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Abstract
Objective  The objective of this systematic review and meta-analysis was to evaluate the diagnostic accuracy of AI-assisted 
technologies, including endoscopy, voice analysis, and histopathology, for detecting and classifying laryngeal lesions.
Methods  A systematic search was conducted in PubMed, Embase, etc. for studies utilizing voice analysis, histopathology for 
laryngeal lesions, or AI-assisted endoscopy. The results of diagnostic accuracy, sensitivity and specificity were synthesized 
by a meta-analysis.
Results  12 studies employing AI-assisted endoscopy, 2 studies for voice analysis, and 4 studies for histopathology were 
included in the meta-analysis. The combined sensitivity of AI-assisted endoscopy was 91% (95% CI 87–94%) for the clas-
sification of benign from malignant lesions and 91% (95% CI 90–93%) for lesion detection. The highest accuracy pooled in 
detecting lesions versus healthy tissue was the AI-aided endoscopy was 94% (95% CI 92–97%).
Conclusions  For laryngeal lesions, AI-assisted endoscopy shows excellent diagnosis accuracy. But more sizable prospective 
trials are needed to confirm the practical clinical value.
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Introduction

Laryngeal lesions, which include benign and malignant con-
ditions, represent a significant concern due to their impact 
on patients’ voice, swallowing and airway function, decreas-
ing overall quality of life and health [1–4]. Currently, dif-
ferent methodologies are used to help differentiate between 
benign and malignant laryngeal lesions, including indirect 
laryngoscopy with or without narrow-band imaging, direct 
laryngoscopy, ultrasound (US), and computed tomography 

(CT) [5]. Many of these tools can be effective—such as 
laryngoscopy—but they rely heavily on a physician’s exper-
tise, which can vary drastically depending on the physician’s 
experience and training [6, 7]. Studies show that less expe-
rienced clinicians may miss critical findings or misclassify 
lesions [6, 7]. This variability underscores the need for more 
standardized diagnostic tools. Other imaging modalities 
such as CT and MRI are essential for evaluating laryngeal 
lesions, particularly for assessing tumor extent and staging, 
but they have limitations, especially in detecting early-stage 
cancers [8]. CT imaging also raises concerns about radia-
tion exposure. Considering these challenges, biopsy remains 
the gold standard for diagnosing laryngeal lesions, despite 
its inherent risks such as infection and bleeding. However, 
sampling errors during biopsy can lead to inaccurate or 
inconclusive results, further complicating the diagnostic 
process [9]. Artificial Intelligence (AI) technology offers 
the potential to overcome many of these limitations by pro-
viding automated and objective analysis of diagnostic data. 
Unlike human operators, AI systems can apply consistent 
algorithms to interpret findings, reducing the variability that 
arises from subjective human judgment. This consistency 
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enhances diagnostic accuracy and could lead to more stand-
ardized care across different clinical settings [10].

AI has revolutionized healthcare, impacting disease 
diagnosis, treatment, and patient outcomes [11, 12]. Recent 
advancements in AI, particularly in machine learning and 
deep learning, have shown promise in enhancing the diag-
nostic accuracy of precancerous lesions. AI has shown sig-
nificant potential in enhancing diagnostic accuracy across 
various medical fields. In breast cancer detection, AI sys-
tems have achieved high accuracy, often surpassing human 
radiologists in early tumor detection, with some studies 
reporting an AUC of 0.92 [13]. In lung cancer screening, 
AI applied to low-dose CT scans has improved the detec-
tion of pulmonary nodules and enhanced the prediction of 
major cardiopulmonary outcomes, offering a powerful tool 
for early intervention [14]. Additionally, AI systems for 
diabetic retinopathy have demonstrated high sensitivity and 
specificity, making them effective in primary care settings, 
leading to the authorization of such a system for widespread 
use [15]. These advancements indicate AI's growing role in 
improving diagnostic precision and accessibility in health-
care. Similar to its diagnostic utility with breast cancer and 
lung cancer, AI poses great potential if applied to laryn-
geal lesions [5]. AI has shown great promise in analyzing 
complex medical images and patient data to assist in early 
detection, classification, and treatment of laryngeal lesions 
[16]. For instance, different AI models have been success-
fully applied in analyzing endoscopic images to differenti-
ate between benign and malignant laryngeal lesions with an 
accuracy of up to 93% [17]. Other applications of AI in this 
field include convolutional neural networks (CNNs). CNNs 
are a class of deep neural networks that have been success-
fully applied in analyzing voice changes, a possible sign of 
early laryngeal cancer, with a high sensitivity and specific-
ity [18]. Using these methods AI can detect subtle imaging 
features that may be overlooked by experienced clinicians, 
leading to earlier and more accurate detection of malignan-
cies. A study by Parker showed that machine learning via 
CNN-based methods to add objectivity to laryngoscopy 
analysis identifying small changes with high specificity [19].

