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ABSTRACT
Objective: Oral diseases, specifically malignant lesions, are serious global health concerns requiring early diagnosis for effective 
treatment. In recent years, deep learning (DL) has emerged as a powerful tool for the automated detection and classification of 
oral lesions. This research, by conducting a scoping review and meta-analysis, aims to provide an overview of the progress and 
achievements in the field of automated detection of oral lesions using DL.
Materials and Methods: A scoping review was conducted to identify relevant studies published in the last 5 years (2018–2023). 
A comprehensive search was conducted using several electronic databases, including PubMed, Web of Science, and Scopus.
Two reviewers independently assessed the studies for eligibility and extracted data using a standardized form, and a meta-
analysis was conducted to synthesize the findings.
Results: Fourteen studies utilizing various DL algorithms were identified and included for the detection and classification of 
oral lesions from clinical images. Among these, three were included in the meta-analysis. The estimated pooled sensitivity and 
specificity were 0.86 (95% confidence interval [CI] = 0.80–0.91) and 0.67 (95% CI = 0.58–0.75), respectively.
Conclusions: The results of meta-analysis indicate that DL algorithms improve the diagnosis of oral lesions. Future research 
should develop validated algorithms for automated diagnosis.
Trial Registration: Open Science Framework (https://osf.io/4n8sm)

1   |   Introduction

Oral lesions remain a substantial global health issue affecting in-
dividuals of all age groups. In particular, potentially malignant 
disorders of the oral cavity (OPMD) encompass a spectrum of 
conditions that arise within the oral cavity and have the capac-
ity to progress to a malignant phenotype. Timely identification 
and accurate diagnosis of oral lesions are crucial in preventing 

their progression to cancer. Notably, patients with oral cancer 
exhibit high mortality rates, with an estimated 50% experi-
encing fatal outcomes within 5 years of their initial diagnosis 
(Kumari, Debta, and Dixit 2022; González-Moles, Aguilar-Ruiz, 
and Ramos-García 2022).

However, accurate diagnosis of oral lesions remains challenging 
because of their wide range of variations, diverse presentations, 
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and overlapping characteristics. Ongoing efforts aim to overcome 
these challenges, enhance diagnostic accuracy, and develop effec-
tive interventions and management strategies for patients with 
oral lesions (Romano et al. 2021; González-Moles, Aguilar-Ruiz, 
and Ramos-García 2022).

Recent technological advancements have facilitated the de-
velopment of innovative strategies and approaches to enhance 
early diagnosis of oral lesions, particularly for nonspecialized 
oral medicine practitioners (Mascitti et al. 2018). Scientific lit-
erature has proposed the use of systems that assist clinicians in 
identifying and accurately diagnosing lesions using dedicated 
apps. A notable example is the DoctOral app, which integrates 
algorithms specifically designed to guide clinicians in making 
suspected diagnoses and facilitates consultations with expert 
oral medicine physicians via teledentistry (Di Fede, La Mantia, 
et al. 2023; Di Fede, Panzarella, et al. 2023).

Another application, the mobile mouth screening anywhere 
(MeMoSA), serves as a communication platform that stream-
lines the collaboration between dentists and specialists, facil-
itating the assessment of management decisions concerning 
oral lesions and promoting effective teamwork (Dailah 2022).

In addition to these platforms, deep learning (DL) algorithms, a 
subset of artificial intelligence (AI), have shown immense poten-
tial for enhancing the accuracy and efficiency of oral lesion diag-
nosis. These algorithms can learn from extensive image and data 
datasets to identify patterns and features that aid in lesion detec-
tion and classification (Patil et al. 2022). The use of DL algorithms 
for the detection and classification of oral lesions has been exten-
sively investigated, demonstrating their potential to improve diag-
nostic accuracy (Tanriver, Soluk Tekkesin, and Ergen 2021; Keser 
et al. 2023; Dixit, Kumar, and Srinivasan 2023; Ünsal et al. 2023).

