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Videomics and artificial intelligence in endoscopic
diagnosis of laryngeal lesions: mapping current

evidence through a scoping review

D]

Cover figure. Main task of videomics applied to laryngeal endoscopy. The red box (A) repre-
sents the detection of a squamous cell carcinoma with a confidence score of 90%. The same
lesion is evaluated, and a superficial segmentation is obtained in the white dotted box (B). C
and D show the classification of a left vocal fold carcinoma and cyst, respectively.

Summary

Laryngeal lesions are common and despite advances like high-definition videolaryngoscopy and
enhanced imaging modalities such as narrow-band imaging, laryngoscopy remains operator-de-
pendent. In this setting, artificial intelligence (Al) represents a promising tool to support clinical
evaluation. This scoping review evaluated the current applications of Al in the endoscopic diagno-
sis of laryngeal lesions. A comprehensive search of MEDLINE and Scopus databases included 35
studies addressing Al-based detection, classification, or segmentation of laryngeal pathologies.
Detection models frequently achieved real-time inference speeds and strong performance metrics,
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although external validation was limited. Classification studies showed particularly robust results
for binary tasks distinguishing high-risk from low-risk lesions, with some models achieving sensi-
tivity and accuracy exceeding 90%. Segmentation models demonstrated the potential for precise
delineation of cancer margins, a capability of notable relevance for surgical planning and intraoper-
ative decision-making. Despite promising advances, heterogeneity in study design, limited external
validation, and reliance on single-centre datasets currently restrict broad clinical implementation.
Nonetheless, the emerging integration of Al into laryngeal endoscopy represents a significant step

toward reproducible and accessible diagnostic assessment.

Keywords: artificial intelligence, deep learning, convolutional neural network, detection, larynx,

segmentation

Introduction

Approximately 6-22% of premalignant laryngeal lesions
progress to malignancy and therefore early and accurate
differentiation between benign and potentially malignant
lesions is critical, as timely diagnosis and intervention sig-
nificantly impact survival and quality of life .
Laryngoscopy represents the gold standard for evaluating
laryngeal pathology. Moreover, diagnostic accuracy has
markedly improved with the advent of white light (WL)
high-definition digital videolaryngoscopy (HD-VLS) and
imaging modalities that enhance submucosal vascular pat-
tern, such as narrow-band imaging (NBI) 2. Nevertheless,
despite the advances of technology, laryngoscopy remains
operator-dependent, necessitating a substantial learning
curve and depending on inherent human limitations °.

It is known that rural areas exhibit higher incidence and
mortality rates of laryngeal cancer compared with urban
regions, possibly due to a shortage of trained Otolaryngolo-
gists ©. In such settings, the use of a diagnostic method that
enables accurate and comprehensive evaluation of laryn-
geal lesions, while remaining cost-effective, would be of
paramount importance 7.

In view of the foregoing, artificial intelligence (AI) rep-
resents a potentially powerful tool to assist clinicians in
addressing the complexities of upper aerodigestive tract
(UADT) examination. The integration of Al into endoscopy
harnesses the power of computer vision (CV), a branch of
Al that enables algorithms to extract meaningful informa-
tion from visual data. This approach is commonly referred
to as “videomics” 8.

Lately, the potentiality of Al in the diagnosis of laryngeal
lesions has been investigated in several studies, through the
development of different Al tasks, such as detection, clas-
sification, and segmentation. The aim of this paper is to fo-
cus on the application of Al to the endoscopic diagnosis of
benign and malignant laryngeal lesions.
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Materials and methods

A review of the literature was performed up to November
2025, following the Preferred Reporting Items for System-
atic Reviews and MetaAnalyses (PRISMA) guidelines .
The following electronic databases were searched: MED-
LINE and Scopus. The search strategy included MeSH
terms comprising the site of examination (e.g., larynx), the
endoscopic exam (e.g., laryngoscopy) and the application
of Al (e.g., deep learning). The search strings are reported
in Supplementary online material.

Inclusion criteria were: (1) Application of Al to larynge-
al endoscopy (including both videos and frames as input
data); (2) Use of Al for the analysis of laryngeal lesions
(benign and/or malignant); (3) Properly reported outcomes;
(4) Full text available. Exclusion criteria were: (1) Al ap-
plied to other diagnostic techniques (e.g., radiology, pa-
thology, or other imaging modalities); (2) Review articles,
systematic reviews, and letters to the editor; (3) Studies
published in languages other than English. Selected papers
went through screening and assessment of eligibility before
being included.

Data collection and charting from the included study was
performed independently by 3 authors (Al EB, and MSS)
and reviewed by all the authors. As presented in Figure 1,
35 articles were included in the review. Overall data were
ultimately charted and analysed to describe the application
of Al to diagnose laryngeal neoplasm, and 3 main fields of
application were identified (lesion detection, classification
and segmentation).