The potential for AI applications to aid in the detection of 
laryngeal lesions is remarkable; however, the currently pub-
lished literature presents a fragmented view, reporting only 
one AI model application per study. Previous studies focused 
on various individual AI application diagnostic tools, mainly 
on endoscopy [20]. AI has demonstrated remarkable accu-
racy in detecting and classifying laryngeal lesions, making 
it a valuable tool for early diagnosis. For example, a study 
by Zhou et al. highlighted that AI models applied to endo-
scopic images achieved a classification accuracy of over 90% 
in distinguishing benign from malignant laryngeal lesions, 
significantly aiding clinical decision-making [21]. Addition-
ally, research by Ren et al. demonstrated that an AI-driven 

diagnostic system could accurately classify laryngeal lesions 
with an accuracy of 94%, showcasing its effectiveness in 
supporting physicians in making precise diagnoses [22]. 
Furthermore, a review by Wu et al. from 2020 to 2022 
reported the recent increase in AI technology applications 
in otolaryngology [23]. A state-of-the-art review by Ben-
soussan et al. provides a comprehensive summary of current 
uses of AI, but it is limited by a lack of meta-analysis of their 
findings [24].

Since most prior investigations focus on endoscopy, our 
systematic review and meta-analysis included studies that 
detect or differentiate benign versus malignant laryngeal 
lesions with endoscopy, histopathology, or voice changes. 
This is the first systematic review that meta-analyzes several 
tools using AI applications in this area. The aim is to expand 
on the results of previous reviews and provide a broader 
understanding of AI's potential in this area. In recent years, 
AI research has experienced exponential growth. This study 
addresses the need for a comprehensive meta-analysis of 
various AI techniques by providing an up-to-date systematic 
review. It serves as a valuable resource that consolidates 
findings across diverse AI technologies, offering clinicians 
timely and impactful insights while efficiently summarizing 
the most relevant data in a single source.

Methods

Information source and search strategy

This study was conducted according to the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses 
(“PRISMA”) guidelines [25]. Detailed search strategies were 
developed using the following databases The COCHRANE 
Library (Wiley), PubMed (National Library of Medicine 
– National Institutes of Health), SCOPUS (Elsevier), and 
CINAHL (EBSCO). Databases were searched from incep-
tion through January 1, 2024, with the results limited to 
English. A combination of subject headings (e.g., Medical 
Subject Headings [MeSH] in PubMed) and the following 
keywords were used in the search: “Artificial Intelligence” 
or “Machine Learning,” “Laryngeal Neoplasm,” “laryngeal 
lesion” and “glottic neoplasm” The complete list of search 
terms is available in Table S1. Articles were screened using 
the review management software Covidence (Veritas Health 
Innovation Ltd). Titles and abstracts were screened for rel-
evance, and full texts were reviewed to determine inclusion. 
References of all included articles were examined for addi-
tional studies.
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Selection criteria

