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Abstract

Introduction and aim. Voice disorders and laryngeal diseases impair communication, quality of life and work ability. Persis-
tent dysphonia may also indicate glottic or laryngeal cancer. This systematic review evaluates artificial intelligence (Al)-assisted
acoustic voice analysis as a non-invasive tool for screening support, triage and risk stratification of laryngeal diseases and voice
disorders.

Methods. The review was guided by the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
2020 statement. PubMed/MEDLINE, Scopus, Web of Science, IEEE Xplore and Google Scholar were searched using predefined
Boolean strategies. The search identified 412 records; after removal of 118 duplicates, 294 titles and abstracts were screened.
Eighty-two full texts were assessed, and 30 publications were included in qualitative synthesis. Meta-analysis was not performed
because of heterogeneity in target conditions, voice tasks, acoustic features, artificial intelligence (AI) models and outcome met-
rics.

Brief summary of current knowledge. Al-assisted acoustic voice analysis shows high performance in binary classification of
healthy and pathological voice, especially using mel-frequency cepstral coefficients (MFCCs), perturbation measures, harmonic-
to-noise ratio (HNR) and spectrogram-based features. However, multiclass classification and differentiation between benign and
malignant laryngeal disease remain challenging. Multimodal models using voice, demographic and clinical data appear more
promising than voice-only approaches.

Summary. Al-assisted acoustic voice analysis may support scalable screening, triage and telemonitoring, particularly where
specialist laryngological care is limited. Implementation requires standardized recordings, external validation, explainable mod-
els, safety-netting and prospective clinical studies.
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INTRODUCTION AND AIM

Voice disorders and laryngeal diseases are relevant clinical
and public health problems as they impair communication,
social participation and professional functioning. Dysphonia
may result from benign vocal fold lesions, vocal fold paralysis,
neurological voice disorders and malignant laryngeal diseases.
Specialist examination with laryngoscopy or videolaryngos-
troboscopy remains essential, but access to such examination
may be limited by geographic location, equipment availability
and waiting times [1-4].

Artificial intelligence (Al)-assisted acoustic voice analysis
has been therefore proposed as a scalable digital health ap-
proach. Voice can be recorded remotely, repeatedly and at
low cost, making it an attractive support for screening and
referral prioritisation. At the same time, the voice is a com-

plex biomarker influenced by anatomy, phonation, respiratory
function, language, age, sex and recording conditions, which
means that performance claims require careful interpretation
[5-10].

The aim of this systematic review was to evaluate the evi-
dence on artificial intelligence-assisted acoustic voice analysis
as a non-invasive tool for screening support, triage and risk
stratification of laryngeal diseases and voice disorders, with
emphasis on public health implementation, safety and limita-
tions.
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METHODS OF REVIEW

Design and reporting

This systematic review with qualitative synthesis was guid-
ed by the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 statement. The protocol
was not prospectively registered. Because the field is hetero-
geneous and includes engineering, clinical and public health
studies, the review focused on qualitative synthesis rather than
statistical pooling.

Search strategy

A search of the PubMed/MEDLINE, Scopus, Web of Sci-
ence, IEEE Xplore and Google Scholar was completed on 10
May 2026. Search strings combined terms related to artificial
intelligence, acoustic voice or speech analysis, dysphonia, la-
ryngeal diseases, vocal fold pathology, cancer and screening.
Reference lists of key reviews and eligible studies were also
screened.

The detailed database-specific search strategies, dates and
results are presented in Table 1.

TABLE 1. Search strategy used for the systematic review.