Results and discussion

Laryngeal lesions encompass a wide spectrum of condi-
tions, from inflammatory to neoplastic diseases, and their
variable presentation means that malignant lesions may be
overlooked by less experienced clinicians or when subopti-
mal equipment is used. Accurate identification and diagno-
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Figure 1. Preferred Reporting Items for Systematic Reviews and MetaAnalyses (PRISMA) flow diagram explaining the selection criteria of the in-

cluded studies.

sis are essential for determining the appropriate treatment
plan, and in case of malignancy, precise delineation of the
lesion’s superficial extent is critical for effective surgical
management. In this context, Al has demonstrated substan-
tial potential in videomics, achieving notable performance
in detecting lesions during endoscopy, classifying them on
frames or videos, and segmenting the superficial extent of
malignant disease. The meta-analyses by Marrero-Gonza-
lez et al. ' and Zurek et al. 12, involving 12 and 11 studies
respectively, efficiently summarise the excellent outcomes
of Al applied to laryngeal endoscopy, reporting a pooled
sensitivity for the classification of benign from malignant
lesions of 91%. Nevertheless, conducting a meta-analysis
in this field is technically challenging, as the included
studies exhibit substantial methodological heterogeneity.
Each experiment uses a different algorithm, and thus the
results depend on the model’s implementation, context, and
computational resources. Moreover, even if the diagnos-
tic performances of numerous Al models are convincing,
their applicability in clinical practice must first be tested
and demonstrated on external validation cohorts, and this
pivotal aspect is not adequately addressed in the existing
reviews in the literature.

In a previous state-of-the-art review, we provided a guide
through the complexities of Al applied to UADT endos-
copy, analysing the outcome reporting systems, and ex-
plaining the main CV tasks in this field ®. In this review, we
guide readers through the complexities of the algorithmic
architectures used in videomics focusing on the larynx, ex-
amining the most significant results of the included papers,
analyzing the 3 main fields in which AI has been applied so
far in the endoscopic diagnosis of laryngeal lesions: lesion
detection, classification, and superficial delineation (Cover
figure).

Al models in videomics

In recent years, the application of Al to laryngeal endos-
copy has been the focus of increasingly extensive research,
and its development has led to the validation of more com-
plex and articulated algorithms. The vast majority of the
included studies exploit deep learning (DL) models, while
simpler models, such as the ones based on machine learning
(ML) techniques (e.g., Support Vector Machine, Random
Forest, or logistic regression model), are far less employed
in CV. This is because they require manually engineered
features during training (such as texture, colour, geom-
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etry), they lose efficacy when analysing complex input such
as endoscopic images or video, and are outperformed by
DL models in almost all cases. However, as reported by
Xiong et al. '* and Kuo et al., '* models like Support Vector
Machine can play a role especially in case of small input
datasets or when combined to convoluted neural network
(CNN) in the role of classificators in a hybrid pipeline. In-
deed, ML models, when trained well and on a high-quality
dataset, are able to elaborate accurate predictions requiring
minimal computational power. Nonetheless, these models
are scarcely applicable in clinical practice, since they are
unable to handle the vast amount of information contained
in an endoscopic image or video. This problem is well faced
by DL models, which can autonomously extrapolate sig-
nificant information by input data and, even if require sub-
stantial training data and computational resources, they can
extract and interpret information from images and videos at
a level that may exceed the capabilities of the human eye.
The DL algorithms structures employed in CV and in the
papers included can be summarised in three main classes:
(1) CNN; (2) encoder-decoder architecture; (3) models im-
plementing more sophisticated designs (transformer-based
models or hybrid models). The first architecture employs a
large number of local convolutions that can extract patterns
from visual input data (such as textures, edges, shades,
structural components of the image) and finally provide a
prediction. To handle the enormous amount of information,
these models are generally based on deep convolutional lay-
ers pre-trained on large image datasets (e.g. ImageNet) and
are fine-tuned on specific images such as laryngoscopic im-
ages. Moreover, they usually use pooling functions, which
reduce the spatial dimensions of the feature maps (down-
sampling) while preserving the most relevant information.
In other words, pooling “summarises” small regions of the
image into more compact ones (such as squares of 2x2 or
3x3 pixels) and assign them a simple value, in order to be
recognised by the algorithm, reducing computational load
and easing the extraction of structural pattern (e.g., vocal
fold edges, lesion margins, vascular anomalies). Since se-
quential convolutional layers can extract increasingly pre-
cise information from data and understand recognisable pat-
terns that can be aggregated to generate predictions, CNNs
are specifically designed for classification (e.g., AlexNet,
VGG, GoogleNet, ResNet, DenseNet) or detection (e.g.,
YOLO, SSD).

On the other hand, segmentation models employed in the
field of videomics have usually been structured through an
encoder-decoder architecture (e.g., U Net, SegNet). This
can be observed in selected studies, since all the segmen-
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tation papers that use this kind of architecture ' report
significant better results than those employing a CNN struc-
ture for segmentation purposes 2*?'. The encoder-decoder
models are characterised by a double branch design: the
first one is represented by the encoder part (which works
like a classic CNN, extracting patterns from data and down-
sampling the input information) and the second one is the
decoder. This latter is able to upsample the data, producing
a pixel-wise feature map enriching the original data with
semantic information. To achieve this, the key element is
the use of the so-called skip connections. These consist of
direct links between the encoder and decoder layers that
allow the model to preserve precise spatial information that
would be compressed and lost in the encoding process. By
reintroducing this information into the decoder, skip con-
nections prevent imprecise data reconstruction and allow a
more precise localisation of the target.

The third class of CV models, which has been explored
only in recent years, is based on transformer and vision
transformer architectures. Contrarily to CNNs, where the
image is downsampled and analysed through convolutions,
these models divide the data in numerous patches (produc-
ing a grid in the image) which are interpreted as numeri-
cal vectors. In this way, the algorithm is able to analyse
the whole image at the same time, and therefore to catch
relevant relationships between different patches of the im-
age, even if located in distant areas. This is possible due to
specific algorithm units called self-attention modules that
allow the model to weigh the relative significance of every
patch created by the transformer. Ultimately, this architec-
ture enables the model to construct a global representation
of the image, capturing relationships even between pixels
that are far apart.

