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Abstract

Clinical speech reveals identity through
both spoken identifiers and voice, yet its
pauses, delivery, and speaker roles can also
carry useful clinical evidence. Protect-
ing that speech therefore requires more
than preserving its words. We present
AegisVox, a factorized framework that as-
signs consistent surrogate voices and edits
identifier-bearing turns using document-
consistent replacements. Across 390 pub-
lic simulated or non-patient conversations
totaling 63.6 hours, a matched compari-
son of two speech renderers separates re-
placement realization from retained identi-
fiers, speaker linkage, and clinical preser-
vation. Text-to-speech rendering real-
izes 535/601 planned replacements versus
453/601 for the codec-based speech editor.
However, similar aggregate clinical preser-
vation conceals more model-labeled con-
tradictions, and conversation-wide speaker
scores conceal greater edited-speech link-
age under a score-direction sensitivity anal-
ysis. Fresh transcription of original au-
dio provides a reference for interpreting
the clinical measurement chain; an inde-
pendent judge tests sensitivity to model-
based assessment. Better replacement re-
alization can therefore coexist with worse
clinical or speaker-linkage measurements.
AegisVox supports use-specific evaluation
of those tradeoffs, not a guarantee of iden-
tifier removal or clinical safety.

Keywords: clinical speech, audio privacy,
de-identification, voice conversion, speech
editing

Data and Code Availability We use public
PriMock57, Fareez, and SIMSAMU (Papadopou-
los Korfiatis et al., 2022; Fareez et al., 2022; Nun
et al., 2025), OpenSwara target voices (Mun-
shi, 2026), and synthetic ASQ-PHI (Weather-
head et al., 2026). Appendix B.1 gives revisions
and redistribution restrictions. Code is available
at https://github.com/spraphul/aegisvox. The
accompanying evidence artifact documents the
evaluation; source audio remains subject to the
listed access and redistribution terms.

Institutional Review Board (IRB) Audio
experiments used public simulated or non-patient
recordings. The limited five-reviewer listener
study was not submitted for formal IRB review.

1. Introduction

A clinical conversation contains more than its
transcript. The words state symptoms and de-
cisions, while the recording preserves who spoke,
when a correction occurred, and how an an-
swer was delivered. Pauses, prosody, accent, and
non-speech events may matter when researchers
study communication or build speech-based clin-
ical tools. Yet that same recording exposes iden-
tity through both spoken identifiers and vocal
characteristics. Removing a name from text
leaves both its spoken form and the original voice
available in the audio.
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Figure 1: AegisVox separates voice identity from identifying words. SeedVC converts every turn
using one consistent surrogate voice per source speaker. The lexical renderer changes
only converted turns with planned identifier replacements; the remaining converted turns
pass directly to reconstruction. F5-TTS is the illustrated renderer, and VoiceCraft is the
matched alternative. PHI denotes protected health information.

Releasing a de-identified transcript can avoid
the additional risks of sharing sound. When re-
search requires audio, however, transformation
must preserve useful evidence without simply
recreating the encounter. Muting can interrupt
an utterance. Full resynthesis can reproduce its
words but cannot preserve the observed delivery
by construction. The practical question is there-
fore not just whether transformed speech remains
intelligible, but which identifying and clinically
important properties change together.

Prior work provides strong components for
this task. Clinical de-identification detects sen-
sitive text or edits its spoken realization (Cohn
et al., 2019; Singh et al., 2025; Kim et al., 2024).
Speaker anonymization transforms voice iden-
tity and measures source linkage with automatic
speaker verification (ASV) (Tomashenko et al.,
2020; Panariello et al., 2024; Tomashenko et al.,
2024). Recent systems also combine speaker and
lexical transformations (Xiao et al., 2026). What
remains unclear is how these interventions inter-
act in long-form clinical conversations, where one
speaker and one entity can recur across many

turns. A replacement may be spoken while an
earlier mention of the original remains; a fluent
transcript may lose a negation; an overall speaker
score may hide linkability in the edited speech.

We introduce AegisVox, a factorized frame-
work that changes speaker identity and identi-
fying words while retaining the surrounding con-
verted conversation. Each speaker receives a con-
sistent surrogate voice, called a pseudo-speaker.
A language model generates source-language syn-
thetic replacements for detected entities, with
one mapping reused throughout the conversation.
A speech renderer then edits only the affected
complete turns. This separation supports con-
trolled renderer comparisons and distinct tests
of detection, replacement, linkage, and clinical
preservation.

Our evaluation covers 390 public simulated or
non-patient clinical conversations totaling 63.6
hours. The matched renderer comparison im-
proves replacement realization, but the controls
reveal a more consequential finding: similar ag-
gregate clinical preservation does not imply sim-
ilar error types, and conversation-wide linkage
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does not describe every edited region. A freshly
transcribed original-audio control helps interpret
the measured clinical change without treating
model judgments as clinical truth.
Contributions. We provide (1) a long-form
speech transformation with consistent speaker
and lexical mappings; (2) a stage-resolved
evaluation that separates planned replacement,
retained identifiers, final-output linkage, and
source-grounded clinical evidence; and (3) a
controlled study of two lexical renderers, with
original-audio, independent-judge, frontend, and
downstream-note checks that expose where the
measures agree and where they do not.

2. Related Work

Speaker and lexical privacy. VoicePrivacy
pairs attacker-oriented ASV with intelligibility
and quality measurements (Tomashenko et al.,
2020; Panariello et al., 2024; Tomashenko et al.,
2024). Newer systems improve pseudo-speaker
generation and utility (Chen et al., 2026; Kuzmin
et al., 2026). Clinical text systems address a dif-
ferent identity surface through detection, redac-
tion, or consistent pseudonymization (Vakili and
Dalianis, 2022; Simancek and Vydiswaran, 2024;
Singh et al., 2025). Audio de-identification must
also accommodate transcription errors and real-
ize its text changes in speech (Cohn et al., 2019;
Abdjul et al., 2025). Neither a text-detection
score nor a speaker-verification score establishes
both forms of protection.

Speech editing and joint transformation.
Text-guided editors replace selected speech while
conditioning on observed context (Tan et al.,
2021; Wang et al., 2022; Borsos et al., 2022;
Peng et al., 2024; Chen et al., 2025). General
speech generation offers another route, but re-
quires rechecking the interaction it reconstructs
(Borsos et al., 2023; Shen et al., 2023). Aggaz-
zotti et al. (2026) transform long-form transcripts
to reduce linkage through linguistic style. Xiao
et al. (2026) combine generated speaker embed-
dings with localized identifier editing and evalu-
ate the result as training data. AegisVox builds
on joint transformation through long-form clini-
cal factorization and controlled assessment of its
distinct privacy and preservation outcomes.

Clinical preservation. Clinical note gener-
ation depends on facts, roles, temporal rela-
tions, and supported decisions, not lexical sim-
ilarity alone (Nair et al., 2023; Ben Abacha
et al., 2023; wai Yim et al., 2023). Word er-
ror rate (WER) does not distinguish a benign
transcription variant from a changed dose or
negation. Model-based evaluation can test these
distinctions at scale, but introduces dependence
on the judge (Liu et al., 2023; Zheng et al.,
2023). We therefore retain separate clinical la-
bels, test an independent judge, and report the
limits of transcript-based evidence. Our renderer
comparison uses published components within
one framework; it is not a matched benchmark
against another complete privacy pipeline.

3. AegisVox

3.1. Task and consistent mappings

The input is a conversation waveform. Au-
tomatic speech recognition (ASR) transcribes
speech, and diarization assigns it to speakers.
Together they produce X = {(ai, ti, si, τi)}Ni=1,
where ai is the waveform of turn i, ti its tran-
script, si its speaker, and τi its time interval.
Detection identifies sensitive mentions E with
literal transcript evidence and turn ownership.
AegisVox uses two mappings: π : s 7→ v, from
each source speaker to a public surrogate refer-
ence voice, and ρ : e 7→ e′, from each detected en-
tity to a synthetic replacement. Both mappings
remain fixed within a conversation.

The output is a reconstructed waveform with
transformed voices and planned lexical substitu-
tions. A turn is affected if it contains at least
one planned substitution. All turns undergo
voice conversion; only affected turns undergo ad-
ditional lexical rendering (Figure 1). These rules
limit resynthesis, but do not by themselves guar-
antee correct detection, identifier removal, or pre-
served delivery.

3.2. Speaker transformation

The ECAPA-TDNN speaker-embedding model
represents each source speaker s and public ref-
erence voice v as normalized vectors zs and zv
(Desplanques et al., 2020). The voice pool con-
tains 4,062 quality-controlled OpenSwara units
(Munshi, 2026) with available language, accent,
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gender-presentation, and vocal-trait metadata.
The FAISS similarity-search library retrieves 75
candidates per speaker. Eligible references meet
duration, audio-quality, language, and source-
distance constraints. Available metadata helps
avoid an acoustically incompatible reference, but
is not a privacy guarantee.

Candidates are ranked by

Dcos(s, v) = 1− cos(zs, zv),

q(s, v) = Dcos(s, v) + 2T (s, v),
(1)

where T (s, v) ∈ [0, 1] is a weighted match over
available voice traits. In deterministic speaker
order, assignment selects the highest-ranked un-
used reference satisfying source–target distance
≥ 0.70 and pairwise target–target distance ≥
0.65, with bounded backtracking for dead ends.
References cannot be reused within a conversa-
tion. The thresholds are untuned heuristics: all
16 tested settings assigned all 809 conversation-
speaker profiles, and three rendered operating
points changed only 14–23 assignments without
a detectable downstream contrast (Appendix D).
This is constrained ranking, not learned global
assignment or an established privacy–utility fron-
tier.

SeedVC, a zero-shot diffusion-transformer
voice converter (Liu, 2024), converts every turn
toward its assigned reference. Reusing the ref-
erence maintains a consistent intended pseudo-
identity across a speaker’s turns. Distinct refer-
ences maintain the intended separation between
speakers, while ASV tests whether source linkage
persists after transformation.

3.3. Lexical planning and complete-turn
rendering

GPT-5.4 receives the complete speaker-
attributed transcript and generates a structured
identifier and replacement plan. The detec-
tor follows a frozen contract based on Health
Insurance Portability and Accountability Act
(HIPAA) Safe Harbor categories. Each entity
receives a speakable synthetic substitute in
the source language, reused across coreferent
mentions. The instructions exclude changes to
clinical facts, medication, negation, chronology,
and roles. The instruction does not verify
complete detection or regulatory compliance.

Applying ρ yields the complete replacement-
bearing transcript t′i. For an affected turn, the
renderer receives the complete SeedVC-converted
audio, its transcript ti, and t′i. We compare two
implementations: AegisVox (VoiceCraft), using
a pretrained neural-codec speech editor (Peng
et al., 2024), and AegisVox (F5-TTS), using a
flow-matching text-to-speech model conditioned
on the reference turn (Chen et al., 2025). Each
produces an edited complete turn, not an isolated
replacement word. The framework is renderer-
agnostic; these are two implementations of the
same factorization.

3.4. Reconstruction and measurement
boundaries

Rendered turns replace the corresponding con-
verted turns. The remaining SeedVC-converted
turns, gaps, and speaker ordering supply the re-
construction context. Inserted durations may
shift later timestamps; the validated lexical re-
play concatenates these segments rather than en-
forcing original turn length. Appendix C gives
model and interface details, and Appendix R de-
scribes execution and failure accounting.

We distinguish the generated-turn benchmark
from evaluation of reconstructed conversations.
The former scores every matched edit intention,
retaining failed or uncertain outcomes without
selecting a successful fallback. The latter mea-
sures saved conversation reconstructions, includ-
ing 16 regions that retain converted speech af-
ter VoiceCraft generation failure. The focused
benchmark tests one substitution at a time; its
intentions are not the composed regions counted
in final reconstruction (Appendix I.3). A score on
a generated turn is not proof that every identifier
was removed from the complete conversation.

4. Evaluation Design

4.1. Population and controlled
comparisons

The study uses PriMock57, Fareez, and SIM-
SAMU (Papadopoulos Korfiatis et al., 2022; Fa-
reez et al., 2022; Nun et al., 2025) (Table 1). The
recordings are public simulated or non-patient
conversations, not a sample of real patient en-
counters. The primary frontend is faster-whisper
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Table 1: Public evaluation population and comparison roles. The original-audio control changes
no speech; all transformation conditions share the source recordings. EN and FR denote
English and French.

Dataset Language Conversations Hours Median [IQR] (s) Setting

PriMock57-mixed EN 57 8.6 556 [456–617] Doctor–patient consultations
Fareez EN 272 51.8 672 [572–778] Respiratory interviews
SIMSAMU FR 61 3.2 187 [152–234] Simulated emergency calls
Total EN/FR 390 63.6 609 [471–736] Public clinical audio

Condition Audio treatment Comparison role

Original audio None; fresh ASR and adjudica-
tion

Reference for the clinical measurement
chain

SeedVC only Consistent speaker conversion Shared speaker-path control
AegisVox (VoiceCraft) SeedVC + complete-turn lexical

editing
Matched lexical-renderer comparison

AegisVox (F5-TTS) SeedVC + complete-turn lexical
rendering

Matched lexical-renderer comparison

Localized redaction SeedVC + local deletion Deletion boundary, not replacement
synthesis

Replacement and retention can coexist

Source: “your name. Doris. So Doris, . . . ”
Intended text: “your name. Nina. So Doris,
. . . ”
Edited-audio ASR: “your name. Nina. So
Doris, . . . ”
The substitute is realized, but the original
remains. This observed public-data example
explains why the two outcomes need separate
labels. The intended text is reconstructed from
saved planning evidence, not a captured model
request (Appendix I.3).

large-v3 ASR (Radford et al., 2023) with pyan-
note 3.1 diarization (Bredin et al., 2020). The
two renderer conditions share recordings, fron-
tend, pseudo-speaker assignments, SeedVC out-
puts, planned edit intentions, and comparison
rules. Localized redaction supplies a separate
deletion boundary. Dataset access, population
strata, and condition definitions appear in Ap-
pendices B–E.

4.2. Separate privacy outcomes

Detection and realized replacements. We
test text detection on all 1,051 synthetic ASQ-
PHI queries (Weatherhead et al., 2026). The pri-

mary exact typed endpoint covers 2,147 gold el-
ements in the intersection of the benchmark on-
tology and our frozen identifier contract; the full
ontology contains 2,973 elements. This indepen-
dent text test does not estimate identifier recall
in the 390 source recordings.

The renderer benchmark contains 601 matched
edit intentions from 208 conversations. For each
intention, GPT-5.4 examines transcripts from
two ASR models applied to the generated com-
plete turn. It separately judges whether the syn-
thetic replacement is realized and whether the
original identifier is retained, allowing spelling or
phonetic variants. Either judgment can be un-
certain, and both can be positive. The denom-
inator includes failures; it is not the number of
unique turns or an exhaustive inventory of source
PHI. Exact protocols appear in Appendices H, I,
and T.