The study considered several types of research designs to 
ensure a robust and comprehensive analysis of AI appli-
cations in diagnosing and classifying laryngeal lesions. 
Included study designs were cohort studies, retrospective 
and prospective case series, randomized controlled trials 
(RCTs), and case–control studies, as these designs provide 
valuable longitudinal data, insights into real-world clinical 
applications, high levels of evidence. Studies were selected 
if they reported key performance metrics such as accuracy, 
sensitivity, and specificity, which are crucial for evaluat-
ing the diagnostic utility of AI technologies. To maintain 
the rigor of the meta-analysis, review articles, studies with 
incomplete data, case reports, studies with incorrect study 
designs, and studies that did not measure the outcomes of 
interest were excluded. This exclusion was necessary to 
ensure that only studies contributing fully to the quantitative 
synthesis were included, thereby maintaining the focus on 
clinically relevant outcomes and the best available evidence 
in the application of AI for laryngeal lesion diagnosis and 
classification (Table 1). The study included a variety of AI 
approaches, specifically focusing on deep learning models 
such as CNNs, Recurrent Neural Networks (RNNs), and 
Autoencoders. Additionally, conventional machine learn-
ing models like Support Vector Machines (SVMs), Random 
Forests, and Naive Bayes were considered. Hybrid models, 
including Ensemble Learning and Transfer Learning mod-
els, were also included to capture a broad spectrum of AI 
applications in diagnosing and classifying laryngeal lesions. 
Two reviewers (A.R.M.G. and T.J.D.) independently con-
ducted an initial screening of titles and abstracts to identify 
studies that met the broad eligibility criteria. This step was 
crucial for filtering out studies that were clearly irrelevant or 
did not align with the research focus. Following the initial 
screening, the reviewers conducted a more detailed full-text 
review of the remaining articles to determine their suitabil-
ity for inclusion in the final analysis. This review process 
was guided by our PICOT framework, which focused on the 
following elements: Population (studies evaluating patients 
with laryngeal lesions using AI for diagnosis and classi-
fication), Intervention (AI technologies applied to endos-
copy, voice analysis, and histopathology), Comparator 

(comparisons made against traditional diagnostic methods 
if applicable), Outcomes (sensitivity, specificity, and accu-
racy of AI in diagnosing and classifying laryngeal lesions), 
and Timing (inclusion of studies published up to January 1, 
2024). To ensure best methods of the screening process, any 
disagreements between the two reviewers were addressed 
through discussion. If consensus could not be reached, a 
third reviewer (S.A.N.) was consulted to provide an objec-
tive assessment and resolve the conflict.

Data collection process and data items

The two reviewers independently extracted data from each 
included study to ensure accuracy and minimize the risk of 
bias. This process involved systematically gathering infor-
mation on various study characteristics, including the author 
names, publication year, and participant demographics, such 
as age, gender, and clinical context. Additionally, the spe-
cific AI model utilized in each study (e.g., CNNs, RNNs, 
or SVMs) was documented, along with key performance 
metrics like accuracy, sensitivity, and specificity. After the 
initial data extraction, the reviewers compared their results 
to identify any discrepancies. In cases where disagreements 
arose, a third reviewer (S.A.N.) was consulted to provide an 
objective resolution.

Critical appraisal

The included articles were critically appraised to assess the 
level of evidence using the Oxford Center for Evidence-
Based Medicine criteria [26]. Since the included studies 
were a mix of randomized and non-randomized studies, 
QUADAS-2 was used. QUADAS-2 is a risk-of-bias tool 
that assesses four domains. These four domains are patient 
selection, index test, reference standard, and flow and tim-
ing. The patient selection domain examines how participants 
were chosen, ensuring they represent the typical clinical 
population. The index test domain evaluates whether the AI 
technology was applied and interpreted independently of the 
reference standard, maintaining objectivity. The reference 
standard domain assesses the validity and application of the 
"gold standard" diagnostic method without bias from the 
index test results. Finally, the flow and timing domain looks 