. Date Filters/
Database Search string searched results
(“voice analysis” OR “speech
analysis” OR dysphonia OR “voice
disorder” OR “vocal biomarker”)
AND (“artificial intelligence” OR English;
PubMed « . Lo «
/MEDLINE ‘machine learning” OR “deep 20.04.2026  humans;
learning” OR “neural network” OR n=126
CNN OR SVM) AND (laryngeal
OR “vocal fold” OR “laryngeal
cancer”
TITLE-ABS-KEY/((“voice
analysis” OR “speech analysis” OR
dysphonia) AND (“artificial intelli- English;
Scopus gence” OR “machine learning” OR 20.04.2026 n=94
“deep learning”) AND (laryngeal
OR “vocal fold” OR cancer))
TS=((“voice analysis” OR “speech
analysis” OR dysphonia) AND (Al .
gf:n(;fe OR “machine learning” OR “deep  20.04.2026 Elfihjil’
learning”’) AND (laryngeal OR “vo-
cal fold” OR “voice disorder”))
( v01§e, ’pathcilogy OR VOI-C?, Conference
[EEE analysis” OR “speech analysis”) Jiournal
AND (“machine learning” OR 20.04.2026
Xplore « . .~ m o records;
deep learning” OR “artificial intel- —
> v n=>58
ligence™)
Targeted search using combinations
e s o e
g 8 QYSpROnId; AIYRECd’  20.04.2026  records
Scholar cancer voice analysis; MFCC voice =63

disorder. First 100 results and cita-
tion links were screened.

Eligibility criteria
The inclusion and exclusion criteria used to determine eligi-
bility are summarized in Table 2.
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TABLE 2. Eligibility criteria.

Criterion Inclusion Exclusion
Laryngeal diseases, voice disor- Studies unrelated to
. ders, vocal fold lesions, laryngeal  voice production, laryn-
Population .
" cancer, dysphonia, post-laryngecto- geal pathology
/condition ; . . .
my voice and methodologically rel- or acoustic voice/speech
evant neurological voice disorders assessment
. . Image-only laryngosco-
AI/ML or deep learning applied to ge-only laryngose
Index test o . py studies without voice
acoustic voice/speech recordings .
/method . component; subjective
or extracted acoustic features .
voice assessment only
Screening, triage, pathology detec- .
. €, lrage, pathology ¢ Speech recognition
tion/classification, risk stratifica- . . L.
Outcomes . . . studies without clinical
tion, performance metrics, valida- . .
A . . diagnostic relevance
tion, implementation barriers
Original studies, systematic/scop-  Editorials, letters, book
Publication ing reviews, meta-analyses chapters, non-English
type and high-relevance methodological publications, abstracts

papers in English

without full text

Study selection and data extraction

Two reviewers independently screened titles and abstracts,
followed by full-text assessment. Disagreements were resolved
by discussion and consensus. Reasons for full-text exclusion
were recorded. Data extracted from eligible publications in-
cluded study design, population or target condition, voice task,
acoustic features, AI/ML model, validation strategy, perfor-
mance metrics, clinical application and reported limitations.

The search identified 412 records. After removal of 118
duplicates, 294 titles and abstracts were screened. Eighty-two
full-text reports were assessed for eligibility, and 30 publica-
tions were included in the qualitative synthesis. No study was
eligible for quantitative meta-analysis.

The study selection process is illustrated in Figure 1, which
shows record identification, screening, eligibility assessment
and final inclusion.

Records identified from databases (n = 412)

PubMed/MEDLINE (n = 126); Scopus (n = 94)

Web of Science (n = 71); IEEE Xplore (n = 58)
Google Scholar/additional search (n = 63)

'

Duplicate records removed before screening

v

Records screened by title and abstract
(n =294)

Identification

Records excluded
(n = 212)

Screening

A

Full-text reports assessed for eligibility
( 2)

n=8
Full-text reports excluded, with reasons (n = 52)
« Not focused on voice/speech analysis (n = 14)
+ Image-only laryngoscopy studies (n = )

« No Al/ML component (n =

« Speech recognition without clinical

diagnostic relevance (n =

« Insufficient methodological details (n = 6)

« Non-laryngeal/non-voice pathology

focus (n = 5)

+ Conference abstract only/no full text (n = 3)

Eligibility

in i
(n =30)

v

Studies i

in itative
(meta-analysis)
(n=0)

FIGURE 1. PRISMA flow diagram of study selection.
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Quality assessment and synthesis

The Quality Assessment of Diagnostic Accuracy Studies-2
(QUADAS-2)-style assessment was applied to primary diag-
nostic or model-development studies, considering patient se-
lection, the index test, the reference standard, the flow and the
study timing, and overall risk of bias. Reviews and methodo-
logical papers were used to contextualise the field and identify
additional primary studies, but they were not treated as pri-
mary clinical performance evidence. Due to the heterogeneity
in target conditions, recording protocols, voice tasks, acoustic
features, model architectures, validation methods and outcome
metrics, statistical pooling would have been methodologically
inappropriate.

