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Abstract

Generating the first postoperative outpatient
note requires selecting which information from
heterogeneous clinical records should be re-
flected in the final note, rather than merely sum-
marizing all inputs. We evaluate this task on
an original 170-case set of de-identified clini-
cal cases collected at Seoul National University
Hospital (SNUH), involving two surgical di-
visions and five physicians. We then extend
the evaluation to 1,329 cases across 10 surgery
groups within the same institution to examine
whether the main trends persist at a larger scale.
We introduce physician- and surgery-specific
same-surgery references: structured reflection
maps that capture how information is selected
and rewritten in prior same-surgery cases. Ex-
periments show that these references become
most effective when carried into the merge
stage, suggesting that the main bottleneck is
deciding what to reflect across records. We
further show that cross-patient references can
induce unsupported transfer from prior cases.
To analyze this trade-off, we use a human-
validated two-source FactScore that checks
each generated fact against both the source
records and the physician-written note. A
lightweight grounding constraint reduces hallu-
cination while maintaining or improving align-
ment with physician-written notes across divi-
sions and LLMs.

1 Introduction

The first postoperative outpatient note condenses a
patient’s diagnosis, operation, pathology, inpatient
course, and follow-up plan into a single clinical
document. Unlike single-document summarization,
this task integrates the six source records for the

current patient, written at different times and for
different purposes, making cross-record informa-
tion selection and organization essential.

Although a decompose-and-merge pipeline can
reduce input length by summarizing each record
before merging (Gidiotis and Tsoumakas, 2020),
our experiments show that a naive decompose-and-
merge pipeline performs worse than a single-call
baseline. Intermediate summaries can discard de-
tails that later become important, such as dates,
numeric findings, operative extent, pathology re-
sults, or follow-up plans. This suggests that the
bottleneck is not simply processing long inputs, but
identifying which information should be preserved
from each source record.

We address this bottleneck using same-surgery
references constructed from prior cases. For each
physician–surgery pair, we encode recurring doc-
umentation patterns as structured reflection maps
rather than raw few-shot examples. These refer-
ences are not intended to supply additional patient
information; instead, they guide which types of in-
formation to preserve and how that information is
typically rewritten.

Cross-patient references, however, can intro-
duce a fidelity risk. Information that frequently
appears in prior notes, such as routine follow-up
plans, may be incorrectly transferred into the cur-
rent patient’s note even when it is not supported
by the source records. We therefore use a human-
validated two-source FactScore that checks each
atomic fact against both the source records and the
physician-written note.

To reduce this risk, we apply a lightweight
inference-time grounding constraint. The con-
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straint allows the reference to guide structure, item
selection, and writing flow, but requires clinical
content, numbers, dates, and plans to be supported
by the source records. Across two surgical divi-
sions and three LLMs, this grounded variant re-
duces hallucination while maintaining or improv-
ing alignment with physician-written notes.

This paper makes two contributions. First, we
introduce physician- and surgery-specific same-
surgery references that capture how information
from heterogeneous source records is typically re-
flected in postoperative outpatient notes at SNUH
and show that these references are most effective
when carried into the merge stage. Second, we
analyze the fidelity cost of cross-patient documen-
tation patterns using a human-validated two-source
FactScore and show that a lightweight grounding
constraint reduces the risk of incorrect cross-patient
transfer while maintaining or improving alignment
with physician-written notes.

2 Related Work

A prominent line of work studies clinical note gen-
eration from patient–clinician conversations. ACI-
BENCH benchmarks outpatient note generation
from visit dialogues, while MedicalSum incorpo-
rates medical knowledge into abstractive summa-
rization of patient–doctor conversations (Yim et al.,
2023; Michalopoulos et al., 2022). Our task in-
stead generates the first postoperative outpatient
note from six source records written at different
stages of care, making cross-record information
selection and organization central to the task.

Long-document summarization has explored
divide-and-conquer processing, in which partial
summaries are later recombined (Gidiotis and
Tsoumakas, 2020). Our setting differs because the
inputs are distinct clinical record types rather than
segments of one document. We therefore study
where cross-record guidance should be introduced
into a decompose-and-merge pipeline. In our exper-
iments, same-surgery references are most effective
when carried into the merge stage.

