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Abstract

Large language models (LLMs) may support hearing care, but evidence of clinical benefit remains unclear. We
conducted a scoping review across eight databases, with searches updated in September 2026. Among 110
included reports, 95 empirical analysis units comprised 62 model-centered benchmarks, 31 application-oriented
investigations, and two adoption surveys. Applications addressed assessment scoring, clinical documentation,
rehabilitation content, biomedical evidence processing, psychosocial support, and research. Fourteen empirical
units evaluated prototypes or target users; none tested prospective service deployment or comparative clinical
impact. Privacy evaluation concerned attitudes or perceived confidentiality; no included study tested technical
privacy safeguards. Current evidence supports selected task-specific capabilities, not established
improvements in care. Future research should prioritize applications addressing defined hearing-care needs and
compare them with usual care or simpler alternatives. Evaluation should measure patient and professional
benefit, safety, privacy, accessibility, and workload rather than response accuracy alone.

Introduction

Large language models (LLMs) are artificial intelligence models trained on large-scale text data to learn
language patterns and process or generate text.! Depending on their architecture and system configuration,
they can also process multimodal inputs, retrieve external evidence, and use tools.?3 A recent review identified
4,609 clinical LLM studies published from January 2022 to September 2025.# In an earlier review of 519 studies
published through February 19, 2024, 84.2% evaluated responses to medical questions, including knowledge
and clinical-reasoning tasks, 5% used real patient-care data, and 4.6% considered deployment.® Evidence of
patient, clinician, or service benefit remains scarce. Benchmark performance does not equate to clinical
performance. Examination and question-answering studies measure responses to predefined questions or
cases; they do not establish competence in information elicitation, longitudinal reasoning, evidence use,
communication, or workflow integration.® Newer frameworks therefore include documentation, patient

communication, decision support, research, administration, and multistep interaction.®”® Evaluation must
address the configured system within a defined workflow, not a model name alone.

The World Health Organization estimated that more than 1.5 billion people had hearing loss and documented
substantial shortages and unequal distribution of hearing-care professionals.® These service gaps motivate
evaluation of LLMs for accessible information, triage, and continuing rehabilitation support, without assuming
that automation improves access or outcomes.'®'" In hearing care, evaluation must reflect the range of tasks,
settings, and users. Integrated people-centered ear and hearing care spans prevention, screening, assessment,
medical and surgical management, hearing technologies, rehabilitation, and continuing support across the life
course.’ These services may be delivered in clinics, through teleaudiology, or through direct-to-consumer
channels, each with different opportunities for professional oversight.'? The underlying data are heterogeneous:
conversation, clinical notes, audiograms, speech-in-noise responses, otoscopy and imaging, device records, and
genetic or neurophysiologic measures may all contribute to one episode of care.’®'4 Many intended users are
older adults or people facing communication, literacy, linguistic, or technology barriers. Consequently, factual
accuracy alone is insufficient. A useful system must also be understandable, accessible, responsive to
individual goals, and safe when information is incomplete.>'® Evaluation findings may become outdated when
the tested system changes. Hosted systems may change checkpoint, interface, web access, retrieval, tools, or
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safety policies without changing product name; access date, instructions, conversation history, and prompts
can alter results but are often underreported.'®” Retesting, current-literature instructions, and guideline-
grounded retrieval have changed hearing-care and ear, nose, and throat (ENT) findings.'®1%2% Reported
performance therefore applies to the tested version and configuration at the time of evaluation and may not
generalize to later versions or different settings.

Existing audiology and otology reviews have generally considered artificial intelligence broadly, combining LLMs
with machine learning, deep learning, imaging, signal processing, and prediction.?’?2%3 Three LLM-focused ENT
reviews overlap with part of the present topic but answer narrower or different questions. Filali Ansary and
Lechien?* synthesized clinical decision support in 17 studies and found wide variation in diagnostic,
investigation, and treatment accuracy. Ahn et al.2® surveyed 25 studies from top-quartile ENT journals and

organized future work around evaluation, grounding, multimodality, agents, and explainability. Alter et al.?®
examined methodology reporting in 117 ENT studies and found that fewer than half quoted all prompts. These
reviews are ENT-wide; they do not map the full hearing-care continuum or separate technical role from proximity
to service implementation.

We conducted a scoping review of LLM research across hearing assessment, medical management, hearing-
device support, rehabilitation, and related professional and research tasks to answer three questions: (1) which
hearing-care tasks and LLM functions have been studied; (2) in which settings systems have been evaluated,
from static benchmarks to routine service delivery; and (3) how completely studies report the system tested and
outcomes related to safety, communication, privacy, accessibility, and equity. We use this evidence map to
identify evaluation priorities and propose evidence requirements for future hearing-care LLM applications.

Results

Evidence Selection, Publication Profile, and Service Scope

The original and updated database searches retrieved 2,248 records. After removing 1,187 duplicate or
previously identified record instances and 194 records published before 2022, 867 unique records were
screened. Of these, 706 were excluded at title and abstract screening. Full texts were sought for 161 database
reports; two could not be retrieved. Of the 159 reports assessed, 52 were excluded and 107 were included.

Citation and author-publication searching contributed three additional reports, giving 110 included reports

(Figure 1). A conference abstract and journal article reported the same coding investigation;?’28

pair yielded 95 empirical analysis units from 96 empirical reports.

collapsing this

The remaining 14 reports comprised six reviews and eight commentaries or methodological correspondence. At
report level, 54 concerned core hearing, audiology, or rehabilitation; 20 hearing-specific otology; 27 mixed or
general ENT samples; and nine broader-scope sources with an identifiable hearing component (Table 1). The
hearing-specific sensitivity set contained 66 empirical analysis units. Report counts by publication year were
two in 2023, 26 in 2024, 34 in 2025, and 48 in 2026 through the update. Application-oriented research accounted
for 6 of 22 empirical analysis units (27.3%) in 2024, 9 of 29 (31.0%) in 2025, and 16 of 43 (37.2%) in 2026. The
sole empirical unit from 2023 was a benchmark evaluation. The increasing annual proportion persisted when
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the linked coding investigation was assigned to its earliest report year and when adoption surveys were
excluded. Supplementary Data 1 lists report-level characteristics and analysis summaries.