Moreover, the application of AI in the medical field has spurred 
extensive research focused on developing DL systems for au-
tomating the detection and classification of oral lesions. These 
systems leverage images acquired using various diagnostic 
techniques, such as laser confocal endomicroscopy, autofluo-
rescence imaging, hyperspectral imaging, optical coherence to-
mography (OCT), and clinical imaging (Aubreville et al. 2017; 
Fu et al. 2020; Duran-Sierra et al. 2021; Yang et al. 2023). The 
widespread availability of cameras, both as stand-alone devices 
and integrated features in smartphones, has made photographic 
documentation of oral lesions more accessible in medical en-
vironments (Hunt, Ruiz, and Pogue 2021; Fonseca et al. 2022; 
Di Fede, Panzarella, et al. 2023). Consequently, numerous tools 
have been developed, and various studies have been conducted 
to fully harness these resources and improve the detection and 
classification of oral lesions using advanced machine-learning 
techniques (Aubreville et al. 2017; Tanriver, Soluk Tekkesin, and 
Ergen 2021; Chu et al. 2021; Jubair et al. 2022; Yang et al. 2023).

This study aimed to provide, for the first time, a scoping review 
with comprehensive insight into the progress and achievements in 
the field of automated detection and classification of oral lesions 
through the application of DL to clinical images acquired via dig-
ital camera. This will be accomplished through a meta-analysis 
evaluating the performance metrics of specificity and sensitivity, 
which assess the effectiveness and accuracy of automated systems.

2   |   Materials and Methods

This is the first study to employ a scoping review methodol-
ogy to identify pertinent studies published within the past 
5 years (2018–2023). A comprehensive search was conducted 
across multiple electronic databases, including PubMed, Web 
of Science, and Scopus, using specific keywords such as “oral 
lesions,” “oral squamous cell carcinoma (OSCC),” “oral poten-
tially malignant disorders,” “deep learning,” “neural networks,” 
“convolutional neural networks,” “machine learning,” “artificial 
intelligence,” and “automated diagnosis.” Two independent re-
viewers (GLM and MP) screened the titles and abstracts of the 
identified studies to determine their eligibility. The full texts 
of the eligible studies were thoroughly examined, and the data 
were extracted using a standardized form.

During the initial search, 377 articles published between 
January 2018 and March 2023 were identified. This scoping re-
view adhered to the Preferred Reporting Items for Systematic 
Reviews and Meta-Analysis-Scoping Review (PRISMA-ScR) 
guidelines and the Arksey and O'Malley's five-stage frame-
work for identifying available evidence (Figure 1). The review 
encompassed five iterative stages: (i) formulating the research 
question, (ii) identifying relevant studies, (iii) selecting appro-
priate studies, (iv) organizing and analyzing the gathered data, 
and (v) summarizing the obtained results.

2.1   |   Eligibility Criteria

The inclusion criteria were as follows: (i) articles published be-
tween 2018 and 2023; (ii) studies focusing on oral imaging le-
sions; and (iii) studies that included statistical analyses.

The lack of statistical analyses can undermine the validity of 
the results, making it challenging to assess the significance and 
generalizability of the conclusions. Therefore, studies that did 
not include adequate statistical analysis were excluded to en-
sure that the review was based on robust and reliable scientific 
evidence.

Specifically, precision, specificity, sensitivity, F1 score, area 
under the curve (AUC), and recall score were used as statistical 
measures to evaluate the effectiveness and accuracy of the DL 
classification and detection architectures.

2.2   |   Study Selection

Studies were identified through an electronic search of scientific 
articles in different biomedical databases (Scopus, PubMed, and 
MEDLINE). To minimize bias, publications were examined in-
dividually by two reviewers (G.L.M. and M.P.). Any disagree-
ments were handled through mutual conversation among the 
authors.

2.3   |   Search Strategy

The screening procedure was guided by the predefined in-
clusion and exclusion criteria listed in Table  1. The following 
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search terms were used separately and in combination: The 
search keywords included “oral lesions,”: “OSCC,” “oral poten-
tially malignant disorders,” “deep learning,” “neural networks,” 
“convolutional neural networks,” “machine learning,” “arti-
ficial intelligence,” “automated diagnosis,” and free text. Full-
text screening was performed only by the first author, which 
is typical when conducting scoping reviews. After removing 
duplicates, the articles were further scrutinized to assess their 
eligibility.