Because surface overlap does not fully mea-
sure faithfulness, prior work has emphasized
factuality-oriented evaluation (Maynez et al., 2020).
FActScore evaluates long-form generation at the
atomic-fact level (Min et al., 2023). We adapt this
perspective by checking each generated fact against
both the source records and the physician-written
note, separating input-supported facts from target-

aligned facts and revealing the risk of cross-patient
transfer from references.

3 Task and Data

3.1 Task Definition

We study the task of generating the first postop-
erative outpatient note for a surgical case from
six source records written at different stages of
care: the initial outpatient note, preoperative out-
patient note, operation note, discharge summary,
pathology report, and diagnostic test report. Let
D = {d1, . . . , d6} denote the source records, and
let y denote the physician-written postoperative out-
patient note. The goal is to generate a draft ŷ that
is grounded in D and semantically aligned with y.

This task differs from single-document summa-
rization because it requires selecting and organizing
information across heterogeneous records. In par-
ticular, same-surgery references should help iden-
tify physician- and surgery-specific documentation
patterns without introducing information from prior
patients that is not supported by the current pa-
tient’s source records. We therefore evaluate both
whether generated facts are supported by the source
records and whether they align with the physician-
written note, while also measuring coverage of the
note’s atomic facts.

3.2 Data Construction

We use de-identified clinical records collected at
SNUH. The source records and physician-written
postoperative outpatient notes contain both Korean
and English text. All records were accessed in
a read-only setting. Each patient case consists
of six source records and one physician-written
postoperative outpatient note. The dataset covers
two surgical divisions: Breast–Endocrine Surgery
and Colorectal Surgery, involving five physicians
in total. We apply light rule-based preprocessing
to remove metadata headers and formatting tags.
After normalizing procedure names, we selected
the four most frequent procedure groups in Breast–
Endocrine Surgery and the three most frequent pro-
cedure groups in Colorectal Surgery and used cases
corresponding to these procedure groups.

We construct two patient-disjoint case sets: an
evaluation set for generation and evaluation, and
a reference-construction set for building same-
surgery references. The data cover seven surgery
groups: four from Breast–Endocrine Surgery and
three from Colorectal Surgery. For each physician–
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surgery pair, we use 10 evaluation cases and 12
prior reference-construction cases, yielding 170
and 204 cases, respectively, as shown in Table 1.
This separation ensures that no evaluation case is
used to construct the same-surgery references.

Table 1: Evaluation and reference case counts.

Division Phys. Eval. Ref.

Breast–Endocrine 2 2×4×10 = 80 2×4×12 = 96
Colorectal 3 3×3×10 = 90 3×3×12 = 108

Total 5 170 204

4 Method

Figure 1 summarizes the reference construction
and generation variants.

4.1 Same-Surgery Reference Construction

For each physician–surgery pair, we construct a
same-surgery reference from the corresponding
reference-construction cases. Each reference case
consists of six source records and the physician-
written first postoperative outpatient note. The goal
of the reference is not to provide prior notes as
examples to copy, but to structure how information
from each source record is typically reflected in the
final outpatient note.

The reference is represented as a record-specific
reflection map. For each source record type, it
stores frequently consulted locations, repeatedly
reflected items, and reflection modes such as copy,
summary, reconstruct, or inferred. It is intended
to guide what to preserve and how to rewrite it,
rather than to serve as patient-specific evidence.
Appendix A provides an example JSON format.

In our experimental setting, a separate offline
reference-construction step, termed the Reference
Writer, reads 12 prior cases for the corresponding
physician–surgery pair and produces one JSON re-
flection map. It uses Claude Opus 4.6, which is
distinct from the inference models used for note
generation. The constructed reference is fixed for
the corresponding physician–surgery pair and is
used unchanged by the reference-based variants.
C3 and C3+G use it only during per-record summa-
rization, whereas C4 and C4+G use it during both
per-record summarization and final merging. C1
and C2 are reference-free baselines.

4.2 Generation Variants

We compare four generation variants. C1 is a
single-call baseline, where all six source records
are provided at once and the model directly gener-
ates the final outpatient note. C2 is a decompose-
and-merge baseline without references: the model
first summarizes each source record separately and
then merges the six summaries into the final note.

C3 uses the reference only during per-record
summarization. Each summary call receives the
source record together with the corresponding
reference slice for that record type. C4 uses
the reference during both per-record summariza-
tion and final merging. The summarization stage
uses the same record-specific reference slices as
C3, whereas the merge stage receives the same-
surgery reference and can use it to select and orga-
nize information across the six intermediate sum-
maries. Thus, C2–C4 share the same decompose-
and-merge structure, while C3 and C4 differ specif-
ically in whether the reference is available during
final merging.