Current knowledge

Study selection and evidence map

The included publications covered several evidence do-
mains: general Al detection of voice pathology, acoustic fea-
ture extraction, deep learning and hybrid models, laryngeal
cancer risk stratification, telemedicine and adjacent voice bio-
marker applications. Primary studies were prioritised when in-
terpreting model performance, whereas systematic and scop-
ing reviews were used to summarise broader methodological
trends [1,11-22].

The main evidence domains and their public health inter-
pretations are summarized in Table 3.

TABLE 3. Evidence domains and public health interpretation.

Evidence . . Public health
. Main findings . .
domain interpretation
. Often high reported performfmce Potential screening
Binary when healthy and pathological
. . support, but perfor-
detection of voices are compared; MFCCs, .
. . mance may be inflated
pathological  perturbation measures, HNR and .
. by simple case-control
voice spectrograms are frequently used .
[11-17] designs.
Multiclass Performance decreases when mod-  Clinically relevant but
laryngeal els distinguish specific laryngeal ~ not yet robust enough
disease conditions rather than healthy vs  for standalone diagnos-

classification  pathological voice [2.4,14,15,30]. tic use.
Voice-only models may be insuf-
ficient; multimodal approaches
combining voice, demographics
and medical records perform better
[20-22].
Voice recordings can be col-

lected remotely and may support

Useful for triage and
referral prioritisation,
not for excluding
cancer.

Cancer-
oriented risk
stratification

May improve access

Telemedicine -
where specialist laryn-

iz;sleprlmary decision-making before specialist ~ gological services are
evaluation [16-18,28]. limited.

Adjacent Parkinson's disease, post-laryngec- Useful for method

; . development, but
voice tomy voice, COVID-19 and wear- R .

. . . not direct evidence
biomarker able sensing provide transferable for larvngeal discase
fields methodological lessons [23-29]. yne

screening.

Acoustic features and artificial intelligence methods

Acoustic analysis typically relies on parameters reflecting
phonation stability and signal structure, including fundamen-
tal frequency, jitter, shimmer, harmonic-to-noise ratio, cepstral
measures and spectral features. Mel-frequency cepstral coef-
ficients (MFCCs) are among the most widely used represen-
tations because they approximate aspects of human auditory
perception and can be combined with classical machine learn-
ing or deep learning models [11-14].

Classical algorithms such as support vector machines,
Gaussian mixture models, the k-nearest neighbours and random
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forests remain common, particularly in smaller datasets. Deep
learning models, including convolutional neural networks and
recurrent architectures, can analyse spectrograms and tempo-
ral patterns but may require larger datasets and careful valida-
tion. Hybrid models combining acoustic parameters, cepstral
features and ensemble classifiers have reported high accuracy,
although external validation is often limited [15-19].

Screening, triage and laryngeal cancer risk stratification

The clearest distinction emerging from the review is be-
tween the screening support and clinical diagnosis. Al-as-
sisted acoustic voice analysis can identify abnormal voice
patterns and may help prioritise referrals, but it does not re-
place laryngoscopy, histopathology or specialist assessment.
Binary classification has the strongest evidence, whereas clini-
cally relevant multiclass classification remains more difficult
[1,2,4,15-17,30].

Laryngeal cancer is the most safety-sensitive application.
Meta-analytic evidence suggests promising diagnostic perfor-
mance, but many studies compare cancer voices with healthy
controls rather than with cases of benign dysphonia, which
may overestimate real-world performance [20]. In a clinically
relevant glottic neoplasm setting, the addition of demographic
and structured clinical data improved performance compared
with voice-only analysis, and acoustic signatures have also
been explored for distinguishing organic lesions and malig-
nancy [21,22].

False negative results represent the most important safety
concern. A low-risk Al output should not delay referral in
patients with persistent hoarseness, progressive symptoms,
dysphagia, dyspnoea, haemoptysis, neck mass or relevant risk
factors such as smoking. Therefore, any screening pathway
should include safety-netting advice and predefined referral
criteria independent of the algorithmic score.