Table 1. Research Role, Service Scope, and Implementation Context of Included Sources

Percentages use 110 reports. Analysis units collapse the known conference/journal report pair; contextual
reports remain separate sources. The 96 empirical reports yield 95 empirical analysis units. Units do not
establish participant independence; possible formative-sample overlap remains across two psychosocial
reports. Context categories describe evaluation setting, not quality. Percentages may not sum to 100 because
of rounding. ENT, ear, nose and throat; LLM, large language model.
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Dimension Category Reports, n Analysis
(%) units, n

Primary research role  Patient or public information benchmark 26 (23.6) 26

Primary research role  Professional knowledge or examination 9(8.2) 9
benchmark

Primary research role  Clinical reasoning, guideline, or decision 24 (21.8) 24
benchmark

Primary research role  Multimodal clinical interpretation benchmark 3(2.7) 3

Primary research role  Task-specific output evaluation 15(13.6) 14

Primary research role  Domain model or system prototype 10 (9.1) 10

Primary research role  Patient/recipient evaluation 4(3.6) 4

Primary research role  LLM-enabled research workflow 3(2.7) 3

Primary research role  Professional use or adoption survey 2(1.8) 2

Primary research role  Review 6 (5.5) 6

Primary research role  Commentary or methodological correspondence 8 (7.3) 8

Service-scope Core hearing, audiology, or rehabilitation 54 (49.1) 54

stratum

Service-scope Hearing-specific medical ear or otology 20 (18.2) 20

stratum

Service-scope Mixed or general ENT with nonseparable hearing 27 (24.5) 26

stratum results

Service-scope Broader-scope source with an identifiable 9(8.2) 9

stratum hearing component

Implementation MO: observed use or adoption 2(1.8) 2

context

Implementation M1: static benchmark 49 (44.5) 49

context

Implementation M2: task-specific or real-data evaluation outside 31(28.2) 30

context routine care

Implementation M3: prototype or target-user evaluation 14 (12.7) 14

context

Implementation M4: prospective service pilot 0(0.0) 0

context

Implementation M5: comparative clinical or service impact 0 (0.0) 0

context

Implementation Not applicable: contextual report 14 (12.7) 14

context

Reviews and correspondence were contextual rather than additional empirical experiments. They identified
external validation, representative populations, data standards, interpretability, governance, explicit reference
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standards, reproducible prompts, model drift, and lay understanding as recurring priorities.!”21:22:23.29,30,31,32,33

Hearing-health commentaries also proposed screening, triage, rehabilitation, device support, and research while
emphasizing privacy, language representation, cost, and locally governed models.'®'"34 Methodological
correspondence further showed why dependent expert ratings require appropriate analysis: a reply concerning
cochlear-implant education retained descriptive model rankings, but no pairwise difference remained significant
after Holm correction.3>3%37 The reply was linked to the original study rather than counted as a new empirical
unit.

Implementation Context, Reporting Completeness, and
Sensitivity Analyses

Among 95 empirical analysis units, two examined adoption, 49 were static benchmarks (51.6%), 30 evaluated
tasks or real data outside routine care, and 14 evaluated prototypes or target users. None prospectively
introduced an LLM into a hearing service or compared an LLM-enabled workflow with usual care.
Implementation context and primary research role were distinct: a benchmark could use real clinical data
without becoming a deployed application.

OpenAl-family models or platforms appeared in 77 of 95 empirical analysis units (81.1%) and Google-family
models or platforms in 33 (34.7%). These nonexclusive counts describe reported models and platforms, not
current capability or market share. Model family or platform was clearly identified in 94 units (98.9%), and a
specific variant or checkpoint in 68 (71.6%). An access or run date was reported in 44 of 88 applicable units
(50.0%). Complete or supplemental prompts appeared in 52 of 88 applicable units (59.1%), clear reference
standards in 74 of 93 (79.6%), and clear evaluator backgrounds in 69 of 79 (87.3%).

Safety or explicit-error assessment was reported in 43 of 95 empirical analysis units (45.3%), readability or
communication assessment in 50 (52.6%), and accessibility or health-literacy assessment in 16 (16.8%). These
broad categories included technical and qualitative outcomes, not necessarily validated patient-safety or
accessibility endpoints. Three units (3.2%) assessed privacy-related attitudes or perceived confidentiality: two
professional surveys and one qualitative investigation. None tested technical privacy protection. No unit
prespecified a formal equity or fairness analysis (0/95; 0%); 16 (16.8%) reported group comparisons without
framing them as equity analyses. Language-specific evidence was inconsistently described across reports.

Sensitivity analyses supported the same interpretation. Among 66 hearing-specific empirical analysis units, 42
were model-centered benchmarks, 34 were static benchmarks, and none reached prospective service or
comparative impact evaluation. Excluding ten conference-proceedings-only units left 85 empirical units: 61
(71.8%) were model-centered benchmarks, 48 (56.5%) were static benchmarks, and seven involved prototypes
or target users. The known conference/journal coding pair remained represented by its journal report. These are
descriptive checks within the included literature, not inferential evidence of a field-wide trend.

Model-Centered Benchmark Studies

Sixty-two of 95 empirical analysis units (65.3%) were model-centered benchmarks: 26 patient-information, nine
professional-knowledge, 24 clinical-reasoning, and three multimodal benchmarks involving inputs such as
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audiograms or magnetic resonance imaging (MRI) videos (Table 1; Figure 2). Heterogeneous prompts, cases,
instruments, and thresholds precluded pooling. Patient-information studies addressed hearing loss, tinnitus,
otosclerosis, auditory implants, hearing-aid management, postoperative care, and related topics. They
commonly rated accuracy, completeness, guideline concordance, readability, actionability, or safety. Sudden-
sensorineural-hearing-loss responses were broadly guideline-concordant in English and Spanish, but readability
was suboptimal; ChatGPT's English responses had a mean PEMAT-P actionability score of 60%.38 Repeated
tinnitus questions produced changing expert ratings and potentially misleading responses.'® Updated studies
likewise distinguished expert-rated quality from accessibility: tinnitus information with higher quality scores
could require a higher reading level, while microtia counseling omitted clinical nuance and often exceeded
recommended reading levels.3%40 A 44-question hearing-aid study assessed expert-rated answers and textual
repeatability, not actual troubleshooting by users.*! No patient-information benchmark measured
comprehension, care-seeking behavior, decisional quality, or health outcomes.

Professional-knowledge studies used examinations, certification questions, or specialty banks. ChatGPT-4
answered 75% of 299 questions from the 2023 Taiwan audiologist examination, above its 60% passing
threshold;*? later studies compared newer systems and trainees.*3** The Examinations for Medical PErsonnel
in Chinese (EMPEC) benchmark expanded model and year coverage using 5,600 questions from the same

Taiwan examination source, rather than an independent clinical task.*® These studies measured examination
performance, not clinical competence.