Table 1   Inclusion/exclusion criteria

Inclusion criteria Exclusion criteria

(1) Patients from all ages who were assess by AI aided tool (1) Studies that lack variables for meta-analysis
(2) Studies that included sensitivity, specificity, or accuracy (2) Studies that used animal studies
(3) Studies that assess detection of laryngeal lesion versus healthy tissue using AI aided tech-

nology
(3) Studies those asses other site lesion such as 

oral cavity, etc
(4) Studies that assess classification of benign vs malignant lesion using AI aided technology



1546	 European Archives of Oto-Rhino-Laryngology (2025) 282:1543–1555

at the sequence and timing of tests to ensure consistency and 
reduce potential bias from variations in test administration. 
Each domain is assessed for risk of bias, and the first three 
domains are also evaluated for concerns about applicabil-
ity [27]. Two authors (A.R.M.G and T.J.D.) independently 
performed risk assessments on all studies. The risk of bias 
for each aspect was graded as low, unclear, or high. The third 
reviewer (T.C) resolved any conflicts between reviewers.

Data analysis and synthesis of results (statistical 
analysis)

Meta‐analysis of continuous measures (sensitivity, specific-
ity, and accuracy) was performed with Cochrane Review 
Manager (RevMan) version 5.4 (The Cochrane Collabora-
tion 2020, United Kingdom). A meta-analysis of propor-
tions (gender) was performed using MedCalc 22.017 (Med-
Calc Software, Ostend, Belgium). Each measure (mean 
[log(mean0] / proportion (%) and 95% confidence interval 
(CI)) was weighted according to the number of patients 
affected. Heterogeneity among studies was assessed using 
χ2 and I2 statistics with fixed effects (I2 < 50%) and ran-
dom effects (I2 > 50%). We conducted a meta-regression 
where we examined factors influencing diagnostic accu-
racy, including the number of images, and AI model type 
using R (software 4.4.1). In addition, potential publication 
bias was evaluated by visual inspection of the funnel plot 
and Egger’s regression test, which statistically examines the 
asymmetry of the funnel plot [28, 29]. A p value of < 0.05 
was considered to indicate a significant difference for all 
statistical tests.

Results

Overview of search strategy

A comprehensive literature search found 1713 unique arti-
cles related to AI and laryngeal pathology. Title and abstract 
review led to the exclusion of 1558 articles, resulting in 155 
studies assessed in full text. After careful consideration, 18 
articles were included in the systematic review and the meta-
analysis. The search and screening process is in Fig. 1, which 
shows the PRISMA diagram [30]. The studies included non-
randomized cohort studies, which were classified as level 3 
based on the Oxford level of evidence and were published 
from the database's inception to January 2024.

Risk of bias

Critical appraisal of studies indicated an acceptably low risk 
of bias for all included studies. Potential sources of bias in 
non-randomized studies with QUADAS-2 (Fig. S1) were 

most pronounced due to the index test, selection of partici-
pants, and reference standard. A funnel plot with Egger’s test 
(Fig. S2) (– 2.7, 95% CI – 9.6 to 4.1, p = 0.33) indicated that 
all studies were within the funnel, suggesting little publica-
tion bias.

Overview of included studies

The descriptive features of the included studies are summa-
rized in Table 2 [18, 21, 22, 31–45]. Eighteen studies com-
prising 18,944 patients were included, with the proportion 
of males being 92% (95% CI 85.6–96.6%). Of the 18 studies 
included in the meta-analysis, 12 (66.7%) reported AI-aided 
laryngeal endoscopy [22, 31–41], 2 (11.1%) reported detec-
tion of lesions using voice changes [18, 45], and 4 (22.2%) 
reported classification of benign versus malignant using his-
topathology [21, 42–44]. The number of samples/images 
used in the AI models ranges from 124 to 24,667, totaling 
115,136.

Laryngeal lesion detection

Nine studies were identified that used AI application in 
laryngeal endoscopy to detect lesions and included sensitiv-
ity, specificity, and accuracy. Figure 2 shows a pooled analy-
sis of the outcomes of AI application in laryngeal endoscopy 
for detecting lesions versus healthy tissue. AI application in 
laryngeal endoscopy showed a pooled mean sensitivity and 
specificity were 89% (95% CI 85–93%) and 91% (95% CI 
90–93%). The pooled accuracy between all studies was 92% 
(95% CI 89–96%). The mean number of images the AI-aided 
endoscopy used in this modality was 8765.66.