4.3 Grounding Constraint

Because same-surgery references are derived from
other patients, they can encourage unsupported
transfer. We therefore apply a simple grounding
constraint to reference-based variants: the refer-
ence may guide structure, item selection, and writ-
ing flow, but clinical content, numbers, dates, and
treatment plans must be supported by the source
records. Items not verified in the source records
are omitted.

This grounding constraint is applied at inference
time and requires no retraining or modified decod-
ing. We apply it to C3 and C4, denoted C3+G
and C4+G, as an auxiliary safety constraint for
same-surgery references rather than a new model
architecture.

4.4 Models and Implementation

We use Claude Sonnet 4.5, Claude Opus 4.5, and
Qwen3-235B as inference models, all run with tem-
perature 0. Per-record summaries target approxi-
mately 300 characters, and final outputs follow
the average physician-written note length of 1,388
characters. Model identifiers and implementation
details are provided in Appendix B.
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Figure 1: Method overview. We construct one same-surgery reference per physician–surgery pair from 12 prior
cases. C1 uses a single call; C2 decomposes and merges without reference; C3 uses the reference during per-record
summarization only; and C4 uses it during both per-record summarization and final merging. +G denotes the
optional inference-time grounding constraint.

5 Evaluation

5.1 Automatic Metrics
We measure surface similarity to the physician-
written target note using ROUGE-1/2/L, BLEU-1/4,
and BERTScore (Lin, 2004; Papineni et al., 2002;
Zhang et al., 2020). We report BLEU-1/4 together
with the other surface metrics in Table 3 of Ap-
pendix E. These metrics are useful for comparison
with prior generation work, but they may reward
note-like surface overlap induced by references and
do not fully capture clinical faithfulness (Maynez
et al., 2020). We therefore complement surface
metrics with fact-level faithfulness evaluation.

5.2 Two-Source FactScore
We decompose each generated note into atomic
facts and verify each fact independently against
two sources: the source records and the physician-
written gold note. Here, input refers to the source
records, whereas gold refers to the physician-
written note. This yields four categories: input and
gold, input only, gold only (standard-care predic-
tion), and neither (hallucination). Let Fgen denote
the atomic facts extracted from a generated note.
We define FSin as the fraction of atomic facts in
Fgen supported by the input, and FSgt as the frac-
tion of atomic facts supported by gold. A schematic
is provided in Appendix C.

This setup extends FactScore (Min et al., 2023)
to two sources, allowing us to distinguish target-
consistent facts from hallucinations, which a single-

source evaluation may conflate (Cao et al., 2022).
We use gpt-oss-120b as the LLM verifier, which
is separate from the three inference models used
for generation. The verifier uses only the pro-
vided source text—the source records or physician-
written note—without external retrieval, with all
judgments run at temperature 0.

5.3 Validation and Coverage Checks

To assess the reliability of LLM-based fact verifica-
tion, we manually label 200 stratified fact–source
pairs while blinded to the verifier output, with
100 pairs from each surgical division. The veri-
fier agrees with the human labels on 0.91 of the
pairs and achieves a Cohen’s κ (Cohen, 1960) of
0.82 overall and in each division. It attains preci-
sion/recall of 0.95/0.88 against the human labels,
suggesting that the verifier is reliable but conser-
vative. Detailed verifier validation results are pro-
vided in Appendix D.

For gold-fact coverage, we first decompose the
physician-written gold note into atomic facts, de-
noted by Fgold. We then use the same verifier to
check whether each gold fact is covered by the gen-
erated note and report the fraction covered. This
recall-oriented metric measures the proportion of
physician-selected facts covered by the generated
note, rather than the proportion of generated facts
supported by the source records, helping determine
whether a lower hallucination rate reflects shorter
outputs or preservation of physician-selected con-
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Table 2: Main results on the original 170-case evalua-
tion, pooled across the three inference models (Son-
net 4.5, Opus 4.5, Qwen3-235B). R-L: ROUGE-L
F1; BERT: BERTScore F1; FSin/FSgt: two-source
FactScore against the source records and the physician-
written note; Hall.: hallucination rate (category 4, %,
lower is better); Cov.: gold-fact coverage. Best per col-
umn within each division in bold. Full metric details
are provided in Appendices E–G.