Clinical benchmarks tested diagnosis, investigation, referral, treatment, triage, guidelines, or decision quality.
Evaluations using clinical records remained outside routine care; no output was delivered prospectively to
clinicians or patients. Across 1,000 simulated longitudinal hearing trajectories, majority responses from five
ChatGPT queries achieved 0.87 accuracy and Cohen's kappa of 0.69 against expert majority decisions, versus
0.80-0.84 accuracy for single queries.*® GPT-40 remained inferior to physician decisions in real sudden-
sensorineural-hearing-loss cases.*’ In 100 auditory-implant candidates, ChatGPT recommendations showed
substantial agreement with multidisciplinary decisions, with lower agreement for adult and complex cases; this
did not test whether assistance improved decisions.*® Numerical audiogram data were also used to
approximate clinical diagnoses without testing changes in care.* Explicit requests for current literature and
guideline-grounded retrieval changed tympanostomy and emergency ENT ratings.'®20

Three studies tested multimodal clinical interpretation outside routine care. Two used pure-tone audiograms;
the best model in a multicenter study achieved 67% accuracy for hearing-loss severity and 54% for type,*®

whereas another incompletely documented its model checkpoint.®’

Gemini 2.5 interpreted temporal-bone MRI
videos but had poor sensitivity for cholesteatomas smaller than 5 mm.%? None tested effects on clinical
decisions or outcomes. AUDIOLOGYBENCH extended evaluation to 3,139 educational items, 3,175 literature-
derived items, and 67 multimodal clinical cases.?® Across 804 case-task evaluations, recommendations scored
higher than numerical audiogram interpretation or differential diagnosis. Automated adjudication flagged critical
errors in 35.4% of the 268 numerical-interpretation responses, but item-level agreement with an image-informed

human audit was poor; human calibration preserved the broad task ranking.

Application-Oriented Studies
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Thirty-one application-oriented analysis units were described in 32 reports: 14 task-specific output evaluations,
ten domain prototypes, four patient/recipient evaluations, and three research workflows (Table 2; Figure 2). LLM
functions included document transformation, assessment scoring, evidence extraction, and generation of
speech or rehabilitation content. Evaluation ranged from isolated output testing to prototype use. Table 2
provides study-level findings and limitations; Supplementary Data 1 retains configurations, samples, and
outcomes.

Table 2. Application-Oriented LLM Research in Hearing Care

Thirty-two reports contribute 31 application-oriented analysis units. The linked coding reports are counted once.
M2, task-specific or real-data evaluation outside routine care; M3, prototype or target-user evaluation. These
categories do not establish clinical effectiveness. Possible shared formative samples across the Choi reports
preclude summing their participants as independent people.

Abbreviations: AUROC, area under the receiver operating characteristic curve; CBT, cognitive-behavioral therapy;
DNS, Deep Noise Suppression; EEG, electroencephalography; ENT, ear, nose and throat; fMRI, functional
magnetic resonance imaging; GPT, generative pretrained transformer; LLM, large language model; NLP, natural-
language processing; OTC, over-the-counter; PMID, PubMed identifier; RAG, retrieval-augmented generation;
SNR, signal-to-noise ratio; SSNR, segmental SNR; THI, Tinnitus Handicap Inventory.
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Report

Herrmann®8

Tu et al.0

Shaari et al.”®

Zhang et al.®’

Herrmann®®

Primary role

Task-specific
output
evaluation

Domain model
or system
prototype

Task-specific
output
evaluation

Patient/recipient
evaluation

Task-specific
output
evaluation

LLM function Context

Automated M2
speech-

intelligibility

scoring

Grounded M3
genetic

diagnosis and
discovery

Research-topic M2
generation

LLM-generated @ M3
Mandarin
speech

Multilingual M2
speech-recall
scoring
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Main finding

Embedding
scores closely
matched human
scoring (r
approximately
0.95) in typed
speech-in-noise
transcripts from
144 adults.

A grounded
pipeline
recovered
known factors
and proposed a
hearing-loss
gene supported
by experiments;
experts agreed
with most
predictions in
20 hearing-loss
cases.

Experts judged
many of 100
proposed
review topics
feasible and
relevant, but
none was
unique.

In 25 cochlear-
implant users,
three speaking-
rate-matched
comparisons
detected no
statistically
significant
recognition or
response-time
differences;
slowing the
synthetic
female voice
reduced
recognition.

Automated
scores captured
noise and
serial-position
effects across
11 languages in
55 adults
reporting
normal hearing.

Evidence
boundary

Experimental
English data; no
prospective
workflow
evaluation or
validation of
diagnostic
cutoffs for
clinical use.

Small
heterogeneous
case series;
prompt-sensitive;
no blinded
diagnostic-
accuracy or
prospective utility
study.

Topic ideation
only; no
completed
research
workflow or
comparison with
researcher-
generated ideas.

Exact Seed-TTS
variant
unreported; small
single-language
laboratory
sample; no
rehabilitation,
adherence, or
service outcome.

Small language-
specific samples;
no clinical
audiologist
comparison,
diagnostic cutoff,
test-retest
reliability, or
service study.




Report

Lotto et al.8?

Du et al.5?

Miiller et al.”’

Habib et al.8’

Kiligtas et al.>®

Agarwal and
Bitragunta’?

Primary role

Task-specific
output
evaluation

Domain model
or system
prototype

LLM-enabled
research
workflow

Task-specific
output
evaluation

Task-specific
output
evaluation

Domain model
or system
prototype

LLM function Context

Assessment- M2
item generation

Multimodal M3
tinnitus

diagnostic

model

LLM-assisted M2
statistical
exploration

Qualitative M2
corpus
classification

Operative-note M2
simplification

Speech- M3
denoising
model
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Main finding

Twenty
generated ENT
guestions were
generally
grammatical
but had average
quality and
required expert
revision when
tested with 64
learners and
clinicians.

The EEG-fMRI
and LLM
framework
outperformed
reported cross-
subject
technical
baselines.

An LLM helped
explore 1,365
regression
specifications
for speech
outcomes after
Vibrant
Soundbridge
implantation.

Three LLMs
classified 996
cochlear-
implant Reddit
posts rapidly,
but agreement
with human
coding was only
fair and positive
predictive value
was low.

Six LLMs
simplified 39
fictional ENT
notes; expert-
rated accuracy
and clarity
varied by model
and task.

The report
combined DNS-
corpus
denoising
experiments
with a Whisper-
Large, noise-

Evidence
boundary

One model and
small item set;
item-generation
efficiency and
consequential
validity were not
established.

Target dataset
comprised 20
people; no
independent
cohort,
prospective
testing, or clinical
utility
assessment.

Twenty-patient
single-center
dataset; final
predictor was
conventional
regression
without
independent
testing.

One social-media
community;
subjective
codebook and
nonrepresentative
self-reported
data.

No real patient
notes, patient
comprehension,
editing burden,
downstream
safety, or clinical
use.