This meta-analysis included only one other AI-assisted 
diagnostic tool, which was voice-analysis software, for 
detecting possible laryngeal lesions. Other investigations 
with diagnostic tools such as CT were identified in the 
search but were excluded due to their high risk of bias and 
lack of complete outcomes for meta-analysis. Voice analysis’ 
pooled mean sensitivity and specificity were 78% (95% CI 
76–79%) and 82% (95% CI 72–94%). The pooled accuracy 
between all studies was 86% (95% CI 85–87%) (Fig. 3).

Classification of benign versus malignant lesions

Seven studies were identified that used AI application in 
laryngeal endoscopy to differentiate benign versus malignant 
lesions, including sensitivity, specificity, and accuracy. Fig-
ure 4 shows a pooled analysis of sensitivity, specificity, and 
accuracy for this diagnostic tool. The pooled mean sensitiv-
ity and specificity for laryngeal endoscopy distinguishing 
between lesions were 91% (95% CI 87–94%) and 91% (95% 
CI 88–95%), respectively. The pooled accuracy between all 
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studies was 94% (95% CI 92–97%). The mean number of 
images the AI model used was 8133.33.

AI-aided histopathology classification was the only diag-
nostic tool that used AI to differentiate benign versus malig-
nant laryngeal lesions. Four studies reported using AI to aid 
in the histopathology classification, but the only outcome 
that could be analyzed in these studies was accuracy due to 
the lack of standard deviation or p-value in other outcomes, 
such as sensitivity and specificity. Figure 5, the pooled accu-
racy between these studies was 92% (95% CI 86–99%). The 
mean number of images the AI model used was 6,416, rang-
ing from 414 to 18,750, with a total of 25,664.

Meta‑regression analysis

The meta-regression analysis demonstrated a significant 
relationship between diagnostic accuracy and the AI 

technique used, with an R-squared value of 91.5%, indi-
cating that 91.5% of the variability in diagnostic accuracy 
is explained by the type of AI modality (endoscopy, voice 
analysis, or histopathology). After adjusting for the num-
ber of predictors, the adjusted R-squared remained high at 
87.2%, further supporting the strength of this relationship. 
The model was statistically significant (F-statistic = 21.49, 
p = 0.0435), suggesting that the choice of AI technique 
significantly influences diagnostic accuracy. Specifically, 
histopathology-based AI techniques were associated with 
a 24.46% higher diagnostic accuracy compared to endos-
copy, as indicated by a coefficient of 0.2446 (95% CI 0.018 
to 0.472, p = 0.044). However, due to limited data, it was 
not possible to determine the effect of voice analysis on 
diagnostic accuracy in this model.

Fig. 1   PRISMA 2020 flow 
diagram for new systematic 
reviews which included searches 
of databases and registers only
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Table 2   Characteristics of included studies

Author Year Study design 
(oxford level of 
evidence)

No. patients No. images (total) Lesion site Aims and outcomes Reference standard

Endoscopy
Bengs 2020 Retrospective (3) 100 – Larynx Discrimination of normal 

tissue and cancer
Histopathology

Cho 2021 Retrospective (3) 4106 4106 Larynx Classification into normal 
tissue, polyps, nodules, 
leukoplakia, cysts, papil-
lomas, Reinke’s edema, 
granulomas, and vocal 
cord palsies

Histopathology and ENT-
specialist interpretation

Dunham 2020 Retrospective (3) – 19,353 Larynx Discrimination of benign 
and malignant/prema-
lignant

Histopathology and ENT-
specialist interpretation

Esmaeili 2019 Retrospective (3) 32 1485 Larynx Discrimination of normal 
and malignant tissue