Variant R-L BERT FSin FSgt Hall. ↓ Cov.

Breast–Endocrine Surgery
C1 .298 .707 .828 .387 14.7 .441
C2 .223 .666 .779 .346 19.0 .367
C3 .290 .697 .815 .381 15.3 .409
C3+G .290 .699 .812 .378 15.7 .413
C4 .394 .740 .772 .499 15.9 .440
C4+G .396 .741 .827 .519 10.9 .427

Colorectal Surgery
C1 .166 .677 .825 .209 16.1 .299
C2 .133 .642 .768 .191 21.7 .271
C3 .163 .667 .787 .217 19.3 .300
C3+G .171 .672 .805 .220 17.8 .310
C4 .241 .696 .752 .258 20.3 .328
C4+G .252 .702 .852 .287 10.8 .339

tent. Because the physician-written note records
information selected as necessary for a visit rather
than every chart-supported fact, we interpret cover-
age together with FSin and FSgt.

6 Results and Analysis

Table 2 reports results pooled across the three in-
ference models. Overall, we observe four patterns.

Decomposition alone underperforms. C2 per-
forms worse than the single-call baseline C1 in
both divisions. FSgt decreases from .387 to .346 in
Breast–Endocrine Surgery and from .209 to .191 in
Colorectal Surgery, while hallucination increases.
This suggests that naive decompose-and-merge can
lose details needed for the final note during inter-
mediate summarization.

References help primarily at the merge stage.
C3, which uses the reference only during per-
record summarization, remains close to C1. In con-
trast, C4 carries the reference into the merge stage
and improves alignment with physician-written
notes, raising FSgt to .499 in Breast–Endocrine
Surgery and .258 in Colorectal Surgery. This sup-
ports our hypothesis that same-surgery references
mainly help select and organize information across
records.

Cross-patient references introduce a fidelity cost.
C4 improves target alignment but reduces input

support: FSin drops from .828 to .772 in Breast–
Endocrine Surgery and from .825 to .752 in Col-
orectal Surgery. Hallucination also remains high
under C4, at 15.9% and 20.3%. Reference-overlap
analysis shows that some unsupported facts match
the reference text, indicating cross-patient transfer
rather than unconstrained invention.

Grounding mitigates the cost. C4+G yields the
lowest hallucination rates in both divisions, 10.9%
and 10.8%, while restoring FSin to .827 and .852.
FSgt is maintained or improved relative to C4,
reaching .519 and .287. Significance tests con-
firm fact-level gains without surface-metric loss,
and coverage argues against a terseness-only expla-
nation. Together, these results suggest that same-
surgery references are best used as documentation-
pattern guidance, not patient evidence; clinical con-
tent must remain grounded in the source records.
Full metric tables and auxiliary analyses are pro-
vided in Appendices E–I.

Expanded-scale evaluation. To examine
whether these trends persist at a larger within-
institution scale, we applied the same generation
and evaluation protocol with the inference models
(Claude Sonnet 4.5, Claude Opus 4.5, and Qwen3-
235B) to 1,329 cases across 10 surgery groups:
600 Breast–Endocrine cases and 729 Colorectal
cases. The expanded evaluation included up to
300 cases per physician (129 for one physician
with fewer available cases). We retained the same
patient-disjoint reference construction and prepro-
cessing, with no evaluation case used to build its
reference. For Breast–Endocrine, C4+G improved
FSin from .775 to .830 and FSgt from .571 to .596,
while reducing hallucination from 15.1% to 10.4%;
gold-fact coverage was .470 for C4+G versus .478
for C4. For Colorectal, C4+G improved FSin from
.786 to .838 and FSgt from .233 to .252, while
reducing hallucination from 17.2% to 12.0%;
gold-fact coverage was .315 for C4+G versus .328
for C4. FactScore and hallucination values use
atomic-fact-count pooling across the three models,
whereas coverage is the case-level mean over
generated case–model pairs. Because the expanded
set retains the original selected cases and adds
available cases, including three additional surgery
groups for one physician, we treat this analysis
as a within-institution scale check rather than an
independent replication or a new significance test.
Model-level, division-separated results for all six
variants are reported in Appendix J.
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Limitations

This study should be interpreted within its clini-
cal and institutional scope. The experiments use
de-identified clinical records collected at SNUH,
spanning two surgical divisions and five physicians.
While this setting provides real postoperative out-
patient notes and physician-specific documenta-
tion patterns, future work should test whether the
findings transfer to other institutions, specialties,
languages, and documentation systems, as Korean
medical LLM resources continue to develop (Seo
et al., 2025).