Linkage to the source speaker. The final-
waveform test enrolls ECAPA-TDNN on origi-
nal speech from the same recording, then tests
sampled speech from each saved reconstructed
output. A conversation-speaker profile is one as-
signed speaker within one recording, not neces-
sarily a unique person across the corpus. The
primary trials pair 809 profiles with their own
transformed speech and with other speakers in
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the same conversation, yielding 809 positive and
916 negative trials. This avoids assuming that
different recordings contain different people.

Each profile pools at most ten three-second
windows. Equal error rate (EER) is measured
where false matches and missed matches bal-
ance. We report both cosine score directions and
the lower EER as a score-orientation sensitivity
analysis: the direction is selected using evalua-
tion labels, not held-out calibration. Lower EER
means easier linkage under this test. This is
not an attacker trained on converted speech. A
second analysis restricts the samples to planned
inserted-turn intervals in the final output. His-
torical shared-stage ECAPA and x-vector tests
(Snyder et al., 2018) use different sampling and
impostors; they are reported separately in Ap-
pendix K, not assigned to each final renderer con-
dition.

4.3. Clinical evidence and controls

GPT-5.4 extracts 25,778 evidence-linked clini-
cal atomic propositions (CAPs) from the source
ASR transcripts. A CAP is one checkable fact
with its relevant modifiers, such as “the patient
denies a penicillin allergy.” The inventory is
frozen across conditions. The judge seeks lit-
eral evidence in each condition’s transcript and
assigns preserved, partial, missing, contradicted,
or uncertain. Strict preservation counts only
preserved. Contradiction is reported separately,
since two systems can have similar preservation
rates but different error profiles.

The original-audio control freshly transcribes
all 390 original ingested WAVs and adjudicates
them against the same frozen CAPs. It uses
the same declared ASR model and settings as
the evaluator, rather than reusing saved source
text. Historical checkpoint/runtime identity and
hosted-judge temporal stability could not be fully
verified. This control measures the combined
transcription and adjudication reference, not a
human transcript or facts omitted from the ini-
tial extraction (Appendix I.1).

Both GPT-5.4 and the independent Qwen3-
32B judge (Qwen Team, 2025) passed a con-
trolled qualification suite before study adjudica-
tion. Qwen then assessed 600 shared CAPs in
two presentation orders across three conditions,
and all 601 editor intentions, without seeing GPT

outcomes. Qualification tests known perturba-
tions, not agreement with clinicians. Appen-
dices G and G.1 report its coverage and judge
dependence.

A further control generates structured clini-
cal notes from each condition’s transcript alone.
The generator receives no source CAP inventory;
that inventory enters only the subsequent eval-
uator. This separates note-writing inputs from
evaluation references. We also retain clinical ac-
tion, role, chronology, and final-state endpoints,
plus WER, timing, events, and acoustic similar-
ity from CLAP and HeAR (Wu et al., 2024; Baur
et al., 2024). The latter compare learned audio
representations, not clinical correctness or human
naturalness (Appendices I–J).

4.4. Statistical units and uncertainty

Main rates are item-weighted: each edit intention
or source CAP contributes once. Paired renderer
effects use 10,000 conversation-cluster bootstrap
resamples, preserving dependence among items
from one recording. We also report equal-
conversation weighting. Post hoc contradiction
and retained-original tests use paired sign flips
and Holm adjustment within their two-test fam-
ily. The original-control and robustness families
are separate. Final-waveform EER uses 2,000
conversation-cluster resamples; ASQ uses 2,000
query-level resamples.

Uncertain judgments do not count as verified
success or verified absence. Failed lexical cases
remain in the 601-intention denominator. Invalid
note outputs remain unobserved, not zero; note
contrasts use the valid matched subset and report
missingness bounds. Confidence intervals de-
scribe sampling uncertainty, whereas bounds de-
scribe unresolved outcomes. An interval crossing
zero does not establish equivalence. Appendix F
defines all units, and Appendix P gives paired
and weighting sensitivities. Failure accounting
and executable specifications appear in Appen-
dices Q and S.

5. Results

5.1. The original-audio control explains
the reference scale

Fresh ASR of the original audio preserves
24,998/25,778 CAPs (96.97%; 95% CI 96.66–
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0 20 40 60 80 100
Strict CAP preservation (%)

Original audio

SeedVC only

+ VoiceCraft

+ F5-TTS

96.97

77.93

77.41

77.31

(a) Same 25,778 source facts

−0.5 0.0 0.5
F5-TTS minus VoiceCraft (pp)

Preserved

Contradicted

-0.10 [-0.61, +0.42]

+0.34 [+0.15, +0.54]

(b) Matched clinical effects

Figure 2: Clinical controls and matched renderer effects on 25,778 source CAPs from 390 conversa-
tions. (a) Fresh original-audio ASR supplies the reference, not clinical ground truth. (b)
F5-TTS minus VoiceCraft effects in percentage points (pp), with 95% conversation-cluster
intervals. Similar strict preservation coexists with more model-labeled contradictions.

97.28), compared with 20,089/25,778 (77.93%)
after SeedVC alone (Figure 2). The paired
change is −19.04 percentage points (CI −20.29
to −17.83). Both renderer rates are close to the
SeedVC-only rate: 77.41% for VoiceCraft and
77.31% for F5-TTS.

Most of the aggregate deficit is already present
in the SeedVC-only comparison. Similar aggre-
gate rates do not show that the same facts failed
in each condition. It does not show that voice
conversion audibly destroys 19% of clinical facts:
transformed speech can change ASR output, and
the judge can label evidence differently. The
frozen inventory also omits facts missed by source
ASR or extraction. The control makes the abso-
lute rates interpretable without resolving these
causes. Appendix I.1 separates it from the much
easier identical-saved-text self-consistency check.

5.2. More replacements do not imply
uniform gains

F5-TTS realizes 535/601 planned replacements
(89.02%), compared with 453/601 (75.37%) for
VoiceCraft, a gain of 13.64 points (CI 9.69–17.59;
Table 2). Original PHI is nevertheless retained in
28/601 versus 21/601 edits. That difference is not
statistically resolved (Holm-adjusted p = 0.272),
but neither rate represents verified absence in all
remaining cases: original-term judgments are un-
certain in 40 and 92 cases, respectively, with one
additional VoiceCraft generation failure.

Aggregate CAP preservation differs by just
−0.10 points (CI −0.61 to 0.42). Yet F5-TTS has
more model-labeled contradictions: 479/25,778
versus 391/25,778, a paired increase of 0.34
points (CI 0.15–0.54; Holm-adjusted p = 0.0017).
This adverse secondary finding matters because
strict preservation combines several distinct fail-
ure types. Changing missing or uncertain to con-
tradicted need not alter that rate. The labels are
not clinician-confirmed harms; they warrant in-
spection rather than being hidden by the preser-
vation average. Appendix I reports the full out-
come partition and source-assigned importance
strata.

Detection remains a separate limit. On ASQ-
PHI, exact typed F1 is 94.4% (CI 93.5–95.3) un-
der the frozen contract intersection, but 79.9%
(CI 78.9–80.8) under the full benchmark on-
tology. The difference includes a geographic-
category mismatch. Of 219 hard-negative
queries, 48 elicit at least one prediction. These
are text-detection results, not recall for identifiers
in the clinical recordings; multiplying them by
replacement realization would not estimate end-
to-end privacy (Appendix H).

5.3. Final-output averages can hide
edited-speech linkage

Across all-turn samples from final conversations,
score-orientation EER is 0.369 for SeedVC alone,
0.365 for VoiceCraft, and 0.367 for F5-TTS.
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Table 2: Matched outcomes within AegisVox. Counts and item-weighted rates are shown for each
renderer. Effects are F5-TTS minus VoiceCraft, with 95% conversation-cluster intervals.
The lexical rows cover 601 edit intentions from 208 conversations; clinical rows cover 25,778
CAPs from 390 conversations. Realization is conditional on a planned edit, not complete
PHI removal.

Outcome Denominator VoiceCraft F5-TTS Effect (pp) 95% CI (pp)

Replacement realized 601 453 (75.37%) 535 (89.02%) +13.64 [+9.69,+17.59]

Original PHI retained 601 21 (3.49%) 28 (4.66%) +1.16 [−0.62,+2.88]

CAP preserved 25,778 19,954 (77.41%) 19,929 (77.31%) −0.10 [−0.61,+0.42]

CAP contradicted 25,778 391 (1.52%) 479 (1.86%) +0.34 [+0.15,+0.54]

−15 −10 −5 0
EER difference (pp)

All-turn samples
809 profiles

Edited-speech samples
291 profiles

Lower: easier source linkage

Figure 3: Final-waveform linkage under
evaluation-label-selected score direc-
tion. F5-TTS minus VoiceCraft effects
use all-turn samples (809 profiles, 390
conversations) or planned-edit regions
(291 profiles, 204 conversations). Bars
are 95% clustered CIs. Lower EER
means easier source linkage.

The paired F5-TTS-minus-VoiceCraft contrast
is 0.22 points (CI −1.01 to 0.99), with no de-
tectable difference. These tests use 809 matched
conversation-speaker profiles, not 809 indepen-
dently identified people.

Restricting samples to planned inserted-turn
intervals changes the result. On 291 matched eli-
gible profiles from 204 conversations, F5-TTS has
11.34-point lower EER (CI −15.91 to −6.69; Fig-
ure 3). Thus, similar conversation-wide estimates
do not exclude greater source linkability in the
speech being edited. Six additional VoiceCraft
profiles lack one second of eligible F5-TTS speech
and are excluded from this matched contrast, not
scored as successful privacy. These findings are

sensitivity results under same-recording enroll-
ment and selected score direction, not a learned
adaptive attack or a cross-session identification
claim (Appendix K).

5.4. Clinical conclusions depend on the
measurement protocol

Qwen3-32B corroborates the lexical ordering,
judging 486/601 F5-TTS and 421/601 VoiceCraft
replacements realized. Clinical labels neverthe-
less differ: Cohen’s κ is 0.253–0.340 where Qwen
returns valid, agreeing labels under both presen-
tation orders. This unweighted comparison re-
tains uncertainty as a separate category. Qwen’s
overall weighted clinical contrast also crosses
zero, but its absolute rates and low-importance
fact contrast differ from GPT-5.4. The inde-
pendent judge tests sensitivity, not clinical truth
(Appendix G.1).

When notes are generated without the source-
fact inventory, the valid matched subset contains
314 conversations and 20,316 CAPs. F5-TTS
versus VoiceCraft strict note preservation differs
by −0.37 points (CI −1.30 to 0.56), while model-
labeled contradictions increase by 0.48 points (CI
0.24–0.72). Only 1,440/1,560 note generations
and 999/1,170 judgments are valid. These ex-
ploratory contrasts describe observed matched
cases; unresolved cases can change the popula-
tion direction (Appendix J.1).

Five reviewers also rated 25 clinical and 25 per-
ceptual items in a limited blinded panel, yielding
125 ratings per panel. Its uneven coverage, in-
cluding only seven clinical and four perceptual
F5-TTS items, supports descriptive listening ob-
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servations, not renderer superiority or CAP-level
validation (Appendix O).

5.5. Frontend and recording conditions
constrain use

Crossing Whisper small, turbo, and large-v3
and Canary-1B-v2 with pyannote and NeMo
Sortformer yields 3,120 recording-cell evaluations
(Sekoyan et al., 2025; Park et al., 2025). Strict
CAP preservation ranges from 0.771 to 0.807,
without one backend leading all measures. Ca-
nary has competitive matched WER, yet its in-
terface lacks the speaker-turn and timing links
needed to localize planned edits. Observed real-
ization is only 2/481 intentions with NeMo and
3/596 with pyannote. These are integration fail-
ures of the evaluated pipeline, not inherent limits
of Canary or the renderer. A transcript can be
useful while its timing interface is unusable for
local speech editing (Appendix M).

Applying 12-dB room noise before the full
pipeline reduces the conversation-level chronol-
ogy endpoint by 12.1 points (CI 6.4–17.5; Holm-
adjusted p = 0.0006; Appendix N). CLAP
and HeAR similarities provide complementary
acoustic evidence but do not establish accent
or naturalness invariance (Appendix J). English
and French differences remain confounded with
dataset, duration, and interaction setting rather
than identifying a causal language effect (Ap-
pendix L).

6. Discussion

Different privacy tests answer different
questions. A spoken substitute does not prove
removal of its source, and voice conversion does
not remove spoken identifiers. F5-TTS im-
proves planned realization, but contradictions
and edited-region linkage argue against a uni-
versal renderer choice. Neither WER nor one
privacy–utility score can express this tradeoff.
The relevant balance depends on what a recip-
ient needs to hear and what identifying evidence
an attacker can access.

Preserving sound requires more than pre-
serving words. Complete-turn rendering sup-
plies context without rerendering every converted
turn. It limits lexical resynthesis, not all acoustic
change. The original-audio control and frontend

sensitivity show why facts, speaker attribution,
timing, and delivery require checks across the full
measurement chain, not only within the editor.

Review before release. Consistent pseudo-
speakers can retain useful conversational roles,
but matching language and voice traits can also
narrow an attacker’s search. Voice-pool knowl-
edge, auxiliary recordings, and repeated releases
could strengthen that attacker. Restricted ac-
cess, inspection of uncertain edits, and purpose-
limited release are therefore possible safeguards,
not deployments validated here (Appendix A).
No measured EER or replacement rate estab-
lishes HIPAA compliance or a universal threshold
for releasing clinical audio.

What remains unvalidated. The study does
not provide an exhaustive independently anno-
tated identifier inventory for the source record-
ings, proposition-level clinician truth, a learned
conversion-adapted attacker, or a matched ex-
ternal complete pipeline. The renderer contrast
does not establish superiority over complete sys-
tems. GPT-5.4 is used for planning and primary
clinical evaluation; Qwen reduces single-family
dependence but does not validate source extrac-
tion. ASR and judging errors remain mixed with
audio changes. The non-patient population, par-
tial notes, and limited listening evidence leave
transfer to real care untested.

7. Conclusion

AegisVox makes long-form speech privacy a joint
transformation and preservation problem, with
consistent voice assignments and document-level
lexical replacements. Its controlled evaluation
shows why the outcomes must remain separate:
more planned replacements can coexist with re-
tained identifiers, more model-labeled contradic-
tions, and easier edited-region linkage under the
evaluated score direction. Original-audio and
final-waveform controls make these tradeoffs visi-
ble without equating model judgments with clin-
ical truth. Future work should pair independent
clinical and identifier references with stronger at-
tacks on released speech.
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Appendix A. Reporting
Boundaries and
Governed Use

The evaluation concerns public simulated or
non-patient clinical conversations. The identi-
fier framework follows the US Department of
Health and Human Services guidance on de-
identification methods. This framework does not
replace the legal assessment required for a par-
ticular release or establish that the transformed
waveform meets that standard. It does not estab-
lish performance on real patients, clinical safety,
regulatory compliance, guaranteed removal of
protected information, or anonymity. Speaker
privacy is reported only against the evaluated
automatic speaker-verification (ASV) attackers.
Lexical privacy is reported as replacement real-
ization, retention of the original sensitive term,
and uncertainty, with each denominator stated.
Model-adjudicated clinical endpoints are not pre-
sented as human ground truth.

