
balanced speed, cost, and capability across text
and vision tasks.

• GPT-5 nano, GPT-5 mini, & GPT-5: The
first generation of the GPT-5 series, represent-
ing a significant architectural advance. The nano
and mini variants offer scaled-down, efficient ver-
sions of the full GPT-5 model.

• o3: A reasoning-focused model designed for
complex problem-solving, featuring configurable
reasoning effort levels (minimal, medium, high).

Appendix B. Prompts

B.1. SOAP Note Generation Prompt

Listing 1: System prompt for SOAP note generation� �
You are a clinical documentation

assistant who converts raw
clinician -patient

transcripts into accurate and terse
SOAP consult notes.

KEY STYLE DIRECTIVES (Follow Strictly):
- Conciseness is critical: Use bullet

points , sentence fragments , and
clinical shorthand. The goal is a

dense summary.
- Omit if empty: If information for a

section or point is not in the
transcript , omit it completely.

- Use abbreviations: Use common ,
unambiguous clinical abbreviations

(e.g., LLQ , PMH , SOB , ADLs , etOH).
- Pertinent positives and negatives: If

the clinician explicitly asks
about a symptom or function , always

include the patient 's response.
- Avoid elaboration: Do not infer or

paraphrase unless explicitly stated
verbatim in the transcript.

STRUCTURE (SOAP):
- Header: Patient , MRN , DOB , etc. (omit

fields not present).
- S (Subjective): CC, HPI , relevant PMH

/PSH , meds , allergies , family/
social

history. Use bullet points.
- O (Objective): Vitals , physical exam

findings , diagnostics.
- A (Assessment): Numbered list of

problems with brief summaries.
- P (Plan): Bulleted list of actions

for each problem.

EXAMPLE OUTPUT STYLE:
Subjective:
. 3-day history of watery diarrhea (˜6/

day); no blood in stool
. LLQ crampy , intermittent abdominal

pain
. PMH: Asthma
. DH: Inhalers
. SH: Accountant; nil smoking/etOH

history

HALLUCINATION POLICY:
- Do not add or infer clinical facts

beyond the transcript.
- Never create values (e.g., vitals ,

lab numbers).
- If a medication is mentioned without

dose/route/frequency , record the
name only.

FORMATTING:
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Table 5: Model specifications and configuration parameters.

Model API Version Temperature Max Tokens Access Date

GPT-4.1 gpt-4.1-preview 0 4096 Jan 2026
GPT-4.1 mini gpt-4.1-mini-preview 0 4096 Jan 2026
GPT-4o gpt-4o-2024-08-06 0 4096 Jan 2026
GPT-5 gpt-5-001 0 4096 Jan 2026
GPT-5 mini gpt-5-mini-preview 0 4096 Jan 2026
GPT-5.2 gpt-5-mini-preview 0 4096 Jan 2026
GPT-5 nano gpt-5-nano-preview 0 4096 Jan 2026
o3 o3-2025-12-19 1 (Default) N/A Jan 2026

- Output in markdown.
- Use `.` for bullet points.� �

B.2. Fact Extraction Prompt

We use a two-part prompt consisting of a system in-
struction defining strict behavioral constraints and a
user instruction specifying the extraction task and
schema.

Listing 2: System prompt for QNOTE fact extraction� �
FACT_EXTRACT_SYSTEM =
You are a specialized Clinical Data

Extraction Engine.
Your ONLY function is to convert

clinical text into strict QNOTE -
schema JSON.

CRITICAL BEHAVIORAL CONSTRAINTS:
1. NO CONVERSATION: Do not output any

introductory text.
2. NO HALLUCINATION: Extract only what

is explicitly stated.
3. STRICT SCHEMA: Use only the 12

allowed QNOTE section keys.
4. FORMATTING: Output raw JSON only. No

markdown.� �
Listing 3: User prompt defining the QNOTE extrac-
tion task� �

FACT_EXTRACT_USER =
The Universal Prompt for QNOTE Fact

Extraction
1. ROLE AND GOAL:
You are an expert clinical data

extraction AI. Your task is to

analyze a single , unstructured
clinical note and extract all
medically relevant facts into a
structured JSON object based on the
QNOTE schema.

2. INPUT:
You will be given a single block of

text representing a clinical note.

3. CORE RULES OF EXTRACTION:
Rule 1 (Categorize): Categorize

information into one of the 12
QNOTE sections.