Detection task

This assignment refers to the localisation and labelling of
a laryngeal lesion within an endoscopic frame. As reported
in Table I, this task is usually carried out by CNN-based
models and this is confirmed by our review, since 10 of 11
detection papers employed this architecture 3172228 while
only one ¥ published in 2025, exploited a vision trans-
former. Kang et al. 7 integrated a transformer module into a
CNN to enhance diagnostic performance. The evaluation of
such detection models typically relies on standard metrics,
as previously described ®. A prediction is considered a true
positive when the region identified by the model mostly
overlaps the ground-truth area (usually at least 50%), a cri-
terion known as Intersection over Union (IoU). The most
commonly used performance indicators are recall (sensitiv-
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Table I. Detection task: summary of the studies included for mucosal lesion detection.

First author, Algorithm Main task No. of Main outcomes External Details

year architecture samples validation

Zhang, 2025 QOther (vision LSCC 3140 images Sensitivity = 88%, specificity = No Images obtained with

transformer) detection and (617 pts) 98%, accuracy = 95%, precision = rigid endoscope
classification 89%, F1 score = 88%. Only WL images

Kang, 2024 7 CNN + LSCC 2023 images Accuracy = 98.07%, recall = No Only WL images

transformer detection and (613 pts) 98.31%, F1 score = 98.18%
classification
Fang, 2023 % CNN LSCC detection | 279 images Sensitivity = 73%, specificity = No Detection of 5 classes
(279 pts) 93%, accuracy = 73%. (pre-SCC, SCC, cyst,
Cyst AUC = 0.86, nodules AUC = nodule, healthy)
0.78; SCC AUC = 0.89; pre-SCC Only WL images
AUC =0.84

Kim, 2023 ¥ CNN Laryngeal 2183 images | F1 score = 0.85, accuracy = 0.94, No Images obtained with
benign lesions precision = 0.88, recall = 0.82, rigid endoscope
detection and specificity = 0.97 Only WL images
classification

Bhattachariee, CNN + ensemble LSCC 3000 images Healthy: precision = 0.98, No Only WL images

2023 % model detection and (30 pts) recall = 0.98, F1 score = 0.98
classification LSCC: precision = 0.98,

recall = 0.98, F1 score = 0.98
Azam, 2022 "7 CNN LSCC detection | 624 images Precision = 0.66, Recall = 0.62 No Average computation
(219 pts) Recall, mAP50 = 0.63 time of 36 FPS--> real
time use
Trained and tested on
WL and NBI frames

Cen, 2019 % CNN LSCC detection | 400 images Faster R-CNN: precision = 0.85, No Images obtained with

recall = 0.90, AP = 0.89, rigid endoscope

FPS =9; SSD: precision = 0.83, Only WL images

recall = 0.90, AP = 0.89,
FPS = 47; YOLOv3:
precision = 0.77, recall = 0.80,
AP =0.79, FPS = 50
Wellenstein, CNN LSCC detection | 4488 images TP% = 78%, precision = 0.68, No Real time detection

2023 % recall = 0.77, F1 score = 0.72 (62 FPS) for the model
with most parameters
not suitable to run on
commercialised laptop

Only WL images

Bur, 2023 % CNN + feature LSCC 8172 images | Accuracy = 88.5%, mAP50 = 0.51 No Only WL images

pyramid vector detection and (147 pts)
map classification
Baldini, 2025 ° CNN + super LSCC detection | 3892 images mAP50 = 0.82 Yes Trained on
resolution branch (1593 pts) heterogeneous data
(from 3 different
datasets)
Trained and tested on
WL and NBI frames
Real-time use (almost
60 FPS)

Nie, 2025 # CNN LSCC 1353 images | Precision = 0.94, Recall = 0.79, No 11 classes for
detection and mAP50 = 0.89 classification,
classification unbalanced dataset.

Only WL images

LSCC: laryngeal squamous cell carcinoma, SCC: squamous cell carcinoma; WL. white light; NBI: narrow band imaging; CNN: convoluted neural network; AUC: area under the
curve; mAP50: mean average precision at 50% of intersection over union; FPS: frames per second; SSD: single shot detector; AP: average precision; TP: true positive; pts: patients.
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ity), precision (positive predictive value), average precision
(AP), and the F1 score. AP is generally the most informa-
tive metric, as it represents the area under the precision—
recall curve and thus integrates these 2 measures over all
confidence thresholds. AP refers to performance on a sin-
gle class, whereas mean AP (mAP) extends this evaluation
across multiple classes. The F1 score, by contrast, is the
harmonic mean of precision and recall computed at a single
confidence threshold (i.e., 50%), making it a less complete
measure than mAP. Only 4 of 11 detection papers included
mAP in the computed results of their models 3!"2>?, with
values ranging from 0.51 to 0.89. It is important to note
that mAP is typically reported at an IoU threshold of 50%
(mAP50). Some studies, however, calculate the metric
across a range of thresholds (e.g., mAP50-95), averaging
performance over all IoU levels. For instance, Nie et al. re-
ported an mAP50 of 0.89 and an mAP50-95 of 0.67 %, in-
dicating that while the model performs strongly in general
lesion detection, its precision declines at higher IoU thresh-
olds (e.g., 80-95%). This may be due to the imbalance of
the training dataset (e.g., 804 malignant frames versus only
6 lipoma frames), the small size of the lesion within the im-
age, or the presence of irregularly shaped lesions. From a
clinical standpoint, a model with a high mAP50-95 would
be essential for detecting even small or rare lesions.