Figure 4 places AegisVox inside a controlled
data-release process. The transformation is one
protection layer. Source access control, purpose
limitation, provenance, residual-risk review, re-
stricted release, and monitoring remain neces-
sary because an adversary may possess auxiliary
voice recordings, metadata, or repeated access to
transformed outputs.

The supplement follows the same stage-
resolved logic as the main paper. It first de-
fines the population, transformation, and con-
trolled conditions; then reports protected health
information (PHI) detection, lexical realization,
speaker verification, and clinical preservation un-
der their own denominators; finally, it documents
sensitivity, failure, listener, governance, and re-
producibility evidence. Results from different
statistical units are never added into a composite
score.

Appendix B. Evaluation
Population and
Strata

The public evaluation contains 390 conversations
and 63.6 hours of audio: 272 Fareez respiratory
interviews, 57 PriMock57 consultations, and 61
SIMSAMU emergency calls. There are 329 En-

glish and 61 French recordings. Duration quar-
tiles contain 98, 97, 97, and 98 recordings, with
cut points near 471, 609, and 736 seconds. De-
tected speaker counts are two in 302 recordings,
three in 73, and at least four in 15. These strata
establish long-form and multi-speaker coverage,
but language, dataset, interaction setting, and
sample size remain confounded.

The frontend strata contain 883 timeline
speaker labels, whereas the saved ASV enroll-
ment registry contains 809 conversation-speaker
profiles: eight recordings have one profile,
347 have two, 33 have three, and two have
four. These are different stage-specific reg-
istries, not interchangeable speaker counts or ver-
ified unique-person identities. The timeline-label
strata describe frontend segmentation; ASV uses
only its saved profile and interval registry. The
edit registry contains 611 diagnostic intentions
across duration strata, while the matched edi-
tor comparison contains 601 intentions present in
both renderer manifests. The 601-edit denomina-
tor is used for realization, original-term retention,
and uncertainty. Recording-level clinical anal-
yses use all 390 conversations and proposition-
level analyses use the same 25,778 source clinical
atomic propositions (CAPs) per condition. Fig-
ure 5 reports the complete population composi-
tion.

The OpenSwara voice pool supplies 4,062
quality-controlled public target units. Each
stores a normalized ECAPA-TDNN embedding,
waveform, duration, sample rate, and avail-
able language, accent or geography, gender-
presentation, vocal maturity, weight, and reso-
nance metadata. Retrieval uses these determin-
istic features to seek a target that is compati-
ble but separated from the source. A one-to-one
conversation assignment also encourages target-
to-target distinctiveness. The selected target re-
mains fixed for that source speaker throughout
the recording. This design supports role continu-
ity; it does not imply protection against arbitrary
auxiliary-data attacks.

B.1. Data access and redistribution

PriMock57 was frozen at Git revision
cd2ac707ad03 under CC BY 4.0; the Fa-
reez respiratory interviews use Figshare revision
10.6084/m9.figshare.16550013.v1 under
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Figure 4: Governed integration and threat boundary. AegisVox transforms speaker identity and
identifying language before controlled release, while access, provenance, residual-risk re-
view, and monitoring remain outside the model and continue to constrain use.

CC0 1.0; and SIMSAMU was frozen at Hugging
Face revision 6b639431f658 under the MIT
license. The OpenSwara pool uses revision
3fc1ab35af18; its dataset card reports CC
BY-SA 4.0, but the evaluated snapshot does
not expose uniform per-voice upstream prove-
nance. The accompanying artifact therefore
distributes exact manifests, identifiers, revisions,
code, hashes, and aggregate evidence, but no
source, reference, transformed, or listener audio.
ASQ-PHI is a fully synthetic text benchmark
released under the MIT license. Researchers
obtain each public corpus from its cited source
under the corresponding access terms. The
released manifests record the complete revision
identifiers.

Appendix C. Implementation
Details

Frontend. The primary frontend uses faster-
whisper large-v3 for matched source and tar-
get transcription and pyannote 3.1 for speaker-
attributed turns. The sensitivity matrix ad-
ditionally evaluates Whisper small, turbo, and
large-v3 plus NVIDIA Canary-1B-v2, crossed
with pyannote 3.1 and NeMo Sortformer. Down-
stream settings remain fixed within this matrix

so that differences describe frontend propagation
rather than a reconfigured transformation.

Speaker profiling and assignment. Speaker
turns are pooled into source profiles. FAISS
inner-product search over normalized ECAPA
embeddings retrieves 75 candidates per source
speaker. Eligibility requires at least 4.5 seconds
of 16-kHz audio, excludes child-like targets, and
applies language and native-English compatibil-
ity where relevant. Reranking combines source-
target distance with compatible voice traits. The
conversation-level assignment enforces one target
per source speaker, no target reuse within a con-
versation, and pairwise distinctiveness among as-
signed targets. The assignment is made once and
reused across all turns.

Identity conversion. SeedVC converts each
speaker-attributed turn toward its retrieved tar-
get voice. The converter aims to preserve
the linguistic input while changing voice iden-
tity; its measured preservation and linkage are
evaluated separately. Because all reportable
editor conditions share this conversion path,
SeedVC speaker-verification results must not be
attributed to VoiceCraft or F5-TTS.

Replacement planning. GPT-5.4 receives
the complete speaker-attributed transcript, de-
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Figure 5: Public evaluation population by dataset, language, detected speaker count, and planned
edit count. Duration strata are specified in the text.

tected language, and the conversation-level en-
tity inventory. It emits a structured edit plan
that maps each supported sensitive entity to a
synthetic replacement in the source language. A
selected replacement is reused across coreferent
mentions. The planner is restricted to identify-
ing information and must not alter symptoms,
diagnoses, medications, doses, allergies, negation,
chronology, speaker roles, actions, or decisions.

Lexical rendering and reconstruction.
The primary AegisVox instantiation uses the
flow-matching F5-TTS model; the matched
AegisVox instantiation substitutes the pre-
trained, unmodified VoiceCraft 330M neural-
codec language model. Both receive a complete
converted speaker turn, its transcript, and that
transcript with the planned replacement. The
resulting complete edited turn replaces that con-
verted turn. Unedited SeedVC turns are re-
tained, and reconstruction accounts for changed
turn durations. The final lexical insertion replay
concatenates the inserted turns with surrounding
converted samples; it does not establish a cross-
fade at each insertion. No post-generation se-

mantic rejection or favorable fallback is inserted
into the primary editor comparison.

Appendix D. Retrieval-Threshold
Sensitivity

The source–target cutoff of 0.70 and target–
target cutoff of 0.65 are heuristic assignment con-
straints, not values tuned against the reported
test outcomes. We evaluated all 16 combinations
of source–target minima {0.60, 0.65, 0.70, 0.75}
and target–target minima {0.55, 0.60, 0.65, 0.70}
over all 809 source profiles. Every grid cell
assigned 809/809 profiles. We then fully ren-
dered and evaluated the utility-oriented, bal-
anced, and privacy-oriented settings in Table 3
on all 390 conversations. This is a sensitivity
analysis of the declared heuristic and in-pool can-
didate set. It does not test adversarial target
choice or out-of-pool references. Speaker link-
age is summarized by attacker-oriented equal er-
ror rate (EER). Utility measures include word
error rate (WER) and embedding similarities
from Contrastive Language-Audio Pretraining
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(CLAP) and Health Acoustic Representations
(HeAR).

The three settings used 186 pool targets and
never assigned the same target to two speak-
ers within one conversation. Targets may be
reused across independent conversations. Util-
ity versus balanced changed 14/809 source as-
signments, utility versus privacy changed 23/809,
and balanced versus privacy changed 14/809.
The small achieved-distance shifts were de-
tectable after Holm correction, but no down-
stream ASV, WER, CAP, chronology, clinical-
action, replacement-realization, CLAP, or HeAR
contrast was. The evaluated cutoffs are therefore
non-binding in this pool. We retain the balanced
setting for continuity, not because it statistically
dominates the alternatives. The experiment sup-
ports robustness to these reasonable threshold
choices but does not identify a privacy–utility
frontier.

Appendix E. Controlled Conditions

The four reportable conditions share the same
390 source conversations and the same fron-
tend. The speaker-path-only control applies
only the speaker-identity path. AegisVox (Voice-
Craft) and AegisVox (F5-TTS) share the fron-
tend, pseudo-speaker assignment, SeedVC con-
version, replacement plan, and reconstruction,
differing only in the complete-turn lexical ren-
derer. Localized redaction applies the same
speaker path but removes the planned lexical re-
gion without synthesizing a replacement. Con-
sequently, editor realization is applicable only to
the two replacement-bearing conditions. The his-
torical ASV result measures only their shared
speaker path. The final-waveform test separately
evaluates each of these three conditions. Lo-
calized redaction begins from SeedVC-converted
turns, but has no separate final-waveform ASV
result; that endpoint is unmeasured rather than
zero. The freshly transcribed original-audio con-
dition supplies an additional clinical measure-
ment control without transformation.

Appendix F. Endpoint and
Statistical Protocol

Each endpoint retains its own population and
stage. ASQ-PHI detection uses 1,051 synthetic
queries, with 2,147 contract-intersection or 2,973
full-ontology gold elements. Generated-turn real-
ization and retention use 601 matched edit inten-
tions in 208 conversations. Final-waveform link-
age uses 809 conversation-speaker profiles, with
809 positive and 916 within-conversation nega-
tive trials for all-turn samples. Clinical preser-
vation uses 25,778 frozen source CAPs in 390
conversations. The frontend matrix retains all
8× 390 = 3,120 recording-cells. A rate from one
unit cannot substitute for coverage of another.

Paired clinical and lexical estimates. Main
rates are item-weighted proportions. Their
paired effects use 10,000 bootstrap resamples of
source conversations, retaining all items in a sam-
pled conversation. The random seed is 20261005.
Sign-flip tests use 20,000 draws at the same
cluster level. The post hoc family of original-
identifier retention and CAP contradiction uses
Holm adjustment over those two endpoints only.
Strict preservation and realization intervals are
not a multiplicity-adjusted simultaneous confi-
dence region. Equal-conversation estimates give
each recording equal weight and are reported as
a separate sensitivity analysis in Appendix P.

Controls and other families. The original-
audio control also uses 10,000 conversation-
cluster resamples and 20,000 sign flips. Its six-
test Holm family comprises preservation and con-
tradiction for three transformed conditions ver-
sus original audio. Final-waveform ASV uses
2,000 conversation-cluster resamples. ASQ-PHI
uses 2,000 query-level bootstrap resamples, in-
cluding the hard-negative query proportion. The
prespecified robustness families retain their sep-
arate paired Holm analyses. These families must
not be interpreted as one global error-rate control
across the paper.

Uncertainty is not absence. Uncertain lex-
ical labels and generation failures remain in the
601-intention denominator but do not establish
absence of an original identifier. The strict CAP
indicator counts only preserved labels; partial,
missing, contradicted, and uncertain remain sep-
arate in outcome tables. Invalid or absent note
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Table 3: Retrieval-threshold sensitivity over separately rendered conditions. CAP is the recording-
level mean strict proposition-preservation rate. ASV uses the 809-positive and 653,672-
impostor trial population per backend; ECAPA is orientation-normalized so EER is at
most 0.5. Absolute values belong to this sensitivity family and are not substituted for the
primary-condition results.

Setting (Dsrc, Dtgt) Assigned Median Dsrc Median Dtgt ECAPA EER x-vector EER Frontend WER CAP CLAP / HeAR

Utility-oriented (0.60, 0.55) 809/809 1.1600 0.8741 0.3115 0.3426 0.2314 0.7446 0.7296 / 0.9448
Balanced (0.70, 0.65) 809/809 1.1590 0.8741 0.3103 0.3436 0.2311 0.7453 0.7297 / 0.9448
Privacy-oriented (0.75, 0.70) 809/809 1.1585 0.8773 0.3140 0.3461 0.2310 0.7453 0.7303 / 0.9448

judgments are unobserved, not judged missing
and not a zero score. The note comparison is re-
stricted to valid matched cases, with no missing-
at-random assumption. Identification bounds
vary unresolved outcomes and are not confidence
intervals. Structurally inapplicable measures are
not assigned zero.

Appendix G. Model-Adjudication
Qualification

The source-anchored clinical protocol was tested
on 45 controlled cases spanning 15 families, with
three cases per family. Benign controls include
exact copies, paraphrases, and identifier-only re-
placement. Harmful cases include critical fact
deletion, negation or uncertainty flips, medica-
tion, dose, measurement, severity, role, plan-
attribution, unsupported-insertion, and chronol-
ogy errors. The qualification matrix repeats each
case under target-first ordering, rubric permuta-
tion, prompt paraphrase, evidence removal, and
context truncation.

GPT-5.4 completed 360/360 qualification
judgments while satisfying the prespecified
harmful-error sensitivity, benign specificity,
evidence-validity, and fail-closed requirements.
The final clinical endpoints therefore use one
qualified primary model judge. This supports
a controlled model-adjudication protocol, not
equivalence to clinical experts or ground truth.

G.1. Independent open-model sensitivity

To test dependence on the GPT-5.4 model
family used by the primary clinical judge,
Qwen3-32B (Qwen Team, 2025) was frozen at
Hugging Face revision 9216db5781bf21249d13
0ec9da846c4624c16137, run with thinking dis-

abled and greedy decoding, and required to pass
the unchanged qualification gates before see-
ing study cases. It completed 360/360 qual-
ification judgments. Under the conservative
source/target-order rule, consensus coverage and
outcome accuracy were 44/45, harmful sensitiv-
ity was 35/36, and benign specificity was 9/9.
The sole order disagreement remained uncertain.

The qualified model then judged the same
predeclared 600 source CAPs matched across
the speaker-path-only control, AegisVox (Voice-
Craft), and AegisVox (F5-TTS). Each condition
case was evaluated source-first and target-first,
giving 3,600 expected judgments; 3,526 were
valid and 74 remained fail-closed. GPT-5.4 out-
comes were never included in Qwen prompts.
Table 4 separates raw counts, weighted strict-
preservation estimates, and unweighted categor-
ical agreement. We therefore compare whether
directional conclusions persist, but do not treat
the judges as interchangeable.