Quantitative
comparisons did
not isolate the
LLM contribution;
no hearing-
device-user or




Report

Jeong et al.%3

Andrijasevi¢ and
Vukeli¢”!

Fernando et
al.68

Liu and Zheng®*

Warrier et al.”®

Primary role

Domain model
or system
prototype

Task-specific
output
evaluation

Domain model
or system
prototype

Domain model
or system
prototype

Task-specific
output
evaluation

LLM function

Tinnitus text
mining and
outcome
prediction

Phoneme-
constrained
training text

Personalized
auditory-verbal
therapy
platform

Edge otologic
diagnostic
system

Patient-
education
material
generation
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Context

M3

M2

M3

M3

M2

Main finding

encoder, and
language-model
architecture.

GPT-2 clustered
CBT text and T5
generated post-
treatment THI
estimates from
clinical and
synthetic data.

ChatGPT
generated
Croatian words
and sentences
meeting
phonetic-
saturation
constraints, but
many compliant
sentences
lacked natural
meaning.

A RAG-enabled
prototype linked
clinician input,
personalized
activities, audio,
and mobile and
web interfaces.

The paper
reported 94%
accuracy and
favorable
latency and
power but did
not isolate the
LLM
contribution.

Materials from
144 hospitals
and
professional
societies were
compared with
ChatGPT texts,
which averaged
a 6.8-grade
reading level.

Evidence
boundary

clinical-workflow
evaluation.

Only 42 original
records,
extensive
synthetic
augmentation,
overfitting risk,
and no external
validation.

Preliminary
linguistic
evaluation; no
therapist, hearing-
aid user, or
cochlear-implant
user testing.

No reported
evaluation with
children, parents,
or therapists;
bespoke
technical metrics
were not clinically
validated.

Unclear data
provenance,
reference
standard, ethics,
training and test
separation, and
system
description; no
external or
clinician
validation.

Readability and
expert content
measures did not
test patient
comprehension,
behavior, or
clinical
outcomes.




Report

Alabdalhussein
et al.®?

Gaeta®®

Bennett et al.”3

Derbarsegian
and

colleagues?’:?8

Primary role

Task-specific
output
evaluation

Task-specific
output
evaluation

LLM-enabled
research
workflow

Patient/recipient
evaluation

Task-specific
output
evaluation

LLM function Context

Patient- M2
information
generation

Audiology M2
communication
outputs

Child-language M2
corpus
annotation

Patient-facing M3
hearing-health
chatbot

Otologic M2
coding and
billing
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Main finding

For six ENT
conditions,
overall between-
source
comparisons
detected no
statistically
significant
differences in
expert-rated
DISCERN or
PEMAT-P
scores, whereas
LLM texts
required higher
reading levels
than ENT UK
materials.

Twenty-one
audiologists or
AuD students
completed at
least part of the
evaluation of a
generated
report, note, and
counseling
script; ratings
varied by
output.

GPT-40-mini
supported
exploratory
structural
judgments on
200 utterances
within a larger
hearing-loss
language study.

Ten adults used
the prototype
for two weeks
(39
interactions); it
was easy to use
for basic
support but
engagement
was low and
users requested
memory and
personalization.

Across 191
operative notes,
exact code
agreement was
low and both

Evidence
boundary

No patient
involvement and
no formal clinical-
accuracy
assessment;
reviewer
variability limited
reliability.

Single examples;
no patient
recipient, time-
saving measure,
routine workflow,
or downstream
safety evaluation.

Peripheral to
service delivery;
substantive
findings came
mainly from
conventional
corpus and NLP
methods.

Small iPhone-only
sample; binary
nonblinded
accuracy ratings;
no usual-care
comparator or
clinical, service,
or cost outcome.

Single
retrospective
task; templated
cochlear-implant
notes inflated




Report

Choi et al.”*

Choi et al.”®

Younan et al.>*

Lee et al.®®

Primary role

Patient/recipient
evaluation

Patient/recipient
evaluation

Task-specific
output
evaluation

Domain model
or system
prototype

LLM function

Al-assisted
songwriting
and reflection

Songwriting
diary for
psychosocial
support

Operative-note
coding

Genotype
feature
selection and
engineering
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Context

M3

M3

M2

M3

Main finding

models omitted
component
procedures and
tended to
underbill.

All 23 cochlear-
implant users
completed
songwriting; 20
completed
reflection.
Satisfaction
averaged
5.86/7, but
some users felt
pressured or
rushed.

Twelve diary
participants
completed 12
sessions each
over three
weeks. A
separate 10-
person
component
comparison
favored the full
system
descriptively.

The LLM
correctly coded
107/124 notes
(86.3%) versus
61/124 (49.2%)
for human
coding against
the study
reference.

LLM-selected or
engineered
features
supported
conventional
classifiers;
hearing-loss
AUROCs were
approximately
0.50-0.54 in the
reported 16-
shot
comparison.

Evidence
boundary

performance
relative to
variable
procedures.

One supervised
session; selected
users and
possible
formative-sample
overlap with the
other Choi report.
No treatment
efficacy or
sustained benefit
established.

No usual-care
comparison or
hearing benefit;
uncertain
handling of
within-person
comparisons and
possible shared
formative
samples.
Superiority to
every component
was not
established.

Single institution;
financial gains
were estimated,
not observed.
Source
inconsistencies
affect error and
revenue
summaries.
Distinct from the
earlier 191-note
study.

Near-chance
hearing
prediction;
stronger ancestry
results are not
hearing
outcomes. No
clinical validation
or demonstrated
diagnostic
benefit.




Report

dos Santos et
al 83

Nguyen et al.®®

Washington et
al.%’

Wickramasinghe
etal.’®

Ye et al.o’

Primary role

Task-specific
output
evaluation

Domain model
or system
prototype

Task-specific
output
evaluation

Domain model
or system
prototype

Domain model
or system
prototype

LLM function

Literature
information
extraction

Rare-disease
genetic-test
selection

Cochlear-
implant
insurance
appeal letters

Personalized
hearing self-

management
advice

Genetic-variant
literature
evidence
extraction
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Context

M2

M3

M2

M3

M3

Main finding

Across 117
speech-
enhancement
papers, explicit
country/channel
information was
easier to extract
than contextual
architecture or
application
information.

A fine-tuned
LLM achieved
86% internal
accuracy for
test-choice
prediction but
was not
significantly
superior to the
random-forest
comparator,
external
accuracy was
61%.

Of 29 generated
letters, 15
contained
hallucinations.
The reported
reference table
classified only
6/94 citations
as appropriate.

For 10 synthetic
profiles, 67/83
advice
sentences were
rated accurate,
71 relevant and
74
understandable.