2.4   |   Meta-Analysis

A meta-analysis was conducted to obtain a pooled estimate 
of sensitivity and specificity to quantify the effectiveness of 
the DL-based classification of oral lesions. The STATA mod-
ule—“metandi”—was used to obtain these pooled estimates, 
incorporating the confusion matrix, the sequence of the num-
ber of true positives, false positives, false negatives, and true 
negatives. Specifically, the confusion matrix is a 2 × 2 table that 
contains the four outcomes produced by a binary classifier. A 
typical confusion matrix displays the actual classification of 
the presence/absence of a specific disease in rows and the pre-
dicted classification of the presence/absence of a specific disease 
in columns. In this analysis, the predicted classification was 
generated using DL applied to clinical images. This classifica-
tion produces four outcomes: true positive, true negative, false 

positive, and false negative, which enables the calculation of 
various measures, such as specificity and sensitivity. If multiple 
matrices were available from the same article, each matrix was 
assessed individually.

3   |   Results

A total of 14 studies were identified and included in the scoping 
review. These studies employed various DL algorithms, includ-
ing convolutional neural networks (CNNs), recurrent neural 
networks (RNNs), and deep belief networks (DBNs), to detect 
and classify oral lesions.

A detailed analysis of the 14 studies revealed notable hetero-
geneity in the choice of DL architectures, study objectives, 
and dataset sizes used. Architectures range from ResNet-101, 
EfficientNet-b4, DenseNet-121, and VGG19 to HRNet-W18, each 
adopted in specific research contexts. This diversity reflects the 
ongoing quest for optimal solutions to specific challenges of oral 
pathologies.

Additionally, the focus of pathologies varied across studies, with 
some studies exclusively focusing on oral cancer, whereas others 
encompassed a broader range of oral disorders, including poten-
tially malignant disorders (Al Duhayyim et al. 2023; Welikala 
et al. 2020; Lin et al. 2021; Muqeet et al. 2022; Xue et al. 2022; 
Shamim et  al.  2022; Jubair et  al.  2022; Warin, Limprasert, 
Suebnukarn, Jinaporntham, and Jantana  2022; Marzouk 
et  al.  2022; Warin, Limprasert, Suebnukarn, Jinaporntham, 
Jantana, Vicharueang  2022; Tobias et  al.  2022; Liyanage 
et al. 2023). This suggests that the flexibility of deep neural net-
works can be harnessed to address a wide array of pathological 
conditions (Table 2).

The analysis of 14 articles revealed heterogeneous data regard-
ing the number of images analyzed, types of lesions consid-
ered (non-neoplastic, premalignant, and malignant), proposed 

FIGURE 1    |    PRISMA flow diagram for scoping reviews.
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TABLE 1    |    Inclusion and exclusion criteria.

Inclusion Exclusion

Published from January 2018 Lack of statistical analysis

Primary, peer-reviewed 
articles
Availability of full text

Languages other 
than English

English language Systematic review
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TABLE 2    |    Summary of studies from 2018 to 2023 on automated detection and classification of oral lesions from clinical image using deep 
learning.

Article (Study design) Authors and year Sample size
Deep learning 
architectures

Statistical 
performance 

outcomes*

Automated Detection 
and Classification of 
Oral Lesions Using 
Deep Learning for Early 
Detection of Oral Cancer
(Rapid review)

Welikala 
et al. (2020)

2155 images
1744 training 

images
207 validation 

images
204 testing images

1433 annotated 
images

ResNet-101 Binary (lesion/
no lesion)

Prec: 84.77
Recall: 89.51

F1: 87.07
Binary (referral/

no referral)
Prec: 67.15

Recall: 93.88
F1: 78.30

Multiclass 
(macro-averaged)

Prec: 52.13
Recall: 49.11

F1 score: 50.57

A Deep Learning 
Algorithm for Detection 
of Oral Cavity Squamous 
Cell Carcinoma from 
Photographic Images: 
A Retrospective Study 
(Retrospective study)

Fu et al. (2020) Initial data 
44,409 images

Algorithm 
development 5575
Internal validation 

dataset = 401
Secondary 

analysis = 170
External validation 

dataset = 420
Clinical validation 

dataset = 666

DCNN Internal validation 
dataset:

AUC = 95
SN = 94.9
SP = 88.7
AC = 91.5

Secondary analysis on
Internal validation 

dataset:
AUC = 99
SN = 97.4
SP = 93.5
AC = 95.3

External validation 
dataset:

AUC = 93.5
SN = 89.6
SP = 80.6
AC = 84.1

Clinical validation 
dataset:

AUC = 0.97
SN = 91

SP = 93.3
AC = 92.3

Automatic Detection 
of Oral Cancer in 
Smartphone-based 
Images Using Deep 
Learning for Early 
Diagnosis
(Article)

Lin et al. (2021) 455 images
228 health mucosa
76 aphthous ulcers
69 low-risk OPMDs

52 high-risk 
OPMDs

30 cancer

HRNet-W18 Multiclass
Prec: 84.3
Sens: 83

Spec: 96.6
F1 score: 83.6

(Continues)
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Article (Study design) Authors and year Sample size
Deep learning 
architectures

Statistical 
performance 

outcomes*

Automated Detection 
and Classification of 
Oral Lesions Using Deep 
Learning to Detect Oral 
Potentially Malignant 
Disorders
(Article)

Tanriver, Soluk 
Tekkesin, and 
Ergen (2021)

684 images
552 training images

63 validating 
images

69 testing images

EfficientNet-b4
Inception-v4

DenseNet-161
ResNeXt-101_32x8d

ResNet-152
EfficientNet-b3

Multiclass (Benign/
OPMDs/OSCC)
EfficientNet-b4 
(Better results)

Prec: 86.9
Recall: 85.5

F1 score: 85.8

Performance of 
Deep Convolutional 
Neural Network 
for Classification 
and Detection of 
Oral Potentially 
Malignant Disorders in 
Photographic Images
(Clinical paper)

Warin, Limprasert, 
Suebnukarn, 

Jinaporntham, and 
Jantana (2022)

600 images
(including 300 

OPMDs and 
300 normal 

oral mucosa)
420 training images

60 validating 
images

120 testing images

DenseNet-121
ResNet-50

DenseNet: 121
Prec: 91

Sens: 100
Spec: 90

F1 score: 95
Recall: 89.51

AUC of the ROC 
curve: 95

ResNet-50
Prec: 92

Sens: 98.37
Spec: 91.67
F1 score: 95
Recall: 98

AUC of the ROC 
curve: 95.03

Automated Oral 
Cancer Detection using 
Deep Learning-based 
Technique (Article)

Muqeet et al. (2022) 131 images
87 OSCC

44 NO-OSCC

VGG19
InceptionV3

Xception

VGG-19
Prec: 82

Recall: 100
F1 score: 90
Acc: 85.19

InceptionNet-V3
Prec: 83.33
Recall: 100
F1 score: 91
Acc: 88.89
Xception

Prec: 94.44
Recall: 100
F1 score: 97
Acc: 96.30

Deep Transfer 
Learning Driven Oral 
Cancer Detection and 
Classification Model 
(Article)

Marzouk 
et al. (2022)

131 images
87 OSCC

44 NO-OSCC

AIDTL-OCCM AIDTL-OCCM
Prec: 89.05

Recall: 88.60
Acc: 90.08

F1 score: 88.8

(Continues)

TABLE 2    |    (Continued)
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Article (Study design) Authors and year Sample size
Deep learning 
architectures

Statistical 
performance 

outcomes*

Automated Detection 
of Oral Pre-Cancerous 
Tongue Lesions Using 
Deep Learning for Early 
Diagnosis of Oral Cavity 
Cancer (Article)

Shamim 
et al. (2022)

300 images
240 training images

60 validation 
images

AlexNet
GoogLeNet

Vgg19
Inceptionv3

ResNet50
SqueezeNet

(Binary Classification)
AlexNet

Acc: 93 ± 0.06
Sens: 88
Spec: 94

GoogLeNet
Acc: 0·93 ± 0.02

Sens: 80
Spec: 88

ResNet50
Acc: 90 ± 0.04

Sens: 84
Spec: 96
Vgg19

Acc: 98 ± 0.04
Sens: 89
Spec: 97

Inceptionv3
Acc: 93 ± 0.03

Sens: 83
Spec: 88

SqueezeNet
Acc: 93 ± 0.09

Sens 85
Spec: 96

A Novel Lightweight 
Deep Convolutional 
Neural Network for Early 
Detection of Oral Cancer 
(Article)

