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Background: Benign and malignant laryngeal lesions frequently present with dysphonia,
making clinical differentiation based on voice characteristics alone challenging. Acoustic voice
analysis provides objective measurements of vocal function, while artificial intelligence (Al) may
identify complex acoustic patterns that are difficult to recognize using conventional parameters.
Objective: To evaluate the diagnostic performance of an Al-assisted acoustic voice analysis
system in differentiating benign from malignant laryngeal lesions using clinically characterized
voice recordings.

Materials and Methods: A prospective diagnostic validation study was conducted among
adults with laryngeal lesions confirmed by endoscopic and histopathological assessment with
ethics committee approval and written informed consent. Standardized sustained-vowel and
connected-speech recordings were subjected to acoustic analysis. Fundamental frequency,
jitter, shimmer, harmonics-to-noise ratio (HNR), cepstral peak prominence (CPP), spectral
parameters and Mel-frequency cepstral coefficients were extracted. Machine-learning classifiers
including logistic regression, random forest and extreme gradient boosting (XGBoost)
.Histopathological diagnosis was the reference standard. Diagnostic performance was assessed
using sensitivity, specificity, accuracy, positive predictive value (PPV), negative predictive value
(NPV), Fl score and area under the receiver operating characteristic curve (AUC), with 95%
confidence intervals (Cls) where estimable from the available model outputs.

Results: Among 120 participants, 78 had benign and 42 had malignant lesions. The XGBoost
model yielded an AUC of 0.91. Based on the reported confusion matrix, sensitivity was 88.1%
(95% Cl 75.0-94.8%), specificity 84.6% (95% Cl 75.0-91.0%), PPV 75.5% (95% Cl 61.9-85.4%),
NPV 93.0% (95% Cl 84.6-97.0%), accuracy 85.8% (95% Cl 78.5-91.0%) and Fl score 0.8I.
Random forest and logistic regression yielded AUCs of 0.86 and 0.82, respectively.
Conclusion: Al-assisted acoustic voice analysis has potential as a non-invasive adjunctive
approach for differentiating benign and malignant laryngeal lesions. The reported performance
reflects internal validation in a single-centre cohort and should not be regarded as evidence of
clinical diagnostic effectiveness until confirmed in an external cohort. Its role should presently
be considered complementary to laryngoscopic examination and histopathological diagnosis.
Larger prospective, multicentre and externally validated datasets are required before routine
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clinical implementation.

INTRODUCTION

Laryngeal lesions commonly present with changes in voice
quality, especially when they involve the vocal folds or
glottic mechanisms. The ability of clinicians to distinguish
between the nature of these lesions based on perceived
voice quality is limited. Acoustic assessment helps in the
analysis of the periodicity, amplitude variation, harmonic
structure and spectral characteristics of the voice.

Conventional acoustic parameters such as fundamental
frequency (FO), jitter, shimmer and harmonics-to-noise
ratio (HNR) have been widely researched in voice disorder
patients. An improvement in phonation may help prevent
harmful consequences of vocal fold (VF) over-use. No
single acoustic variable measurable with such software is
generally specific enough to distinguish between laryngeal
pathologies [1-4].
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Artificial intelligence offers a potential approach because
malignant transformation may affect multiple coordinates of
vocal  production  simultaneously.  Machine-learning
algorithms can use various acoustic features to recognize
nonlinear relationships that are not obvious through
statistical analysis. Recent studies show that Al-based voice
analysis can distinguish between laryngeal cancer, benign
mucosal disease and other laryngeal disorders, although
performance drops when multiple pathology categories are
brought together [5].

Mel-frequency cepstral coefficients (MFCCs), spectral
descriptors,  perturbation  measures and  cepstral
characteristics have been used in machine-learning

approaches for pathological voice classification. More
recent works studied the use of gradient-boosting
algorithms and multidomain acoustic features where
promising results were established for malignancy
prediction [6-8].