The same-surgery references are constructed
from 12 prior cases for each physician–surgery
pair. This design allows us to capture recurring
documentation patterns with a fixed and leakage-
free reference set, but larger reference pools may be
needed for rare procedures, physicians with limited
prior cases, or settings where note-writing conven-
tions change over time.

Our factuality evaluation relies on LLM-based
atomic fact verification. We validate the verifier
with blinded human annotation and observe high
agreement, but the validation set remains limited.
Future work could expand human evaluation and
examine clinically acceptable inferences that may
not be explicitly stated in the source records.

Finally, Appendix K reports a pilot few-shot
comparison conducted on one physician, one di-
vision, and one model. We include it only as a
preliminary comparison between raw prior-note
examples and structured same-surgery references,
rather than as a general conclusion about few-shot
prompting.

Ethical Considerations

This study uses de-identified clinical records from
SNUH. The use of these records was approved by
the Seoul National University Hospital Institutional
Review Board (IRB No. 2402-099-1512). All data
were handled in a read-only research environment,
and no direct patient identifiers are included in the
experimental inputs, outputs, or examples. Because
the data are clinical and not publicly shareable,
we report aggregate results and provide prompts,
model settings, and anonymized reference-format
examples to support reproducibility without expos-
ing patient information.

The generated notes in this study are research
outputs and are not intended for clinical deploy-
ment or autonomous use. Any clinical use of simi-

lar systems would require institutional review, pri-
vacy safeguards, prospective validation, and physi-
cian oversight (Jung, 2025). In particular, same-
surgery references should not be treated as patient-
specific evidence; they are used only to guide
documentation structure and item selection, while
clinical content should be grounded in the source
records.
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A Same-Surgery Reference Format

Each reference is a JSON object summarizing
how the six source record types are reflected
in physician-written outpatient notes across 12
prior same-surgery cases. The input_reflection
field contains one entry per source record type.
Its granularity adapts to the record structure:
section for free-text notes, table_row for opera-
tion notes, field_per_test for pathology reports,
and test_x_timepoint for laboratory results.

Within each entry, reflected items are anno-
tated with a located_in hint, a reflection_mode
(copy, summary, reconstruct, or inferred), and
an observed frequency bucket (high, med, or low).
At the top level, output_section_breakdown
summarizes typical information flow into each out-
put section, and common_sentences lists recur-
ring expressions. The reference is built by Claude
Opus 4.6 from the 12 prior cases alone and con-
tains no information about the current patient. A
simplified, anonymized excerpt is shown below.

{
"input_reflection": {
"operation_note": {
"granularity": "table_row",
"items": [
{"item": "operative extent",

"located_in": "extent <- operation",
"reflection_mode": "copy",
"frequency": "high"},
{"item": "sentinel node biopsy",
"located_in":

"number <- SLNB <- axilla",
"reflection_mode": "copy",
"frequency": "high"}]},

"pathology_report": {
"granularity": "field_per_test",
"items": [
{"item": "final diagnosis",
"reflection_mode": "copy",
"frequency": "high"}]}

},
"output_section_breakdown": {
"Findings":
"pre-op dx -> op date+name -> ...",

"Assessment & Plan":
"staging -> follow-up plan"

},
"common_sentences":

["postop 1st visit", "wound: OK"]
}

The full prompts for reference construction, per-
record summarization, merging, and grounding are
included in the supplementary material.

B Models and Hyperparameters

Inference models are Claude Sonnet 4.5 (An-
thropic, 2025b), Claude Opus 4.5 (Anthropic,
2025a), and Qwen3-235B (Yang et al., 2025). All
model calls were made through Amazon Bedrock
under the applicable provider and platform terms.
All generations use temperature 0. Case selection
used a fixed random seed of 42. Per-record sum-
maries target approximately 300 characters; the
final note targets approximately 1,388 characters.
Same-surgery references are constructed by Claude
Opus 4.6, which is not used as an inference model
(Anthropic, 2026). The two-source FactScore veri-
fier is gpt-oss-120b, also outside the inference set,
run retrieval-free at temperature 0 (OpenAI, 2025).
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C Two-Source FactScore Schematic

Figure 2: Two-source FactScore. Each atomic fact extracted from a generated note is verified against both the source
records and the physician-written gold note, yielding four categories: (1) supported by both, (2) input only, (3) gold
only, and (4) neither, i.e., hallucination. FSin and FSgt aggregate categories (1)+(2) and (1)+(3), respectively.