Jubair et al. (2022) 716 images EfficientNet-B0 Multiclass
Acc: 85

Prec: 84.3
Sens: 86.7
Spec: 84.5

F1: 83.7

AI-based Analysis of 
Oral Lesions Using Novel 
Deep Convolutional 
Neural Networks for 
Early Detection of Oral 
Cancer (Article)

Warin, Limprasert, 
Suebnukarn, 

Jinaporntham, 
Jantana, 

Vicharueang (2022)

980 images
365 OSCC

315 OPMDs
300 non-

pathological images

DenseNet169
ResNet-101
SqueezeNet

Swin-S

Multiclass OSCC/
OPMDs

DenseNet-169 
(Better results)
OSCC–OPMDs

Prec: 98–95
Sens: 99–95
Spec: 99–97
F1: 98–95

AUC: 100–98

(Continues)

TABLE 2    |    (Continued)
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deep-learning architectures, and their respective efficiency 
values. These diverse results underscore the need for compar-
ative evaluation to identify the most effective system for diag-
nosing lesions using clinical images. However, the extensive 
heterogeneity of values and informational gaps limited the 
implementation of a meta-analysis, which included only three 
studies (Welikala et  al.  2020; Tobias et  al.  2022; Liyanage 
et al. 2023) that provided the confusion matrices necessary for 
meta-analysis. Among these studies, two provided confusion 

matrices for two different endpoints (Welikala et  al.  2020; 
Liyanage et al. 2023), resulting in five confusion matrices. The 
pooled estimates were derived using a two-level mixed logistic 
regression model, with independent binomial distributions for 
true positives and true negatives conditional on the sensitivity 
and specificity in each study, and a bivariate normal model 
for the logit transforms of sensitivity and specificity between 
studies. The results are shown as sensitivity (Se) and speci-
ficity (Sp) with corresponding 95% confidence intervals (CIs).

Article (Study design) Authors and year Sample size
Deep learning 
architectures

Statistical 
performance 

outcomes*

Automatic Detection 
of Oral Lesion 
Measurement Ruler 
Toward Computer-
Aided Image-Based 
Oral Cancer Screening 
(Article)

Xue et al. (2022) 7248 images ImageNet
ResNeSt

ViT

ImageNet
Sens: 33

Spec: 100
Prec: 100
F1: 49.6
Acc: 89

ResNeSt
Sens:100

Spec: 99.6
Prec: 97.9
F1: 98.9

Acc: 99.6
ViT

Sens: 100
Spec: 99.8
Prec: 98.9
F1: 99.5

Acc: 99.8

Artificial Intelligence 
for Oral Cancer 
Diagnosis: What are the 
Possibilities? (Article)

Tobias et al. (2022) 1636 images ResNet Recall: 78.5
Acc: 78

Prec: 77.1
F1: 77

Sailfish Optimization 
with Deep Learning 
Based Oral Cancer 
Classification Model 
(Article)

Al Duhayyim 
et al. (2023)

131 images
87 OSCC

44 NO-OSCC

CADOC-SFOFC Acc: 98.11
Prec: 98.72

Recall: 96.67
F1 score: 97.63

Malignant and Non-
Malignant Oral Lesions 
Classification and 
Diagnosis with Deep 
Neural Networks 
(Article)

Liyanage 
et al. (2023)

113 images non-
neoplastic lesions
107 images benign 

neoplasms
122 images 

premalignant/
malignant lesions

MobileNetV3
EfficientNetV2

MobileNetV3:
Acc: 71
Prec: 61

Recall: 64
F1 score:62

AUC: 88
EfficientNetV2:

Acc: 70
Prec: 64

Recall: 64
F1 score: 64

AUC: 88

Abbreviations: AUC, area under the curve; DCNN, deep convolutional neural networks; FN, false negative; FP, false positive; OPMD, potentially malignant disorders 
of the oral cavity; OSCC, oral squamous cell carcinoma; TN, true negative; TP, true positive.
*Legend of statistical performance outcomes: Accuracy = (TP + TN)/(P + N); Precision = TP/(TP + FP); Recall = TP/(TP + FN); F1 score = 2 × [(Precision − Recall)/
(Precision + Recall)]; Sensitivity = TP/(TP + FN); Specificity = TN/(TN + FP).