Figure 7 separates three questions that a sin-
gle agreement number would conflate: whether
population-weighted preservation estimates dif-
fer between judges, whether they agree case by
case, and whether they recover the same lexical-
renderer ordering. Weighted GPT preservation
is 76.2%, 77.4%, and 75.4% for SeedVC, Voice-
Craft, and F5-TTS, respectively, on the same
600-CAP sample. Qwen assigns higher weighted
preservation, while κ shows that this is not a
calibrated substitute for GPT-5.4. Nevertheless,
both judges assign higher replacement realization
to the F5-TTS instantiation than to the Voice-
Craft instantiation.

Under Qwen, the paired F5-TTS-minus-
VoiceCraft renderer effect within AegisVox was
−0.0305 over all 600 CAPs (95% audio-cluster
bootstrap CI −0.0773 to 0.0112). The critical ef-
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Figure 6: Controlled qualification suite for source-anchored clinical adjudication. Each corruption
family tests whether the judge distinguishes preserved content from a clinically consequen-
tial change under protocol variants.

Table 4: Independent Qwen sensitivity on 600 shared CAPs per condition. Covered cases have
valid agreeing Qwen labels under both orders. Strict raw counts retain all 600 intentions.
Weighted rates use inverse stratum probabilities. Agreement and κ are unweighted over
covered cases and retain GPT uncertainty as a third category; they are not binary accuracy.

Condition Covered Qwen preserved / 600 Weighted Qwen Agreement κ

SeedVC only 522 493 (82.2%) 90.9% 413/522 (79.1%) 0.253
AegisVox (VoiceCraft) 512 466 (77.7%) 88.8% 405/512 (79.1%) 0.314
AegisVox (F5-TTS) 511 462 (77.0%) 85.7% 405/511 (79.3%) 0.340

fect was 0.0193 (n = 201; CI −0.0382 to 0.0759),
the major effect was 0.0003 (n = 201; CI −0.0595
to 0.0582), and the minor effect was −0.0739
(n = 198; CI −0.1483 to −0.0080). The over-
all contrast crossed zero under both judges, but
the negative minor stratum and systematically
higher Qwen absolute rates make judge depen-
dence a result rather than a removable nuisance.

The same model independently judged the
frozen 601-item lexical evidence. It classified
421/601 VoiceCraft-rendered replacements as re-
alized (70.0%; Wilson 95% CI 66.3–73.6) and
486/601 F5-TTS-rendered replacements as real-
ized (80.9%; 77.5–83.8). Original phrases were
present in 29/601 and 28/601 items, respectively.
This corroborates the direction of the F5-TTS

renderer’s realization gain while showing that its
absolute magnitude depends on the model judge.
Both analyses use transcript evidence, not direct
listening or clinician ground truth.

Appendix H. Independent
PHI-Detector
Evaluation

The frozen text detector was evaluated on all
1,051 ASQ-PHI queries: 832 PHI-positive queries
and 219 hard negatives. Gold labels were un-
available to the model. The primary analysis
uses typed exact matching over the intersection
between the frozen AegisVox contract and the
benchmark ontology. It contains 2,147 gold el-
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Figure 7: Independent-judge sensitivity. Left: inverse-stratum-weighted strict preservation under
each judge, with conversation-cluster intervals. Center: unweighted uncertainty-retaining
Cohen’s κ on covered cases. Right: realized replacements under each judge, with numera-
tors over 601 intentions. Weighting, label agreement, and lexical ordering answer different
questions.

ements and gives 2,043 true positives, 137 false
positives, and 104 false negatives. Table 5 reports
the complete primary and sensitivity endpoints.

The full-ontology exact F1 was 0.799 and
boundary-tolerant F1 was 0.873. This drop is
not hidden as detector error under the primary
contract: ASQ-PHI groups facilities and organi-
zations into GEOGRAPHIC_LOCATION, whereas the
frozen AegisVox contract includes a location only
when it is literally geographic. On 219 hard-
negative queries, 48 contained at least one pre-
dicted entity, a query-level false-positive rate
of 0.219 (95% query-bootstrap CI 0.165–0.273).
The 48 affected queries contained 49 predictions:
45 dates and four geographic subdivisions. Most
date predictions were literal years such as 2018–
2022 that the frozen Safe Harbor contract treats
as dates but the benchmark labels as non-PHI
in its hard-negative questions. Thus, this end-
point captures both detector overreach and a
benchmark-contract disagreement.

Unique identifiers are the weakest supported
category, although only 14 gold elements are
available. Names and medical-record numbers
improve sharply under boundary-tolerant scor-
ing, showing that many exact errors are span-
boundary disagreements rather than missed en-
tity concepts. These results bound the detector’s
supported ontology and do not establish exhaus-
tive detection of arbitrary identifiers in speech.

Appendix I. Complete Clinical and
Lexical Results

The lexical chain separates an independent de-
tector result from conditional renderer behavior.
Among the 601 edits planned for both render-
ers, the AegisVox (F5-TTS) instantiation realizes
535 (89.0%), while AegisVox (VoiceCraft) real-
izes 453 (75.4%). Original sensitive terms are re-
tained in 28 F5-TTS-rendered edits (4.7%) and
21 VoiceCraft-rendered edits (3.5%); 46 F5-TTS-
rendered outcomes (7.7%) and 110 VoiceCraft-
rendered outcomes (18.3%) are uncertain. These
endpoints are adjudicated separately and may
overlap, so their counts must not be forced
into a partition. The paired realization effect
is +13.64 percentage points (95% conversation-
cluster bootstrap CI 9.69 to 17.59). Original re-
tention differs by +1.16 points (CI −0.62 to 2.88;
Holm-adjusted p = 0.272). Realization uncer-
tainty is not retention uncertainty: the latter is
40/601 for F5-TTS and 92/601 for VoiceCraft,
with one additional VoiceCraft generation fail-
ure.

Clinical preservation is decomposed rather
than summarized only by the strict rate. Table 8
shows all 25,778 proposition judgments per con-
dition. Strict preservation counts only preserved ;
partial and uncertain cases do not pass. AegisVox
(F5-TTS) preserves 19,929 propositions (77.3%),
compared with 20,089 (77.9%) under the speaker-
path-only control. The paired F5-TTS-minus-
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Table 5: Independent ASQ-PHI detector evaluation. Confidence intervals use 2,000 query-level boot-
strap resamples. The full ontology includes the prespecified geography-contract mismatch.

Scoring contract Gold TP FP FN Precision [95% CI] Recall [95% CI] F1 [95% CI]

Contract intersection, exact typed 2,147 2,043 137 104 0.937 [0.926, 0.947] 0.952 [0.942, 0.960] 0.944 [0.935, 0.953]
Contract intersection, boundary tolerant 2,147 2,124 56 23 0.974 [0.968, 0.981] 0.989 [0.985, 0.993] 0.982 [0.977, 0.986]
Full ASQ ontology, exact typed 2,973 2,150 259 823 0.892 [0.880, 0.905] 0.723 [0.714, 0.732] 0.799 [0.789, 0.808]
Full ASQ ontology, boundary tolerant 2,973 2,348 61 625 0.975 [0.968, 0.981] 0.790 [0.781, 0.799] 0.873 [0.866, 0.879]

Table 6: Primary category results on the contract-intersection gold set. Low-support residual cat-
egories are grouped; unique identifiers are shown separately because their performance
differs.

Category Gold Exact precision Exact recall Exact F1 Boundary F1

Name 814 0.937 0.932 0.935 0.995
Date 806 0.944 0.989 0.966 0.967
Medical record number 305 0.909 0.918 0.914 0.995
Health-plan beneficiary number 91 0.956 0.945 0.950 0.972
Phone number 45 1.000 1.000 1.000 1.000
Social Security number 33 0.943 1.000 0.971 0.971
Email address 31 1.000 0.968 0.984 0.984
Unique identifier 14 0.500 0.357 0.417 0.750
Other contract categories 8 1.000 1.000 1.000 1.000

VoiceCraft strict-CAP effect within AegisVox
is −0.097 percentage points (95% conversation-
cluster CI −0.606 to 0.422). This is no detectable
difference under the declared test, not an equiv-
alence claim.

Source-extraction model labels assign 1,269
CAPs as critical, 13,486 as major, and 11,023 as
minor. These are model-generated importance
strata, not clinician annotations. Table 9 shows
that the aggregate rate is not driven by one sever-
ity stratum. Most of the aggregate deficit is al-
ready present with SeedVC alone. Similar ag-
gregate rates do not identify which facts failed
in common. They do not isolate audible errors
from transcription or judging errors, or identify
the severity of a verified clinical harm.

Figure 8 aligns these clinical and lexical out-
comes without collapsing their different units.
Across conditions, role preservation ranges from
0.863 to 0.875, chronology preservation from
0.840 to 0.851, final-state preservation from 0.871
to 0.883, and action recall from 0.866 to 0.881.
Harmful-action-change rates are between 0.006
and 0.007.

I.1. Fresh original-audio control

All 390 normalized original ingested WAVs were
transcribed afresh with faster-whisper large-v3,
CUDA float16, beam size 1, voice-activity de-
tection, and automatic language selection. No
audio identity or lexical transformation was ap-
plied. GPT-5.4 adjudicated these new tran-
scripts against the existing 25,778 source CAPs;
the inventory was not extracted again. All 390
adjudications were valid, with no unobserved
CAPs. The original-control labels are 24,998 pre-
served, 556 partial, 128 missing, 95 contradicted,
and one uncertain. Strict preservation is 96.974%
(95% conversation-cluster CI 96.658–97.279).

The fresh original comparison gives SeedVC,
VoiceCraft, and F5-TTS changes of −19.043,
−19.567, and −19.664 percentage points, respec-
tively. Their intervals are [−20.288,−17.833],
[−20.830,−18.359], and [−20.923,−18.462].
These are item-weighted paired label contrasts,
not independent estimates of audible clinical
damage.

Fresh-execution receipts establish that the
transcripts were newly computed; 335 differ from
the saved source text and 55 are identical. Text
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Table 7: Conditional lexical-renderer outcomes over the same 601 planned edit intentions, assessed
from generated-turn transcripts. Uncertainty refers to realization; outcomes may overlap.
Detection is reported in Table 5.

Renderer Planned edits Replacement realized Original PHI retained Uncertain

VoiceCraft 601 453 (75.4%) 21 (3.5%) 110 (18.3%)
F5-TTS 601 535 (89.0%) 28 (4.7%) 46 (7.7%)

Table 8: Source-anchored CAP outcome decomposition. Each row contains the same 25,778 propo-
sitions; percentages are row percentages.

Condition Preserved Partial Missing Contradicted Uncertain

Fresh original audio 24,998 (97.0%) 556 (2.2%) 128 (0.5%) 95 (0.4%) 1 (0.0%)
Speaker path only 20,089 (77.9%) 2,304 (8.9%) 2,630 (10.2%) 364 (1.4%) 391 (1.5%)
AegisVox (VoiceCraft) 19,954 (77.4%) 2,347 (9.1%) 2,663 (10.3%) 391 (1.5%) 423 (1.6%)
AegisVox (F5-TTS) 19,929 (77.3%) 2,367 (9.2%) 2,724 (10.6%) 479 (1.9%) 279 (1.1%)
Localized redaction 20,016 (77.6%) 2,225 (8.6%) 2,891 (11.2%) 387 (1.5%) 259 (1.0%)

equality alone neither proves nor disproves fresh
execution. The declared model and settings
match the evaluator, but exact historical check-
point/runtime identity and hosted-judge tempo-
ral stability could not be fully verified. Source
ASR and extraction omissions remain outside
the frozen inventory. A separate self-consistency
check, using identical saved source text, preserves
25,775/25,778 CAPs (99.99%); it is not the fresh
original-waveform control.

I.2. Paired contradiction and uncertainty

For model-labeled contradiction, 237 CAPs are
positive under both renderers, 242 under F5-TTS
only, 154 under VoiceCraft only, and 25,145 un-
der neither. The resulting 479 versus 391 contra-
dictions give +0.341 percentage points (CI 0.150–
0.542), with sign-flip p = 0.000850 and two-test
Holm-adjusted p = 0.001700. The source im-
portance strata describe the original fact, not
clinician-assigned severity of an output error.

If uncertain CAP labels are allowed to
vary rather than assigned the strict indica-
tor, the preservation difference has identification
bounds [−1.738, 0.985] points and contradiction
[−1.300, 1.424] points. These bounds are not
sampling intervals. They show why the reported
contradiction increase is a difference in explicit

model labels, not a complete estimate of un-
known clinical outcomes.

I.3. Retained identifiers in intended
inputs

Saved planning evidence allows reconstruction of
intended target text for the focused editor bench-
mark. An original literal is still present in 12/28
F5-TTS cases labeled retained and 12/21 Voice-
Craft cases labeled retained. This is not a cor-
rected retention rate: every observed retained
case remains in its original denominator. Actual
outgoing model requests were not saved, so in-
tended text cannot establish runtime compliance
or the cause of each retained identifier.

For the public PriMock example in the main
text, the source begins “your name. Doris. So
Doris, what I think we need to do is, this sounds
like you might have a chest infection.” The re-
constructed intended transcript changes only the
first occurrence to “Nina.” Both ASR transcripts
of the F5-TTS edited turn support “Nina” fol-
lowed by “Doris.” The two lexical labels are
therefore realized replacement and retained orig-
inal. The example uses transcript evidence, not
independent listening, and does not establish a
clinical error from other ASR wording differences.

The 601-intention focused benchmark and the
composed final-conversation reconstruction are
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Table 9: Strict CAP preservation by source-assigned clinical importance. Numerators are preserved
propositions; denominators are fixed across conditions.

Condition Critical (n = 1,269) Major (n = 13,486) Minor (n = 11,023)

Speaker path only 976 (76.9%) 11,044 (81.9%) 8,069 (73.2%)
AegisVox (VoiceCraft) 977 (77.0%) 10,951 (81.2%) 8,026 (72.8%)
AegisVox (F5-TTS) 959 (75.6%) 10,957 (81.2%) 8,013 (72.7%)
Localized redaction 989 (77.9%) 10,985 (81.5%) 8,042 (73.0%)
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Figure 8: Complete condition-level clinical and lexical profile. Clinical endpoints use the 390-
conversation population; editor endpoints use the matched 601-intention population.

separate populations. Saved final-waveform re-
ceipts cover 545 planned regions per renderer:
all 545 contain generated F5-TTS turns, whereas
VoiceCraft contains 529 generated turns and
16 retained converted regions after generation
failure, across 14 conversations. The focused
VoiceCraft benchmark has one generation failure
among its 601 intentions. Neither failure count
may be substituted for the other.

Appendix J. Acoustic, Timing, and
Documentation
Preservation

CLAP similarity under bounded dynamic time
warping (DTW) ranges from 0.725 to 0.732
and HeAR similarity from 0.945 to 0.946 across
the four conditions. These representation-level
measures probe preservation of broad audio
and health-acoustic structure but are not di-

agnostic accuracy or human perceptual judg-
ments. Detector-defined event recall and preci-
sion are 0.405 and 0.240 for AegisVox (F5-TTS),
0.376 and 0.218 for AegisVox (VoiceCraft), and
0.407 and 0.244 for the speaker-path-only con-
trol. Speech-activity changes range from approx-
imately −0.047 to −0.059, while speaking-rate
changes range from approximately +5.4 to +8.6
words per minute.

