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ABSTRACT

Introduction: Machine learning (ML) has proven to be a promising tool for predicting
oral diseases from clinical and imaging data. Despite its potential, its application in
dental practice is still limited.

Objective: This scoping review (ScR) aimed to perform a descriptive analysis of
machine learning for predicting diagnoses of oral cavity diseases.

Methodology: An electronic search was performed using the following databases:
MEDLINE/PubMed, EMBASE, and Web of Science. The grey literature search was
performed on Google Scholar. Studies that used machine learning to predict the
diagnosis of oral cavity diseases in humans were included. This ScR was reported in
accordance with the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses Extension for Scoping Reviews checklist (PRISMA-ScR)

Results: Of a total of 3660 studies identified, 99 met the eligibility criteria. A total of
120 diseases were identified in the included studies, considering that each study could
address more than one disease. The most commonly observed diseases were: dental
caries and associated conditions (27.5%); oral cancer (20%); periodontal diseases
(11.7%); salivary gland disorders and xerostomia (8.3%); mucosal lesions (6.7%) and
others. Regarding the origin of the studies, China accounted for 13.1% of the
publications, followed by India (12.1%), South Korea (11.1%) and the United States
(10.1%). Regarding the predictor variables, clinical data were the most used (29.3%),
followed by photographs (23.2%), radiographic examinations (17.2%) and
histopathological examinations (7.1%). Stomatology was the most addressed specialty
among the studies, covering 57.5% of the publications. The most frequent metrics for
evaluating the models were sensitivity (18.9%), accuracy (17.0%), and specificity
(13.6%). Finally, among the algorithms used, the Support Vector Machine (SVM) was
the most applied (10.5%), followed by Random Forest (9.4%) and Logistic Regression
(9.0%).

Conclusion: This scoping review identified that the application of Artificial Intelligence
in the diagnostic prediction of oral cavity diseases focuses mainly on dental caries, oral
cancer, and periodontal diseases. Despite the advances, gaps persist regarding
methodological standardization and clinical validation of models. Thus, future studies
are needed to strengthen the applicability of Al in dental practice, promoting greater
safety and diagnostic efficacy.

Keywords: Artificial intelligence; Machine learning; Oral diseases; Prediction; Scoping
review



RESUMO

Introdugdo: O aprendizado de maquina (ML) tem se mostrado uma ferramenta
promissora para a predicdo de doencgas orais a partir de dados clinicos e de imagem.
Apesar do potencial, sua aplicagdo na pratica odontoldgica ainda € limitada.

Objetivo: Esta revisdo de escopo (RS) teve como objetivo realizar uma analise
descritiva do aprendizado de maquina para predigao de diagndsticos de doengas da
cavidade oral.

Metodologia: Foi realizada uma busca eletronica utilizando as seguintes bases de
dados: MEDLINE/PubMed, EMBASE e Web of Science. A busca na literatura cinzenta
foi realizada no Google Académico. Foram incluidos estudos que utilizaram
aprendizado de maquina para predigdo do diagnéstico de doengas da cavidade oral
em humanos. Esta ScR foi relatada de acordo com a lista de verificacdo Preferred
Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews (PRISMA-ScR).

Resultados: De um total de 3660 estudos identificados, 99 atenderam aos critérios
de elegibilidade. Um total de 120 doengas foram identificadas nos estudos incluidos,
considerando que cada estudo poderia abordar mais de uma doenca. As doencgas
mais comumente observadas foram: carie dentaria e condi¢gdes associadas (27,5%);
cancer oral (20%); doencas periodontais (11,7%); disturbios das glandulas salivares e
xerostomia (8,3%); lesbes da mucosa (6,7%) e outras. Em relacdo a origem dos
estudos, a China foi responsavel por 13,1% das publicacdes, seguida pela india
(12,1%), Coreia do Sul (11,1%) e Estados Unidos (10,1%). Quanto as variaveis
preditoras, os dados clinicos foram os mais utilizados (29,3%), seguidos por
fotografias (23,2%), exames radiograficos (17,2%) e exames histopatoldgicos
(7,1%).A estomatologia foi a especialidade mais abordada entre os estudos
abrangendo 57,5% das publicagbes. As métricas mais frequentes para avaliagdo dos
modelos foram sensibilidade (18,9%), acuracia (17,0%) e especificidade (13,6%). Por
fim, entre os algoritmos utilizados, o Support Vector Machine (SVM) foi o mais aplicado
(10,5%), seguido por Random Forest (9,4%) e Regresséao Logistica (9,0%).

Conclusao: Esta revisdo de escopo identificou que a aplicagdo de Inteligéncia
Artificial na predicdo diagnodstica de doengas da cavidade oral concentra-se
principalmente em carie dentaria, cancer bucal e doengas periodontais. Apesar dos
avangos, ainda existem lacunas quanto a padronizagdo metodoldgica e a validagao
clinica dos modelos. Assim, estudos futuros sado necessarios para fortalecer a
aplicabilidade da IA na pratica odontolégica, promovendo maior segurancga e eficacia
diagnostica.

Palavras-chave: Inteligéncia artificial; Aprendizado de maquina; Doengas bucais;
Predicao; Revisdo de escopo
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1 INTRODUCTION

According to the World Health Organization (WHO), oral diseases (OD) affect
approximately 3.5 billion people worldwide, making them a significant public health
problem[2]. The most common diseases include caries, periodontal disease, and
cancer of the lip and oral cavity [2]. These conditions compromise quality of life, leading
to problems such as pain, difficulties in chewing, speaking, eating, nutritional
deficiencies or even mortality and morbidity. [2].This underscores the importance of
their early detection and management.

In recent years, Artificial Intelligence (Al) has emerged as a promising tool in
healthcare. Al refers to the ability of machines to perform tasks that typically require
human intervention [1]. Within this field, Machine Learning (ML) — a subarea of Al —
involves training algorithms to autonomously identify intrinsic patterns in
unprogrammed data and make predictive decisions [1]. The integration of ML
techniques with imaging modalities, such as X-rays and CT scans, and clinical data
has the potential to improve diagnostic accuracy, predict recurrence, assess
prognosis, and guide treatment strategies in dentistry and oral healthcare, ultimately
reducing costs and improving patient outcomes [3]. Supporting this potential, recent
evidence shows that ML algorithms perform well in predicting chronic diseases across
various clinical contexts [4], reinforcing their value for enhancing diagnostic,

prognostic, and risk assessment capabilities in healthcare [5].

In oral health, there has been considerable, albeit incipient, progress in the use
of Al, offering new perspectives for the diagnosis, prediction and classification of its
conditions[5]. One of the most promising areas for Al application is dentomaxillofacial
radiology, where algorithms have been used for the detection of anatomical structures
and the diagnosis of various oral conditions, including maxillary tumors, Sjogren's
syndrome, calcified carotid atheroma, periodontal disease, dental caries, maxillary
sinusitis, root fractures, and mandibular morphology [5].Given the growing body of
evidence, it is essential to assess the ability of Al-based systems to predict oral

diseases in order to optimize and enhance clinical care.

The growing number of studies in the literature evaluating the prediction of Al is
notable. Deep learning algorithms have shown good performance in caries detection,
supporting their use as auxiliary tools in clinical decision-making. Al models have also
been applied to predict the risk of osteoradionecrosis, diagnose odontogenic lesions

and maxillofacial tumors, and detect oral squamous cell carcinoma.

Despite these promising applications, the adoption of Al in clinical oral health
practice remains limited. Al has gained prominence in dental radiography research,
largely due to the frequent use of radiological images combined with clinical and patient

data [1]. This wealth of data makes oral healthcare particularly suitable for ML



approaches, which can integrate and analyze complex datasets to improve prediction,
diagnosis, and clinical decision-making. However, effective implementation still faces
challenges, including a shortage of qualified Al professionals, limited understanding of
Al capabilities and appropriate algorithms, infrastructural limitations, and restricted
access to confidential clinical data for algorithm training [3]. These limitations
underscore the importance of mapping the existing literature to identify current trends,

challenges, and research gaps in the application of Al to oral healthcare.

In this context, a scoping review is a type of study designed primarily to map the
literature with the aim of examining the extent, scope and nature of evidence for a
given research question, as well as helping to identify gaps in the literature, contributing
to the planning of future research, being a method well suited to address the identified
research needs [10]. Scoping reviews (ScR) are a useful methodological approach to
gather available evidence on a topic, thus reporting the main concepts, theories,
relevant sources of information and gaps in the body of knowledge [10]. Currently, it is
possible to find derivative studies addressing the application of Al in dentistry that map
the use of this technology in various specialties such as radiology, prosthetics, and
orthodontics [11]. However, no study was found that focused specifically on predicting
the diagnosis of oral cavity pathologies using ML, so the ScR study design was chosen
to summarize the data on this topic.

Therefore, the main objective of this scoping review is to systematically map the
use of ML techniques to predict the diagnosis of oral cavity diseases. This includes
identifying the different types of ML algorithms used, as well as the oral diseases and
specific predictor variables targeted for prediction. In addition, the review aims to
analyze performance metrics and ML models used in predicting oral diseases in
different populations and settings. The research question was defined as "How has
machine learning been used to predict the diagnosis of oral cavity diseases?"

2 METHODS

This ScR was reported in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses Extension for Scoping Reviews checklist
(PRISMA-ScR) [10], and followed the JBI methodology for scoping reviews [12].

2.1 PROTOCOL AND REGISTRATION

The protocol was prepared using the Preferred Reporting ltems for Systematic
Reviews and Meta-Analyses (PRISMA-P) protocols and registered in the Open
Science Framework (OSF) under the identifier: DOI 10.17605/0OSF.IO/TN7B3.

2.2 ELIGIBILITY CRITERIA
2.2.1 Participants, Concept and Context
The main objective was to identify what evidence is available in the literature on

the use of ML to predict the diagnosis of oral diseases of the oral cavity. For this, the



acronym PCC (Population, Concept and Context) was used, in which: (P) participants
with oral diseases (C) prediction of diagnosis of oral cavity diseases, identifying which

diseases, algorithms and metrics are most recurrent; (C) Oral Health.

2.2.2 Types of Sources

This scoping review covers primary studies: experimental and quasi-
experimental study designs, randomized controlled trials, non-randomized controlled
trials, before-and-after studies, and interrupted time series studies. Additionally,
analytical observational studies were included, including prospective and retrospective
cohort studies, case-control studies, and analytical cross-sectional studies. Descriptive
observational study designs, such as case series, individual case reports, and
descriptive cross-sectional studies, were also included. All types of reviews were

excluded because they were not aligned with the specific objectives of this study.

The inclusion criteria were primary studies in humans that used MLto predict the
diagnosis of oral diseases, without restrictions on language or publication time.The
exclusion criteria consisted of (1) studies that did not predictdiagnosis of oral diseases
byML; (2) studies that do not address oral diseases; (3) abstracts, protocols, reviews,
brief communications, personal opinions, letters, posters, conference abstracts and
laboratory research (in vitro and in vivo animal studies); and (4) studies that did not

evaluate the predictive performance of the algorithm.

2.3 SOURCES OF INFORMATION AND RESEARCH

The electronic search was conducted on February 14, 2025, in the following
databases: PubMed/MEDLINE, EMBASE, and Web of Science Core Collection.
Additional searches were performed in gray literature using Google Scholar, limited to
the 100 first results (Appendix 1).A manual search was also carried out in the reference
list of included studies. An online reference management software (EndNote X7,
Thomson Reuters, Philadelphia, PA) was used to collect references and remove

duplicate articles.

2.4 SELECTION OF SOURCES OF EVIDENCE

The study selection process was conducted in two distinct stages. In the first
phase, two reviewers independently assessed the titles and abstracts of all identified
references using the online platform Rayyan (Qatar Computing Research Institute). In
the second phase, the same two reviewers independently applied the eligibility criteria
to the full texts of the previously selected studies. When discrepancies arose, a third
reviewer was involved and all disagreements were resolved by consensus. Studies
that did not meet the eligibility criteria were excluded, as detailed in (Appendix 2). The
extracted data included: author, year of publication, country, disease investigated,
study objective, sample size, algorithms and metrics used and reported predictive
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performance (Appendix 3). In addition, the 95% confidence interval was estimated

using an online statistical calculator (OpenEpi; available at: www.OpenEpi.com).

2.5 DESCRIPTIVE SUMMARY

A descriptive analysis of the data was performed, with grouping and
organization of the data described through frequency graphs. The main outcome
consisted of identifying the oraldiseases most frequently used for diagnostic prediction
through ML algorithms. Secondary outcomes included the identification of the types of
variables most frequently applied in predictions, as well as the characterization of the
most used algorithms and evaluation metrics, highlighting their respective predictive
performances. To facilitate the analysis and presentation of the results, the oral
diseases addressed in the included studies were categorized into 16 different groups,

as detailed in Appendix 4.

3 RESULTS

3.1 SELECTION OF SOURCES OF EVIDENCE

A total of 4,714 studies were initially identified through database searches and
grey literature. After removing duplicate references, 3,660 records remained. Of these,
3,459 studies were excluded during the initial screening of titles and abstracts, leaving
201 studies eligible for phase 2 After full-text reading, 102 studies were excluded
(Appendix 2), resulting in the inclusion of 99 studies in the review. Figure 1 presents
the flow diagram regarding the literature search and selection criteria, following the
PRISMA framework.

Identification of studies via databases and registers Identification of studies via other methods
—
E Database searching; Grey Literature (n=100)
2
8 +  EMBASE(n=1946) for ‘ +  Google Scholar(n=100)
e +  PUbMeq(n=1943) s RECSL%S“ ggg”{gﬁgéﬁfjﬂiﬁ:j?ﬂ”& 054) Other Records(n=0)
H +  Web of Science(n =725) + Hand search of the reference list (n=0)
5 Expert indication(n=0)
!
—
Records excluded (n =1054) y -
Records screened : P Reports not retrieved
(n=4714) E— + EndNote duplication remotion{n=994) Reports sought for retrieval(n =100) |—h n EU)
Rayyan duplication remotion(n=60)
o (Ff]efggasnieugm for retreval —> Reports not retrieved (n = 6) | Reports assessed for eligibility(n =0) l—b Reports excluded: (n =0)
=
-
3
; I
3 Reports excluded(n=102)
Reports assessed for eligibility «  Studies that did not meet the inclusion criteria (prediction
(n=201) —" of oral disease diagnosis and/or prediction by machine
learning) (n=59)
+  Studies in humans who do not address oral cavity
diseases(n=12)
+  Abstracts, protocols, narrative reviews, short
communications, personal opinions, letters, posters,
_J conference abstracts, and laboratory research (in vitro
— v and in vivo animal study) (n=23)
- +  Studies that did not evaluate the predictive performance
T the algorithm(n=8
§ Studies included in review ° © algon! m(ﬂ )
5 (n =99)
£ «
-

Figure 1 - Flow diagram of PRISMA literature search and selection criteria
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3.2 CHARACTERISTICS OF INFORMATION SOURCES

Regarding the countries with the greatest representation in the production of
studies that address ML and oral diseases, China stands out, responsible for
13.1%[13-25] of the publications included. Next are India (12.1%) [26-37], Korea
(11.1%) [38—48], the United States (10.1%) [49-58], Japan and Saudi Arabia both with
6.1% [59-70], Turkey (5.1%) [71-75], Canada and Brazil with 4% each [76-83], Egypt,
the United Kingdom and Iran 3% each [7,84-91], Germany, the Netherlands and Jordan
(2% each)[92-97]. Other countries, such as Denmark, France, Indonesia, ltaly,
Malaysia, Morocco, Peru, Portugal, Sweden, Thailand and Ukraine, Uzbekistan,
Vietnam presented individual participation of 1% each[98-110]. Thus, the continents
with the highest frequency of studies are Asia, with 63.6% of the total[13—41,43-48,59—
75,87-89,92,93,100,102,107,109-111], followed by North America, with 14.1%][49,51-
58,80-83,112]. On the other hand, Africa had the lowest representation, covering only
4% of the studies [84-86,103]. Data on worldwide distribution of selected studies is

presented byfigure 2.

@ ‘;":\’ o i South
@ ~.  America

o . % A

- Sf/ Africa

/ e Asia
Continents / < 5 4 63.6%
Africa B Nort.h N "

B Asia e . ~ America
B Europe Lo 14.1%

North America
South America

/7
Europe
13.1%

Figure 2 - Worldwide distribution of selected studies (n = 99) and their frequency by continent.

3.3 RESULTS FROM INDIVIDUAL SOURCES OF EVIDENCE AND DATA
SYNTHESIS

The oral diseases addressed in the studies were quite heterogeneous. Among
the disease categories, dental caries and associated conditions were the most
frequently investigated by the ML algorithms, representing 27.5% (95% CI = 20.3—
36.0) of the studies[15,17,25,28,31,33,39,40,43,47,50,53,56—
59,61,67,73,74,76,78,79,83,94,95,100,102-104,108,109,111]. Following, oral cancer stood out
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with  20% (95% CI = 13.82-28.0)[16,23,24,32-36,54,55,65,66,68,69,77,80,82,84—
86,91,93,99,106], periodontal diseases with 11.7% (9% ClI = 7.0-
18.6)[14,17,18,22,31,37,38,55,75,80,88,90,96,98], salivary gland disorders and xerostomia
with 8.3% (95% CI = 4.5-14.6)[21,45,49,51,64,86,87,97,101,105], and mucosal lesions with
6.7% (95% CIl = 3.4-12.6)[26,71,80,86,89,92,99,107]. Furthermore, odontogenic cysts
and tumors accounted for 5.8% (95% CIl = 2.8-11.5)[19,20,29,30,60,80,81]; bone
necrosis and infections, 5% (95% Cl = 2.3-10.4)[7,30,44,46,48,52]; and potentially
malignant oral disorders, 3.3% (95% Cl = 1.3-8.2)[70,80,86,99]. The categories of
anatomical variations, periapical lesions, and tongue lesions each accounted for 2.5%
(95% CI = 0.85-7.0) of the studies [13,27,30,41,70,72,80,110], whereas developmental
anomalies, halitosis, peri-implant diseases, and syndromes each accounted for 1%
(95% CI = 0.15-4.5) [20,31,62,63] (Figure 3). After analyzing the diseases, the studies
were grouped into six major areas of expertise. Stomatology had the highest
frequency, corresponding to 57.5% (95% Cl = 48.5-65.9) of the studies[7,16,19-
21,23,24,26,29-36,41,44,46,48,49,51,52,54,55,60,62,64—66,68—71,77,80-82,84—87,89,91—
93,97,99,101,105-107,113], followed by cariology, with 24.2% (95% Cl = 17.39-
32.55)[15,17,28,39,40,43,47,50,53,56-59,61,67,73,74,76,78,79,83,94,100,102—-104,108,109,111],
periodontics, with 11.7% (95% CI = 7.0-18.6)[14,17,18,22,31,37,38,55,63,75,88,90,96,98],
radiology, with 2.5% (95% CI = 0.85-7.0) [13,27,110], dentistry, also with 2.5% (95% CI
= 0.85-7.0)[25,31,95], and anatomy, with 1.7% (95% CI = 0.45-5.87)[30,72] (Figure 4).

Dental Caries and Related
Conditions Cl 95%= 20.3-36.0
Oral Cancer 20.0% Cl 95%= 13.8-28.0

Periodontal Diseases Cl95%=7.0 - 18.6

Salivary Gland Disorders and
Xerostomia

Cl95%=4.5-14.6

Mucosal Lesions

Cl95%=3.4-12.6
Odontogenic Cysts and Tumors 5.8% Cl95%=2.8-11.5

Bone Necrosis and Infections 5.0% Cl95%=2.3-10.4

Oral Potentially Malignant
Disorders 3.3% Cl95%=1.3-8.2

Anatomical Variations Cl 95% =0.85-7.0

Periapical Lesions Cl95%=0.85-7.0

Tongue Lesions  2.5% Cl95%=0.85-7.0

Developmental Anomalies 0.8% Cl95%= 0.14 - 4.5

Fungal Infection 0.8% Cl95%=0.14 - 4.5

Halitosis l 0.8% CI95%=0.14 - 4.5

Perilmplant Diseases I 0.8% Cl95%=0.14 - 4.5

0,
Syndromes 0.8% Cl95%=0.14-4.5

Figure 3 - Frequency of studies by group of oral diseases learning
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Stomatology Cariology
57.5% 24.2%

Periodontics
11.7%

Figure 4 - Frequency of studies by specialty that predicted the diagnosis of OD

The annual distribution of studies, as shown in Figure 5, reveals significant
variations in scientific production between 2008 and 2025. Significant growth was
observed from 2020 onwards, with emphasis on the year 2024, which presented the
highest frequency of publications, corresponding to 23.2% (95% Cl = 16.0-32.4) of the
total[13,16,20,23,38,45,53,54,57,69,74,78,80,86,89,91,95,97,100,102,104,106,110]. These data
highlight the current and emerging nature of the topic, reflecting the growing interest of
the scientific community in the application of Al for the diagnostic prediction of oral

diseases.
2005 B CI95%=0.17 - 5.5
2000 B3 CI95%=0.17 - 5.5
2010 [F03 CI95%=0.17 - 5.5
2014 CI95%= 0.5~ 7.0
2015 [FO CI95%=0.17 - 5.5
2018 CI95%=2.1-11.2
2010 EEEG CI95%=1.0-8.5
2022 C195%= 11.8-26.9
2023 C195%= 126 -28.0
2024 C195%-=16.0 - 320
20Zs C195%=1.5-9.9
0% 2% a% 6% 8% 10%  12%  14%  16%  18%  20%  22%  24%

Figure 5 - Frequency of studies per year that ML predicted the diagnosis of OD

Regarding the types of predictor variables used by the studies to feed the
algorithms, six distinct categories were found: clinical data, radiographic examinations,
photographs, dosimetric data, histopathological examinations, radiomic characteristics
and salivary tests. The most frequently used variable was the use of clinical data with
29.3%[21,24,25,37-39,43,44,46-48,53,57,58,63,67,75,76,78,82,88,91,92,95,96,98,104,108,112],
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photographs with 23.2%[14-16,22,23,26,29,32,33,36,41,54,56,60,65,70,71,80,90,93,94,103,107],
radiographic examinations[13,17,19,27,28,31,40,59,66,72—-74,79,100,109—-111] and
histopathological examinations[20,68,69,81,84,85,106] with 17.2% and 7.1% respectively.
The combination of variables was also observed, with emphasis on the association
between clinical data and salivary tests, used in 4% of the studies[18,34,45,61,102]. Other
combinations, such as photographs associated with histopathological examinations,

as well as radiographs with dosimetric data, were also reported, although with lower

frequencies (Figure 6).

Ciinical Data C195%=21.2 -

Photographs 23.2% CI95%= 16.0 -

Radiographic examination Cl95%= 11.0 -

Histopathological examination 71% Cl95%=3.4-1

Clinical Data and Salivary test 5.1% Cl95%=2.1 -1

Clinical Data and Dosimetic data Cl95%= 1.58 -

Salivary Test ~ 3.0% Cl195%=1.03 -

Radiographic examination and Cligiacta; [ 2.0% C195%= 0.55-

Radiographic examination and DosmaDe;t\; 2.0% CI95%= 0.55-

Clinical Data and Radiomic characteristics “J 1.0% CI95%=0.17-

Clinical Data, Photographs and Sali\izg . 1.0% CI95%= 0.17-
Clinical Data,Photographs,Radiograpich

examination and Histopathological... 1.0% Cl95%= 0.17.

Shcicol goin Gogimaric g 0, —

Dosimetric Data J 1.0% CI95%= 0.17-

Photographs and Clinical Data . 1.0% Cl95%=0.17-

examination Cl95%= 0.17-

Photographs and Histopathological . 1.0%
A (]
o

oo oo ole
DO OO K 90

Figure 6 - Frequency of studies by type of variable used to perform diagnostic prediction

A total of 37 different types of metrics were used to evaluate prediction
performance across the included studies. Among these, the ten most frequent stand
out: sensitivity(SEN) 18.9% [7,13-19,21-24,26-34,36-44,46-49,51-54,56-70,72-74,77,78,82—
87,89-91,93-96,98,101-104,106,110,112],  accuracy (ACC) (17.0%[7,13,15,18,19,21—
28,30,31,33-41,43,47-49,51-57,59,62-71,73,77-79,82-95,100-104,106,108-110,112],
specificity(SPE) 13.6%[7,13-16,18,19,22,24-32,34,38,40,42—
44,46,48,49,51,53,54,56,58,59,61,62,64,66,68,70,73,78,82,84—87,89-91,93-96,98,101,102,110,112],
F1-score 9.8% [15,16,19,21-23,26-28,31,33,36,37,39,41,47,49,52,59,63-65,67-70,72—
74,81,85,86,89,90,98,99,101,103,104,106,109], precision (PRC) 9.5%
[7,13,17,21,23,26,28,29,31,33,34,36,38,39,41,47,52,54,57,63-65,67,69,70,72—
75,81,83,85,89,90,102-104,106,110,114], area under the curve (AUC) 8.6%
[16,17,20,21,25,38,41-46,48,49,52,57,63,76-80,82,87,89,91,93,94,96-98,101,104-106,112],
negative predictive value (NPV) 3.6% [7,18,28,32,40,48,56,59,68,86,94,96,98,99,107],
positive predictive value (PPV) 3.3% [18,30,32,40,48,56,59,68,86,94,96,98,99,107],
Matthews correlation coefficient (MCC) 1.9% [27,28,30,43,70,73,90,104] and false
positives (FP) 1.7% [26,29,60,72,81,98,107] (Figure 7).
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Regarding the frequency of the algorithms applied, 277 models described in the
literature were identified, classified into 115 different categories. The most frequently
used were:  Support Vector Machine (SVM), with 10.5%  of
applications([7,20,21,24,29,38,39,42,46,48,51-53,59,62—
64,66,75,76,81,82,87,88,101,104,105,112,114]; Random Forest (RF), with
9.4%(7,18,21,38,39,42,43,46,48,51,52,59,63,64,67,77,82,84,87,89,91,98,104,105,112,114];
Logistic Regression (LR), with
9.0%[18,21,25,38,39,42,43,45,46,48,49,52,53,57,61,63,64,67,78,87,96,104,105,112,114]; Extreme
Gradient Boosting (XGB), with 5.4%][31,38,42-44,48,53,57,67,78,82,84,87,98,112]; