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Abstract

Clinical documentation from nurse dictations is labor-intensive and error-prone, yet it contains high-value observations
that must be transferred into structured flowsheets. The MEDIQA-SYNUR 2026 shared task evaluates systems that
extract and ontology-align 193 clinical concepts (with heterogeneous value types) from synthetic speech transcripts
derived from intensive care notes. We describe the Consensus Adjudication Ensemble (ACE), a three-stage pipeline
that (i) maximizes candidate coverage via complementary generators, (ii) enforces high precision through a dedicated
adjudicator that operates as a verifier rather than a generator, and (iii) restores strict schema compliance using a
targeted, token-efficient repair step. On the official test set we achieve an exact-match micro-F1 of 0.7996 (P=0.7812,
R=0.8188), ranking 4th on the leaderboard. Beyond the competitive result, we analyze clinically relevant failure
modes - hallucinated interventions, over-confident categorical labels, and unit/normalization errors - and quantify
adjudication trade-offs: 2,219 candidates removed, 91.3% of which are true false positives, at the cost of 8.7%
mistakenly removed true positives. Finally, targeted schema repair reduces validation context from ~230k tokens to
<2k per document while preserving most extraction gains.

Keywords: clinical information extraction, nurse dictations, ontology alignment, ensemble methods, adjudi-

cation, error analysis

1. Introduction

Clinical flowsheets are the substrate of routine in-
patient care: they record vital signs, symptoms,
assessments, and interventions at high temporal
resolution. In many workflows, these fields are
populated from speech dictations and later normal-
ized into discrete slots, which introduces delays
and errors. Documentation burden is substantial -
often reported as a large fraction of clinical work-
load - and motivates automation of structured cap-
ture from free-form dictation.(Panchal and Thakur,
2024; Moy et al., 2023; Mitha et al., 2023) The
MEDIQA-SYNUR 2026 shared task targets this bot-
tleneck by requiring systems to extract structured
clinical observations from synthetic nurse dictations
and align them to a fixed ontology.(Michalopoulos
et al., 2026)

We focus on a high-stakes regime where pre-
cision is safety-critical (hallucinated interventions
and symptoms are unacceptable), while recall
impacts completeness (missed observations de-
grade downstream decision-making). Contempo-
rary LLM-based extractors tend to entangle these
objectives; pushing recall typically increases hallu-
cination. Our solution, the Consensus Adjudica-
tion Ensemble (ACE), decouples them into sepa-
rate stages: (1) generate a diverse candidate pool,
(2) adjudicate as a verifier, and (3) repair schema
violations cheaply.

This paper makes three contributions: (i) A prac-

tical generation - verification decomposition for
ontology-aligned extraction from noisy speech tran-
scripts, implemented as an ensemble with a dedi-
cated adjudicator; (ii) A targeted schema repair
mechanism that validates and fixes only the subset
of outputs that violate constraints, reducing vali-
dation context by two orders of magnitude; (iii) A
granular error analysis (false positives, false neg-
atives, and value errors) and ablations that expose
when retrieval augmentation helps and when it in-
duces “contextual copying” hallucinations.

2. Related Work

LLMs for clinical information extraction. Clini-
cal entity and attribute extraction has historically re-
lied on supervised sequence labeling and domain-
adapted encoders, which provide high precision
but require task-specific training and struggle with
rapidly changing schemas.(Alsentzer et al., 2019)
Instruction-tuned LLMs enable flexible, schema-
conditioned extraction without training data, includ-
ing few-shot clinical extraction settings.(Agrawal
et al., 2022) However, they often violate strict
biomedical constraints (enumerations, units, and
type consistency) unless controlled by explicit vali-
dation or constrained decoding.

Consensus and verification. Ensembling and
verification-style decomposition have been used
to improve robustness of generative systems. For
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Split Ex. Avgtok. Avgobs. Unig.