The clinical usefulness of a detection model strongly de-
pends on its ability to operate at real-time speed (~25
frames per second [FPS]), and this topic has been addressed
by various authors 72627, Azam et al. developed a model
able to detect squamous cell carcinoma (SCC) in videola-
ryngoscopies, achieving a true positive rate of 82% and a
mAP of 0.63 with a computation speed of 38.5 FPS 7. Cen
and colleagues evaluated several architectures on a dataset
of only 400 images and reported promising results (preci-
sion 0.77, recall 0.80, AP 0.789, FPS 50) . It is important
to note, however, that the training images were obtained
exclusively during procedures under general anaesthesia
using rigid endoscopes, resulting in close-up views of the
lesions and high-quality images. Notably, Baldini et al. °
and Wellenstein et al. %’ also reported performance suitable
for real-time use, achieving 60 and 62 FPS, respectively.
Nevertheless, only the study of Baldini et al. focused on
improving the outcome of these models in detecting small
lesions. Interestingly, most studies achieving real-time per-
formances used a version of the YOLO architecture, which
is specifically designed for detection tasks and is well known
for its fast computational performance even beyond the
medical field *°. Adjunctively, even a well-designed model
with strong performance and fast inference time must be
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validated on external datasets to demonstrate its generali-
sation capability before clinical implementation. Notably,
only one of the 11 studies evaluated the proposed model on
an external cohort, reporting good results (mAP50 = 0.82
and 0.84 for internal and external validation, respectively),
despite relying on a relatively small training dataset . Last-
ly, the complexity of a model directly influences the com-
putational resources required and, consequently, the hard-
ware needed to run it. This consideration is essential when
evaluating the potential clinical application of an algorithm,
particularly in terms of cost-effectiveness.

Classification task

This task pertains to the capability of predicting the cat-
egorical class of an object present within an image. The
output consists of a data label that assigns a specific class
to the image based on the model’s prediction. For laryn-
geal endoscopy, this task usually consists of discriminat-
ing the histopathological nature of a lesion starting from its
endoscopic appearance, the so-called “optical biopsy” 33,
Twenty-six articles included in this review reported data on
classification (Tab. IT) 7-13.14.19-23.25.282934-48 * Among these, 21
studies employed CNN-based models 71319-22:25.28.35-4446-48
whereas the remaining adopted alternative approaches. Fur-
thermore, only 6 of the studies included incorporated exter-
nal validation to substantiate their findings 7?2?2353, In the
studies included in the review, the classification of neoplas-
tic lesions — or, alternatively, the distinction between benign
and malignant lesions — was evaluated. Among the reported
metrics, accuracy is the most commonly cited, though its
values vary considerably. Accuracy provides an overall
measure of model reliability but may offer a misleading as-
sessment when the dataset contains imbalanced classes. For
this reason, other metrics such as precision, recall and F1
score should also be evaluated. Zhao et al. 3 reported an ac-
curacy of 80.2% when classifying 4 categories of conditions
(polyp, keratinisation, SCC, and normal mucosa), which in-
creased to 93.9% when the classification was simplified to
2 categories (high-risk vs low-risk). This latter observation
is also supported by Dunham and colleagues *', with an ac-
curacy of 80.8% achieved across 5 categories, rising up to
93% when analysing only 2 categories. The highest value
of accuracy (97.8%) was reported by Nobel et al. '°, who
employed a hybrid model (CNN + encoder-decoder) on a
24,000 images dataset to segment the vocal fold and there-
fore provide a classification between 5 classes.

It can be inferred that binary classification tends to produce
more reliable outcomes. Intuitively, increasing the complex-
ity of the prediction task typically results in reduced accura-
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Table Il. Classification task: summary of the studies included for mucosal lesion classification.

First author, Algorithm Main task No. of Main outcomes External Details
year architecture samples validation
Zhang, 2025 % | Other (vision Laryngeal | 3140 images Sensitivity = 88%, specificity = 98%, No Employs transfer learning
transformer) lesion (617 pts) accuracy = 95%, precision = 89%, F1 score = to increase accuracy with
classification 88% low input parameters.
Images obtained with rigid
endoscope under general
anaesthesia
Only WL images
Kang, 2024 7 CNN + LSCC 2023 images | Classification in 3 classes: normal - abnormal - No Only WL images
transformer | detectionand | (613 pts) carcinoma. Build an algorithm that
classification accuracy = 98.07%, recall = 98.31%, F1 score helps prioritize SCC
=98.18% patients to third level care
Qiu, 2024 34 Other LSCC 1109 videos Accuracy = 92.4%, sensitivity = 95.6%, No Medical video classification
detection and (35488 precision = 94.1%, F1 score = 94.8% in the context of
classification frames) laryngoscopic videos (555
normal cases, 240 benign
cases, and 314 malignant
cases)
Xu, 2023 % CNN LSCC 2254 images | Internal validation: accuracy = 92%, AUC = Yes Only WL images
classification 97.4%, sensitivity= 91.6%, specificity = 92.4%
External validation: ACC = 86.3%, AUC =
92.6%, sensitivity = 86%, specificity = 86.5%.
Li, 2023 % Encoder- LSCC 31543 Internal validation: accuracy = 95.6%, sensitivity Yes External test: tested on 5
decoder + | classification images = 94.8%, specificity = 96.4%, AUC = 97.4% different external datasets
CNN with comparable outcomes
Video test: comparable
outcomes. AUC = 97.4%
Comparison with human
experts: model achieved
0.940 accuracy, performing
comparable to expert
laryngologists
Kim, 2023 ¥ CNN Laryngeal | 2183 images F1 score = 0.85, accuracy = 0.94, No Images obtained with rigid
benign precision = 0.88, recall = 0.82, endoscope
lesions specificity = 0.97 Only WL images
detection and
classification
Bhattachariee, CNN + LSCC 3000 images |  Healthy: precision = 0.98, recall = 0.98, F1 No Only WL images
2023 % ensemble | detection and (30 pts) score = 0.98
model classification LSCC: precision = 0.98, recall = 0.98, F1
score = 0.98
Zhao, 2022 % CNN Laryngeal 456 images Classification of 4 classes (polyp, keratinisation, No Only WL images
lesion SCC, healthy) - overall accuracy = 80.23%, F1
classification score = 0.78, AUC = 0.95.
Classification of 2 classes (keratinisation+SCC vs
polyp+healthy)
- overall accuracy = 0.94, sensitivity = 0.89,
specificity = 0.99, and AUC = 0.98
Cho, 2021 % CNN Laryngeal | 4106 images F1 score No Comparing classification
lesion Reinke’s edema: 0.72 + 0.06, Nodules: 0.73 power of CNN vs trainees.
classification +0.09, Cyst: 0.78 + 0.08, Granuloma: 0.94 + Al'is overall better in