D Verifier Validation

We validate the two-source FactScore verifier
against blind human annotation of 200 stratified
fact–source pairs (100 per division). The verifier
achieves 0.91 agreement with human labels, mea-
sured using Cohen’s κ (κ = 0.82 overall; κ = 0.82
in each division), and attains precision/recall of
0.95/0.88 against human labels. These results sug-
gest that the verifier is reliable but conservative.
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E Full Automatic Metrics

Table 3: Full automatic metrics on Breast–Endocrine and Colorectal Surgery. Breast–Endocrine: n=80/variant;
Colorectal: n=90/variant. R-1/2/L: ROUGE F1; BERT: BERTScore F1.

Model Variant R-1 R-2 R-L BLEU-1 BLEU-4 BERT

Breast–Endocrine Surgery (n=80/variant)

Sonnet 4.5 C1 .452 .281 .329 .248 .135 .729
C2 .375 .170 .241 .104 .024 .673
C3 .436 .270 .330 .177 .075 .701
C3+G .437 .268 .327 .187 .086 .704
C4 .535 .394 .445 .331 .205 .758
C4+G .543 .400 .450 .346 .232 .763

Opus 4.5 C1 .460 .294 .344 .259 .148 .729
C2 .385 .171 .249 .121 .027 .676
C3 .438 .266 .317 .235 .127 .722
C3+G .434 .262 .318 .233 .126 .725
C4 .508 .352 .412 .322 .203 .750
C4+G .509 .361 .418 .302 .197 .750

Qwen3-235B C1 .332 .145 .220 .071 .009 .663
C2 .286 .106 .180 .058 .003 .648
C3 .347 .142 .223 .075 .007 .668
C3+G .343 .145 .226 .072 .008 .667
C4 .443 .262 .325 .187 .097 .712
C4+G .439 .258 .320 .175 .083 .709

Colorectal Surgery (n=90/variant)

Sonnet 4.5 C1 .290 .136 .187 .132 .044 .690
C2 .235 .078 .137 .061 .009 .639
C3 .265 .122 .172 .088 .023 .655
C3+G .273 .124 .172 .090 .023 .662
C4 .346 .204 .258 .165 .075 .697
C4+G .363 .217 .271 .172 .080 .709

Opus 4.5 C1 .291 .134 .180 .132 .043 .695
C2 .260 .091 .148 .073 .010 .656
C3 .291 .135 .179 .123 .035 .691
C3+G .300 .146 .192 .127 .042 .697
C4 .345 .190 .249 .180 .070 .711
C4+G .368 .217 .276 .186 .082 .717

Qwen3-235B C1 .219 .071 .130 .049 .006 .647
C2 .187 .050 .113 .032 .002 .630
C3 .242 .085 .139 .056 .006 .655
C3+G .249 .091 .148 .059 .007 .658
C4 .310 .148 .215 .098 .020 .679
C4+G .303 .143 .209 .093 .020 .681
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F Full Two-Source FactScore

Table 4: Full two-source FactScore on Breast–Endocrine and Colorectal Surgery. FSin/FSgt: fractions of atomic
facts supported by the source records and by the physician-written gold note, respectively. 2×2 cells (%): (1) input
and gold; (2) input only; (3) gold only (standard-care prediction); (4) neither (hallucination).