Train 122  275.3 13.8 166
Dev 101 279.9 13.0 170
Test 199  259.3 12.8 164

Table 1: SYNUR dataset statistics by split. Value-
type proportions are reported in Table 2.

extraction, the key benefit is role separation: candi-
date generation can optimize recall, while a ver-
ifier (adjudicator) can optimize precision by re-
quiring explicit grounding. Related ideas include
self-consistency aggregation for reasoning,(Wang
et al., 2023) multi-agent ensembling, (Li et al., 2024)
and LLM-as-a-judge paradigms where a strong
model evaluates and filters outputs of other sys-
tems.(Zheng et al., 2024) This is especially impor-
tant in clinical documentation, where plausible-but-
unstated facts are harmful.

Risks of retrieval augmentation. RAG is effec-
tive for knowledge-intensive QA, but for schema-
conditioned extraction it can be counterproductive:
retrieved exemplars may leak surface forms and
induce spurious predictions - LLMs are distracted
by irrelevant context (Shi et al., 2023) and exhibit
position-sensitive failures under long contexts (Liu
etal., 2024). We empirically observe a strong small-
model pathology (contextual copying), motivating
safeguards such as strict adjudication and limited
retrieval exposure.

3. Task

MEDIQA-SYNUR 2026 evaluates systems that
map each dictation transcript to a set of
(concept_id,value) pairs from an ontology of
193 concepts.(Michalopoulos et al., 2026) Con-
cepts have heterogeneous value types: SIN-
GLE_SELECT, MULTI_SELECT, STRING, and NU-
MERTIC. The official metric is micro-averaged exact-
match F; over concept - value pairs. The dataset is
synthetically generated from clinical notes to emu-
late dictation style while preserving privacy.(Corbeil
et al., 2025)

3.1. Dataset statistics (official splits)

To anchor subsequent analyses, Table 1 reports
split-level statistics transcribed from our internal
draft artifacts. Test labels were released after the
competition, so all error analyses in this paper are
post-competition.
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%MS

11.6
11.9
13.5

%Num  %Str

10.8 6.4
104 53
10.1 3.8

Split %SS

Train 71.2
Dev 723
Test 72.6

Table 2: Value-type proportions by split
(SS/MS/Num/Str  denote  SINGLE_SELECT,
MULTI_SELECT, NUMERIC, STRING).

3.2. Evaluation protocol and strictness
of matching

Submissions are  scored  with micro-
averaged precision/recall/F}; over exact-match
(concept_id,value) pairs as defined by the
organizers.(Michalopoulos et al., 2026) Two details
are crucial in practice: (i) enum-valued concepts
(SINGLE_SELECT/MULTI_SELECT) require mem-
bership in a fixed allowed list (schema compliance
is part of correctness), and (ii) any value mismatch
counts as fully incorrect, even when the concept is
correct. This creates a regime where seemingly
“minor” normalization issues (list-vs-scalar, casing,
synonym choice) can dominate errors, motivating
our explicit repair step.

3.3. Post-competition analyses

The leaderboard ranking is based on the competi-
tion submission. Unless stated otherwise, deeper
error analyses and cost accounting are performed
after the test labels were released and are reported
as post-competition experiments.

4. System Overview

ACE is a three-stage pipeline operating on a single
transcript z. Let S denote the schema (concepts,
value types, and allowed enumerations). The sys-
tem produces a set of candidates C' = {(¢,v)} with
i € § and then filters and repairs them into the final
prediction Y.

4.1. Stage 1: Candidate Generation via
Complementarity

We use two generators with different failure pro-
files and then take their union. In our exper-
iments, a large model with retrieval augmenta-
tion improves coverage of infrequent concepts,
whereas a smaller/cheaper model without retrieval
is less sensitive to distractor context but tends to
omit long-tail concepts. The union step is inten-
tionally recall-oriented and accepts that it may be
noisy.

Models We deployed two diverse extractors:
GPT-5 in a zero-shot configuration,(Singh et al.,
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Figure 1: ACE pipeline: high-recall candidate gen-
eration (two complementary generators), master
adjudication (verification), and targeted schema re-
pair.