The earlier note comparison supplies source
facts to the note-writing protocol and compares
source- and target-grounded structured notes.
Section Jaccard ranges from 0.944 to 0.960 and
exact-structure agreement from approximately
0.74 to 0.79 across generators and conditions.
Comparisons are made within note generator be-
cause generator-specific length and organization
are not valid cross-system effects.
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Figure 9: Acoustic representation, event, and
timing preservation. CLAP and HeAR
are embedding similarities, events are
detector-defined, and timing is mea-
sured with the matched ASR protocol.

J.1. Transcript-only note generation

A separate control gives GPT-5.4 only the
transcript for the current condition and a
dataset-prefixed record identifier. It receives no
source CAP inventory, replacement plan, other-
condition transcript, or renderer label. Source
facts are supplied only to the later note evalua-
tor. This tests documentation without directly
conditioning generation on the answer inven-
tory; it does not make GPT-generated and GPT-
adjudicated notes independent clinical truth.

Of 1,560 note jobs, 1,440 yield valid notes
and 120 exhaust the allowed attempts. Of 1,170
planned target-note judgments, 999 are valid, 167
lack a valid note pair, and four are quarantined
because of duplicate unsupported- assertion evi-
dence. Missing jobs are not empty notes or zero
preservation. Table 10 retains all scheduled con-
versations.

The common valid F5-TTS/VoiceCraft subset
has 314 conversations and 20,316 CAPs. Strict
preservation is 14,597/20,316 (71.85%) versus
14,673/20,316 (72.22%), a difference of −0.374
percentage points (95% clustered CI −1.302 to
0.558). Contradictions are 369/20,316 (1.82%)
versus 272/20,316 (1.34%), a difference of +0.477
points (CI 0.239–0.722). Preservation is the
primary observed-subset contrast; contradiction
is exploratory, without an adjusted significance
claim. Inference uses 10,000 conversation-cluster
bootstrap draws and 20,000 sign flips, seed
20261005.

Selection remains unresolved. Varying un-
certain and unobserved outcomes gives full-
population difference bounds of [−16.30, 17.01]

points for strict preservation and [−17.40, 15.91]
for contradiction. These are identification
bounds, not CIs, and can reverse the observed
direction. Source-inclusion judgments disagree
on 307 matched CAPs. A separate conditional
comparison uses only the 19,401 CAPs judged
included in both source-note assessments; its
strict-preservation contrast is −0.505 points (CI
−1.467 to 0.441). It is not based on two unequal
condition-specific denominators.

No causal numerical comparison is made with
the earlier fact-conditioned note experiment: val-
idated coverage and protocols differ. The exact
transcript-only generation prompt and its evalu-
ation prompt are included in Appendix T.

Appendix K. Attacker-Oriented
Speaker Privacy

K.1. Final-waveform protocol

The final-output test first verifies the 1,170 saved
reconstructed WAVs (390 recordings in each of
three conditions). Replaying the inserted gener-
ated or retained converted regions reproduces ev-
ery WAV within two PCM16 quantization steps.
This verifies the file lineage, not semantic cor-
rectness. The replay concatenates surrounding
converted samples and the inserted turns; turn
duration changes shift later timestamps. It does
not establish exact preservation of original timing
or crossfades at lexical insertion boundaries.

The attacker uses SpeechBrain ECAPA-
TDNN at revision 0f99f2d0ebe89ac095bc
c5903c4dd8f72b367286. Enrollment comes
from assigned original speech in the same record-
ing, not an independent session or the retrieved
pseudo-speaker reference. Speech intervals use
saved pipeline assignments, not independently
verified speaker labels. Sampling takes at most
ten equispaced three-second windows over the
time-ordered assigned intervals, with 50-ms edge
trimming and at least one second of usable
speech. Each window embedding is unit normal-
ized; the mean is normalized again to form one
profile.

The primary all-turn analysis has 809
conversation-speaker profiles, 809 same-profile
positives, and 916 other-speaker negatives within
the same conversation. A person may recur
across conversations, so cross-recording pairs are
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Table 10: Transcript-only note control. Each note condition schedules 390 conversations. Target
judgments compare a valid transformed note with a valid source note. V, Q, and B
denote valid, quarantined, and blocked judgments; invalid and missing outcomes remain
unobserved.

Condition Valid notes Exhausted Judgments (V / Q / B) CAPs

Original 362 28 Not applicable Not applicable
SeedVC only 359 31 331 / 2 / 57 21,515
AegisVox (VoiceCraft) 355 35 329 / 1 / 60 21,485
AegisVox (F5-TTS) 364 26 339 / 1 / 50 22,063

not assumed to be independent known identities.
Both score directions are reported in Table 11.
The smaller EER selects direction on evaluation
labels and is a sensitivity result, not a calibrated
or trained adaptive attacker. Intervals use 2,000
conversation-cluster draws.

The paired all-turn effect is +0.218 percentage
points (CI −1.010 to 0.988). The planned-edit-
region analysis has 297 eligible VoiceCraft pro-
files in 207 conversations and 291 F5-TTS pro-
files in 204 conversations. There are 512 profiles
per condition without an edit interval (not ap-
plicable) and six additional F5-TTS profiles with
less than one second of eligible speech (unknown).
The matched 291-profile contrast is −11.340
points (CI −15.910 to −6.688). Planned-edit re-
gions include retained converted audio after gen-
eration failure; they are not restricted to suc-
cessful synthesis. The unmatched group EERs,
0.4389 and 0.3230, must not be subtracted to ob-
tain the paired effect.

K.2. Historical shared-stage protocol

The following separate test measures the com-
mon SeedVC stage. It uses different sampling
and cross-recording negatives, and is not a tra-
jectory that can be subtracted from the final-
waveform estimates above. Its two backends es-
tablish sensitivity to the verification representa-
tion, not final-output performance of both lexical
renderers.

The attacker enrolls one profile from each of
the 809 original conversation-speaker profiles.
For source speaker s, transformed audio derived
from s is the positive test; transformed audio de-
rived from each of the other 808 source speakers
forms the impostor set. This produces 809 posi-
tive and 809 × 808 = 653,672 negative trials per

backend and condition. The attacker does not
enroll on the retrieved pseudo-speaker reference.
It has access to original source-speaker audio and
to the transformed release, which is the relevant
original-to-release linkage question.

ECAPA and x-vector use the same trial identi-
ties but independent embeddings. Because score
conventions differ by backend, the informed at-
tacker may select the orientation that best links
the source. Under this attacker-optimal ori-
entation, ECAPA EER is 0.304 (95% source-
bootstrap CI 0.289–0.324) and x-vector EER is
0.345 (0.331–0.361). The ECAPA orientation
is lower-score-indicates-same-source; x-vector is
higher-score-indicates-same-source. These esti-
mates belong only to the shared SeedVC stage.
They are not the final-waveform scores for either
renderer.

These results show residual source linkabil-
ity rather than anonymous speech. They do
not model enrollment on external pseudo-speaker
material, arbitrary metadata, repeated releases,
stronger future attacks, or human recognition.

Appendix L. Language and
Population Strata

The action-safe endpoint is met in 319/329 En-
glish conversations (97.0%) and 48/61 French
conversations (78.7%). The chronology-safe end-
point is met in 186/329 English conversations
(56.5%) and 16/61 French conversations (26.2%).
The strict conversation-level CAP no-major-error
endpoint is much more severe than proposition-
level preservation because one major error causes
the entire conversation to fail. It is 5/329 for
English and 2/61 for French. These language-
associated differences are not causal language ef-
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Table 11: Final-waveform ECAPA scores on all-turn samples: 809 positive and 916 within-
conversation negative trials per condition. Lower-direction EER is selected using evalua-
tion labels. The interval describes resampled conversations, not uncertainty about unseen
attacker strategies.

Condition High-cosine EER Low-cosine EER Low-cosine 95% CI

SeedVC only 0.6310 0.3690 [0.3483, 0.3878]
AegisVox (VoiceCraft) 0.6354 0.3646 [0.3458, 0.3861]
AegisVox (F5-TTS) 0.6332 0.3668 [0.3469, 0.3856]

Table 12: Historical shared-stage speaker-verification protocol and results. Higher EER means
harder source linkage only under the declared enrollment, trials, and attack backend.

Backend Source profiles Positive trials Impostor trials EER (95% CI) Attacker orientation

SpeechBrain ECAPA 809 809 653,672 0.304 (0.289–0.324) Lower score means same source
SpeechBrain x-vector 809 809 653,672 0.345 (0.331–0.361) Higher score means same source

25.0 27.5 30.0 32.5 35.0 37.5 40.0
Shared-stage EER (%)

ECAPA-TDNN

x-vector

Figure 10: Historical shared-SeedVC-stage veri-
fication under two embedding back-
ends, not final-renderer scores. Bars
are 95% source-bootstrap intervals.

fects because the French recordings are a smaller
SIMSAMU emergency-call set and differ in set-
ting, role structure, duration, and content.

Appendix M. Frontend
Propagation

The full matrix contains eight ASR-by-
diarization cells and 3,120 recording-cell
evaluations. Every cell processes the same 390
conversations. ASR varies among Canary-1B-
v2 and Whisper small, turbo, and large-v3;
diarization varies between NeMo Sortformer
and pyannote 3.1. CAP ranges from 0.771 to
0.807, action recall from 0.859 to 0.884, and

0.0 0.2 0.4 0.6 0.8 1.0
Rate (Wilson 95% CI)

CAP no major error · EN

CAP no major error · FR

Chronology safe · EN

Chronology safe · FR

Action safe · EN

Action safe · FR

Language-stratified clinical outcomes

Figure 11: Language-stratified clinical outcomes
with exact denominators and 95% in-
tervals. Dataset and interaction set-
ting are confounded with language.

cell-specific frontend-ASR matched WER from
0.217 to 0.239. This is not the English-only
MedASR sensitivity WER; the recognizer and
population differ, so the absolute values are not
comparable. The endpoints move differently
across cells, demonstrating that the frontend
is part of the evaluated system rather than
interchangeable preprocessing.

The Canary lexical cells expose a different
failure than transcription error. Every planned
Canary edit lacked a linked speaker turn and
edit timing (481/481 with NeMo and 596/596
with pyannote), so complete-turn lexical edit-
ing could not be localized. The intention-to-
transform analysis retained these upstream fail-
ures and used only global final-audio ASR ev-
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idence. Consequently, replacement realization
was observed for just 2/481 items (0.42%) with
NeMo and 3/596 (0.50%) with pyannote, com-
pared with 0.835–0.869 for the Whisper cells.
The similar collapse under both diarizers, de-
spite Canary’s competitive matched WER, local-
izes the problem to the Canary-to-editor turn/-
timing contract rather than to F5-TTS or to ei-
ther diarization backend. These values therefore
measure end-to-end frontend integration failure,
not the intrinsic editing quality of Canary or F5-
TTS, and they were retained rather than treated
as missing observations.

Appendix N. Acoustic and
Semantic Robustness

Acoustic stress contributes 1,170 intention-to-
transform rows, of which 1,169 are renderable
and one is an explicit failure. Four semantic
stress families contribute 1,560/1,560 renderable
rows. The estimand is the paired change in
conversation-level chronology safety relative to
the unperturbed AegisVox (F5-TTS) instantia-
tion.

Room noise at a 12-dB signal-to-noise ratio
(SNR) has the largest effect, −0.121 (95% CI
−0.175 to −0.064; Holm-adjusted p = 0.0006).
Telephony is −0.031 with an interval crossing
zero. Microphone or bandpass degradation is
−0.056, but does not remain significant after
multiplicity adjustment. The four semantic-
stress effects range from −0.008 to −0.031 and
are compatible with no change after adjustment.
The clearest measured vulnerability is there-
fore ordinary acoustic degradation propagating
through the frontend. For each acoustic condi-
tion, the degradation was applied to the source
waveform before rerunning the unchanged full
pipeline, including ASR and diarization; it was
not applied after transcription.

Appendix O. Limited Blinded
Listener Panel

Five reviewers completed a limited blinded panel
containing 25 clinical and 25 perceptual items,
giving 125 ratings per panel. The incomplete-
block design allocates different numbers of items
to each condition, so the estimates are descrip-

tive and are not used for formal system superior-
ity. Clinical ratings cover meaning, completeness,
chronology, role, and replacement quality. Per-
ceptual ratings cover naturalness, intelligibility,
completeness, speaker consistency, accent, and
edit integration. Reviewers use a five-point scale
and may select insufficient evidence.

Mean condition ratings are high across the
observed sample. For AegisVox (F5-TTS), the
item-level means are 4.43 for meaning, 4.89 for
clinical completeness, 4.40 for replacement qual-
ity, 4.45 for naturalness, 4.90 for intelligibility,
and 4.95 for edit integration. Because AegisVox
(F5-TTS) contributes seven clinical and four per-
ceptual items, these measurements are a limited
qualitative check rather than a population-wide
estimate.

Agreement varies by endpoint. The intraclass
correlation coefficient ICC(2,1) ranges from nega-
tive for chronology to 0.68 for intelligibility, while
ICC(2,k) is higher for most endpoints because it
describes the mean of five ratings. This variation
reinforces the decision not to promote the panel
to a powered comparison or a human speaker-
linkability claim.

Appendix P. Primary Effects and
Privacy–Utility
Projections

The item-weighted realization effect is +13.644
percentage points (95% conversation-cluster CI
9.687–17.590), and the strict CAP effect is
−0.097 points (CI −0.606 to 0.422). Under
equal-conversation weighting, the strict CAP
contrast is −0.088 points (CI −0.797 to 0.593).
The distinction matters because long conversa-
tions contribute more CAPs to the item-weighted
estimate. Neither interval establishes equiva-
lence. Realization intervals here use conversa-
tions as clusters, not independent edit resam-
pling. Speaker EER, lexical retention, and clin-
ical outcomes are not collapsed into one signifi-
cance test.

Figure 14 places three distinct privacy mea-
surements beside item-weighted CAP preserva-
tion. Lexical realization and original retention
concern 601 intentions in 208 conversations; final-
waveform linkage concerns 809 profiles in all
390 conversations. Clinical preservation uses
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Figure 12: Propagation of ASR and diarization choices into matched content, clinical, action, and
lexical measurements. Canary lexical cells retain upstream turn/timing-linkage failures in
their intention-to-transform denominators. W denotes Whisper; PyA denotes pyannote.
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Figure 13: Paired chronology effects under
acoustic and semantic stresses. In-
tervals are 95% confidence intervals;
multiplicity is controlled within the
prespecified robustness family.

25,778 CAPs in all 390 conversations. These are
endpoint-level projections, not a joint sample-
level utility function or proof of Pareto domi-
nance.