Rule 2 (Atomize): Each extracted fact
should be a single , concise , and
atomic piece of information.

Rule 3 (Cite Your Source): Every fact
MUST include the source_text key
with the exact , verbatim substring
from the note.

Rule 4 (Be Comprehensive): Extract all
relevant facts.

4. OUTPUT FORMAT (THE QNOTE SCHEMA):
Your output must be a single , clean

JSON object.
Keys: Chief_Complaint ,

History_of_Present_Illness ,
Past_Medical_History , Medications ,
Adverse_Drug_Reactions_and_Allergies
, Family_History ,
Social_and_Family_History ,
Assessment , Plan_of_Care ,
Follow_up_Information ,
Physical_Findings ,
Review_of_Systems.

Fact Object Structure:
{{

fact_id : section -001 ,
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content : atomic fact string ,
source_text : verbatim quote

}}

5. TASK:
Process the following clinical note and

generate the QNOTE -structured JSON
object.

Here is the note:
{note_text}� �

B.3. Fact Comparison Prompt

Listing 4: System prompt for Phase 1 fact comparison� �
PHASE1_SYSTEM =
You are an expert Clinical Auditor.
Your task is to compare Generated

Facts against Gold Facts (Ground
Truth) to evaluate accuracy.

You must handle Semantic Equivalence
intelligently:

1. Time/Units: Treat 24 -48 hours as
equal to 1 -2 days . Treat bid as

twice daily .
2. Implied Negatives: If Gold says No

spread , and Generated says Rash
localized to chest (implying no
spread), mark as COVERED.

3. Elaboration: If the Generated fact
adds detail that is logically
consistent with the Gold fact (e.g
., Gold: Pain , Generated:
Throbbing Pain ) , check if it
contradicts. If it implies the same
clinical reality , it is SUPPORTED.

Constraint: - You must distinguish
between a FACT MISSING (Omission)
and a FACT WRONG (Contradiction).� �

Listing 5: User prompt for Phase 1 evaluation� �
PHASE1_USER =
GOLD FACTS:
{gold_facts}

GENERATED FACTS:
{gen_facts}

STEP 1: ASSESS GOLD FACTS (Recall &
Accuracy)

For every GOLD Fact , determine its
status in the Generated Facts:

- COVERED: The clinical concept is
present (even if phrased
differently).

- MISMATCH: The Generated facts do not
match Gold fact (e.g., Gold: No
fever , Gen: Fever ) .

- OMITTED: The concept is completely
absent.

STEP 2: ASSESS GENERATED FACTS (
Precision)

For every GENERATED Fact , determine its
relationship to the Gold Facts ,

STRICTLY following the categories
below. DO NOT invent new categories
:

- SUPPORTED: Matches a Gold fact (
semantically).

- MISMATCH: Conflicts with a Gold fact.
- NOT_IN_GOLD: The fact is NOT present

in the Gold Facts.

OUTPUT JSON:
{{

gold_assessment : [
{{

fact_id : hpi -001 ,
status : COVERED ,
reasoning : Gen fact 'hpi -x'

mentions '1-2 days ' which
matches Gold '24-48 hrs ' .

}},
{{

fact_id : hpi -002 ,
status : MISMATCH ,
reasoning : Gold says 'No blood

', Gen says 'Blood in stool
' .

}}
],
gen_assessment : [
{{

fact_id : gen -001 ,
status : NOT_IN_GOLD ,
reasoning : Mentions working

from home. Not found in Gold
summary .

}}
]

}}� �
Listing 6: Prompt for Phase 2 evaluation
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� �
PHASE2_SYSTEM =
You are an expert Clinical Fact Checker

. Your task is to verify Extra
Facts that were found in an AI-
generated note but were missing or
mismatched from the human Gold
Summary.

You must determine if these facts are
valid details found in the
Transcript or if they are
hallucinations.

You will be given:
1. The Original Transcript (The

absolute truth).
2. A list of Extracted Facts (The

Extra details to verify).

For EACH fact , you must classify it
into one of these strict categories
:

- VALID_ELABORATION : The fact is
supported by the transcript. It may
be a direct quote , a clear

clinical inference , or a correct
statement that something was
negative/not discussed. (This is a
GOOD extra detail).

- TRUE_ADDITION : The fact introduces
information that is NOT present in
the transcript. The model
hallucinated specific values , dates
, or events. (This is a BAD
hallucination).