Histopathology and ENT-
specialist interpretation

Esmaeili 2021 Retrospective (3) 146 8181 Larynx Discrimination of normal 
and malignant tissue

Histopathology

Inaba 2020 Retrospective (3) 374 2400 Larynx Discrimination of normal 
and malignant tissue

Histopathology

Moccia 2017 Retrospective (3) 33 1320 Larynx Classification of normal 
tissue, leukoplakia

Histopathology

Ren 2020 Retrospective (3) 9231 24,667 Larynx Classification of normal 
tissue, polyps, nodules, 
leukoplakia, and cancer

Histopathology and ENT-
specialist interpretation

Turkmen 2015 Retrospective (3) 70 124 Larynx Classification of normal 
tissue, polyps, nodules, 
laryngitis, and sulcus 
vocalis

ENT-specialist interpretation

Wu 2021 Retrospective (3) – 10,760 Larynx Discrimination of normal 
and malignant tissue

Histopathology

Xiong 2019 Retrospective (3) 2208 14,897 Larynx Classification of cancer, 
precancerous lesions, 
benign tumors, and nor-
mal tissue

Histopathology

Yan 2023 Retrospective (3) 2179 2179 Larynx Discrimination of normal 
and malignant tissue

ENT-specialist interpretation

Histopathology
Li 2022 Retrospective (3) 10 414 Larynx Discrimination of normal 

and malignant tissue
Histopathology

Valjarevic 2023 Retrospective (3) 100 2000 Larynx Discrimination of normal 
and malignant tissue

Histopathology

Zhang 2019 Retrospective (3) 78 18,750 Larynx Discrimination of normal 
and malignant tissue

Histopathology

Zhou 2021 Retrospective (3) 10 4500 Larynx Discrimination of normal 
and malignant tissue

Histopathology

Voice pathology
Kim 2020 Retrospective (3) 95 – Larynx Classification of normal 

voice and pathological 
voice

Histopathology, ENT-spe-
cialist interpretation

Wang 2022 Retrospective (3) 172 – Larynx Classification of normal 
voice and pathological 
voice

Histopathology
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Discussion

Main findings

Laryngeal cancer is one of the most common subtypes of 
head and neck cancer, with an estimated 12,380 new cases 
per year [46]. According to the American Cancer Soci-
ety, the 5-year relative survival rate for glottic cancer for 
all stages is 77%, but when stratified, it ranges from 84% 

for localized disease to 45% for distant disease [46]. This 
decline in survival with distant disease highlights the impor-
tance of early detection and accurate diagnosis of laryngeal 
lesions.

There has been an exponential increase in published 
research on AI applications in healthcare in the past decade 
[47, 48]. Most studies have shown high efficacy in the detec-
tion of lesions in other body sites, such as the colon and 
breast. This systematic review and meta-analysis supports 

Fig. 2   Forest plot reporting AI-aided endoscopy's sensitivity, specificity, and accuracy in identifying health tissue versus laryngeal lesions
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that AI could be useful in laryngology, improving early 
detection and the accuracy of diagnosis of laryngeal lesions. 
Of the included studies, all AI models had very high sensi-
tivity, specificity, and accuracy. The accuracy of the included 
studies ranges from 86 and 94%. AI application in laryngeal 
endoscopy had the highest accuracy with a pooled mean of 
92% (95% CI 89–96%). This is supported by previous stud-
ies that reported the accuracy of AI used in laryngeal endos-
copy was between 80 and 99% [20]. These results show that 
AI applications have great efficacy and the potential to be 
introduced as diagnostic tools to aid physicians. Given the 
accessibility of laryngoscopy as an office procedure, imple-
menting AI into this diagnostic tool may help improve diag-
nosis and early detection of malignant lesions, which could 
potentially lead to improved outcomes [49, 50].