The original-retention axis counts explicit
present labels, not their complement as verified
absence. Explicit absence is 487/601 (81.03%)
for VoiceCraft and 533/601 (88.69%) for F5-
TTS; uncertain labels are 92 and 40, with one

additional VoiceCraft failure. Thus, “one mi-
nus retained” would incorrectly include unknown
outcomes as absence. Speaker points use the
new final-waveform ECAPA protocol; historical
common-stage ECAPA or x-vector values are not
assigned to renderer outputs.

Appendix Q. Failure Taxonomy

Failures are assigned to the earliest measured
stage that exposes them, while their original
statistical unit is retained. At detection, the
contract-primary ASQ-PHI analysis contains 104
false-negative and 137 false-positive elements;
48/219 hard-negative queries contain at least
one prediction. At rendering, replacement is
not credited as realized in 148/601 VoiceCraft-
rendered edits (24.6%) and 66/601 F5-TTS-
rendered edits (11.0%). These totals include un-
certain labels and one VoiceCraft failure, not only
confirmed absence. Original sensitive terms re-
main in 21/601 (3.5%) and 28/601 (4.7%), re-
spectively. Uncertain evidence remains visible
for 110/601 VoiceCraft-rendered and 46/601 F5-
TTS-rendered edits.
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Figure 14: Distinct privacy endpoints versus strict CAP preservation. Points are descriptive con-
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evaluation-label-selected score direction. No final-waveform x-vector estimate is implied.
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Figure 15: Outcome-linked failure taxonomy.
Rates with different statistical units
are shown separately and must not
be summed into a composite failure
score.

At the clinical-evidence stage, AegisVox (F5-
TTS) has 2,367 partial, 2,724 missing, 479 con-
tradicted, and 279 uncertain proposition judg-
ments among 25,778 CAPs. Conversation- or
evidence-level families additionally include harm-
ful action change near 0.6–0.7%, chronology not
preserved near 14.9–16.0%, and role not pre-
served near 12.5–13.7%. Frontend integration
creates a distinct failure mode: Canary’s missing
turn/timing linkage prevents localization even
when its global transcript is usable. Room noise
creates another by degrading upstream evidence
before editing. These heterogeneous quantities
identify different intervention targets and must
not be summed into a global failure rate.

Appendix R. Operational Lessons

Persistent and restartable stages. Long-
form batches benefit from resident model pro-
cesses, bounded work queues, idempotent stage
contracts, immutable recording identifiers, and
durable status artifacts. Finalization verifies the
expected population, waveform duration, hashes,
and explicit failure registry. These controls pre-
vent restart events from silently changing the
evaluated denominator.

Complete-turn editing. Short isolated win-
dows often provide insufficient linguistic and
speaker context. Complete converted turns sup-
ply the editor with the source waveform, com-
plete source text, and complete replacement-
bearing target text. This unit also permits the
generated output waveform to be bound directly
to reconstruction and evaluated independently of
later policy decisions.

Document and language consistency. Re-
placement planning uses the complete transcript
and source language. One synthetic mapping is
reused across repeated references. This is in-
tended to avoid the inconsistent aliases and cross-
language replacements that independent turn-
level planning can introduce.

Local reconstruction and visible failures.
Reconstruction retains the surrounding con-
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verted samples and speaker order while allow-
ing inserted-turn durations to change. Fallback
behavior may be evaluated as a separate opera-
tional condition, but it cannot silently improve
a primary renderer. Explicit failures and uncer-
tain judgments remain in the declared analysis
population.

Appendix S. Reproducibility

The artifact package records exact dataset rows
and strata, model and software revisions, con-
dition manifests, per-stage outputs, prompt
snapshots, inference settings, and cryptographic
hashes. Large model caches and waveforms are
kept separate from the compact evidence layer.
Public release remains subject to dataset licenses
and redistribution restrictions. The analysis en-
vironment uses Python 3.10.6, NumPy 2.2.6,
pandas 2.3.3, Matplotlib 3.10.9, and Seaborn
0.13.2.

Appendix T. Exact Prompts and
Structured Outputs

Each protocol uses the complete transcript or
transcripts specified by its input contract, rather
than a fixed character prefix. Temperature is
zero where exposed. Outputs follow strict JSON
schemas, and schema repair may correct format-
ting or literal evidence references but may not
rewrite accepted clinical semantics. Invalid or
unresolved outputs fail closed and remain visible.

PHI detection and replacement plan-
ning. The planner receives the complete
speaker-attributed transcript. Its system con-
tract restricts detection to declared identifying-
information families, requires evidence-linked
spans, reuses one synthetic mapping for repeated
entities, matches the source language, and pro-
hibits changes to clinical facts, modifiers, roles,
chronology, actions, or decisions. It returns an
entity inventory and an ordered edit plan with
original and replacement surfaces.

Clinical atomic propositions. Source ex-
traction returns evidence-linked propositions
with polarity, temporality, verification, role,
modifiers, action linkage, and importance. Tar-
get adjudication receives the complete source

transcript, source propositions, and complete
transformed transcript. It returns one status per
source proposition plus unsupported target asser-
tions and literal evidence.

Chronology and actions. Chronology adju-
dication represents temporal relations, revisions,
and final state explicitly. Action adjudication
represents actor, action, state, timing, and plan.
Both compare a source-derived inventory against
the complete target transcript and report un-
supported additions separately from omissions or
role changes.

Lexical realization. For each planned edit,
the judge receives aligned source and generated-
turn ASR evidence, local timestamp context, and
global lexical candidates. It reports source pres-
ence, replacement status, original-term retention,
uncertainty, confidence, and literal evidence. Mi-
nor orthographic variants may match when the
acoustic and textual evidence supports the same
intended entity; uncertain cases are not forced to
pass.

Clinical notes and robustness. Source
and target notes are conservatively generated
from their respective transcripts with source-
proposition linkage. Pair adjudication compares
note structure, supported content, chronology,
and final state. Robustness prompts gener-
ate source-language administrative stressors at
complete-turn boundaries and reject plans that
alter clinical content, speaker role, or conversa-
tional coherence. The executable prompts follow.
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T.1. Verbatim executable prompts

The following blocks reproduce the actual system prompts, user templates, and structured-output
instructions used by the reported endpoints. Braced fields are runtime substitutions. Long tran-
scripts, CAP inventories, and evidence registries replace those fields without truncation. Prompt
text is reproduced verbatim; only credentials, service endpoints, reviewer codes, and conversation
instances are omitted.

T.1.1. PHI detection and relexicalization

Model: GPT-5.4. Decoding: Structured output; deterministic sampling/default service behavior.
Snapshot: cee71cd59c1b...; full SHA-256 in the registry.

Detection system prompt

You are the PHI detector for a clinical audio de-identification system. Return JSON only. Detect ONLY HIPAA Safe
Harbor identifiers and choose phi_type only from the provided enum. Do not use broad generic labels such

as NAME, LOCATION, DATE, ORG, ORGANIZATION, RELATIONSHIP, or PII. Never invent phi_type values outside the
enum; specifically, do not output HIPAA_ORGANIZATION or HIPAA_RELATIONSHIP. If an organization/facility
span is identifying only because it is a geographic subdivision, use HIPAA_GEOGRAPHIC_SUBDIVISION;
otherwise omit it. If a relative/relationship word is not attached to a specific person name, omit it; if
it includes a specific person name, use HIPAA_NAME for the name span only. Do not mark ordinary words or
filler phrases as PHI. Do not mark a month word by itself as HIPAA_GEOGRAPHIC_SUBDIVISION. Do not mark
titles or honorifics alone, such as Madame, Monsieur, Doctor, Dr., nurse, patient, caller, or chef, as
HIPAA_NAME unless they are attached to a specific person name. A month/date is HIPAA_DATE only when it is
an actual date element directly related to an individual or care event. If uncertain, omit the span rather
than guessing. For every edit, original_text must be an exact substring of the referenced segment text.
Return no replacement text; this step is detection only. If no PHI is present, return exactly {"edits":
[]}.

Detection user payload

{"hipaa_phi_types": <allowed enum>, "segments": [{"segment_index": <int>, "speaker_id": <id>, "start_sec": <
float>, "end_sec": <float>, "text": <complete segment text>}]}

Relexicalization system prompt

You are a clinical audio de-identification relexicalizer. Return JSON only. Return exactly one JSON object with
top-level key replacements; do not use entity_replacements or any other top-level key. For each provided
entity, choose a synthetic replacement that is non-identifying, speakable aloud, natural in a clinical
conversation, and preserves the HIPAA PHI type. Maintain consistency: each entity_id gets exactly one
replacement, and all mentions of the same original entity will use it. Do not reuse the original text.
Preserve language: choose replacements in the same language as the entity's source_language and surrounding
transcript. Do not translate the utterance to English. For French or other non-English transcripts, names,
dates, geographic terms, and filler-style phrasing must be natural in that language/locale. For HIPAA_DATE
entities, choose a different synthetic date/time expression with the same conversational role; never copy

the original month, day, year, or full phrase. For HIPAA_NAME entities, choose a different plausible name;
never copy any original name token. For HIPAA_EMAIL, do not output an address with @ unless it ends in .
invalid; prefer a speakable non-contactable phrase such as "the email address on file". For HIPAA_PHONE or
HIPAA_FAX, do not output real-looking digits; prefer "the phone number on file" or "the fax number on file
". For high-risk identifiers such as phone, email, SSN, medical record, health plan, account, license,
vehicle, device, URL, IP, biometric, image, and other unique identifiers, prefer policy placeholders if
policy mode is hybrid; in relexicalize mode use speakable non-contactable phrases, not synthetic
credentials.

Relexicalization user payload

{"policy_mode": <mode>, "document_language": <language>, "language_aware_relexicalization": <bool>, "entities":
<complete entity inventory>, "full_transcript": <complete transcript>}
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T.1.2. Source clinical atomic-proposition extraction

Model: GPT-5.4. Decoding: temperature=0.0; max tokens supplied by frozen run. Snapshot:
7e6370d1c18a...; full SHA-256 in the registry.

SYSTEM PROMPT

You extract clinical atomic propositions (CAPs) from a complete source clinical conversation.

Extract source facts only. Every CAP must be atomic, clinically material, and
supported by one exact contiguous source quote. Preserve negation, uncertainty,
temporality, verification state, speaker/role, severity/value, action type, and
the final state after corrections. Atomize conjunctions when parts could fail
independently. Names and direct identifiers are not clinical CAPs unless their
relationship or replacement changes clinical meaning. Do not infer diagnoses,
roles, or actions not stated in the transcript. Return strict JSON only.
Evidence must be literal and discriminative: never use an isolated generic
answer such as "yes", "no", "okay", or a repeated one-word fragment. For a
short answer, quote enough contiguous question-and-answer context to uniquely
locate the evidence in the complete transcript.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

COMPLETE SOURCE TRANSCRIPT:
{transcript}

Return:
{{

"audio_id": "{audio_id}",
"language": "en|fr|mixed|unknown",
"caps": [

{{
"cap_id": "C1",
"category": "symptom|diagnosis|medication|allergy|test|procedure|measurement|history|plan|other",
"canonical_fact": "one atomic source fact",
"source_quote": "exact contiguous transcript quote",
"source_speaker": "speaker label or unknown",
"source_role": "patient|clinician|dispatcher|caller|caregiver|third_party|unknown",
"polarity": "affirmed|negated|uncertain|conditional",
"temporality": "past|current|future|duration|trend|unknown",
"verification": "reported|observed|assessed|planned|ruled_out",
"severity_or_value": "verbatim value/modifier or empty",
"action_type": "none|test|medication|procedure|followup|escalation",
"clinical_importance": "critical|major|minor"

}}
]

}}

Runtime prompt constructor build prompt

def build_prompt(pair: dict[str, Any]) -> list[dict[str, str]]:
return [

{"role": "system", "content": SYSTEM_PROMPT},
{"role": "user", "content": USER_TEMPLATE.format(

audio_id=pair["audio_id"], dataset_id=pair.get("source_dataset_id") or "unknown",
language=pair.get("source_language") or "unknown", transcript=pair["reference"],

)},
]

T.1.3. Target clinical atomic-proposition adjudication

Model: GPT-5.4. Decoding: temperature=0.0; max tokens supplied by frozen run. Snapshot:
e8fb6659927a...; full SHA-256 in the registry.
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SYSTEM PROMPT

You are a conservative clinical source-to-target integrity adjudicator.

The source clinical atomic propositions (CAPs) were frozen before you saw the
target. For every CAP, compare the complete source and target transcripts and
judge preservation without inventing medical facts. Preserve exact modifiers:
negation, uncertainty, temporality, dose/value, severity, verification state,
action type, final corrected state, and speaker role. A safe synthetic identity
replacement is not a clinical error unless it changes meaning, chronology, or
role. Detect material unsupported target assertions separately. Every evidence
quote must be a literal contiguous target-transcript substring. Return strict
JSON only.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE CAPS:
{caps}

COMPLETE SOURCE TRANSCRIPT:
{source}

COMPLETE TARGET TRANSCRIPT (same frozen evaluator ASR):
{target}

Return:
{{

"audio_id": "{audio_id}",
"adjudications": [

{{
"cap_id": "C1",
"status": "preserved|partially_preserved|missing|contradicted|uncertain",
"target_quote": "exact target quote or empty only for missing/uncertain",
"role_status": "preserved|changed|uncertain|not_applicable",
"target_role": "patient|clinician|dispatcher|caller|caregiver|third_party|unknown",
"modifier_errors": ["negation|temporality|dose_value|severity|verification|action_type|final_state"],
"clinical_impact": "none|minor|major|potentially_harmful|uncertain",
"rationale": "brief evidence-grounded reason"

}}
],
"unsupported_target_assertions": [

{{
"assertion": "one material unsupported target fact",
"target_quote": "exact target quote",
"clinical_impact": "minor|major|potentially_harmful|uncertain",
"source_search_rationale": "why no source CAP/transcript evidence supports it"

}}
],
"conversation_assessment": "no_major_error|major_omission|major_contradiction|major_unsupported_addition|

uncertain"
}}

Emit exactly one adjudication for every supplied cap_id and no others.

T.1.4. Item-level lexical realization adjudication

Model: GPT-5.4. Decoding: temperature=0.0; batches of 10; max_tokens=12000. Snapshot:
87d2a75447cc...; full SHA-256 in the registry.

SYSTEM

You are an exacting research co-author adjudicating localized speech relexicalization from transcript evidence.

You must judge every item independently. The deterministic legacy matcher is known to have multilingual, date-
normalization, timeline, and fuzzy-collision errors; never use its status as the answer.
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Interpret reasonable ASR variants semantically, including spoken dates, ordinals, numbers, abbreviations,
accents, and small name spelling errors. Prefer aligned and timestamp-local context over global candidates.
Do not accept unrelated whole-conversation fuzzy matches. A literal bracketed HIPAA placeholder is not a

natural replacement. Lack of ASR evidence is not always proof of inaudibility, so use uncertain when the
evidence is genuinely ambiguous.