2025) and a Qwen3-235B-A22B-Instruct-FP8 (ac-
cessed via the Doubleword batch API) with re-
trieval augmentation(Team, 2025) . Baseline
comparisons were also conducted against GPT-
40.(OpenAl, 2024)

4.1.1. Schema-bystander failure mode

Many task concepts are correlated in real clinical
notes (e.g., oxygen device co-occurs with respira-
tory distress), but the dictations in this benchmark
may mention only a subset. We found it useful to
treat the ontology and any retrieved schema de-
scriptions as bystanders: they are necessary for
formatting but should not be treated as evidence.
This motivates a strict separation between (i) gener-
ators that may leverage schema for coverage and
(i) adjudication that requires transcript-grounded
support.

4.1.2. Retrieval augmentation and
“contextual copying”

RAG can improve recall by making long-tail labels
salient, but it also introduces an adversarial surface-
form effect: smaller models may copy enumerated
values or schema snippets into the output even
when the transcript does not support them. In our
runs this manifested as spurious categorical labels
(e.g., cognitive status) and intervention assertions
that look plausible but are ungrounded. We there-
fore constrain RAG to the high-capacity generator
and rely on adjudication to suppress RAG-induced
false positives.

Output normalization. Each generator outputs
JSON records with a concept id and value. Before
union, we normalize trivial formatting differences
(e.g., true/false Vs Yes/No, list-vs-scalar for
multi-select, and whitespace/casing) to reduce spu-
rious mismatches.

4.2. Stage 2: Master Adjudication
(Verification)

Given transcript = and a candidate set C, the adju-
dicator returns a subset A C C of candidates that
are entailed by x under task guidelines. Opera-
tionally, the adjudicator is prompted as a verifier:
it must reject candidates unless there is explicit
textual support (or a task-allowed paraphrase) in
the dictation.

Relation to LLM-as-a-judge. The master ad-
judicator follows principles similar to LLM-as-a-
Judge,(Zheng et al., 2024) evaluating whether
each candidate is supported by the transcript and
suppressing clinically plausible but unstated infer-
ences.

4.2.1. Adjudication policy: conservative

acceptance criteria

We found that most high-impact hallucinations
come from clinical priors rather than transcription
artifacts (e.g., inferring oxygen therapy from “short
of breath”). The adjudicator therefore follows a
conservative policy: accept only (i) direct lexical
matches (including common paraphrases) or (ii)
measurement-backed implications explicitly stated
(e.g., “sat 92% on nasal cannula” supports both
saturation and oxygen device). Ambiguous hedges
(“might”, “possibly”) are treated as evidence only
when the task guidelines permit recording sus-
pected findings.

4.2.2. Cost of verification

Verification is cheaper than regeneration because
the adjudicator sees only the candidate set rather
than the full schema. This makes it practical to
scale the number of candidate generators, which
empirically improves recall without paying the full
cost of multiple schema-conditioned extractions.

4.3. Stage 3: Targeted Schema Repair

Even after adjudication, outputs may violate
schema constraints: wrong enumerations, scalar
vs list mismatches, or minor normalization errors.
Re-running generation with full schema context is
token-expensive. Instead, we perform targeted re-
pair: only candidates that fail validation against
S are sent to a repair model together with (i) the

202



Algorithm 1: Consensus Adjudication En-
semble (ACE)

Input: transcript x, schema S

Output: prediction set ¥’

Cy < GENERATE(x)

C5 < GENERATERAG(z)
C + NormALIZE(Cy U C3)
A < AbJUDICATE(z, C)

E « {(i,v) € A: =VALIDs(i,v)}
R + REPAIR(z, E,S)

Y « (A\E)UR

return Y

(generator 1)
(generator 2)

©ONo O AWN

Figure 2: High-level ACE procedure. Repair is
applied only to schema-invalid items.

transcript snippet around evidence, (ii) the concept
definition and allowed values, and (iii) the invalid
output. This reduces validation context from ~230k
tokens to <2k tokens per document in our setup.

Relation to guided generation. To enforce
schema compliance without expensive re-sampling,
our targeted repair loop is inspired by guided gener-
ation, constrained decoding, and structured prompt-
ing techniques.(Willard and Louf, 2023; Beurer-
Kellner et al., 2023)

4.3.1. Repair taxonomy

In our error logs, repair requests fall into three
recurring classes: (1) boolean/categorical
canonicalization (e.g., True—Yes); (2) enum
projection (mapping free-form text to the
closest allowed enumeration, e.g., “borderline
inadequate”—+inadequate); (3) container
normalization (scalar—list for MULTI_SELECT
concepts). These are low-entropy transformations,
which is why they can be handled reliably with
small context and without access to the full
ontology.