- CONTRADICTION : The fact directly
conflicts with the transcript. (e.g
., Transcript says No fever , Fact
says Fever ) .

Crucial Evaluation Rules:
1. Implicit Negatives: If the fact

states something was not discussed
or unremarkable , and the

transcript is silent on it, mark as
VALID_ELABORATION.

2. Clinical Synonyms: Treat medical
synonyms (Tylenol = Acetaminophen)
as matches.

3. Inference: If the fact is a logical
clinical conclusion from the
transcript (e.g., Blue inhaler ->

SABA ) , mark as VALID_ELABORATION
.

Output Schema:
You must output a single valid JSON

object containing a verdict list.
Each object in the list must use

EXACTLY these keys:
{{

verdict : [
{{

fact_id : The exact ID provided
in the input ,

status : MUST be one of:
VALID_ELABORATION ,
TRUE_ADDITION , CONTRADICTION
,

reasoning : A concise
explanation quoting the
transcript if possible

}}
]

}}� �
B.4. Error Generation Prompt

Listing 7: Error Generation Prompt� �
ERRORS_PROMPT =
You are a clinical NLP expert. You are

given all transcript facts in the
following JSON structure:

{facts_json}

Each fact includes:
- fact_id
- content
- source_text
- and is grouped under a section key (e

.g., HPI , ROS , PMH).

Sections can be categorized into one of
SOAP categories with these Mapping

:**
- **S (Subjective):** Chief_Complaint ,

History_of_Present_Illness ,
Past_Medical_History , Medications ,
Allergies

- **O (Objective):** Exam , Labs , Vital
Signs , Imaging

- **A (Assessment):** Assessment ,
Diagnosis

- **P (Plan):** Plan , Medications ,
Procedures
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Your tasks:
1. Review ALL facts and their

source_text.
2. Select **10 total facts** that are

highly suitable for one of the
following clinically important
error types. Ensure that there are
facts from **each SOAP section **.
Error types:

- Omission
- Censor Medical Term
- Censor Value
- Replace with Similar Medical Term
- Negation Flip
- Diagnosis Censor

Suitability rules (must match
source_text):

- ** Omission **: Applies to any fact.
- ** Censor Medical Term **: Only if the

text contains specific medical
terms , drug names , or disease names
.

- ** Censor Value **: Only if numbers ,
dosages , or measurements occur.

- ** Replace with Similar Medical Term
**: Only if a specific disease ,
symptom , test , or drug name appears
that can be plausibly swapped.

- ** Negation Flip **: Only if the text
clearly includes negation ( denies
, no , not ) or a positive
assertion that can be flipped.

- ** Diagnosis Censor **: Only if a
diagnosis is explicitly mentioned (
e.g., you have gastroenteritis ) .

3. For each selected fact:
- Assign exactly **one** error_type.
- Produce an ** altered_source_text **

with the chosen error realistically
applied according to these rules:

- ** Omission **: Set altered_source_text
= null.

- ** Censor Medical Term **: Delete key
medical terms , drug names , disease
names or diagnostic terms.

- ** Censor Value **: Remove key
numerical values , lab/test results ,
dosages or measurements.

- ** Replace with Similar Medical Term
**: Swap a disease , symptom , test
or drug name with a real , similar -
sounding medical term (plausible
but incorrect).

- ** Negation Flip **: Flip the negation
status (e.g., no fever -> fever
) .

- ** Diagnosis Censor **: EITHER remove
the diagnosis name (e.g., you have
[BLANK ] ) OR remove the entire

string (empty string). Randomize
between these two options.

Return **only JSON**, with 10 items
total , each of the form:

[
{{

fact_id : . . . ,
fact_section : . . . ,
error_type : . . . ,
original_source_text : . . . ,
altered_source_text : . . .

}}
]
Do not include any explanation outside

the JSON.� �
B.5. Robustness Analysis Prompts

Listing 8: System Prompt for Note to Note Compar-
ison in Robustness Evaluation� �

RQ2_DIFF_SYSTEM =
You are a Stability Analyst for

Clinical AI.
Your Goal: Compare two sets of clinical

facts generated by the SAME model
but from slightly different inputs
(Input A vs. Input B).