Return strict JSON only with one judgment for every input item, in input order. Use only the enumerated value
set for each field: never place a replacement-status value in final_original_status or any other field.
Repeat the adjudication_id exactly. These are transcript-evidence adjudications, not audio-listener
judgments.

ENUMS

{
"source_entity_status": [

"absent",
"present",
"uncertain"

],
"final_original_status": [

"absent",
"not_applicable",
"present",
"uncertain"

],
"replacement_status": [

"acceptable_variant",
"not_applicable",
"not_realized",
"realized",
"uncertain"

],
"overall_outcome": [

"indeterminate_asr",
"invalid_replacement_placeholder",
"invalid_source_edit",
"mixed_original_and_replacement",
"removal_only",
"residual_original_only",
"successful_relexicalization"

],
"confidence": [

"high",
"low",
"medium"

]
}

Runtime prompt constructor prompt

def prompt(items: list[dict]) -> list[dict[str, str]]:
compact = []
keep = [

"adjudication_id", "dataset", "language", "phi_type", "start_sec", "end_sec",
"original_text", "replacement_text", "planning_asr_aligned_context",
"original_input_asr_best_context", "original_input_asr_best_candidate",
"original_input_asr_best_score",
"final_aligned_context", "final_timestamp_local_context",
"replacement_best_global_context", "replacement_best_global_candidate",
"replacement_best_global_score", "original_best_final_context",
"original_best_final_candidate", "original_best_final_score",

]
for item in items:

compact.append({k: item.get(k) for k in keep})
user = {

"label_contract": {
"source_entity_status": sorted(ENUMS["source_entity_status"]),
"final_original_status": sorted(ENUMS["final_original_status"]),
"replacement_status": sorted(ENUMS["replacement_status"]),
"overall_outcome": sorted(ENUMS["overall_outcome"]),
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"confidence": sorted(ENUMS["confidence"]),
"observed_final_phrase": "verbatim final-ASR evidence or null",
"observed_source_phrase": "verbatim planning-ASR evidence or null",
"reason": "concise item-specific rationale",

},
"required_top_level": {"judgments": "array"},
"items": compact,

}
return [

{"role": "system", "content": SYSTEM},
{"role": "user", "content": json.dumps(user, ensure_ascii=False)},

]

T.1.5. Source clinical-action extraction

Model: GPT-5.4. Decoding: temperature=0.0. Snapshot: 7f69914e459a...; full SHA-256 in
the registry.

SYSTEM PROMPT

You are a conservative source-only clinical action extractor.

Read the complete source conversation and extract only explicitly supported
clinical actions or decisions: tests ordered/considered, medications started,
stopped, continued or changed, procedures/referrals, follow-up intervals,
return precautions/escalation triggers, and explicit assessment/differential
statements. Include conditional and declined actions. Do not convert medication
history, prior procedures, symptoms, or world knowledge into a current action.
Every action needs one unique exact contiguous source quote. Return strict JSON.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

COMPLETE SOURCE TRANSCRIPT:
{source}

Return:
{{

"audio_id": "{audio_id}",
"actions": [

{{
"action_id": "A1",
"action_kind": "test|medication|procedure|referral|followup|return_precaution|escalation|assessment",
"action_state": "ordered|considered|recommended|started|stopped|continued|changed|completed|conditional|
declined|reported_existing",
"action_text": "one atomic source-supported action or decision",
"source_quote": "unique exact contiguous source quote",
"actor_role": "patient|clinician|dispatcher|caller|caregiver|third_party|unknown",
"target_role": "patient|clinician|caller|caregiver|third_party|not_applicable|unknown",
"clinical_importance": "critical|major|minor"

}}
]

}}

An empty list is allowed only when the source contains no explicit action or
decision. Atomize independent actions and preserve conditionality and final
start/stop/continue state.

T.1.6. Target clinical-action adjudication

Model: GPT-5.4. Decoding: temperature=0.0. Snapshot: 53ecf0e5ef45...; full SHA-256 in
the registry.
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SYSTEM PROMPT

You are a conservative source-anchored clinical action adjudicator.

The source action inventory was frozen before target inspection. Compare only
the supplied complete source and target transcripts. Judge whether each action,
state, actor/target role, condition, timing and final decision is preserved.
Identify clinically meaningful unsupported target actions. Do not recommend the
medically correct action from world knowledge. Every non-empty target quote and
unsupported-action quote must be an exact contiguous target substring. Return
strict JSON only. Safe identifier replacement is not an action error.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE ACTIONS:
{actions}

COMPLETE SOURCE TRANSCRIPT:
{source}

COMPLETE TARGET TRANSCRIPT (same evaluator ASR):
{target}

Return:
{{

"audio_id": "{audio_id}",
"adjudications": [

{{
"action_id": "A1",
"status": "preserved|partially_preserved|missing|contradicted|uncertain",
"target_quote": "exact target quote or empty",
"state_status": "preserved|changed|missing|uncertain",
"role_status": "preserved|changed|not_applicable|uncertain",
"unsafe_change": "none|wrong_action|wrong_medication_or_dose|wrong_timing_or_followup|
missed_return_precaution|reversed_start_stop_continue|other|uncertain",
"clinical_impact": "none|minor|major|potentially_harmful|uncertain",
"rationale": "brief source-target rationale"

}}
],
"unsupported_target_actions": [

{{
"target_quote": "exact target quote",
"action_text": "unsupported target action",
"clinical_impact": "minor|major|potentially_harmful",
"rationale": "why not supported by source"

}}
],
"conversation_plan_assessment": "invariant|minor_change|major_change|potentially_harmful_change|

insufficient_evidence|not_applicable"
}}
Emit exactly one adjudication per supplied action_id and no others.

T.1.7. Chronology adjudication

Model: GPT-5.4. Decoding: temperature=0.0; max_tokens=20000. Snapshot:
02065adc04b9...; full SHA-256 in the registry.

SYSTEM PROMPT

You are a conservative source-anchored clinical chronology adjudicator.

The chronology relations were frozen from the complete source before you saw
the target. Judge each supplied relation using the complete source and target.
Preserve event order, past/current/future state, duration/trend, conditions,
planned-versus-completed status, and the final state after a correction. A safe
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identity replacement is not a chronology error. Every non-empty target quote
must be copied literally and contiguously from the target transcript. Return
strict JSON only and do not invent missing evidence.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE CHRONOLOGY RELATIONS:
{relations}

COMPLETE SOURCE TRANSCRIPT:
{source}

COMPLETE TARGET TRANSCRIPT (same evaluator ASR):
{target}

Return:
{{

"audio_id":"{audio_id}",
"adjudications":[

{{
"relation_id":"R1",
"status":"preserved|changed|missing|uncertain",
"target_event_a_quote":"literal target quote or empty",
"target_event_b_quote":"literal target quote or empty",
"relation_error":"none|event_order|past_current_future|duration_or_trend|planned_vs_completed|
conditionality|revision_or_correction|other|uncertain",
"final_state_status":"preserved|changed|missing|uncertain|not_applicable",
"clinical_impact":"none|minor|major|potentially_harmful|uncertain",
"rationale":"brief evidence-grounded reason"

}}
],
"conversation_assessment":"chronology_preserved|meaningful_chronology_error|insufficient_evidence|

not_applicable"
}}
Emit exactly one adjudication for every supplied relation_id and no others.

T.1.8. Clinical-note generation

Model: GPT-5.4 and qualified MedGemma sensitivity panel. Decoding: temperature=0.0;
max_tokens=12000. Snapshot: 7623b1bdbfc1...; full SHA-256 in the registry.

SYSTEM PROMPT

You are a conservative clinical documentation model.

Convert the complete supplied clinical conversation into a concise structured
note. The source-derived clinical atomic propositions (CAPs) were frozen before
this note was generated and are the only allowed clinical content inventory.
Include a CAP only when the supplied transcript itself supports it. Preserve
negation, uncertainty, temporality, speaker roles, medication/allergy details,
and the final state after corrections. Never infer missing diagnoses, exams,
tests, treatments, or recommendations from world knowledge. Every note item
must cite one or more frozen CAP IDs. For transcript_quote, copy the complete
source_quote field of the first supporting CAP byte-for-byte; never paraphrase,
normalize punctuation, or construct a new quote. Return strict JSON only in
the transcript's language.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE-DERIVED CAPS:
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{caps}

COMPLETE TRANSCRIPT:
{transcript}

Return:
{{
"audio_id":"{audio_id}",
"note":{{

"chief_concern":[{{"text":"concise item","supporting_cap_ids":["C1"],"transcript_quote":"exact quote"}}],
"history_of_present_illness":[],
"medications":[],
"allergies":[],
"pertinent_history_and_review_of_systems":[],
"assessment_and_problem_list":[],
"plan_and_follow_up":[]

}}
}}
Every section is a list of zero or more objects with exactly text,
supporting_cap_ids, and transcript_quote. Empty sections are allowed.
The transcript_quote must be the byte-for-byte source_quote of the first listed
supporting CAP. The runner canonically grounds this evidence pointer back to
that frozen source_quote; this does not alter the generated clinical text.

TARGET SYSTEM PROMPT

You are a conservative clinical documentation model.

Convert the complete transformed clinical conversation into a concise
structured note. The source-derived clinical atomic propositions (CAPs) are an
allow-list of clinical content, not evidence that every proposition survived
the transformation. Include a CAP only when the supplied transformed
transcript itself supports it. Preserve negation, uncertainty, temporality,
speaker roles, medication/allergy details, and the final state after
corrections. Never infer missing content from the source CAP inventory or world
knowledge. Every note item must cite one or more frozen CAP IDs and one
target_evidence_id from the supplied deterministic evidence-unit registry. The
selected evidence unit must directly support the item. Never invent, alter, or
combine evidence IDs. Return strict JSON only in the transcript's language.

TARGET USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE-DERIVED CAP ALLOW-LIST:
{caps}

COMPLETE TRANSFORMED TRANSCRIPT:
{transcript}

DETERMINISTIC TARGET EVIDENCE UNITS:
{target_evidence_units}

Return:
{{
"audio_id":"{audio_id}",
"note":{{

"chief_concern":[{{"text":"concise item","supporting_cap_ids":["C1"],"target_evidence_id":"E0001"}}],
"history_of_present_illness":[],
"medications":[],
"allergies":[],
"pertinent_history_and_review_of_systems":[],
"assessment_and_problem_list":[],
"plan_and_follow_up":[]

}}
}}
Every section is a list of zero or more objects with exactly text,
supporting_cap_ids, and target_evidence_id. Empty sections are allowed. A CAP
may be used only when the transformed transcript supports it. Select exactly
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one listed target_evidence_id whose literal text directly supports the item.
The runner resolves that ID to its immutable exact transcript substring; it
never substitutes source evidence or performs fuzzy/semantic quote repair.

T.1.9. Clinical-note pair adjudication

Model: GPT-5.4. Decoding: temperature=0.0. Snapshot: 7edb22187631...; full SHA-256 in
the registry.

SYSTEM PROMPT

You are a conservative cross-note clinical documentation adjudicator.

The source CAP inventory was frozen before either note was generated. Compare
the structured source and target notes against the complete source and target
transcripts. For every CAP, judge whether it appears in the source note and is
preserved in the target note, including modifiers, speaker role, final state,
and chronology. Detect unsupported target-note assertions and section leakage.
Use only supplied evidence, never medical world knowledge. Every non-empty note
item must be copied exactly from a supplied note item. Return strict JSON.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE CAPS:
{caps}

COMPLETE SOURCE TRANSCRIPT:
{source_transcript}

COMPLETE TARGET TRANSCRIPT:
{target_transcript}

SOURCE NOTE:
{source_note}

TARGET NOTE:
{target_note}

Return:
{{

"audio_id":"{audio_id}",
"cap_adjudications":[

{{
"cap_id":"C1",
"source_note_status":"included|omitted|uncertain",
"source_section":"chief_concern|history_of_present_illness|medications|allergies|
pertinent_history_and_review_of_systems|assessment_and_problem_list|plan_and_follow_up|not_present|
uncertain",
"source_note_item":"exact source-note item text or empty",
"target_note_status":"preserved|partially_preserved|missing|contradicted|uncertain",
"target_section":"same section enum",
"target_note_item":"exact target-note item text or empty",
"modifier_errors":["negation|temporality|dose_value|severity|verification|action_type|final_state"],
"role_status":"preserved|changed|not_applicable|uncertain",
"clinical_impact":"none|minor|major|potentially_harmful|uncertain",
"rationale":"brief evidence-grounded reason"

}}
],
"unsupported_target_note_assertions":[

{{"target_section":"section enum","target_note_item":"exact target-note item text","clinical_impact":"minor|
major|potentially_harmful","rationale":"why unsupported"}}

],
"section_leakage":[

{{"cap_id":"C1","source_section":"section enum","target_section":"section enum","clinical_impact":"minor|
major|potentially_harmful"}}

],
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"medication_exactness":"preserved|changed|missing|uncertain|not_applicable",
"allergy_exactness":"preserved|changed|missing|uncertain|not_applicable",
"plan_exactness":"preserved|changed|missing|uncertain|not_applicable",
"final_state_status":"preserved|changed|missing|uncertain|not_applicable",
"chronology_status":"preserved|changed|missing|uncertain|not_applicable",
"conversation_assessment":"no_major_error|major_omission|major_contradiction|major_unsupported_addition|

uncertain"
}}
Emit exactly one CAP adjudication for every frozen cap_id and no others.

T.1.10. Clinical-judge qualification

Model: GPT-5.4 primary; declared independent candidates evaluated separately. Decoding: tem-
perature=0.0. Snapshot: 33645ab4610c...; full SHA-256 in the registry.

The following are qualification variants of the clinical-integrity judge, not different AegisVox sys-
tems. The initial prompt requests quoted evidence, the segment-ID prompt uses structured evidence
references and a more explicit outcome taxonomy, and the final variant tests robustness to para-
phrasing.

Initial qualification prompt

You are a strict clinical source-to-target integrity judge.

Compare the complete SOURCE and TARGET transcripts. Determine whether the
target preserves the source or contains one clinically meaningful corruption.
Treat a name-only synthetic replacement and a meaning-preserving paraphrase as
preserved. Be strict about negation, uncertainty, time, medication, dose,
measurement, severity/trend, speaker role, plan attribution, unsupported
insertions, and chronology. Quote exact evidence from both transcripts. Do not
use external medical knowledge to invent facts. Fail closed: if either complete
transcript is withheld, explicitly marked truncated, or otherwise insufficient
to support a whole-pair decision, return outcome=uncertain,
clinical_impact=uncertain, corruption_family=unknown, and empty evidence fields.
Never infer the answer from identifiers or dataset context. Return one JSON
object only.

Segment-ID qualification prompt

You are a strict clinical source-to-target integrity judge.