The
mechanism-
aware evidence
pipeline
supported
hearing-loss
variant

Evidence
boundary

Missing or
implicit
information
produced
erroneous or
invented answers;
manual checking
remained
necessary. No
improvement in
speech
enhancement or
listening was
tested.

Only a synthetic
hearing-loss
illustration;
cohort-wide
accuracy is not
hearing-specific.
Historical test
choice is not
improved
diagnosis or
prospective
clinical benefit.

Abstract and
table
denominators
conflict; one older
model and no
comparator.
Letter quality
does not
establish better
insurance
approval or
reimbursement.

Synthetic-profile
prototype
evaluation, not
target-user
testing or clinical
deployment; no
behavior, hearing-
preservation or
patient benefit
was measured.

Whole-system
AUROC is not the
LLM contribution.
Resolvable
PMIDs do not
prove that
citations support




Report Primary role LLM function Context Main finding Evidence

boundary

interpretation. claims; no

In a separate prospective

rules-off diagnostic or

ablation, the patient benefit

LLM module was evaluated.

added 0.011

AUROC.

Mo et al 82 LLM-enabled Abstract-level M2 LLM-assisted One database
research research analysis of 106 and abstracts
workflow synthesis OTC hearing-aid  only; cross-model

abstracts agreement is not
characterized an expert
changes in reference
themes and standard. The
evidence pre/post
composition comparison
across cannot establish
publication a causal

periods. regulatory effect.

Clinical and administrative applications transformed notes, codes, and correspondence. In 191 deidentified
otology notes, ChatGPT-3.5 and GPT-4 exactly matched certified coding in 22% and 14%, respectively, often
missing consequential modifiers and graft codes.?”?2 A separate retrospective evaluation of 124 neurotology
notes reported 86.3% coding accuracy for its LLM versus 49.2% for centralized human coders against a
surgeon-adjudicated reference; financial gains were projected rather than observed.>* These findings arose from
different systems and reference procedures and were not a direct model comparison. Other studies simplified
operative notes, generated audiology reports and counseling scripts, or drafted cochlear-implant insurance
appeals.>>°057 They assessed output accuracy or professional ratings rather than observed reimbursement or
patient comprehension.

Assessment automation linked LLM-derived scores to listening tasks. Embedding models scored typed speech-
in-noise transcripts from 144 adults with approximately 0.95 correlation to human scores.’® An 11-language
pipeline generated and synthesized stories and scored free recall from 55 listeners reporting normal hearing,
recovering expected noise, order, and serial-position effects.>® Neither established test-retest reliability, clinical
diagnostic cutoffs, validity in hearing-loss populations, or workflow benefit. Commentary identified additional
concerns about proprietary embeddings, model retirement, data transfer, and language representation.3

Diagnostic and analytic systems used LLMs to generate hypotheses, process evidence, or combine data
modalities. Med-PaLM 2 generated a hearing-loss gene hypothesis tested in knock-in mice, and a Gemini 2.5
Pro pipeline ranked candidate variants from 20 people with hearing loss using retrieved literature and structured
evidence. Two predictions were rejected by experts, and other variants were later ruled out through family
evaluation.®? In OtoVCE, an LLM extracted literature evidence within a hearing-loss variant-interpretation
pipeline; a rules-off ablation attributed an area under the receiver operating characteristic curve (AUROC)
increment of 0.011 to the LLM module.®' Other systems addressed tinnitus, otoscopic assessment, genotype
features, or genetic-test selection, with limitations in sample size, external validation, hearing-specific evidence,
or isolation of the LLM contribution (Table 2).6%63:646566
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Speech and rehabilitation applications generated training content, synthesized audio, or supported personalized
therapy. Twenty-five cochlear-implant users and 25 normal-hearing adults heard Mandarin sentences generated
by Seed-TTS, described as LLM-based but without an exact variant or checkpoint. Implant users showed no
statistically significant recognition or response-time differences in three speaking-rate-matched synthetic-
versus-natural comparisons, although slowing the synthetic female voice reduced recognition.®” A personalized
auditory-verbal-therapy prototype combined patient profiles, clinician feedback, retrieval, generated stories and
questions, synthesized audio, and a clinician interface; use or benefit with children, parents, or therapists and

d.68

the number of clinician users were not reporte Other work evaluated speech denoising or generated patient

and auditory-training materials, without demonstrating improved listening, comprehension, or rehabilitation
outcomes.5970.71.72

Patient-facing evaluations examined usability and engagement outside established clinical services. Ten adults
with hearing loss used a custom-GPT hearing-health app for two weeks. It prioritized clinically reviewed
troubleshooting content and vetted web sources; across 39 interactions, users valued basic support but
requested greater depth, memory, multiquestion handling, and voice input. Audiologists rated all responses
accurate, but the binary rubric was unvalidated, assessment was unblinded, and there was no usual-care
comparator.”® Two related studies evaluated Al-assisted songwriting and reflection with cochlear-implant users
through supervised sessions and a three-week diary study. Participants reported engagement and emotional
reflection, alongside pressure or rushing in the supervised study; auditory rehabilitation efficacy and sustained
clinical benefit were not evaluated. Possible formative-sample overlap precludes summing participants as
independent people.”#”° By contrast, a hearing self-management agent was evaluated using ten synthetic

profiles rather than actual users.”®

Research applications supported analysis rather than replacing the final scientific method. GPT-40's Python
environment explored speech-intelligibility prediction after Vibrant Soundbridge implantation, but the final model
was conventional regression without independent testing.”” In a corpus of 64,814 child utterances, GPT-40-mini
was tested on a balanced subset of 200 utterances as an exploratory adjunct to conventional syntax analysis
and performed inconsistently.”® Other studies generated research topics or examination items, classified
patient narratives, or extracted information from research abstracts and articles. Their evaluations identified
unoriginal or incorrectly keyed outputs, limited coding agreement, and a continuing need for human

verification.”9.80.81.82,83

Two adoption surveys examined professional use and attitudes rather than system performance. One surveyed

106 academics across 16 countries and found specific Al training in 8.5%;84 another surveyed 95 audiologists
and speech-language pathologists and identified ChatGPT as the most-used platform without quantifying its

uptake.®® Both addressed Al more broadly than LLMs alone.