5. Algorithm
6. Experimental Setup

6.1.

We report micro-precision, micro-recall, and micro-
Fy on exact match. We additionally compute gran-
ular counts of false positives (FP), false negatives
(FN), and value errors per concept to support error
analysis.

Evaluation

6.2. Granular scoring protocol

To diagnose what drives exact-match failures, we
decompose errors into: FP (spurious concept -

Statistic Value
Test examples 199
Avg. tokens/transcript 177.0
Avg. observations/example  12.8
Unique concepts present 164

Table 3: Test-set statistics.

Value type Count
SINGLE_SELECT 1853
MULTI_SELECT 344
NUMERIC 257
STRING 98

Table 4: Value-type distribution on the test set.

value pair), FN (missed gold pair), and value er-
ror (predicted concept matches gold concept, but
value mismatches due to synonymy, formatting, or
unit normalization). For MULTI_SELECT concepts,
we treat each selected value as a separate pair,
which makes partial correctness visible as mixed
FP/FN rather than a single opaque mismatch.

6.3. Dataset statistics

From our analysis of the test split (199 examples),
transcripts are short (avg. 177 tokens) but dense
(avg. 12.8 observations/example), with 164 unique
concepts present in the test data. The majority
of labels are categorical: SINGLE_SELECT domi-
nates, while STRING and NUMERIC are compara-
tively rare.

6.4. Precision - recall dynamics across
stages

Figure 3 highlights a key design decision: we de-
liberately tolerate a low-precision union as long
as adjudication can remove noise with minimal re-
call loss. This works well when hallucinations are
“obvious” (unsupported interventions, implausible
categorical labels) but is less effective when the
transcript expresses the observation indirectly or
via long-range discourse, in which case the adjudi-
cator may remove true positives.

7. Results

On the official leaderboard we obtain F; = 0.7996
(P=0.7812, R=0.8188), ranking 4th. Table 5 reports
our component-level results. The main qualitative
pattern is stable: union substantially increases re-
call but collapses precision; adjudication recovers
precision at a non-trivial recall cost; the final system
combines consensus filtering with targeted repair.
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Model Performance Comparison (Test Set)

GPT-40 Quen-2358 (0-shot) GPT:S (0-shot) Quen-2358 (RAG) ACE (Ours)

Figure 3: Precision - recall behavior across ACE
stages. Union maximizes recall but is noisy; adjudi-
cation recovers precision; repair restores schema
compliance.

10 Impact of RAG on Different Model Sizes
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=== RAG Enhanced

+4:1% 4 7936

0.7525

0.5953 ~16:9%

F1 Score

0.4267

Qwen-235B

0.0

GPT-5-nano

Figure 4: Micro-F; across system variants.

7.1.

RAG had a divergent effect depending on model
capacity. For the large model (Qwen-235B), RAG
improved F; by +4.1 points (0.7525—0.7936) in our
experiments; for the smaller model (GPT-5-nano),
RAG significantly degraded quality (Table 6).

RAG sensitivity across model sizes

Contextual copying. In 91% (181/199) of test
cases, the small-model RAG variant predicted at
least one value absent from the transcript but
present verbatim in retrieved examples. We refer to
this as contextual copying and view it as a primary
reason to separate recall-oriented generation from
a strict verifier.

8. Efficiency and Cost

Beyond accuracy, we analyze token usage and
estimated cost, since practical deployment of large-
model pipelines depends on throughput. Table 7
summarizes stage-wise token usage and cost esti-
mates from our internal runs. The key observation
is that targeted repair is cheap relative to extrac-
tion and thus a favorable place to enforce schema
compliance.