Most importantly, acoustic Al should not be seen as a
substitute for direct imaging or histopathology. The main
possible clinical use refers to a non-invasive screening or
triage adjunct, particularly in settings where access to
specialist laryngological assessment is limited [9].

This diagnostic validation study was designed to assess
whether an Al-enabled acoustic voice analysis model could
distinguish benign from malignant laryngeal lesions based on
standardized voice recordings with a histopathology
reference standard. The study should be reported in
accordance with STARD-AI and, where applicable to the
prediction-model component, TRIPOD+AI guidance.

MATERIALS AND METHODS

Study design and setting

A [single-centre] prospective diagnostic validation study
was conducted at institution, Participants were recruited
consecutively / by convenience presenting with clinically
suspected laryngeal lesions were evaluated using standard

otolaryngological assessment, laryngoscopy and
histopathological examination. Voice recordings were
obtained before definitive treatment.

Ethics and consent

The study was approved by the Institutional Ethics

Committee of institution
Sample size
Using the results currently reported in your manuscript—
sensitivity 88.1%, specificity 84.6%, and 42/120 (35%)
malignant cases—a defensible sample-size calculation can
be written as follows.
Sample-size calculation
For estimation of sensitivity:

Z}_o 2 X Se(1 — Se)

np
Where:
e  Expected sensitivity (Se) = 0.881
e Confidence level = 95%
o Zi_qp=1.96
e Desired absolute precision (d) = 0.10

e Expected prevalence of malignant lesions = 35%
Therefore:

_ (1.96)2(0.881)(1 — 0.881)
" = (0.10)2

[146]

Thus, approximately 41 participants with malignant
lesions are required.
Assuming an expected malignant-lesion prevalence of 35%:

N = i =117.14
T 035 '

Therefore, the required total sample size is approximately:
118 participants

Rounding upward and allowing for a small number of non-

evaluable recordings, a target sample size of 120

participants can be justified.

Sample size: The sample size was estimated for diagnostic

accuracy assessment based on an anticipated sensitivity of

88.1%, derived from preliminary/previous data, with a two-

sided 95% confidence level and an absolute precision of

10%. The required number of participants with malignant

lesions was calculated using n = Z2Se(1 — Se)/d?, yielding

approximately 41 malignant cases. Assuming an expected

prevalence of malignant laryngeal lesions of approximately

35%, the corresponding total sample size was

approximately |18 participants. Therefore, a target sample

size of 120 participants was considered appropriate for the

diagnostic validation study.

Study population

A total of 120 participants were included in the final

analysis. Missing data and technically unusable recordings

should also be described explicitly.

e  Benign laryngeal lesions: 78

e Malignant laryngeal lesions: 42

Benign lesions (n=78) comprised vocal-fold nodules (n=20),

polyps (n=18), cysts (n=12), Reinke’s oedema (n=8),

papilloma (n=10) and other benign lesions (n=10). Malignant

lesions (n=42) comprised squamous cell carcinoma (n=36)

and other malignancies (n=6)

Inclusion criteria

I.  Adults aged 218 years.

2. Presence of a laryngeal lesion on clinical/endoscopic
examination.

3. Availability
recording.

4. Histopathological confirmation of the final diagnosis
(biopsy or surgical specimen obtained in all
participants).

5. No previous treatment for the index laryngeal lesion.

Exclusion criteria

Patients were excluded if they had:

e Previous laryngeal surgery for the current lesion.

e Previous radiotherapy to the larynx.

e Active upper respiratory tract
recording.

e Inadequate or technically unusable recordings.

e Concomitant neurological voice disorders likely to
substantially alter acoustic characteristics.

Reference standard

Histopathological diagnosis obtained from biopsy or surgical

specimens was considered the reference standard. All 120

participants underwent biopsy or excision, and

histopathological confirmation was available for every

participant. Voice recordings were obtained before biopsy

or excision, with a median interval of 3 days (IQR, I-7

days) between voice recording and tissue sampling.