0.02, Leukoplakia: 0.89 + 0.02, Normal: 0.92 +
0.02, Palsy: 0.96 + 0.01, Papilloma: 0.87 + 0.04,
Polyp: 0.86 + 0.02

discriminating different
classes of laryngeal lesions

>
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Table Il. continues.

First author, Algorithm Main task No. of Main outcomes External Details
Year architecture samples validation
Ren, 2020 % CNN Laryngeal | 4667 images Overall accuracy = 96.24% No Only WL images
lesion The model outperformed
classification physicians for most
laryngeal conditions
Xiong, 2019 ™ CNN + Laryngeal 13721 Classification of 2 classes (SCC + pre-SCC vs No Only WL images
support lesion images benign and norm): When compared to human
vector classification Sensitivity = 0.73, specificity = 0.92, experts the model was
machine AUC = 0.92, accuracy = 0.87 comparable to an expert
with 10-20 years of
experience
Bur, 2023 % CNN + LSCC 8172 images Accuracy = 88.5%, mAP50 = 0.51 No Only WL images
feature detectionand | (147 pts)
pyramid classification
vector map
Dunham, CNN Laryngeal 19353 Classification of 5 classes (healthy, nodule, No Only WL images
2022 4 lesion images polyp, papilloma, web) Important class imbalance
classification - accuracy = 80.8%, precision = 71.7%-89%, between SCC (1005)
recall = 70%-88%. and benign pathology
(papilloma 3633, polyps
Classifier for 2 classes (SCC+premalignant vs 4577)
healthy)
- accuracy = 93%, recall = 92%
Kuo, 2021 ™* QOther Laryngeal 284 images Accuracy = 93.3% No Apply a complex algorithm
(support lesion able to 1. Reduce
vector classification illumination problem;
machine) 2. Automatically screen
clear images; 3. Segment
automatically the ROI; 4.
Support vector machine to
classify lesions.
Only WL images
Wang, 2024 ' CNN Laryngeal | 5362 images AUC = 73.1-86.9; accuracy = 68.7-82.0; Yes Complete algorithm,
leukoplakia | + 50 videos | sensitivity = 58-73.3, specificity = 79.4-100 studied to analyze the
segmentation | (551 pts) image, segment the ROI
and and provide classification of
classification leukoplakias.
Only WL images
With Al, the AUC improved
from 0.72 to 0.80 for
senior clinicians and from
0.65 1o 0.80 for junior
clinicians
Yao, 2024 * CNN Laryngeal 37024 total Accuracy 85% and AUC 0.84 No Only WL images
polyp frames Training dataset made by
classification machine-labeled frames
instead of human-labeled
Yan, 2023 CNN LSCC 2179 images |  Specificity = 78.59%, sensitivity = 74.16%, No Dataset acquired from
classification accuracy = 78.05%, NPV = 95.63%, 6 centres with 5 video
PPV = 32.51%. acquiring systems
Unbalanced dataset (288
malignant and 1891 benign)
Only WL images
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Table Il. continues.

First author,

Year

Algorithm
architecture

Main task

No. of
samples

Main outcomes

External
validation

Details

- On prospective video: AUC = 0.82,
accuracy = 0.840, sensitivity = 1.0,
specificity = 0.73, PPV = 0.71, NPV = 1.0