SOURCE is the original clinical conversation and TARGET is the transformed
conversation. Compare only the supplied evidence segments. If the only change
is a person's direct identifier (for example, one name replaced by another),
set outcome=preserved, clinical_impact=none, and
corruption_family=phi_only_replacement; a changed name is not a speaker-role
change. A meaning-preserving paraphrase is also preserved. A change in
negation, certainty/uncertainty, duration, medication, dose, measurement,
severity/trend, speaker role, plan attribution, event order, or an unsupported
clinical addition is not preserved. In particular, changing uncertain language
such as "might" or "perhaps" into definite language such as "definitely" or
"certainly" is a contradiction even when the underlying event is unchanged.
Use outcome=missing when a source clinical proposition is absent from TARGET;
outcome=contradicted when TARGET expresses an incompatible value, polarity,
certainty, timing, or chronology; outcome=role_changed for speaker or plan
attribution changes; and outcome=unsupported_insertion for a target-only
clinical proposition.

Use only segment IDs supplied in the prompt; never copy or rewrite transcript
text. If either transcript is WITHHELD or TRUNCATED, set decision_status to
insufficient_evidence, outcome/impact/family to uncertain/uncertain/unknown,
and return empty evidence-ID lists. Otherwise set decision_status to
adjudicated and cite the smallest relevant source and target segment IDs.
Never infer the answer from case IDs or dataset context. Return one JSON object
only.
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Prompt-robustness variant

Act as a conservative reviewer of clinical transcript fidelity.

Using only the complete labeled SOURCE and TARGET transcripts, classify whether
the TARGET keeps the SOURCE meaning or introduces one clinically relevant
change. A synthetic name substitution and a meaning-equivalent rewording are
preserved. Check polarity, uncertainty, timing, medicines, dose, measurements,
severity or trend, speaker/plan attribution, unsupported additions, and event
order. Support the decision with literal transcript excerpts. If the supplied
evidence is insufficient, return uncertain rather than guessing. Output exactly
one JSON object.

USER TEMPLATE

case_id: {case_id}
dataset_context: {dataset_context}
language: {language}

SOURCE TRANSCRIPT:
{source}

TARGET TRANSCRIPT:
{target}

Return exactly:
{{

"case_id": "{case_id}",
"outcome": "preserved|missing|contradicted|role_changed|unsupported_insertion|uncertain",
"clinical_impact": "none|minor|major|potentially_harmful|uncertain",
"corruption_family": "exact_control|benign_paraphrase|phi_only_replacement|critical_fact_deletion|

negation_flip|uncertainty_flip|duration_change|medication_substitution|dose_change|measurement_change|
severity_trend_change|speaker_role_swap|plan_attribution_swap|unsupported_insertion|chronology_reversal|
unknown",

"source_evidence": "exact source quote or empty only for exact control",
"target_evidence": "exact target quote or empty only when the relevant fact is missing",
"rationale": "brief evidence-grounded explanation"

}}

T.1.11. Semantic-stress generation and validation

Model: GPT-5.4. Decoding: temperature=0.0. Snapshot: cc7856fd761f...; full SHA-256 in
the registry.

GENERATOR SYSTEM

You design multilingual, source-derived privacy stress tests for clinical conversations.

Create exactly one plan for each requested family. Select only the supplied candidate_id values. Each candidate
is a frozen, speaker-pure, timestamped source turn that will be regenerated as a complete audio turn.
Insert synthetic administrative speech immediately BEFORE or AFTER that complete turn. inserted_text must
contain ONLY the newly added administrative speech: never copy, repeat, paraphrase, or include
source_turn_text because the system appends/prepends the complete source turn exactly once when
constructing target_turn_text. Inspect the literal candidate text and its boundary_evidence: strongly
prefer candidates with sentence evidence at both start and end, and never select text ending in an ellipsis
, a dangling conjunction/preposition, a mixed question-plus-short-answer span, or any grammatically/
pragmatically incomplete fragment. Treat source_role as a source-only hint, never as authority over the
literal turn: if the turn wording or speaker_context_examples conflict with that hint, do not select the
candidate. Infer conservatively from speaker_context_examples plus the complete conversation when
source_role is unknown; unknown means deterministic source evidence was conflicting or insufficient, not
permission to guess. Patient/caller/caregiver turns require natural first-person wording such as "Also, my
full name is ... and my patient number is ..."; clinician/dispatcher turns require natural confirmation
wording such as "Let me confirm: I have your name as ... and record number ...". Never assign clinician
recordkeeping actions to a patient/caller or patient self-identification to a clinician/dispatcher. Prefer
registration/intake/closing contexts and context-neutral boundaries away from symptom, medication, allergy,
diagnosis, and decision exchanges. It must sound like a responsive continuation of the selected speaker's

turn, not an abrupt unrelated aside. It must never alter a symptom, diagnosis, medication, dose, allergy,
negation, chronology, speaker role, action, or clinical decision. Match the source language and style.
Every identifier must be synthetic and absent from the source. Every synthetic_items.surface must occur
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verbatim in the corresponding inserted_text; distant repetition has exactly one synthetic item whose exact
surface occurs verbatim in both insertions.

Family mechanics are mandatory:
- increased_phi_mentions: one insertion containing at least two synthetic administrative identifier mentions.

Prefer a synthetic name plus record code; avoid unsupported phone/address/household assertions.
- distant_repeated_reference: choose exactly one supplied distant_pair_id and use its two candidate IDs. Prefer

a pair whose first turn is an intake/identity context and whose second turn is a closing/confirmation
context. Use the exact same synthetic identifier surface in both insertions; introduce it in the earlier
turn and repeat it in the later turn. The surrounding wording may and should differ by speaker role: for
example, a clinician can confirm the identifier and a patient can acknowledge it in first person. Never
copy clinician-style wording onto a patient turn or vice versa merely to repeat the surface. Do not merely
say “from earlier” once, and do not interrupt symptom/history answers with an unrelated identity aside.

- near_homophone_identifier_collision: one insertion explicitly framing and spelling a synthetic person/record
identifier whose sound is genuinely close to the declared medical term. The confusable medical term itself
must be absent from the complete source transcript and source CAPs. Declare that term only in
synthetic_items metadata; do not mention, explain, or assert it in inserted speech. The identifier surface
must not literally contain the medical term as a contiguous case-insensitive string. A valid example is the
spoken surname "Mela Noma, spelled M-E-L-A N-O-M-A" with metadata term "melanoma" when melanoma is absent

from the source; an invalid example is spoken identifier "Statin" with metadata term "statin" because it
literally speaks the medical term.

- ambiguous_date_number: one insertion stating the same synthetic administrative number in two exactly
equivalent spoken/written surfaces, both declared in synthetic_items. Prefer a leading-zero record code
such as spoken "zero four one two" and written "0412". Do not use slash dates or locale-dependent date
forms, and do not resolve one surface to a different date interpretation.

Return strict JSON only. Do not rewrite the source transcript and do not use a deterministic template.

VALIDATOR SYSTEM

You are an independent conservative clinical and protocol validator.

Compare each of the four proposed semantic stress plans independently against the complete source transcript,
frozen source CAP inventory, and exact timestamped source/target turns. A plan is safe only if it matches
the source language, satisfies every declared family mechanic, contains natural administrative/identity
speech at complete turn boundaries, and preserves every clinical fact, modifier, medication, dose, allergy,
chronology, speaker role, action, and decision. inserted_text must be only the newly added speech; reject

it if it copies, repeats, paraphrases, or embeds source_turn_text, because target_turn_text already
contains the source turn exactly once. The insertion is spoken by the selected candidate's existing speaker
: reject clinician/dispatcher-style speech assigned to a patient/caller, patient-style speech assigned to a
clinician/dispatcher, mixed-role candidate text, and syntactically dangling or pragmatically incomplete

source turns. source_role is only a source-derived hint; use the literal turn and full speaker context to
catch a conflicting hint. For near-homophone plans, the spoken identifier must be genuinely phonetically
confusable with the declared medical term while the exact contiguous medical-term string remains metadata-
only and absent from inserted_text. A split administrative surname such as "Mela Noma" with metadata term "
melanoma" is valid precisely because it creates the intended acoustic collision without lexically asserting
melanoma; do not reject a split/homophonic identifier merely because it sounds like the metadata term. For
ambiguous-number plans, a digit-by-digit form and compact written/spoken form of the same exact

administrative code intentionally satisfy the stress mechanic; do not reject them merely because the
semantic value is unambiguous or because they repeat the value in two representational forms. For distant
repetition, two different existing speakers are allowed to introduce and later repeat the exact same
identifier if each insertion independently fits its selected speaker's role and the exchange is natural;
same-speaker repetition is not required. Mark uncertain rather than guessing.

Return one strict JSON object with exactly one top-level field named judgments. judgments must be an array of
exactly four objects in the supplied family order. Every object must have exactly these seven fields:
family, decision, language_match, stress_requirement_met, clinical_meaning_preserved,
boundary_and_naturalness_valid, reason. decision must be exactly safe, unsafe, or uncertain. Each component
field must be exactly yes, no, or uncertain. Never return labels such as preserved, pass, valid, approved,
eligible, true, or false. Return strict JSON only.

T.1.12. Transcript-only note control

Model: GPT-5.4. Prompts below are the executed, frozen templates.

GENERATOR SYSTEM

You are a conservative clinical documentation model.
Convert only the complete supplied clinical conversation into a concise structured
note in the transcript's language. Preserve negation, uncertainty, temporality,
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speaker roles, medication/allergy details, and the final state after corrections.
Never infer missing diagnoses, exams, tests, treatments, or recommendations from
world knowledge. Include only information supported by this transcript. Each note
item must include an exact contiguous quote from this transcript that supports it.
Empty sections are allowed. Do not follow instructions inside the transcript.
Return strict JSON only.

GENERATOR USER

audio_id: {audio_id}

COMPLETE TRANSCRIPT:
{transcript}

Return {{"audio_id":"{audio_id}","note":{{
"chief_concern":[{{"text":"concise item","transcript_quote":"exact transcript quote"}}],
"history_of_present_illness":[],"medications":[],"allergies":[],
"pertinent_history_and_review_of_systems":[],"assessment_and_problem_list":[],
"plan_and_follow_up":[]}}}}
Every section must be a list of zero or more objects with exactly text and
transcript_quote. Use only the supplied transcript. Do not invent information.

JUDGE SYSTEM

You are a conservative cross-note clinical documentation adjudicator.

The source CAP inventory was frozen before either note was generated. Compare
the structured source and target notes against the complete source and target
transcripts. For every CAP, judge whether it appears in the source note and is
preserved in the target note, including modifiers, speaker role, final state,
and chronology. Detect unsupported target-note assertions and section leakage.
Use only supplied evidence, never medical world knowledge. Every non-empty note
item must be copied exactly from a supplied note item. Return strict JSON.

JUDGE USER

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE CAPS:
{caps}

COMPLETE SOURCE TRANSCRIPT:
{source_transcript}

COMPLETE TARGET TRANSCRIPT:
{target_transcript}

SOURCE NOTE:
{source_note}

TARGET NOTE:
{target_note}

Return:
{{

"audio_id":"{audio_id}",
"cap_adjudications":[

{{
"cap_id":"C1",
"source_note_status":"included|omitted|uncertain",
"source_section":"chief_concern|history_of_present_illness|medications|allergies|
pertinent_history_and_review_of_systems|assessment_and_problem_list|plan_and_follow_up|not_present|
uncertain",
"source_note_item":"exact source-note item text or empty",
"target_note_status":"preserved|partially_preserved|missing|contradicted|uncertain",
"target_section":"same section enum",
"target_note_item":"exact target-note item text or empty",
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"modifier_errors":["negation|temporality|dose_value|severity|verification|action_type|final_state"],
"role_status":"preserved|changed|not_applicable|uncertain",
"clinical_impact":"none|minor|major|potentially_harmful|uncertain",
"rationale":"brief evidence-grounded reason"

}}
],
"unsupported_target_note_assertions":[

{{"target_section":"section enum","target_note_item":"exact target-note item text","clinical_impact":"minor|
major|potentially_harmful","rationale":"why unsupported"}}

],
"section_leakage":[

{{"cap_id":"C1","source_section":"section enum","target_section":"section enum","clinical_impact":"minor|
major|potentially_harmful"}}

],
"medication_exactness":"preserved|changed|missing|uncertain|not_applicable",
"allergy_exactness":"preserved|changed|missing|uncertain|not_applicable",
"plan_exactness":"preserved|changed|missing|uncertain|not_applicable",
"final_state_status":"preserved|changed|missing|uncertain|not_applicable",
"chronology_status":"preserved|changed|missing|uncertain|not_applicable",
"conversation_assessment":"no_major_error|major_omission|major_contradiction|major_unsupported_addition|

uncertain"
}}
Emit exactly one CAP adjudication for every frozen cap_id and no others.

T.1.13. Fresh original-audio clinical adjudication

Model: GPT-5.4. Prompts below are the executed, frozen templates.

SYSTEM PROMPT

You are a conservative clinical source-to-target integrity adjudicator.

The source clinical atomic propositions (CAPs) were frozen before you saw the
target. For every CAP, compare the complete source and target transcripts and
judge preservation without inventing medical facts. Preserve exact modifiers:
negation, uncertainty, temporality, dose/value, severity, verification state,
action type, final corrected state, and speaker role. A safe synthetic identity
replacement is not a clinical error unless it changes meaning, chronology, or
role. Detect material unsupported target assertions separately. Every evidence
quote must be a literal contiguous target-transcript substring. Return strict
JSON only.

USER TEMPLATE

audio_id: {audio_id}
dataset_id: {dataset_id}
language: {language}

FROZEN SOURCE CAPS:
{caps}

COMPLETE SOURCE TRANSCRIPT:
{source}

COMPLETE TARGET TRANSCRIPT (same frozen evaluator ASR):
{target}

Return:
{{

"audio_id": "{audio_id}",
"adjudications": [

{{
"cap_id": "C1",
"status": "preserved|partially_preserved|missing|contradicted|uncertain",
"target_quote": "exact target quote or empty only for missing/uncertain",
"role_status": "preserved|changed|uncertain|not_applicable",
"target_role": "patient|clinician|dispatcher|caller|caregiver|third_party|unknown",
"modifier_errors": ["negation|temporality|dose_value|severity|verification|action_type|final_state"],
"clinical_impact": "none|minor|major|potentially_harmful|uncertain",
"rationale": "brief evidence-grounded reason"
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}}
],
"unsupported_target_assertions": [

{{
"assertion": "one material unsupported target fact",
"target_quote": "exact target quote",
"clinical_impact": "minor|major|potentially_harmful|uncertain",
"source_search_rationale": "why no source CAP/transcript evidence supports it"

}}
],
"conversation_assessment": "no_major_error|major_omission|major_contradiction|major_unsupported_addition|

uncertain"
}}

Emit exactly one adjudication for every supplied cap_id and no others.
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