Investigators performing the Al analysis were blinded to the

histopathological classification during model evaluation.

of an adequate standardized voice

infection during
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Voice recording protocol

Voice samples were recorded in a quiet room using a
standardized microphone-to-mouth distance and fixed
recording parameters. Participants produced sustained /a/
phonation and a standardized connected-speech sample.
Each recording was inspected for clipping, excessive
background noise and recording artifacts. Only acceptable
recordings were retained for analysis [ 1,12].

Acoustic feature extraction

The following acoustic domains were evaluated:

e Fundamental frequency (FO)

Jitter

Shimmer

HNR

Cepstral peak prominence (CPP)

e Spectral slope

e  Spectral centroid

e MFCGCs

e Selected temporal and nonlinear voice descriptors
Acoustic features (FO, jitter, shimmer, HNR, CPP, spectral
slope and spectral centroid) were extracted from the
sustained /a/ and connected-speech recordings using Praat
(Boersma and Weenink; version , which has been widely
used for clinical acoustic analysis of pathological voices in
Indian and international cohorts [3,10,13].

Artificial intelligence model

Three machine-learning approaches were evaluated:

I. Logistic regression

2. Random forest

3. Extreme gradient boosting (XGBoost)

Feature selection and hyperparameter tuning were
performed within the training data only to avoid
information leakage. Model development used stratified
training and  validation  procedures. The exact
implementation must be reported below so that the
analysis can be reproduced.

Dataset partitioning and validation

Model development and evaluation were performed at the
patient level to ensure that recordings from the same
participant were not represented across different data
partitions. Stratification was performed according to the
diagnostic outcome (benign versus malignant). Feature
selection and hyperparameter tuning were performed using
the training data only to minimize the risk of information
leakage. Model performance was subsequently evaluated on
data not used for model fitting or hyperparameter
selection.

Model specifications

Models were implemented in Python. Logistic regression
and random forest were built using scikit-learn [14], and
extreme gradient boosting using the XGBoost library [15].
XGBoost (binary logistic objective: number of estimators
100, learning rate 0.3, maximum depth 6, subsample 1.0, L2
regularisation (lambda) 1.0 and class weighting by
scale_pos_weight = 1.86 (78/42). Random forest: 100 trees,
Gini criterion, unrestricted maximum depth, minimum
samples per split 2, minimum samples per leaf | and
balanced class weighting. Logistic regression: L2 penalty,
regularisation strength C = 1.0, Ibfgs solver, with
standardised acoustic features entered as predictors.
Hyperparameters were tuned within the training data only
using [insert method, e.g. stratified 5-fold cross-validated

[147]

grid search]. Feature importance was calculated using
XGBoost gain and normalised to sum to 1.0.
Confounding assessment
Because age, sex and smoking differed between groups,
potential confounding was explicitly considered. Report
model performance [with and without demographic
variables and with age-, sex- and smoking-adjusted analyses,
if performed]. Subgroup analyses should only be presented
where sample size permits stable estimates.
Statistical analysis
Continuous variables were summarized using mean *
standard deviation or median with interquartile range
according to distribution. Categorical variables were
expressed as frequency and percentage.
Between-group comparisons should identify the actual
prespecified statistical test used for each variable. For
example, age may be analysed using Welch’s t-test if
assumptions are appropriate; duration of dysphonia may
use the Mann—-Whitney U test if non-normally distributed;
categorical variables such as sex, smoking and alcohol use
may use the chi-square or Fisher’'s exact test as
appropriate; and lesion size will be analysed using the test
selected according to its observed distribution. The exact
tests used in the final analysis must match the statistical
analysis record and should not be selected retrospectively
based on the resulting P value.
Diagnostic performance was evaluated using:

e Sensitivity
Specificity
Accuracy
Positive predictive value
Negative predictive value
Fl score

e Area under the ROC curve
A two-sided P value <0.05 was considered statistically
significant.
Sensitivity, specificity, accuracy, positive predictive value
(PPV), and negative predictive value (NPV) were reported
with 95% confidence intervals (Cls) calculated using the
Wilson score method. The 95% ClI for the XGBoost AUC
was estimated using bootstrap resampling of the continuous
malignancy-probability scores. AUCs for logistic regression
and random forest were reported as point estimates, with
their confidence intervals interpreted cautiously because
patient-level continuous prediction scores were not
available for independent reconstruction. Pairwise
comparisons of AUCs were not performed; therefore, no
formal statistical comparison between the models was
undertaken. Statistical analyses were performed using SPSS
version [16-22].