Discussion

LLMs have demonstrated capabilities in hearing-related question answering, material generation, automated
scoring, information transformation, and research support. These findings provide a basis for developing
hearing-care applications, but most evaluations tested static responses, isolated outputs, or prototypes rather
than service effectiveness. Neither the broader evidence set nor the sensitivity analyses identified prospective
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hearing-service deployment or comparative clinical impact. The increasing annual proportion of application-
oriented research suggests greater attention to task and system development within this literature, not a
demonstrated transition to effective care. The short observation period, incomplete 2026 coverage, and
publication and indexing delays limit temporal interpretation. Performance belongs to a configured system
comprising model version, prompts, retrieval, tools, interface, and human workflow.’®'” Hearing-care research
should therefore test whether a system with defined oversight, approved information sources, and human
supervision addresses a defined need and improves relevant outcomes over usual care or a simpler alternative.
This pattern is consistent with concerns in the broader medical literature. Bedi et al.® found that most health-
care LLM evaluations addressed medical questions and few used real patient-care data. ENT reviews similarly
identified variable decision-support performance, limited external validation, and incomplete prompt
reporting.242>26 Their eligibility rules and reporting definitions differ from ours, so percentages should not be
treated as direct performance comparisons. Across these reviews, the unresolved issue is whether performance
on selected inputs transfers to the decisions, communication, and follow-up required in actual care. Strong
benchmark scores and readable outputs are useful intermediate measures, but they cannot substitute for
evidence that clinicians or patients use the system appropriately and benefit from doing s0.3%/

Question-answer benchmarks have helped characterize LLM capabilities and identify misleading advice, unsafe
omissions, excessive reading level, and temporal instability.'”838 They remain useful for monitoring
consequential risks and testing hypotheses in new populations, languages, modalities, interactions, or decision
contexts. Repeated comparisons can track changes in model behavior, but their contribution to clinical
understanding is limited when they address no new question, setting, or clinically relevant outcome. An absence
of dangerous-response labels under one evaluation rubric should not be equated with established clinical
safety.> Benchmarks should specify the claim and configuration, use independent representative cases, weight
errors by clinical consequence, and publish prompts and reference standards.516:8

Alongside targeted benchmarking, research should evaluate applications that address defined hearing-care
needs. Earlier hearing-health commentaries proposed screening, education, triage, rehabilitation, clinician
support, and research.’®'" High-value applications should address a defined bottleneck, require capabilities
beyond a simpler method, support meaningful outcomes, and permit safe governance. Patient communication
and care navigation supported by approved information could explain audiograms, troubleshoot devices,
prepare patients for appointments, reinforce postoperative instructions, support tinnitus self-management, and
escalate urgent symptoms. Retrieval can link responses to approved guidelines and device documents but
depends on corpus and system quality.8”:88 Evaluation should measure comprehension, action, trust calibration,
continuity, and escalation rather than response accuracy alone.3/:8

Multimodal support could combine history, audiometry, speech testing, otoscopy or imaging, and device data to
identify missing information and present evidence and uncertainty. Its role should be case preparation,
structured interpretation, or decision support rather than autonomous diagnosis; information elicitation,
sequencing, tool use, and recovery from incomplete data require direct testing.23® Assessment and
rehabilitation applications include transcript scoring, multilingual test materials, synthetic speech, auditory
training, and personalized rehabilitation.>®°%67.68 Evaluation should first establish linguistic or acoustic validity
and measurement reliability, then test whether the application reduces editing burden, supports engagement, or
improves listening and everyday communication, according to its intended purpose.
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Professional and research tasks with defined inputs and outputs include documentation, coding, information
extraction, cohort identification, and evidence synthesis. Outputs can be checked against source records,
coding rules, or a documented analysis. These tasks may save time without delegating final judgment;
outcomes should include correction burden, consequential errors, reproducibility, cost, and source
traceability.88°9°7 Progress also requires interoperable audiology data for external validation.’®'4 Rules,
templates, signal-processing models, or conventional natural-language processing may be safer, more
transparent, or computationally more efficient for some tasks; studies should justify LLM complexity and
compare it with the best simpler alternative.®°?

Table 3 links four evaluation questions to the gaps observed in this review: incomplete configuration reporting,
limited validation on representative data, few prototype or target-user evaluations, and no prospective service or
comparative impact evaluations. The questions address system identity, performance on representative data,
safe use by intended users, and impact on care, workload, and cost. Aligned with the Developmental and
Exploratory Clinical Investigations of Decision support systems driven by Artificial Intelligence (DECIDE-AI)
guideline, it is an organizing aid rather than a validated maturity scale or reporting guideline.?? Evidence
requirements should match the claim and risk.86%3

Table 3. Four Questions for Developing Hearing-Care LLM Applications

These questions link observed evidence gaps to proposed evaluation requirements and are aligned with
DECIDE-AI; they are not a replacement reporting guideline or validated maturity scale. The final column reports
empirical analysis units, not independent participant samples. Reporting-item denominators include only
applicable units; all other denominators are 95. Low-risk research tools may not require every step. DECIDE-AI
indicates Developmental and Exploratory Clinical Investigations of Decision support systems driven by Artificial
Intelligence; LLM, large language model.
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Question

1. What
exactly is the
system?

2. Does it work
on
representative
data?

3. Can
intended users
use it safely?

4. What is its
impact on
care?

Aim

Define the
intervention and
intended claim

Establish validity
beyond
development
examples

Test
comprehension,
accessibility, and
human-system
interaction

Assess clinical
and service
outcomes,
workload, cost,
and sustained
performance

Minimum evidence

Intended users and
setting; inputs and
outputs; model
version; prompts,
retrieval, and tools;
human oversight;
prohibited uses;
comparator; data
flow, consent,
retention, and
deletion

External data;
reference standard,;
clinically weighted
errors; abstention;
relevant subgroups;
privacy and security
tests matched to the
data and system,
including prompt
injection or leakage
where relevant

Representative
patients and
professionals;
simulation or silent
prospective use;
editing burden;
automation bias;
escalation; consent
comprehension;
privacy acceptability

Prospective
comparison with
usual care or the best
available alternative;
patient and service
outcomes; safety;
workload; time;
access; cost; equity;
audit and incident
processes; drift and
rare-harm monitoring

Decision before
progression

The system is
versioned,
governed, and
linked to a
testable patient
or service
outcome

Performance is
adequate for
limited target-
user exposure
and severe
failure modes
are understood

Users can
identify and
manage errors,
and workflow fit
is acceptable

Patient or
service benefit
is demonstrated
with acceptable
safety, equity,
workload, and
cost

Hearing-care
evidence to date

Specific
variant/checkpoint:
68/95 (71.6%).
Run/access date:
44/88 (50.0%). Full
prompts: 52/88
(59.1%).

Clear reference
standard: 74/93
(79.6%). Prespecified
equity analysis: 0/95
(0%). Technical
?rivacy testing: 0/95

0).

Prototype or target-
user evaluation %M3):
14/95 (14.7%). These
studies did not
evaluate prospective
service deployment.