Component P R o

Ens. union 0.4618 0.7449 0.5702
Adj. consensus 0.7352 0.6582 0.6946
ACE 0.7812 0.8188 0.7996

Table 5: Core component results. “ACE” corre-
sponds to the official submission (ensemble + ad-
judication + targeted repair). “Ens. union” is the
recall base; “Adj. consensus” is the verifier-style
filter.

Model setting P R n

0-shot 0.7126 0.5112 0.5953
RAG 0.3807 0.4855 0.4267

Table 6: GPT-5-nano RAG effect analysis: re-
trieval degrades F; by 16.9 points due to hallu-
cination/leakage.

9. Error Analysis

We categorize errors into: (i) FP: predicted concept
- value absent in gold; (ii) FN: missed gold item; and
(iii) Value error: correct concept but mismatched
value (often casing, synonyms, list-vs-scalar, or
unit normalization).

9.1.

Across the most problematic concepts, we observe
a characteristic pattern: high FN counts for implic-
itly stated activities (e.g., breathing exercises) and
high value-error counts for appearance-like multi-
select attributes where the ontology enumerations
are restrictive (e.g., urine appearance, skin condi-
tion). This suggests that improving performance be-
yond our rank will likely require (i) better discourse-
sensitive extraction for implicitly referenced items
and (i) a more principled lexical mapping layer for
constrained enumerations.

Error type distribution

9.2. Top error types

Table 8 reports the dominant error drivers by type
(computed after test labels became available). Res-
piratory interventions (concept 3) account for a
large share of misses, while urinary symptoms
(177) are prominent in both hallucinations (FP)
and value mismatches, indicating that the ontol-
ogy constraints are both hard to satisfy and easy
to over-predict.

Two mechanisms explain these patterns. First,
care actions such as respiratory exercises are of-
ten expressed as brief imperatives (“deep breathe”,
“incentive spirometer”) and may be separated from
other respiratory descriptors, which increases false
negatives under exact-match scoring. Second,
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Stage Model In tok. Out tok. Cost (%)
Extract Qwen-235B 801,893 33,593 0.09
Extract GPT-5 503,393 33,593 0.48
Adjud. Qwen-235B 255,234 33,593 0.04
Repair Qwen-235B 138,000 3,450 0.02
Total 1,698,520 104,229 0.63

Table 7: Token usage and cost estimation (internal
accounting). Stages are extraction, adjudication,
and targeted repair; percentages are omitted for
compactness.

Top 5 Most Problematic Entities by Error Type

70
63
60
- ?
13 37
-30

’ ’ [

Skin Condition (#149) 17 17

Gl Symptoms (#148) 18

Urinary Sx (#177)

Urine Appr. (#139) 24

Error Count

Resp. Interv. (#3)

False Positives False Negatives Value Errors

Error Type

Figure 5: Heatmap of errors by concept. We ob-
serve clusters of value normalization errors for
multi-select appearance/skin concepts and high
FN rates for breathing exercises.

symptom inventories (e.g., urinary symptoms) are
high-cardinality multi-select fields; generators tend
to over-complete them from clinical priors, and even
when the concept is correct, mapping free-form
phrasing to the restricted enum set yields value
errors.

9.3. Most problematic concepts

From granular error logs, the most frequent misses
and value errors concentrate in a small subset of
concepts (Table 9). Many correspond to implicit
or discourse-level information, or to highly variant
lexical realizations.

9.4. Hallucination profile and
adjudication impact

Adjudication removes 2,219 candidate observa-
tions, of which 2,025 (91.3%) are correctly removed
false positives. The remaining 194 (8.7%) removed
items are true positives, representing a dominant
source of recall loss in the ACE pipeline.

Precision - recall impact ratio. This trade-off
is strongly favorable for precision: for every true
positive removed by the adjudicator, it removes
2025/194 ~ 10.4 hallucinated observations. We

Type C_ID Count Description

FN 3 73 Respiratory interventions
FN 148 63 Gastrointestinal symptoms
Value 177 51 Urinary symptoms (W/A)
FP 177 32 Urinary symptoms (halluc.)

Table 8: Top error types on the test set (post-
competition analysis). W/A means Wrong Answer
by value, and halluc. is a hallucinated entity.