TABLE 2    |    (Continued)
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3.1   |   Results of Meta-Analysis

The meta-analysis of the five confusion matrices revealed that 
sensitivity ranged between 0.79 (95% CI = 0.66–0.88) (Tobias 
et al. 2022) and 0.94 (95% CI = 0.87–0.98) (Welikala et al. 2020), 
and specificity ranged between 0.58 (95% CI = 0.48–0.67) 
(Welikala et  al.  2020) and 0.79 (95% CI = 0.67–0.89) (Tobias 
et  al.  2022) (Table  3). The estimated pooled sensitivity was 
0.86 (95% CI = 0.80–0.91) and specificity was 0.67 (95% 
CI = 0.58–0.75), which accounted for the varying precision of 
estimates, as indicated by large error margins in some 95% CIs.

4   |   Discussion

Early identification of oral cavity lesions, particularly those 
indicative of potentially malignant disorders and oral cancer, 
is crucial for enhancing survival rates and reducing the asso-
ciated morbidity. However, delays in clinical evaluation are 
common, particularly among physicians lacking expertise in 
oral medicine, often leading to substantial delays between the 
onset of initial symptoms and diagnosis (Scott, Grunfeld, and 
McGurk 2006; Mauceri et al. 2022).

Despite the extensive use of radiographic imaging techniques 
such as magnetic resonance imaging and computed tomogra-
phy to assess the size and extent of oral cancer before treatment 
initiation, these methods have limitations in sensitivity, which 
limit their ability to effectively distinguish neoplastic lesions. To 
address this challenge, additional clinical imaging techniques, 
such as autofluorescence and OCT, have been introduced 
(Camalan et al. 2021).

However, the widespread adoption of these methodologies is 
often hindered by high costs and the requirement for highly 
specialized personnel. The integration of AI in healthcare has 
demonstrated substantial reductions in cost and optimized effi-
ciency. Recently, AI-based technologies have revolutionized the 
early diagnosis of oral lesions through accurate analysis of pho-
tographic images (Mintz and Brodie 2019).

Our study aimed to conduct, for the first time, a comprehensive 
scoping review to investigate the advancements in AI technol-
ogy for clinical image analysis of oral cavity lesions acquired 
through cameras by searching and selecting recent articles 
published in various relevant databases. Fourteen articles were 
identified, and the limited number was compensated by the rel-
evance of the number of images available for each selected study. 
Furthermore, three of these studies allowed the execution of a 
meta-analysis using confusion matrices for the first time, which 
enabled the aggregation and synthesis of results to provide an 
overall view of the performance of various AI models applied for 
the detection and classification of clinical images of oral lesions.

Diagnostic accuracy values, including sensitivity and specific-
ity, were validated through a series of investigations that suc-
cessfully implemented AI analysis on diverse images. Although 
photographic imaging offers a quick, convenient and accessible 
approach, variability in image quality remains a major limita-
tion. Factors such as the type of camera, ambient lighting, and 
resolution can influence image quality, potentially limiting the 
accuracy. In particular, the oral cavity, a complex and three-
dimensional anatomical context encompassing the lips, teeth, 
and oral mucosa, presents unique challenges for accurate image 
capture (Fu et al. 2020).

Recently, a smartphone-based device with a probe for easy 
access to the mouth was introduced to enhance image qual-
ity (Uthoff et al. 2018). The need for a method that allows the 
standardization of image acquisition is currently lacking, and 
several studies have proposed the use of smartphones for rapid 
image capture (Benjumea et  al.  2020; Dailah  2022; Di Fede, 
Panzarella, et al. 2023).

A recent systematic review explored the use of AI systems for the 
automatic recognition of potentially malignant lesions and OSCC 
from clinical images acquired with various devices, such as aut-
ofluorescence and OCT. The results aligned with our findings 
based on clinical images acquired with digital cameras. However, 
these tools entail higher acquisition costs than standard digital 
cameras or smartphones with cameras (Li et al. 2024).

TABLE 3    |    Results of the meta-analysis of the three included studies analyzing the automated detection and classification of oral clinical images 
lesions using deep learning.

Article TP FP TN FN Se 95% CI Sp 95% CI

Welikala 
et al. (2020)

Binary (lesion/no lesion) 128 23 38 15 0.9 0.83–0.94 0.62 0.49–0.74

Welikala 
et al. (2020)

Binary (referral/no referral) 92 45 61 6 0.94 0.87–0.98 0.58 0.48–0.67

Liyanage 
et al. (2023)

Multiclass
MobileNetV3

36 8 14 9 0.8 0.65–0.90 0.64 0.41–0.83

Liyanage 
et al. (2023)

Multiclass
EfficientNetV2

37 8 14 8 0.82 0.68–0.92 0.64 0.41–0.83

Tobias et al. (2022) Binary (OSCC-OPMDs/ 
health mucosa)

44 13 50 12 0.79 0.66–0.88 0.79 0.67–0.89

Overall 337 97 177 50 0.86 0.80–0.91 0.67 0.58–0.75

Abbreviations: 95% CI, 95% confidence interval; FN, false negative; FP, false positive; OPMD, potentially malignant disorders of the oral cavity; OSCC, oral squamous 
cell carcinoma; Se, sensitivity; Sp, specificity; TN, true negative; TP, true positive.



1062 Oral Diseases, 2025

AI-assisted diagnosis of clinical images acquired through smart-
phones offers broad global accessibility and enables precise 
and efficient screening through AI analysis of a large number 
of images. However, it is crucial to ensure that these practices 
comply with the privacy regulations, such as the General 
Data Protection Regulation (GDPR) in Europe and the Health 
Insurance Portability and Accountability Act (HIPAA) in the 
USA (Di Fede, La Mantia, et al. 2023).

Our findings highlight the significant sensitivity of AI-assisted 
diagnosis in analyzing photographic images, emphasizing its 
usefulness in facilitating quick clinical decision-making regard-
ing further examinations and treatments. In addition to provid-
ing high-precision diagnostic support, this approach could also 
contribute to cost containment in the context of public health by 
preventing overload and optimizing resource use (Fu et al. 2020).

The distinctive ability of AI to accurately identify precan-
cerous lesions with a sensitivity exceeding 90% compared 
to normal tissues confirms the exceptional accuracy of this 
screening method. This outcome not only reinforces confi-
dence in AI-assisted technology but also suggests considerable 
potential for improving clinical decision making. Advanced 
precision in discriminating pathological conditions could have 
a substantial impact on the timely and targeted management 
of diseases, making a tangible contribution to public health. 
Numerous studies have demonstrated that analyzed AI sys-
tems have higher sensitivity than specificity. For instance, 
Welikala et al. (Welikala et al. 2020) reported a sensitivity of 
89.51% and a specificity of 67.15% for early detection of oral 
cancer. This trend remained consistent across other studies, 
such as that of Lin et al. (Lin et al. 2021), who reported a sen-
sitivity of 83% and a specificity of 96.6%.

Despite these variations, our aggregate analysis revealed that, 
on average, these models exhibited an estimated sensitivity of 
86% and a specificity of 67%. Although the balance between sen-
sitivity and specificity is generally positive, the variations un-
derscore the importance of considering the specific contexts in 
which these models are applied. Recently, a study proposed an 
intriguing idea, suggesting the use of an ensemble of architec-
tures to optimize both learning and lesion detection. This com-
prehensive strategy leverages the specific strengths of individual 
models to achieve superior performance than those of single 
models. The proposed architecture was evaluated using a real-
world dataset created by expert clinicians who manually labeled 
individual photographic images, thereby generating a reference 
dataset. Comparative analysis results clearly demonstrated that 
the ensemble detection model outperformed the single models, 
exceeding the average value of the map@50 metric by 24% and 
the value of the map@95–50 metric by 44% (Parola et al. 2023).

The results of this scoping review should be considered in light 
of the advantages and limitations of AI. Machine learning and 
deep learning approaches enable systems to learn from data 
without explicit programming and can handle heterogeneous 
data sources. However, addressing all potential biases is crucial 
for ensuring the reliability and accuracy of study results (Barbati 
et al. 2023). In this scoping review, the sizes of the training data-
sets varied considerably, ranging from studies with a few hun-
dred images to those with thousands of images. Dataset size is 

a critical factor that can significantly influence model perfor-
mance and introduce external validation bias. These data in-
dicate the need to balance the model performance in terms of 
sensitivity and specificity, considering the importance of both 
indicators in the early diagnosis of oral pathologies. The ana-
lyzed studies demonstrated promising results, with high accu-
racy rates in detecting and classifying oral lesions using deep 
learning algorithms.

While keeping the debate open regarding the potential replace-
ment of experts with AI, it is hoped that the integration of AI 
in oral cancer diagnosis can effectively contribute to significant 
reduction in mortality and morbidity, especially in low- and 
middle-income countries where healthcare systems face sub-
stantial gaps (Ciecierski-Holmes et al. 2022).

The integration of AI in the early diagnosis of oral cancer offers 
a promising avenue for reducing cancer-related morbidity and 
mortality (Celentano and Cirillo 2024). Identifying precancerous 
lesions is a key strategy to achieve this goal (Warnakulasuriya 
et  al.  2021; Celentano and Cirillo  2024). However, despite on-
going efforts, global mortality rates of oral cancer have re-
mained unchanged over the past 30 years (Byers et  al.  2016). 
Epidemiological evidence has revealed significant disparities in 
oral cancer incidence and survival, linked to sociodemographic 
and geographical variables, likely attributed to differences in ac-
cess to healthcare and patterns of risk factor exposure (Celentano 
and Cirillo 2024). This also underscores the urgent need for im-
plementing remote consultation systems through telemedicine. 
AI-powered telemedicine can substantially enhance the access 
to care for patients residing in remote areas, with limited access 
to healthcare facilities, particularly those with limited health-
care resources (Schroeder et al. 2024). This approach helps al-
leviate the workload of healthcare professionals, improves the 
quality of care, and reduces healthcare expenditure for both 
healthcare providers and patients (Ribeiro-Rotta et al. 2022; Ben 
Dor et al. 2024). To strengthen these benefits, it is crucial to over-
come political and economic barriers, promote equitable access 
to care, and ensure that even the most disadvantaged popula-
tions benefit from advanced diagnostic services (Celentano and 
Cirillo  2024). Large-scale collection of image data is essential 
for refining the accuracy of AI-assisted analysis from a clinical 
perspective. This approach offers a promising avenue to elevate 
diagnostic standards and enhance the overall effectiveness of 
medical interventions in less-developed healthcare settings.

5   |   Limitations

Despite being the first meta-analysis to assess the effectiveness 
of various AI architectures for lesion detection using AI-based 
image analysis, our study had several limitations that needs to 
be acknowledged. First, despite analyzing the applications of di-
verse AI architectures with the same imaging tool, variations 
in the quality of the devices used in each study and differences 
in techniques can impact diagnostic accuracy. To date, no stud-
ies in the literature have systematically compared the quality 
and imaging techniques used in different studies applying AI 
systems for lesion recognition and performance evaluation. 
Second, our interpretation of the results was constrained by the 
non-availability of prospective studies comparing conventional 
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examinations with AI- based diagnosis through clinical imag-
ing. Addressing these challenges in various clinical contexts is 
crucial for advancing AI-assisted healthcare. To improve reli-
ability and generalizability of the findings, future research with 
larger and more diverse sample sizes is recommended to obtain 
more accurate and robust estimates.

6   |   Conclusions

Early detection of oral cancer is crucial; however, delays in the 
diagnosis of oral mucosal lesions persist. AI exhibits high sen-
sitivity and low specificity for analyzing photographic images, 
overcoming the limitations of conventional techniques. To foster 
an innovative future, the adoption of portable devices with ad-
vanced AI technologies could enable precise diagnosis and easy 
access to diagnostic approaches, thereby enhancing treatment 
effectiveness and patient prognosis.
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