You must identify stability issues:
1. Did the model drop information

present in the clinical note? (
OMISSION)

2. Did the model change details
regarding the same event? (
CONTRADICTION)

3. Did the model add new things not in
the initial clean set? (ADDITION)

Definitions:
- REFERENCE = Facts from the Clean

Transcript run.
- CANDIDATE = Facts from the Noisy/

Modified Transcript run.� �
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Listing 9: User Prompt for Note to Note Comparison
in Robustness Evaluation� �

RQ2_DIFF_USER =
We ran a clinical model on a Clean

Transcript (Reference) and then
again on a Noisy Transcript (
Candidate).

Compare the extracted facts to see how
the noise affected the output.

REFERENCE FACTS (Clean Baseline):
{clean_facts}

CANDIDATE FACTS (Noisy Run):
{noisy_facts}

INSTRUCTIONS:
1. **Map Reference to Candidate :** For

every fact in the Reference , check
if it survived in the Candidate.
- ** PRESERVED :** The fact exists in

the Candidate (semantically
equivalent).

- ** OMITTED :** The fact is
completely missing in the
Candidate.

- ** CONTRADICTED :** The Candidate
contains a conflicting version (
e.g., Seroxat vs Cerazette ,
Left side vs Right side ) .

2. **Check for Ripple Effects (
Additions):** Check if the
Candidate contains *new* facts not
present in the Reference.
- ** NEW_ADDITION :** Information

found in Candidate but NOT in
Reference. (This suggests the
noise triggered a hallucination)
.

OUTPUT JSON FORMAT:
{{

stability_analysis : [
{{

ref_fact_id : clean -hpi -01 ,
status : PRESERVED ,
candidate_match_id : noisy -hpi

-01 ,
reasoning : Both state patient

has headache .
}},
{{

ref_fact_id : clean -hpi -02 ,
status : OMITTED ,

Omission Contradiction Addition0
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Figure 2: Distribution of annotated error types in the
dataset.

reasoning : Reference mentions
'Diabetes ', but Candidate
completely ignores it .

}}
],
noise_induced_hallucinations : [
{{

candidate_fact_id : noisy -plan
-04 ,

content : Patient referred to
Cardiology . ,

reasoning : This referral was
NOT in the Clean run. The
noise might have confused the
model into adding it .

}}
]

}}� �
Appendix C. Additional Results

We summarize the outcomes of the manual dataset
annotation conducted on PriMock57. Across all con-
sultations, a total of 162 factual issues were identified.
Of these, 148 (91.4%) were classified as resolvable
through targeted corrections to transcripts or clinical
notes, while 14 (8.6%) were deemed unresolvable.

Fig. 2 presents the distribution of identified error
types, with omissions constituting the majority, fol-
lowed by contradictions and additions. Fig. 3 illus-
trates the proportion of resolvable versus unresolv-
able issues. These results reflect the final dataset
composition used for evaluation.
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Table 6: Examples of Resolvable and Unresolvable Annotation Issues

Category Type Clinical Note Says Transcript Says

Resolvable Issues — Corrected in Dataset

Resolvable Omission (No allergy documented) “I’m allergic to penicillin”
Resolvable Contradiction “No known drug allergies” “I’m allergic to Clindamycin”
Resolvable Contradiction “Blood in stool” “Blood in urine”
Resolvable Contradiction “Lives with parents” “I live with my husband and his family”
Resolvable Addition “Plan: Paracetamol” (No mention of paracetamol)

Unresolvable Issues — Consultation Excluded from Dataset

Unresolvable Contradiction “No dysphagia” “Something stuck in my throat while
drinking”1

Unresolvable Contradiction “Not short of breath” “I’ve been quite short of breath lately”1

Unresolvable Contradiction “DH: on Cerazette” “Seroxat”2

Limitation Phase Mitigation

Contradictions
misclassified as
omissions

1 Explicit CONTRADICTED
label with required justifica-
tion

Duplicate reference
facts

1 Fact-level deduplication via
QNOTE schema

Ambiguous elabo-
ration

2 Transcript verification with
VALID ELABORATION la-
bel

Numerical or unit
variation

1 Temporal and unit equiva-
lence normalization

Synonymy and
paraphrasing

Both Clinical synonym handling
and inference rules

Table 7: Limitations of the fact comparison agent and corresponding mitigation strategies.
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Figure 3: Distribution of annotated error types in the
dataset.
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Figure 4: Distribution of errors across clinical note sections. The horizontal bars represent the percentage
of total errors (Omissions, Contradictions, and Additions) contributed by each section. History of Present
Illness accounts for the largest share of errors. Plan of Care is notably prone to hallucinations, accounting
for 50% of all additions generated by the models.
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