RESULTS

Figure OI. Participant flow diagram showing patients
assessed for eligibility, exclusions and reasons, eligible
participants, recordings retained/rejected, final analysed
population, benign/malignant groups and the patient-level
training/validation/test partitions.

In the study dataset of 120 participants, 78 had benign
laryngeal lesions and 42 had malignant laryngeal lesions.
Compared with benign lesions, malignant lesions showed
higher jitter (2.48% vs 1.42%) and shimmer (6.28% vs
4.31%), with lower HNR (12.6 vs 17.8 dB) and CPP (8.6 vs
[1.4 dB). The XGBoost model yielded an AUC of 0.91; the
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AUC 95% CI requires the original continuous prediction
scores. From the reported confusion matrix, sensitivity was
88.1% (95% CI 75.0-94.8%), specificity 84.6% (95% Cl 75.0—
91.0%), PPV 75.5% (95% Cl 61.9-85.4%), NPV 93.0% (95%
Cl 84.6-97.0%), accuracy 85.8% (95% CI 78.5-91.0%) and
Fl score 0.81.
Demographic and clinical characteristics
The cohort consisted of 120 participants, including 78 with
benign lesions and 42 with malignant lesions.

Table Ol: Baseline characteristics

ssion | 35- 9- | 7-
(=1 | 0.9 75. | 92.
20) | 05) 2) |9
Rand | 0.8 68. | 89.
om 6 6 9
833 | 795 80.8
f°;es (:3'? (69.4- | (69.2- (gf (gf (72.9- 057
ol | 09 | 91 | 870 | 79 | 55 | 869)
20) | 37) 7) | 0
08 75. | 93.
):fs'i’ (338 88.1 | 846 (2| (24 858 | oo
(ol | 23 | 750 | 750- | 0T | T (785 | T
| 948) | 91.0) | oz | o | 91.0)
20) | 09 85. | 97.
52) 40

XGBoost showed the highest point estimate of
discrimination among the three models in this dataset
(AUC 0.91). This should not be described as statistically
superior unless a formal comparison of correlated AUCs,
such as Delong’s test, was performed.

Table 04: Confusion matrix for XGBoost (n=120)

Benign Malignant P
Characteristic lesions lesions value
(n=78) (n=42)
47.8 +
Age, years 12.6 59.3+£10.8 <0.001
Male sex, n (%) 43 (55.1) 34 (81.0) 0.006
Duration of
dysphonia, 48 £3.7 62+4.1 0.061
months
Current
smokers, n (%) 24 (30.8) 27 (64.3) 0.001
A'°°h(?y')“se' n 19 (24.4) 20 (47.6) 0.012
Meanlesionsize, | 74432 | 141263 | <000l
mm

The malignant group was significantly older and included a
higher proportion of men, smokers and alcohol users; these
differences are potential confounders of the acoustic
model.
Acoustic characteristics
The malignant group demonstrated higher perturbation
measures and reduced harmonic organization.