Model Variant #facts FSin FSgt (1) (2) (3) (4)

Breast–Endocrine Surgery

Sonnet 4.5 C1 44.5 .863 .399 37.4 48.9 2.5 11.2
C2 43.0 .820 .344 31.5 50.5 2.9 15.1
C3 46.2 .875 .399 36.9 50.6 2.9 9.6
C3+G 46.0 .881 .376 35.0 53.1 2.5 9.3
C4 41.0 .807 .525 46.3 34.4 6.1 13.2
C4+G 38.1 .831 .541 47.1 36.0 7.0 9.9

Opus 4.5 C1 51.4 .878 .391 36.8 51.0 2.3 9.9
C2 51.9 .826 .347 31.5 51.1 3.2 14.3
C3 50.0 .855 .381 34.8 50.7 3.3 11.2
C3+G 49.8 .828 .384 34.9 47.8 3.4 13.8
C4 37.1 .800 .514 44.7 35.3 6.7 13.3
C4+G 32.9 .864 .556 49.6 36.7 6.0 7.6

Qwen3-235B C1 41.8 .742 .372 34.3 39.9 2.9 22.9
C2 40.5 .692 .346 31.4 37.8 3.2 27.6
C3 44.3 .716 .363 33.1 38.5 3.2 25.2
C3+G 42.2 .728 .374 34.2 38.6 3.2 24.0
C4 38.7 .708 .457 37.8 33.0 7.9 21.3
C4+G 38.0 .785 .461 39.9 38.7 6.3 15.2

Colorectal Surgery

Sonnet 4.5 C1 49.9 .855 .217 20.2 65.3 1.5 13.0
C2 48.2 .833 .193 18.4 64.9 0.9 15.8
C3 46.1 .819 .232 20.9 61.0 2.3 15.8
C3+G 47.6 .855 .230 21.4 64.1 1.7 12.8
C4 37.2 .757 .268 22.3 53.4 4.5 19.8
C4+G 38.5 .870 .282 24.1 62.9 4.2 8.9

Opus 4.5 C1 58.6 .885 .213 19.7 68.9 1.7 9.8
C2 61.2 .818 .198 17.7 64.1 2.0 16.2
C3 55.6 .847 .216 19.5 65.2 2.1 13.3
C3+G 55.3 .840 .232 21.1 62.9 2.1 13.9
C4 43.3 .793 .257 22.0 57.2 3.7 17.0
C4+G 36.2 .905 .319 28.7 61.8 3.2 6.3

Qwen3-235B C1 46.1 .734 .196 18.6 54.8 1.0 25.6
C2 47.6 .653 .181 16.4 48.9 1.7 33.0
C3 48.3 .694 .203 18.5 50.9 1.8 28.8
C3+G 47.9 .719 .198 18.3 53.6 1.5 26.7
C4 42.9 .706 .248 19.6 51.1 5.3 24.1
C4+G 41.6 .782 .261 21.5 56.7 4.6 17.2
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G Gold-Fact Coverage

Table 5 reports gold-fact coverage (recall): the frac-
tion of atomic facts in the physician-written note
that are covered by the generated note.

Table 5: Gold-fact coverage (3-model pooled). C4+G
maintains coverage comparable to the single-call base-
line in Breast–Endocrine Surgery and higher than the
baseline in Colorectal Surgery, despite producing fewer
facts, indicating that its precision gains are not merely
due to terser outputs.

Variant Breast Colorectal

C1 .441 .299
C2 .367 .271
C3 .409 .300
C3+G .413 .310
C4 .440 .328
C4+G .427 .339

H Significance Tests

We test paired differences with a 10,000-sample
paired bootstrap and the Wilcoxon signed-rank test,
pairing by case and model (breast n=240, colorec-
tal n=270). C4+G improves over C4 on FSin, FSgt,
and hallucination (cell 4) with p < .01 in both di-
visions, with no significant loss on surface metrics.
Against the single-call baseline (C1), C4+G is sig-
nificantly better on FSgt, hallucination, ROUGE-L,
and BERTScore (p < .001), and is comparable
(breast) or significantly better (colorectal) on FSin.

I Reference Leakage

To probe the source of hallucinations, we measure
how many of C4’s unsupported facts (cell 4) match
the reference text. Of these facts, 34% (breast) and
20% (colorectal) overlap the reference verbatim,
indicating transfer from the reference rather than
free-form invention. Applying the grounding con-
straint reduces reference-originating hallucinations
by 41% (breast) and 45% (colorectal).

J Expanded-Scale Evaluation

We repeated the generation and evaluation protocol
on 1,329 cases spanning 10 surgery groups, includ-
ing 600 Breast–Endocrine cases and 729 Colorectal
cases. Four physicians contributed 300 cases each,
and one physician contributed 129 cases because
fewer eligible cases were available. The table be-
low summarizes the expanded results separately by
surgical division, model, and generation variant.