ID Concept name (schema) #FN
148 Gastrointestinal symptoms 92
177 Urinary symptoms 75
3 Respiratory interventions 73
139 Urine appearance 50
149 Skin condition 47
84 Abdomen assessment 39
165 Breath sounds 34
13 Breathing pattern 32
0 Broset violence checklist - confu- 23
sion
130 Cognitive status 20

Table 9: Top 10 most problematic concepts (false
negatives + value errors) from the test-set analysis
logs, with official schema names.

interpret this as a clinically meaningful operating
point, because the removed false positives are fre-
quently high-risk categories (fabricated interven-
tions and cognitive-state labels), consistent with
self-verification approaches for hallucination detec-
tion.(Manakul et al., 2023)

Where adjudication fails. The dominant failure
mode is indirect evidence: dictations may describe
an observation using a dispersed set of cues (e.g.,
symptoms spread across narrative) or with hedges
and revisions. In such cases, generators may pro-
pose a correct item, but the verifier may not find
sufficient explicit support to accept it.

Most hallucinated concepts. The same few con-
cepts dominate false positives, often reflecting clin-
ical priors (e.g., inferring comorbidities) or schema
copying (multi-select fields). In our logs, 177 (uri-
nary symptoms) and 31 are the top FP drivers,
followed by breathing pattern (13) and respiratory
exercises (3).

9.5. AQualitative examples

Adjudication is particularly effective at rejecting
clinically plausible but unsupported interventions
and cognitive-state labels; repair fixes minor value
canonicalization without re-running extraction.
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ID Concept name (schema) FP

177 Urinary symptoms 32
31 Diabetes history 31
13 Breathing pattern 29
3 Respiratory interventions 25
139 Urine appearance 24
26 Cognitive disturbances 22
148 Gastrointestinal symptoms 18
130 Cognitive status 18
165 Breath sounds 18
0 Broset violence checklist - confu- 18
sion

Table 10: Top 10 most hallucinated concepts (FP)
from the test-set analysis logs, with official schema
names.

Quantity Count Share
Removed by adjudication 2219 100.0%
Correctly removed (FP) 2025 91.3%
Incorrectly removed (TP) 194 8.7%

Table 11: Adjudication effect from our analysis logs.

Adjudication removal. In a representative case,
the union stage proposes multiple unsupported
items (e.g., cognitive status labels and interven-
tions) that are clinically plausible but not stated; the
adjudicator removes them, improving precision.

Repair canonicalization. In separate cases,

repair fixes low-entropy mismatches such
as boolean-to-enum mapping (True—Yes),
near-miss enum  projection  (“borderline

inadequate”—inadequate), and scalar-to-list
normalization for MULTI_SELECT fields.

10. Implementation Details

We provide implementation details to support repli-
cation. All steps operate on a single transcript and
an immutable schema S.

10.1.

We represent predictions as a set of JSON objects
with keys: id (string concept id) and value. Val-
ues are typed by the concept’s value_type in the
schema. For MULTI_SELECT, we normalize val-
ues to a JSON list and score each selected value
as a separate (id, value) pair.

Prediction representation

10.2. Schema validation

Before and after adjudication we validate each can-
didate against S: (i) concept id must exist; (ii) the
predicted value must match the declared value
type; (iii) for SINGLE_SELECT/MULTI_SELECT,

Stage Model Temp. Max tok. Top-p

Extract.A  Qwen3- 0.0 2048 1.0
235B

Extract.B  GPT-5 0.0 2048 1.0

Adjudic. Qweng- 0.0 2048 1.0
235B

Repair Qwen3- 0.0 512 1.0
235B

Table 12: Inference parameters used in each ACE
stage.

each value must appear in value_enum; (iv) for
NUMERIC, we require a parseable numeric value
and canonicalize trivial formatting (e.g., stripping
units when the schema expects a bare number).

10.3. Normalization rules

We apply lightweight normalization to reduce
avoidable mismatches: booleans (true/false,
yes/no) are canonicalized to the schema
enum when applicable; container normalization
maps scalar—list for MULTI_SELECT; cas-
ing/whitespace are normalized for string-like
fields. We avoid aggressive synonym mapping at
this stage because it can introduce false positives;
instead, enum projection is handled by the targeted
repair step with explicit access to allowed values.