Xiong, 2024 CNN Laryngeal 6180 Classification outcomes (Low grade vs High No Trained and tested on WL
leukoplakia | (WL = 3080, grade + SCC): and NBI frames
segmentation | NBI = 3100). - WL: sensitivity = 93%, specificity = 94%,
and PPV = 93%, NPV = 94%
classification - NBI: sensitivity = 99%, specificity = 97%,
PPV = 99%, NPV = 97%
Kang, 2024 % Other (swin Laryngeal | 5008 images 4-class classifier (healthy, benign, pre-SCC, Yes Only WL images
transformer) lesion (1230 pts) SCQ): The model demonstrated
classification Accuracy = 92.78%, AUC = 0.97, F1 superior performance to the
score = 76.18%, specificity = 97.61% 3 human experts
Model inference
speed = 339.76 FPS
Human inference
speed = 0.0556 FPS (18 s
per picture).
You, 2025 4 CNN Laryngeal 666 images Accuracy = 96.12% No Only NBI images
leukoplakia Six categories: normal
classification tissue, inflammatory
keratosis, mild dysplasia,
moderate dysplasia, severe
dysplasia, SCC
You, 2023 4 CNN + Laryngeal 932 images Overall accuracy WL = 0.96 No Trained and tested on WL
other (visual | leukoplakia Overall accuracy NBl = 0.95 and NBI frames
transformer) | classification Dataset unbalanced with
NBI images x3
Nig, 2025 2 CNN LSCC 1353 images | Precision = 0.94, Recall = 0.79, mAP50 = 0.89 No 11 classes for
detection and classification, unbalanced
classification dataset
Only WL images
Yin, 2021 % CNN Laryngeal | 3057 images Average AUC = 0.89, malign AUC = 0.94, No Only WL images
lesion (1950 pts) average accuracy = 73% DL workflow: detect the
classification lesion and locate the
critical area, then classify
the lesion based on that
area and not on the original
image. Accuracy on original
image 71%, on critical area
77% (AUC 84.3 v591.2)
Nobel, 2024 '° CNN + Vocal folds 24000 Classification 5 classes (SCC, dysphonia, No Only WL images
encoder- segmentation images paresis, polyp, and healthy) accuracy = 97.88%.
decoder and laryngeal
lesion
classification
Tie, 2024 @ CNN Laryngeal | 7057 images Classification of 6 classes (hyperplasia, Yes Trained and tested on WL
leukoplakia (426 pts) inflammation, mild dysplasia, moderate and NBI frames
segmentation dysplasia, severe dysplasia/CIS, and SCC) External validation + video
and - AUC = 0.868 in the internal dataset and 0.884 validation for real time
classification in the external set use + human-machine

comparison
Al significantly improved
AUC and accuracy for all
laryngologists (p < 0.05)

WL: white light; LSCC: laryngeal squamous cell carcinoma; SCC: squamous cell carcinoma; CNN: convoluted neural network; AUC: area under the curve; ACC: accuracy; mAP50:
mean average precision at 50% of loU; ROI: region of interest; NPV: negative predictive value; PPV: positive predictive value, FPS: frames per second; NBI: narrow band imaging;

DL: deep learning; CIS: carcinoma in Situ; pts: patients.
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cy. Due to this, the most promising models to be introduced
into clinical practice are likely the ones for differentiating
high-risk from non-high-risk lesions. This is underlined in
the publication of Kang et al. 7, where the model obtained
a 98% accuracy and was specifically developed to screen
patients and redirect high-risk ones to third-level care. Con-
sidering that all these studies are preclinical trials, future
clinical validations will undoubtedly be necessary to obtain
more reliable data for real-world use. Within the studies
considered, only 5 320364647 jncluded NBI images in the
training dataset, reporting interesting results. Specifically,
Li et al. *® developed a model that extracts peculiar features
from WL and NBI images separately, and further fuses the
2 features to obtain a comprehensive prediction. With this
strategy, the authors observed more accurate predictions on
the overall dataset, compared with other models simply us-
ing mixed images during training. On the other hand, Xiong
and colleagues reported outstanding results when classify-
ing low-grade vs high-grade lesions and SCC *, achieving
a sensitivity of 93% and a specificity of 94% for WL, and a
sensitivity of 99% and a specificity of 97% for NBI. These
findings highlight the value of NBI in supporting AI models
for diagnosing high-risk vocal fold lesions and suggest that
it should be incorporated into future algorithmic architec-
tures and training datasets.

Several studies have examined and compared the classifica-
tion performance of AI models with that of specialist physi-
cians. Ren et al. * reported that the CNN-based classifier
outperformed laryngologists for most laryngeal conditions.
The same results are described in the paper of Cho and col-
leagues ¥, where the model achieved an overall F1 score of
88% and outperformed trainees in classifying all the lesions
provided (cysts, granulomas, nodules, palsies, papillomas,
and polyps). Similarly, Li et al. reported that the classifier
achieved an overall accuracy of 94%, performing compara-
bly to expert laryngologists but outclassing others with less
experience *¢. Overall, the current literature appears con-
sistent in showing that well-trained DL models can achieve
comparable performance to that of expert physicians in
classifying laryngeal lesions. However, these findings are
not yet sufficient to support the clinical implementation of
such algorithms, largely because most models lack repro-
ducibility and robustness.

Segmentation task

The segmentation task refers to the identification of targets
by assigning a label to every pixel in the image, produc-
ing a pixel-wise mask that outlines the precise contours of
each object. Algorithms developed for this task can assist
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in delineating the superficial extent of laryngeal lesions or
identifying the boundaries of regions of interest, such as the
vocal folds or ventricular bands. Since this scoping review
focuses on the diagnosis of laryngeal lesions, we excluded
studies evaluating Al models aimed solely at segmenting
anatomical structures without relevance to lesion identifi-
cation. In this light, only 9 articles were included in our
review regarding the segmentation task (Tab. TIT) 16-21:4449.30,
To evaluate the performance of a segmentation algorithm,
precision, recall, AP, and accuracy are considered alongside
the ToU and the Dice Similarity Coefficient (DSC). The
DSC quantifies the overlap between the predicted mask and
ground-truth segmentation, and it is the most informative
metric for assessing semantic segmentation models.