Other techniques also show promising results, but a lack 
of standardized outcomes makes it challenging to compare 
diagnostic tools. The accuracy of reference standard tests, 
such as histopathology and expert-reviewed imaging, is gen-
erally high, but it is not without limitations. Variability in 
interpretation, especially in imaging, can introduce incon-
sistencies, which AI technologies aim to mitigate by offering 
more objective and standardized assessments. The finding 
of our meta regression suggests that while histopathology-
based AI models are highly effective for diagnosing laryn-
geal lesions, further research is needed to better evaluate 
the impact of voice analysis and other contextual factors 
on diagnostic accuracy. A study by Kim et al. explored AI-
assisted voice analysis programs to identify healthy tissue 

versus laryngeal cancer accurately and showed promising 
results, with 15% more accurate detection when compared 
with laryngologists [51]. Our review of voice-analysis stud-
ies supports these findings, with meta-analysis showing a 
mean pooled accuracy of 86%

Even though identifying laryngeal lesions is important, 
differentiating between benign and malignant lesions is 
crucial for patient outcomes. AI-aided technology has also 
shown great potential in this area. A study by Hu et al. 
reported that AI-aided ultrasound correctly classified benign 
versus malignant nodules in the liver with an accuracy of 
91% [52]. This AI model even outperformed the diagnostic 
accuracy of radiology residents and matched that of experts 
[52]. Other studies support these findings in malignant thy-
roid, breast, and lung lesions [53–55]. Our study also sup-
ports that AI application in diagnostic tools such as endos-
copy is useful in differentiating benign versus malignant 
lesions with an accuracy of up to 94%. These results further 
support the utility of integrating AI into these commonly 
used diagnostic tools such as laryngeal endoscopy. A study 
by Ren et al., which used the largest dataset of images of all 
included studies, reported that compared to expert physi-
cians, AI has better overall accuracy in the classification of 
leukoplakia (65% vs 91%) and glottic cancer (54% vs 90%) 
[22]. This shows potential for integrating AI into clinical 
practice, especially for the future generation of physicians.

In summary, our finding reported the diagnostic accuracy 
of AI technologies in laryngeal lesion detection varies across 
modalities. AI-assisted endoscopy demonstrated the highest 

Fig. 3   Forest plot reporting the sensitivity, specificity, and accuracy of AI-aided voice analysis program on identifying health tissue versus laryn-
geal lesions
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Fig. 4   Forest plot reporting AI-aided endoscopy's sensitivity, specificity, and accuracy in classifying benign versus malignant laryngeal lesions

Fig. 5   Forest plot reporting the accuracy of AI-aided pathology in classifying benign versus malignant laryngeal lesions
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diagnostic performance, with a pooled sensitivity of 91% 
(95% CI 87–94%) for differentiating benign from malignant 
lesions and a pooled accuracy of 94% (95% CI 92–97%) for 
lesion detection. Histopathology-based AI models, although 
less frequently studied, also achieved a high pooled accuracy 
of 92% (95% CI 86–99%). In contrast, voice analysis, while 
promising, showed a relatively lower pooled sensitivity of 
78% (95% CI 76–79%) and an accuracy of 86% (95% CI 
85–87%). These results indicate that while endoscopy and 
histopathology show strong diagnostic potential for lesion 
classification, voice analysis may require further refinement 
and validation to match the efficacy of imaging-based AI 
technologies.