10.4. Targeted repair prompts (high level)

For each invalid item (i,v), the repair model is
given: (a) transcript = (or a short evidence win-
dow), (b) concept name and value type, (c) the
allowed enumeration if present, and (d) the invalid
value. The model must output a single corrected
value or an explicit null to drop the item. This de-
sign bounds context length and makes repair a low-
entropy transformation rather than re-extraction.

10.5. Hyperparameters

All stages use greedy decoding (temperature 0.0)
to ensure deterministic outputs; parameters are
summarized in Table 12.

11. Discussion
11.1. Why verification helps more than
better prompting

In this task, many clinically “reasonable” facts are
not stated in the transcript. Extractor prompts that
encourage completeness tend to over-infer. By
reframing the second stage as an entailment-style
verifier, we obtain a controllable knob for precision
without forcing generators to become conservative.
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Risk Error mode Examples
High Fabricated inter- Oxygen delivery
ventions / status  device; suction-
ing; “disoriented”
cognitive labels
Medium Omitted symp- Missed Gl symp-
toms / care toms; missed
actions respiratory exer-
cises
Low Normalization list-vs-scalar for

/ schema mis-
match

MULTI_SELECT;
enum projection;

unit/casing vari-
ants

Table 13: Risk-oriented error taxonomy used in our
analysis.

11.2. What limits recall after adjudication

The main failure case for a strict verifier is dis-
tributed evidence: the transcript may mention an
observation in a fragmented way (disfluencies, self-
corrections, or references like “same as before”), so
neither the candidate nor the verifier sees a crisp
support span. Future work could use evidence
selection (span extraction) as an intermediate rep-
resentation, allowing the adjudicator to operate on
explicit spans rather than raw text.

11.3. Clinical safety lens

We found it useful to interpret errors not only by
Fy but by clinical risk. High-risk FPs include fabri-
cated interventions (oxygen delivery device, suc-
tioning) and misrepresented cognitive status (e.g.,
disorientation). Medium-risk errors include symp-
tom omissions that may delay escalation. Low-risk
errors include unit formatting and mild synonym
mismatches. This framing matches why adjudica-
tion is valuable: it preferentially removes high-risk
hallucinations even when it slightly harms recall.

This taxonomy is supported by our empirical error
distributions: high-risk items are over-represented
among frequent false positives (Table 10), while
medium-risk omissions align with the most frequent
false negatives (Table 8 and Table 9). Low-risk
issues largely correspond to value and formatting
mismatches that are addressed by schema-aware
repair.

11.4. Safety implications by model
component

We observe a consistent safety pattern across vari-
ants: (i) the recall-oriented union stage is the pri-
mary source of high-risk hallucinations; (ii) adju-
dication removes most of these, effectively acting
as a safety filter; and (iii) targeted repair mainly

reduces low-risk schema mismatches (container
and enum canonicalization) without meaningfully
affecting the hallucination rate. This supports a de-
sign where safety-critical filtering is placed before
normalization-heavy post-processing.

11.5. When retrieval augmentation helps
(and when it hurts)

We observe that retrieval augmentation is beneficial
for large models by improving coverage of long-tail
concepts, but can be harmful for smaller models:
they exhibit contextual copying behavior, produc-
ing surface forms from retrieved schema snippets
even when unsupported by the transcript. This mo-
tivates keeping RAG in the high-capacity generator
and relying on adjudication to suppress spurious
candidates.

12. Limitations and Ethics

The dataset is synthetic and derived from ICU
notes; dictation style and concept prevalence may
differ in other departments or spoken workflows.
Verifier-style adjudication can remove true positives
when evidence is indirect or distributed across the
transcript. Finally, while we emphasize precision
to reduce hallucinated observations, our system is
not a clinical device and must be validated prospec-
tively before any deployment. Comparisons with ad-
ditional small and mid-range models (e.g., Qwen3-
4B) remain as future work due to competition time-
line constraints.