Prospective service
pilot (M4): 0/95 (0%).
Comparative
clinical/service
impact evaluation
(M5): 0/95 (0%).

The intervention includes users, setting, inputs, outputs, model version, prompts, retrieval, tools, oversight,
prohibited uses, and data flows; material changes may require revalidation. External testing should emphasize
clinically weighted errors, uncertainty, abstention, and diverse patients, professionals, and care settings rather
than average accuracy alone. Human-factors testing should precede benefit claims. Simulation can assess
comprehension, correction burden, automation bias, handoffs, and escalation; silent prospective testing can
expose workflow and safety problems before outputs influence care. Comparative studies should then use
function-matched outcomes and usual care or the best available alternative, including simpler or more
transparent methods. These include comprehension and action for communication, correction burden and

financial consequences for coding, safe clinician behavior for decision support, and engagement and functional
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benefit for rehabilitation. Applicable trials should follow the artificial-intelligence extensions to SPIRIT and
CONSORT.%

Across these applications, accuracy alone cannot make a hearing-care system acceptable. Privacy concerns the
full data path for notes, audiograms, device and implant records, genetic or neurophysiologic data, and audio,
which may retain speaker identity beyond a transcript.® Governance should specify data provenance and rights,
collection, deidentification, vendor access, retrieval stores, logs, retention, secondary use, and deletion. Data-
management plans should state what can be deleted from each store, how deletion is verified, and any technical
or legal limits, rather than promise unconditional erasure.?®%7:98 Deployment architecture alters the risk profile
but does not eliminate privacy risks. Local models may reduce transfer to external providers®"°° but still require
access control, encryption, retrieval permissions, logging, retention rules, and maintenance. Hosted systems
additionally require review of vendor processing, storage, reuse, and jurisdiction; no deployment label is a proxy
for privacy. Evaluation should also consider reliance on external providers, continuity if access or terms change,

and the feasibility of maintaining an alternative. Computational requirements and environmental impacts should
97,98

be weighed against the benefit of the application.
Retrieval-augmented generation and agents enlarge the attack surface because retrieved documents, images,
websites, or messages can redirect a model. Prompt injection has been demonstrated through medical images
and conversations, and custom systems have leaked instructions and knowledge-base content.00.101.102
Security testing should be proportionate to the data, tools, and intended use. Systems handling patient records
or external content need targeted tests of unauthorized retrieval, cross-patient disclosure, prompt injection, and
unsafe tool use. Reports should describe the risks tested, safeguards, and remaining failures. Applicable data-
protection requirements provide a baseline, but do not by themselves establish system security.?”-°® Safety
evaluation should prioritize severe omissions, false reassurance, failed escalation, automation bias, and
recovery after intercepted errors.?®°8 Equity should be prespecified across language, literacy, age, disability,
communication mode, culture, device, and technology access. Accessibility may require text and audio options,
captions, controllable pace, plain language, multilingual support, and assistive-technology compatibility.>1%3
Studies should also examine how LLM use changes professional responsibilities, team communication, training

needs, and accountability, including who checks outputs and manages errors.'%*

Strengths include an LLM-specific search across biomedical, psychological, engineering, and computing
databases; broad hearing-care coverage; duplicate human eligibility review and charting; explicit classification;
and sensitivity analyses. Separating research role from implementation context prevented promising task
outputs from being misread as clinical deployment. Supplementary Data 1 makes source-level classifications
inspectable. Limitations include English-only eligibility, omission of standalone preprint repositories, variable
conference detail, and possible missed ENT-wide reports. Search strategies were not peer reviewed by an
information specialist. The 2022 start date may have omitted earlier work despite an informal preliminary
search. The original ACM search fields were not retained, limiting comparability with the reconstructed update
search. Eligibility of hybrid systems depended on published descriptions of the LLM contribution, which were
sometimes incomplete. Mixed ENT studies were retained when hearing results were inseparable, with sensitivity
analysis assessing their influence. Possible shared formative participants in the two psychosocial reports
precluded assuming sample independence. No formal risk-of-bias assessment was performed. Differences in
tasks, configurations, comparators, and outcomes precluded meta-analysis. Counts, percentages, and reporting
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indicators describe the included literature rather than overall study quality or population parameters. The
application priorities and development questions are interpretive proposals, not stakeholder-derived or validated
frameworks.

The review identified 62 model-centered benchmark and 31 application-oriented empirical analysis units,
alongside two adoption surveys. Applications extend beyond question answering to assessment, content
generation, document transformation, biomedical evidence processing, psychosocial support, and research.
However, no included investigation tested prospective hearing-service deployment or comparative clinical
impact. Current evidence supports selected capabilities, not established improvements in care. Targeted
benchmarking should be complemented by studies of defined applications with intended users, representative
data, explicit comparators, and outcomes matched to their purpose. Progress should be judged by patient,
professional, and service benefits alongside safety, privacy protection, equitable access, and acceptable
workload and cost.

Methods
Design and Reporting

We conducted a scoping review guided by Joanna Briggs Institute (JBI) methodology and reported it with
reference to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping
Reviews (PRISMA-ScR).195106 Thijs design supported systematic identification and mapping of heterogeneous
prompt-response, record-based, technical, user, survey, review, and commentary evidence. A written protocol,
eligibility criteria, search record, and charting plan preceded screening, although the protocol was not registered,;
subsequent amendments were dated and documented.

Eligibility Criteria

Eligibility followed Population, Concept, and Context criteria. Populations included people receiving or seeking
hearing-related care, professionals or trainees, and hearing-care service or research data. The concept was an
identifiable LLM, LLM-powered system, or separable LLM component used in hearing care or a directly
supporting workflow. Eligible hearing-care activities included patient information and counseling; prevention;
screening and self-monitoring; triage and referral; audiological assessment and interpretation; medical or
surgical otology and neurotology; tinnitus and hyperacusis; hearing aids and auditory implants; rehabilitation;
teleaudiology; communication; documentation and coding; education; and directly related research suppor’t.g'12
Mixed or general ENT studies were eligible when the task or dataset contained an identifiable ear, auditory,
otologic, or neurotologic component, even when item-level hearing results were not separable. Vestibular-only
reports and general ENT studies without this connection were excluded. General sign-language translation,
captioning, and other accessibility tools were outside the service-focused scope unless linked to hearing
assessment, treatment, rehabilitation, or a related care task. Serving Deaf or hard-of-hearing users alone did not
establish eligibility; neither sign-language modality nor use of computer vision was itself an exclusion criterion.