Segmentation may have meaningful clinical applications,
particularly in the characterisation and assessment of ma-
lignancies. In our review, only 4 studies focused specifically
on the segmentation of laryngeal SCC 6174950 whereas the
remaining articles examined laryngeal leukoplakia 8202144
or incorporated segmentation to identify the region of in-
terest prior to the classification task '°. Among the studies
reporting data on SCC segmentation, Azam et al. '’ reported
a DSC of 81% using an encoder-decoder architecture. The
model performed equally well on both WL and NBI im-
ages, suggesting that it was able to interpret complex vas-
cular patterns independently of the optical filter employed.
Therefore, AI might enhance the use of NBI even in less
experienced centres by improving the accuracy of lesion
detection and margin identification, regardless of the opera-
tor’s familiarity with the technique. In a subsequent study
Sampieri et al. reported the results of SegMENT-Plus, a
segmentation model, which demonstrated excellent perfor-
mance across different external validation cohorts *. The
model accurately delineated laryngeal SCC boundaries in
endoscopic images, achieving results comparable to those
of 2 residents in Otolaryngology. Findings from 2 external
datasets confirmed the model’s robust generalisation capa-
bilities. Moreover, its computational efficiency supported
seamless application to videolaryngoscopies, effectively
simulating real-time deployment. The model achieved the
following median performance metrics: DSC = 0.83 (0.70-
0.90), IoU = 0.83 (0.73-0.90), and accuracy = 0.97 (0.95-
0.99). Finally, Paderno et al. !¢ confirmed the feasibility of
applying instance segmentation to the UADT using DL al-
gorithms, although they reported lower diagnostic perfor-
mance in the oral cavity compared with other anatomical
subsites. The model achieved a DSC of 0.90 + 0.05 when
applied to laryngeal SCC, while it was 0.60 + 0.26 when
implemented on oral cavity lesions (p < 0.001). This dis-
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Table lll. Segmentation task: summary of the studies included for mucosal lesion segmentation.

First author, Algorithm Main task No. of Main outcomes External Details
year architecture samples validation
Azam, 2024 *° Encoder- LSCC 4289 (766 pts) DSC = 81.4-84.9% Yes Trained and tested on WL and
decoder segmentation loU = 81.8-85.7% NBI frames
Sampieri, Encoder- LSCC 3933 (557 pts) DSC =0.83 (0.70-0.90) Yes Trained and tested on WL and
2024 % decoder segmentation loU = 0.83 (0.73-0.90) NBI frames
Tested on real intraoperative
laryngoscopy videos
Model inference speed 25.6
FPS
Outcome comparable to
junior and senior residents
Paderno, Encoder- LSCC 1034 images DSC =0.90 = 0.05 Yes Only NBI images
202316 decoder segmentation Inferior diagnostic results in
the oral cavity compared with
the larynx (p < 0.001)
Azam, 2022 "7 Encoder- LSCC 683 images loU = 0.68, DSC = 0.81, Yes Trained and tested on WL and
decoder segmentation recall = 0.95, precision = 0.78, NBI frames
accuracy = 0.97 Transfer learning from
ImageNet
Model tested even on oral
cavity and oropharynx
images, improving state-of-
the-art model result
Ji, 2020 '® Encoder- Leukoplakia 649 images DSC=0.79 No Only WL images
decoder segmentation Inference speed: 0.205 s per
image (=5 FPS)
Wang, 2024 # CNN Leukoplakia 5362 images | DSC = 66.4%, precision = 54.9%, Yes Complete algorithm, studied
segmentation and |+ 50 videos recall = 51.2% (internal validation) to analyze the image,
classification (551 pts) DSC = 58.2, precision = 49.6%, segment the ROI and provide
recall = 46.5% (external validation) classification of leukoplakias.
Only WL images
with Al, the AUC improved
from 0.72 to 0.80 for senior
clinicians and from 0.65 to
0.80 for junior clinicians
Nobel, 2024 1 Encoder- Vocal folds 24,000 images Segmentation of vocal folds; No No NBI
decoder + segmentation accuracy = 91.47%, DSC = 71.52%, Segmentation of vocal folds
CNN and disease Precision = 91.9%, loU = 87.46% and not lesions
classification
Tie, 2024 ® CNN Laryngeal 7057 images | DSC=0.61 on internal cohort, 0.42 Yes Trained and tested on WL and
leukoplakia (426 pts) on external dataset NBI frames
segmentation and External validation + video
classification validation for real time use +
human-machine comparison
Al significantly improved
AUC and accuracy for all
laryngologists (p < 0.05)
Xiong, 2024 CNN Laryngeal 6180 WL: mAP50 = 81% No Trained and tested on WL and
leukoplakia (WL = 3080, NBI: mAP50 = 92% NBI frames
segmentation and | NBI = 3100)
classification

WL: white light; NBI: narrow band imaging; LSCC: laryngeal squamous cell carcinoma, CNN: convoluted neural network; mAP50: mean average precision; ROI: region of interest;
FPS: frames per second; DSC; dice similarity coefficient; loU: intersection over union; pts: patients.
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crepancy may be attributed to the anatomical complexity of
the oral cavity, where teeth, mucosal folds, and taste buds
can interfere with the model’s ability to accurately deline-
ate lesions.