13. Data and Code Availability

Our code is available in an anonymized reposi-
tory. The repository contains inference scripts and
prompt.
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A. Prompts

To ensure reproducibility, we summarize the prompt
templates used in each ACE stage. Prompts follow
a strict role—task—constraint—output structure.

A1,

The system prompt for both RAG and zero-shot ex-
tractors enforces strict JSON schema adherence.

Extraction prompt (core)

ROLE: You are a clinical documentation
expert extracting structured observations
from nurse dictations.

TASK: Extract all clinical observations
mentioned in the transcript and map them
to the given ontology.

OUTPUT FORMAT: Return a valid JSON
object with an observations array.

RULES:
1. Extract only observations explicitly
mentioned in the transcript.

2. Match observation names and IDs to
the ontology exactly.

3. For SINGLE_SELECT, the value must
be an exact member of value_enum.

4. Do not hallucinate observations or val-
ues not supported by the transcript.

ONTOLOGY: {schema_str}

A.2. Adjudication prompt (consensus)

The adjudicator acts as a verifier that resolves dis-
agreements between two candidate drafts.

TRANSCRIPT: {transcript}

Below are two candidate extractions from
high-performing models.

DRAFT A (Model: {expert_a_name},
Est. F1: {expert_a_f1}):
{draft_a_json}

DRAFT B (Model: {expert_b_name},
Est. F1: {expert_b_f1}):
{draft_b_Jjson}

YOUR TASK:

1. Synthesize a single high-fidelity extrac-
tion.

2. If drafts agree on ID but differ in value,
use the transcript to resolve.

3. If an observation appears in only one
draft, keep it only when explicitly sup-
ported by the transcript.

4. Ensure all IDs map to valid schema
IDs.

Output only the final JSON object.

A.3. Targeted repair prompt

Instead of re-sending the full ontology, the repair
prompt provides localized schema-validation feed-
back to minimize token usage.

TRANSCRIPT: {transcript}
PREVIOUS (INVALID) OBSERVATIONS:

{invalid_subset_json}

ERRORS FOUND: Observation ID
{id1}: Value {vall} does not maich
type SINGLE_SELECT.

Observation ID {id2}: ID not found in
ontology.

Please correct these observations based
on transcript evidence and the ontology,
and return the full list of valid observa-
tions.

B. Additional qualitative cases

We include short qualitative cases to illustrate (i)
hallucination removal by adjudication and (ii) value
canonicalization by targeted repair. Full transcripts
are omitted for space and anonymization.

B.1. Adjudication removes clinically

plausible hallucinations

Case A.1 (document ID 0). The dictation de-
scribes seizure history and fall-risk awareness, but
it does not state several specific structured items.
The union stage proposes multiple clinically plausi-
ble observations that are unsupported by the tran-
script; the adjudicator correctly removes them:

* History of falls (concept 78):
ported),

Yes (unsup-

* Ambulatory aid (concept 21): walker (unsup-
ported),
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» Mobility (concept 89): Mildly impaired (un-
supported),

+ Cognitive status (concept 130): Disoriented
to time (unsupported),

« Fall risk identification (concept 107): High (un-
supported).

This example illustrates why a verifier-style stage is
valuable: these items are plausible extrapolations
(fall history, mobility limitations, disorientation) but
would be unsafe to record as structured observa-
tions without explicit evidence in the dictation.

B.2. Targeted repair fixes low-entropy
schemal/value mismatches

Case A.2 (document ID 5; Use of accessory
muscles, concept 38). Before repair, the sys-
tem outputs True for a SINGLE_SELECT concept
whose allowed values are Yes /No. Targeted repair
canonicalizes True—Yes, matching gold.

Case A.3 (document ID 14; Nutrition status, con-
cept 25). Repair projects a near-miss enum phrase
“borderline inadequate”—inadequate, matching
gold.

Case A.4 (document ID 20; Breathing pat-
tern, concept 13). Repair normalizes con-
tainer type for a MULTI_SELECT field: 1la-
bored— [’ labored’ ], matching gold.

These cases demonstrate that repair is
most effective for constrained transformations
(boolean/enum canonicalization and list-vs-scalar
normalization) rather than re-extraction.
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