An LLM was central when it was the evaluated intervention; generated, transformed, scored, or analyzed a
hearing-related input or output; formed an indispensable system component; or produced a separately evaluable
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result. Reports were excluded when an LLM appeared only in background, future work, or assistance with
writing the report, or when conventional machine learning, deep learning, signal processing, image recognition,
or classical natural-language processing drove the study without a chartable LLM contribution. For hybrid
systems, eligibility depended on the reported role of the LLM component, not simply the presence of machine
learning or a transformer architecture. English-language sources published from 2022 onward were eligible.
This start date reflected the limited uptake of LLMs before 2022 and an informal preliminary search that
identified no earlier hearing-care LLM studies. Peer-reviewed journal reports and indexed conference sources
were included; conference reports had to identify the objective, LLM, sample or input, core methods, at least one
interpretable result, and sufficient hearing or otology context. Standalone preprint repositories were not
searched, and preprints without an eligible published version were excluded. Reviews and commentaries were
included as contextual evidence only when a hearing- or otology-specific LLM contribution could be charted.
Broad ENT reviews without separable hearing-specific evidence were used only to contextualize the Introduction
and Discussion.

Information Sources and Search

On July 6, 2026, we searched PubMed via NCBI, Embase, Web of Science Core Collection, IEEE Xplore, Scopus,
APA Psyclinfo, CINAHL, and ACM Digital Library. The searches were updated on September 19, 2026 for
PubMed, Embase, IEEE Xplore, Scopus, APA PsycInfo, and CINAHL; September 20 for Web of Science; and
September 21 for ACM. Database-specific strategies combined explicit LLM terms and major model families
with broad hearing-care terms. Searches covered the eligible period from 2022 onward rather than only newly
published records, allowing retrieval of newly indexed or previously missed reports. The Supplementary
Information provides complete strategies, limits, and execution details. Citation searching identified one
additional report, and targeted author-publication searching identified two hearing-health commentaries.

Source Selection and Data Charting

Database exports were converted to a common record format and deduplicated across databases and search
rounds using standardized digital object identifiers, PubMed identifiers, and normalized titles, with manual
review of possible matches. Reports retrieved in both search rounds were counted once in the selection flow.
Two hearing-care professionals (S.W. and C.M.) separately screened titles and abstracts and assessed full texts
using common criteria, resolving differences by discussion. One primary reason was recorded for each full-text
exclusion. Two reviewers independently extracted and verified data against the source reports. Discrepancies
were resolved through discussion to reach consensus. Charted variables covered publication characteristics;
hearing-care scope; design; LLM task, input, output, and configuration; sample or evaluation unit; intended
recipient; comparator or reference standard; human evaluators; outcomes; implementation context; and
reporting of prompts, safety, privacy, communication, accessibility, language, and equity. Known duplicate
reports were linked and represented once in empirical analyses.

Classification and Interpretive Assessment
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We classified publication format, primary research role, LLM function, patient/recipient involvement, and
implementation context separately. Primary roles distinguished patient information, professional knowledge,
clinical reasoning, and multimodal benchmarks from task-specific outputs, domain prototypes, patient/recipient
evaluation, research workflows, adoption surveys, reviews, and commentaries. Proposed future use did not
convert a static benchmark into an application. Both reviewers checked and reconciled final classifications.
Each empirical analysis unit received one implementation-context category: MO, observed use; M1, static
benchmark; M2, task-specific or real-data evaluation outside routine care; M3, prototype or target-user
evaluation; M4, prospective service pilot; or M5, comparative clinical or service impact evaluation. Reviews and
commentaries were not assigned a category. These categories describe implementation context rather than
study quality. For the application display, one primary function was assigned from the charted task and intended
downstream use: clinical or administrative; research or education; rehabilitation or content; diagnostic or
analytic; assessment automation; or speech and audio. Classification followed intended downstream use rather
than model architecture. Full operational definitions appear in Supplementary Data 1; the six groups form Figure
2c.

No formal risk-of-bias assessment was performed, and no global quality score was assigned. Instead, we
charted directly observable design limitations and source-level reporting features. Prompt, reference-standard,
and human-evaluator items were first coded as applicable or not applicable and then as clearly or fully reported,
partially reported, or not reported. Safety and error, privacy and governance, readability and communication, and
accessibility and health literacy were coded as formally assessed, discussed only, not reported, or not
applicable. Formal assessment required an explicit method or measure and a reported result. Privacy-related
attitudes and perceived confidentiality were distinguished from technical tests of privacy protection when
interpreting the broad governance code. Prespecified equity or fairness analysis was distinguished from
descriptive group comparisons.

Analysis and Synthesis

Publication characteristics were summarized at report level. Research roles were summarized by report and, for
empirical comparisons, by analysis unit. Implementation context and reporting indicators used empirical
analysis units. The known duplicate conference/journal report pair was collapsed using its primary journal
report. These units do not imply independent participant samples; possible formative-sample overlap between
psychosocial reports remained qualified. Reviews and correspondence were excluded from empirical
denominators. Counts and percentages summarized the included literature descriptively; no confidence
intervals were calculated for these review-level proportions. Meta-analysis was inappropriate because tasks,
configurations, comparators, reference standards, outcomes, and metrics were not comparable. Sensitivity
analyses restricted evidence to hearing-specific reports and excluded conference-proceedings-only
investigations, retaining journal reports of linked pairs. An additional descriptive analysis tabulated application-
oriented units by publication year as counts and percentages of that year's empirical units, including adoption
surveys. Separate checks used the earliest report year for the linked pair or excluded surveys. No inferential
trend test was performed. Figure 2 shows reports by role, empirical analysis units by implementation context,
and application functions by context; its counts were generated from the same source-level dataset as the
tables.
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Figure 1

Cumulative PRISMA 2020 selection flow across the original and updated searches. Reports retrieved in both
search rounds are counted once. Of 110 included reports, 96 were empirical and 14 were reviews or
correspondence. The flow counts reports, not independent participant samples. Generated with the
PRISMA2020 package'%” using the official PRISMA 2020 templates,’%® distributed under CC BY 4.0. LLM, large
language model; ENT, ear, nose and throat.
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a) Research role (110 reports) b) Implementation context
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Figure 2

Research role, implementation context and application functions of LLM evidence in hearing care. Panel a
classifies 110 reports. Panel b shows implementation context for 95 empirical analysis units: M0, 2; M1, 49; M2,
30; M3, 14; M4 and M5, 0. Panel c maps 31 application-oriented analysis units by primary downstream function
and context; stacked segments indicate M2 and M3 counts. Linked duplicate reports are collapsed in panels b
and c, but retained in panel a. Possible shared formative samples across psychosocial reports mean these units
are not necessarily independent samples. No included study evaluated prospective service deployment or
comparative clinical/service impact. LLM, large language model.
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