Telemedicine, multimodal data and

pathway

implementation

From a public health perspective, the strongest value of Al-
assisted acoustic voice analysis lies in scalability. A practical
pathway could include a short clinical questionnaire, standard-
ised voice recording, automated recording-quality assessment,
risk scoring and referral recommendation. Patients could then
be classified into urgent specialist consultation, standard con-
sultation, monitoring with safety-netting or repeat recording
due to poor signal quality.

Future models should incorporate multimodal variables,
rather than voice alone. Relevant variables include age, sex,
smoking history, duration of hoarseness, dysphagia, dyspnoea,
throat pain, reflux symptoms, occupational exposure, prior
laryngeal disease and patient-reported voice handicap. Such
information may improve calibration and reduce false reassur-
ance in high-risk patients.

The proposed public health implementation pathway, in-
cluding clinical triage stages and safeguards, is presented in
Table 4.
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TABLE 4. Proposed public health implementation pathway.

Stage Action Safety safeguard
. Persistent hoarseness or voice Alarm symptoms trigger
Patient . L
complaint reported in primary care referral regardless
entry .
or telemedicine of Al score
Standardised sustained vowel/ Recording quality check
Data . - N
. reading task plus short clinical and repeat recording if
collection

signal is inadequate
Model output presented
as risk support,
not diagnosis

questionnaire

Feature extraction and risk score

Al analysis .
generation

Referral criteria inde-

Clinical Urgent referral, routine referral, .
. - . pendent of the algorithm
triage monitoring, or repeat recording . .
remain active
. Continuous audit of false
Outcome confirmation . .
Follow-up negatives, bias

after specialist evaluation o
P and calibration

Risk of bias, governance and implementation barriers

The risk of bias was driven mainly by patient selection,
small or single-centre datasets, inconsistent reference stand-
ards, incomplete reporting of validation procedures and lim-
ited external validation. the generalisability is further affected
by language, sex, age, microphone type, recording environ-
ment and clinical spectrum. These issues are especially impor-
tant for public health deployment, where models must perform
safely in heterogeneous populations [1,5,10,26,27].

The main risk-of-bias domains and recommended imple-
mentation safeguards are summarized in Table 5.

TABLE 5. Main risk-of-bias and implementation safeguards.

Domain Common concern Recommended safeguard
Patient Small samples, enriched Prospective multicentre
selection case-control datasets and limited cohorts representing primary

demographic diversity care and specialist settings
. . Standardised recordin
Variable microphones, tasks &
Index test and preprocessine pinelines protocol and automated
prep g PP signal-quality assessment
Different diagnostic labels Uniform laryngological
Reference . g L. ryngolog
and incomplete clinical reference standard and
standard .
confirmation transparent ground truth
- . External validation, calibra-
oy Internal validation dominates; . X
Validation o tion reporting and subgroup
external validation uncommon .
performance analysis
Voice data are potentially Consent, encryption,
Governance identifiable and may reveal privacy-by-design

sensitive information and audit trails

Data governance is also central. The voice has potential to
identify an individual and may contain information beyond
the target disorder. Implementation should therefore include
explicit consent, data minimisation, secure storage, model
monitoring, transparent communication of limitations and
clinician oversight. Wearable acoustic sensors and mobile re-
cording tools may expand monitoring possibilities, but they
also increase the need for privacy-preserving design [7,28,29].

SUMMARY

Al-assisted acoustic voice analysis is a promising public
health-oriented tool for screening support, triage and telemoni-
toring of laryngeal diseases and voice disorders. The evidence is
strongest for the binary classification of healthy and patholog-
ical voice. More clinically useful tasks, such as differentiating
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benign from malignant disease or distinguishing multiple la-
ryngeal pathologies, remain underdeveloped.

The key conclusion is that voice-based Al should be im-
plemented as an additional decision-support layer before spe-
cialist assessment, not as a replacement for laryngoscopy or
oncological diagnostics. The safest pathway is multimodal
process: voice recordings should be interpreted together with
demographic data, symptoms, risk factors and patient-reported
outcomes. Prospective clinical studies, external validation, ex-
plainable models, standardised recording protocols and active
safety-netting are required before routine deployment.
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