It is noteworthy that all 3 studies were based on mixed train-
ing datasets containing both WL and NBI frames, and that
their validation procedures included both internal datasets
and external cohorts. This may partly account for the prom-
ising results reported by the authors, although the relatively
small training datasets raise the possibility of selection bias
(3393 images %, 1034 images '%, and 683 images 7).
Among the studies focusing on laryngeal leukoplakia, DSC
values ranged from 61 to 78.7% '82°2!, The lower perfor-
mance observed in these works may be attributed to the
limited use of NBI — neither Ji et al. '® nor Wang et al. 2!
included this enhanced modality — which could have aided
the model in more accurately defining lesion borders, par-
ticularly in hyperkeratotic conditions such as leukoplakia.
Focusing on clinical practice, the combination of NBI with
automated assessment of cancer boundaries is of particu-
lar interest in transoral surgery of laryngeal suspicious le-
sions or carcinomas. Indeed, it is well established — and has
been reported by numerous authors — that NBI can improve
the detection rate of laryngeal SCC and reduce the rate of
positive margins after surgery, thus improving oncological
outcomes **2. From a clinical standpoint, these findings
suggest that automatic segmentation may serve multiple
roles in the management of laryngeal cancer during both
in office and intraoperative evaluation. On the other hand,
the development of models capable of accurately delineat-
ing regions of interest during laryngoscopy could represent
an important future advancement, particularly for assessing
the completeness of laryngoscopic examinations or charac-
terising laryngeal mobility alterations. This task is known
to be particularly challenging for clinicians, as highlighted
in a recent consensus paper on laryngeal cancer manage-
ment %, and has been explored in CV primarily through
high-speed videoendoscopy or stroboscopy. To assess vocal
fold hypomobility or fixation, several studies have investi-
gated the segmentation of the glottal area or the vocal folds
themselves 3%, Although this approach is computationally
demanding and has yielded satisfactory results for analys-
ing functional voice disorders, it still remains unsuitable for
evaluating vocal fold fixation caused by laryngeal lesions.
More recently, Koivu et al. > validated an alternative ap-
proach based on the automated detection of laryngeal key
points, originally introduced by Villani et al. *’. This strat-
egy enabled the assessment of laryngeal mobility in non-
neoplastic conditions such as muscle tension dysphonia,
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presbyphonia, laryngeal dystonia, and vocal fold palsy.
However, these studies do not address the evaluation of la-
ryngeal carcinoma-related hypomobility, as the lesion itself
often obscures the key points required for accurate model
prediction.

Conclusions

The integration of Al into laryngeal endoscopy represents
a major advance in the diagnostic evaluation of laryngeal
lesions. Evidence from the studies reviewed shows that Al
can reach high diagnostic accuracy, often comparable to
human performance. This is a significant advantage given
the operator dependence and variability inherent to conven-
tional endoscopy.

By outlining current algorithmic approaches and assessing
their performance, this review highlights both the promise
and the limitations of Al-assisted endoscopic assessment.
Although existing data support their feasibility and poten-
tial value, methodological heterogeneity, scarce external
validation, and the prevalence of single-centre datasets un-
derscore the need for more rigorous and multicentric re-
search.

Looking ahead, the growing incorporation of Al into clin-
ical practice is expected to refine the characterisation of
laryngeal lesions and support precision diagnostics. The
emerging field of videomics, in particular, offers opportu-
nities for non-invasive tumour profiling and integration of
imaging biomarkers into clinical decision-making. As vali-
dation expands, Al-enhanced endoscopy could reshape di-
agnostic pathways in laryngeal oncology and contribute to
more equitable, high-quality care.
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Supplementary online material

Search strings

MEDLINE

(((“Endoscopy”[Mesh] OR “Laryngoscopy”’[Mesh] OR
“Image™*”’[tw] OR “Photo*”’[tw] OR “Fibroscopy”’[ All fields]
OR “Videolaryngoscop*”’[tw] OR “Videoendoscope*”’[tw]
OR “Video*”[tw]) AND (“Larynx”[All fields] OR “Upper
Airway”[All fields])) AND (“Machine Learning”[Mesh]
OR “Deep Learning”[tw] OR “Convolutional Neu-
ral Networks”[tw] OR “Artificial Intelligence”[Mesh]
OR “Neural Network*”’[tw] OR “Detection”[tw] OR
“Segmentation”[tw] OR “Classification”[tw] OR “Com-
puter Vision”[All fields])) NOT (“Pathology”[Mesh]
OR “Histology”’[Mesh] OR “Genomics”’[Mesh] OR
“Radiomics”[All fields] OR “Radiology”’[Mesh] OR
“Tomography”[All fields] OR “Magnetic Resonance
Imaging”[All fields] OR “Sleep disorder*”[All fields] OR
“Drug-Induced Sleep Endoscopy”’[tw] OR “DISE”[tw]

Videomics in laryngeal endoscopy

OR  “Positron-Emission = Tomography”’[Mesh] = OR

“Radiomic”’[tw] OR “Genetic*”[tw])

SCOPUS

(TITLE-ABS-KEY (“Endoscopy” OR “Laryngoscopy” OR
“Image*” OR “Photo*” OR “Fibroscopy” OR ‘“Videola-
ryngoscop*” OR “Videoendoscope*” OR “Video*””) AND
TITLE-ABS-KEY(“Larynx” OR “Upper Airway”)) AND
(TITLE-ABS-KEY (“Machine Learning” OR “Deep Learn-
ing” OR “Convolutional Neural Networks” OR “Artificial
Intelligence” OR “Neural Network*” OR “Detection” OR
“Segmentation” OR “Classification” OR “Computer Vi-
sion”)) AND NOT (TITLE-ABS-KEY(“Pathology” OR
“Histology” OR “Genomics” OR “Radiomics” OR ‘“Ra-
diology” OR “Tomography” OR “Magnetic Resonance
Imaging” OR “Sleep disorder*” OR “Drug-Induced Sleep
Endoscopy” OR “DISE” OR “Positron-Emission Tomogra-
phy” OR “Radiomic” OR “Genetic*”))
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