Table 6: Model-level results for the expanded-scale
evaluation by surgical division and generation variant.
Each model–variant condition uses 600 cases in Breast–
Endocrine Surgery and 729 cases in Colorectal Surgery.
FSin, FSgt, and Hall. use atomic-fact-count pooling
within each model–variant condition, whereas Coverage
is the case-level mean within each model–variant con-
dition. Hall. is reported as a percentage; bold indicates
the best value within each model–division block.

Model Variant FSin FSgt Hall.↓ Coverage

Breast–Endocrine Surgery
(n = 600 cases per variant and model; 4 surgery groups)

Sonnet 4.5 C1 .845 .470 12.0 .489
C2 .847 .390 12.6 .406
C3 .878 .453 9.1 .480
C3+G .876 .452 9.3 .481
C4 .808 .617 12.4 .517
C4+G .842 .636 9.4 .519

Opus 4.5 C1 .886 .446 8.6 .530
C2 .826 .385 14.0 .465
C3 .858 .423 11.0 .484
C3+G .849 .438 11.6 .477
C4 .799 .595 12.6 .494
C4+G .861 .644 7.3 .471

Qwen3-235B C1 .749 .426 21.9 .415
C2 .689 .381 27.5 .348
C3 .716 .405 24.9 .390
C3+G .727 .412 24.0 .396
C4 .717 .501 20.5 .424
C4+G .789 .510 14.4 .419

Colorectal Surgery
(n = 729 cases per variant and model; 6 surgery groups)

Sonnet 4.5 C1 .861 .183 12.2 .289
C2 .826 .169 16.4 .253
C3 .831 .199 14.9 .293
C3+G .837 .194 14.4 .297
C4 .831 .241 12.8 .343
C4+G .866 .249 9.4 .339

Opus 4.5 C1 .882 .193 9.8 .354
C2 .753 .159 22.3 .252
C3 .813 .194 16.3 .316
C3+G .810 .204 16.6 .303
C4 .822 .234 14.2 .326
C4+G .880 .284 8.1 .295

Qwen3-235B C1 .734 .165 25.2 .252
C2 .642 .165 33.9 .250
C3 .688 .169 29.3 .265
C3+G .711 .171 27.1 .264
C4 .707 .224 24.3 .315
C4+G .781 .231 17.3 .310

K Pilot Few-Shot Baseline

A natural alternative to structured same-surgery ref-
erences is to provide raw prior notes from the same
surgery as few-shot examples. We therefore con-
duct a small pilot comparison to test whether the
gains from C4 can be explained simply by exposing
the model to prior same-surgery notes.

This pilot is limited to one physician in Colorec-
tal Surgery, one inference model (Claude Opus 4.5),
and 30 evaluation cases. All compared variants are
re-evaluated on the same 30 cases, so the absolute
values are not directly comparable to the full-set
results in the main tables. For the few-shot base-
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line, denoted C5, we use the same decomposition
setting as the no-reference baseline and provide
three patient-disjoint physician-written prior notes
from the same surgery group at the merge stage.
The prior notes are selected from the reference pool
using the same fixed seed and do not include the
current patient’s target note.

Table 7 reports the pilot results. C5 improves
ROUGE-L over C1 (.162 vs. .133), suggesting
that raw prior notes help surface form. How-
ever, its FSgt remains comparable to C1 (.142 vs.
.145), and its hallucination rate is higher (17.4% vs.
14.1%). In contrast, C4+G achieves substantially
higher FSgt (.217) and lower hallucination (7.0%).
These results suggest that the benefit does not come
merely from showing raw same-surgery examples,
but from structuring the reference and grounding
generated content in the source records. Because
this is a pilot study limited to one physician, one
division, and one model, we do not draw general
conclusions about all few-shot prompting designs.

Table 7: Pilot raw few-shot comparison on one
colorectal-surgery physician, Claude Opus 4.5, and 30
cases. C5 provides three raw same-surgery prior notes
at the merge stage instead of a structured same-surgery
reference. Hall.: hallucination rate; Cov.: gold-fact cov-
erage.

Variant #facts Cov. FSin FSgt Hall. ↓ R-L

C1 57.1 .195 .840 .145 14.1 .133
C2 59.5 .186 .770 .129 20.7 .116
C4 44.5 .178 .818 .178 15.6 .164
C4+G 34.1 .182 .905 .217 7.0 .168
C5 46.1 .173 .801 .142 17.4 .162
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