Applicability of AI in the clinical setting

The results of this meta-analysis suggest that AI is a diag-
nostic tool that could be valuable for assessing laryngeal 
lesions. A previous systematic review reported that AI has 
high accuracy and clinical utility when assessing images of 
laryngeal lesions [20]. This raises the question of who would 
benefit the most from AI in the clinical setting. The most 
significant utility of AI currently is in the classification of 
benign versus malignant lesions [56]. A review by Sampieri 
et al. found that AI models perform better in binary clas-
sification of benign vs malignant but lose accuracy in mul-
ticlass classification [56]. Of the included studies, Dunham 
et al. reported this finding, showing 93% accuracy when the 
model classified between benign and malignant but dropping 
to 83% when classifying between several different lesions 
[57]. This is similar to humans; the more complicated the 
task, the lower the accuracy. However, it should be noted 
that the research studies presented so far have focused solely 
on the research-oriented setting [56]. As real-world clinical 
applications of this technology have yet to be studied, it is 
difficult to assess the actual implications of this technology 
in a clinical setting. AI technologies could be particularly 
beneficial for patients in rural or underserved areas, where 
access to specialist care is limited. Moreover, busy clini-
cal environments could also benefit from the enhanced effi-
ciency and diagnostic consistency that AI tools offer. Several 
barriers exist before this technology is helpful in clinical 
practice, such as the AI software used is not commercially 
available. Significant obstacles to clinical implementa-
tion also include the current lack of regulatory clearance 
and commercial availability of AI tools. Additionally, the 
integration of these technologies will necessitate updated 
equipment and comprehensive training programs to ensure 
healthcare professionals can effectively utilize and inter-
pret AI-generated results. In addition, AI implementation 
in healthcare must address significant privacy concerns, as 
these models depend on large datasets containing sensitive 
patient information. Additionally, potential biases in the data 

used to train AI models can result in inequitable outcomes, 
particularly for underrepresented patient populations.

A study by Alowais et al. reported that integrating AI 
into healthcare improves disease diagnosis, but it does come 
with challenges. Incorporating AI into clinical practice could 
bring problems with data privacy and bias [58]. More studies 
that show standardized outcomes are needed to assess the 
potential for AI-aided diagnostic and classification tools in 
laryngology. In addition, prospective studies that implement 
AI-aided laryngeal endoscopy systems in clinical practice 
are essential.

Limitations

It is important to consider several limitations when interpret-
ing the results of this study. First, despite a comprehensive 
literature search, publication bias is possible. This could lead 
to overestimating AI’s effectiveness in detecting and clas-
sifying laryngeal lesions. Second, using different AI models 
and diagnostic tools across the included studies may limit 
the generalizability of our findings. Different AI algorithms, 
training datasets, and validation methods can significantly 
impact the results, making direct comparisons difficult. 
Finally, standardized reporting on the technical details of AI 
models, such as architecture, training parameters, and data 
augmentation techniques, needs to be improved. This limits 
the reproducibility of the studies and hinders the assessment 
of the utility of AI applications in laryngology.

The study has a notable limitation due to the high het-
erogeneity among the included studies. Study heterogeneity 
poses a significant challenge in our meta-analysis, arising 
from differences in study design, patient populations, and 
AI model types. This variability limits the generalizability 
of our findings and underscores the importance of standard-
izing research protocols in future studies. Apart from het-
erogeneity, this study faced limitations due to the prevalence 
of retrospective designs and small sample sizes, which con-
strain the robustness of our conclusions. The potential for 
publication bias, especially the underreporting of negative 
outcomes, may further skew the perceived effectiveness of 
AI technologies. Additionally, the lack of sufficient data on 
various AI algorithms and architectures limited our ability to 
fully assess and compare their effectiveness. It may affect the 
applicability of the results and could affect the actual effec-
tiveness of AI tools in diagnosing and classifying laryngeal 
lesions in various clinical settings.

In summary, while our findings suggest that AI appli-
cations have the potential to diagnose and classify laryn-
geal lesions, these limitations highlight the need for further 
research. Although the AI models reviewed in this study 
exhibit high accuracy, further validation is needed before 
they can be widely adopted in clinical practice. Additional 
studies are required to assess the performance of these 
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models in real-world settings to ensure their robustness and 
reliability. Future research should include large, multicenter 
studies to validate these findings across diverse patient popu-
lations. Comparative effectiveness studies are also crucial 
to directly compare AI-assisted diagnostics with traditional 
methods, thereby determining their true clinical value.

Conclusion

The study reports high accuracy, sensitivity, and specific-
ity of AI-aided tools, especially in laryngeal endoscopy, for 
classifying benign and malignant lesions. These findings 
indicate that AI could enhance early diagnosis and classi-
fication, potentially improving patient outcomes. However, 
several limitations highlight the need for further research to 
validate and refine AI applications in laryngology.
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