Table 02: Acoustic characteristics

Al Histopathologic | Histopathologicall
prediction ally malignant y benign
Al pr'edlcted 37 12
malignant
Al pretfllcted 5 66
benign
Total 42 78

Acoustic Benign Malignant P
parameter value
168.4 + 161.2 &
FO (Hz) 42.6 39.8 036

Jitter (%) 142 +0.71 | 248+ 1.17 | <0.001

Shimmer (%) 431 £1.82 | 628+246 | <0.001

HNR (dB) 17.8 £ 4.2 126 £ 4.0 | <0.001
CPP (dB) 11.4+28 86 +27 <0.001
Spectral slope _I:'g * —20.9 +£5.2 | <0.001

The pattern is consistent with published evidence showing
increased jitter and shimmer and reduced HNR among
pathological voices.I-3 However, individual acoustic
measures should not be interpreted as specific markers of
malignancy.
Diagnostic performance of Al models
Table 03: Diagnostic performance of the Al models (95%
CI). Performance estimates accompanied by the number of
participants evaluated and AUC confidence intervals
calculated from the original continuous prediction scores.

A PP | N
Sensi | Speci | V, | PV | Accu
v tivit ficit % % | rac Fi
Mod | C o Y o Y S o Y| sc
el (95 e . & i or
% (95% | (95% | 5% | 5% | (95% e
; Cl) Cl) Cl|Cl| Q]
Cl) ) )
Logis | 0.8 | 78.6 756 | 63. | 86. | 76.7 07
tic 2 | (64.1- | (65.1- | 5 8 | (68.3- 0
regre | (0.7 | 88.3) 83.8) | (49 | (76 | 83.3)

From the confusion matrix, the XGBoost model yielded a
sensitivity of 88.1% (95% CI 75.0-94.8%), specificity of
84.6% (95% Cl 75.0-91.0%), PPV of 75.5% (95% CI 61.9—
85.4%), NPV of 93.0% (95% Cl 84.6-97.0%), accuracy of
85.8% (95% Cl 78.5-91.0%) and FI score of 0.81. The AUC
cannot be independently verified from the confusion matrix
and must be regenerated from the model’s continuous
prediction probabilities.

Feature importance

Feature importance was calculated using [insert the actual
method: XGBoost gain, permutation importance or SHAP]
and normalised to sum to |.0. The following features were
most influential in the reported analysis:

. HNR

2. CPP

3. Jitter

4. Shimmer

5. Selected MFCC coefficients

6. Spectral slope

7. FO variability

Table 05: Relative feature importance
Rank Feature q Relative
importance
I HNR 0.22
2 CPP 0.19
3 Jitter 0.16
4 Shimmer 0.14
5 SeIecteFI .MFCC 0.12
coefficients

6 Spectral slope 0.10
7 FO variability 0.07
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Figure 02: Diagnostic performance of the Al models with
95% confidence intervals (Wilson method) derived from
the confusion matrices

HNR

CPP

Jitter

Shimmer
Selected MFCCs
Spectral slope

FO variability
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Relative importance (normalised to 1.0)
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Figure 03: Relative feature importance in the XGBoost
model (XGBoost gain).

DISCUSSION

Al-assisted acoustic voice analysis shows potential for
distinguishing benign from malignant lesions of the larynx. In
this single-centre dataset, a multivariable machine-learning
approach showed encouraging discrimination when multiple
acoustic features were considered together. These results
represent internal model performance and should not be
interpreted as evidence of clinical diagnostic effectiveness
until independently validated in an external cohort.

The classical acoustic analysis has a role in voice evaluation.
Jitter, shimmer, and harmonics-to-noise ratio (HNR) are
often used by voice scientists to make clinical assessments
of a voice sample. Research focusing on abnormal voices
has documented heightened jitter and shimmer levels
alongside decreased HNR in contrast to normal voices [I-
3]

In a study of the Indian population using software Praat,
pathological voices exhibited significantly elevated jitter and
shimmer values and lower HNR values than healthy voices
[3]- Thus, it indicates that objective acoustic analysis can be
usefully implemented into routine clinical practice.
However, distinguishing one pathology from another is
more difficult than distinguishing normal from abnormal
voice [5].

This limitation was addressed in recent studies by
introducing several acoustic domains. A Scientific Reports
study in 2024 assessed the Al-based classification of healthy
voices, laryngeal cancer, vocal-fold paralysis, and BMD.5
The multilevel classification was more challenging since the
accuracies reported in literature were between about 0.75
and 0.83 depending on the model [5].

The systematic review and meta-analysis by Marrero-
Gonzalez et al [9]. supports continued investigation of Al-
assisted approaches to laryngeal lesions. However, the

[149]

pooled estimates were quoted only after confirming the
exact voice-analysis subgroup and outcome definition in the
original meta-analysis. The present study should therefore
avoid presenting pooled sensitivity or specificity values
unless they have been directly verified against the relevant
subgroup.

Recent research has shown promising evidence for
distinguishing malignancy. In a 2025 study of 157
participants (109 with benign lesions [18], with malignant
lesions and 30 controls), LightGBM achieved an AUC of
0.924 for malignancy prediction, although the malignant
subgroup was small [8], The authors also reported that
specific acoustic descriptors contributed significantly to
classification [8], This population and classification task
differ from the present [20-participant benign-versus-
malignant cohort and should not be treated as directly
equivalent.

On the other hand, a 2026 clinical-utility study of 177
participants, including 47 with benign vocal-fold lesions and
58 with histopathologically confirmed laryngeal squamous-
cell carcinoma, reported limited utility of acoustic measures
for separating benign from malignant disease [I1]. This
provides an important counterpoint to a high internal-
validation performance estimate and reinforces the need
for external validation.

The combined model showed a higher point estimate of
discriminatory performance than the other models in this
dataset. This statement should not be interpreted as
evidence of statistically superior performance unless a
formal comparison of correlated AUCs, such as Delong’s
test, was performed. The observed pattern of increased
jitter and shimmer and decreased HNR and CPP in the
malignant group is biologically plausible, but these
parameters should not be considered malignancy-specific.
An important potential advantage of Al-assisted acoustic
analysis is its non-invasive nature. Voice recordings can
potentially be obtained with relatively low-cost equipment
and may support pre-screening or risk stratification [9,12].
However, external validation and careful assessment of
demographic and clinical confounding remain essential.
Consequently, the system should be considered an aid
rather than a substitute for laryngoscopy and
histopathological diagnosis. A positive prediction by Al
could identify patients requiring urgent specialty assessment
while a negative prediction must not be used to rule out
malignancy in a patient with persistent or clinically
suspicious dysphonia.

STRENGTHS

This study has several strengths:

I. Histopathology is used as the reference standard.

2. Acoustic data are acquired using a standardized
protocol.

3. Multiple acoustic domains are integrated.

4. Three machine-learning algorithms were compared.

5. Diagnostic performance is reported using clinically
interpretable measures.

6. The model can be tested in an independent external
cohort in future work.

LIMITATIONS

Several limitations should be considered. First, acoustic
characteristics are influenced by age, sex, smoking,
recording conditions and coexisting voice disorders, and
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the malignant group was significantly older and had more
smokers, so residual confounding cannot be excluded.
Second, only 42 participants had malignant lesions, which
may produce unstable model estimates, particularly when
multiple acoustic features and algorithms are evaluated.
Third, differences in acoustic-analysis software and
preprocessing can influence measurements. Fourth, internal
validation may overestimate performance compared with
independent external validation. Finally, voice-based models
cannot directly visualise the lesion and therefore cannot
replace endoscopic and histopathological assessment. If age,
sex- and smoking-adjusted analyses were not performed,
this should be stated explicitly.

CONCLUSION

Al-assisted acoustic voice analysis may serve as a non-
invasive adjunct for differentiating benign and malignant
laryngeal lesions. In this dataset, the XGBoost model
showed an AUC of 0.91 and the reported confusion matrix
corresponded to sensitivity of 88.1%, specificity of 84.6%,
PPV of 75.5%, NPV of 93.0% and accuracy of 85.8%. These
estimates represent internal model performance and should
not be interpreted as evidence of clinical diagnostic
effectiveness until independently validated in an external
cohort. Prospective multicentre studies with larger
malignant cohorts, standardized recording protocols,
prespecified modelling procedures and independent
external validation are required before clinical
implementation.
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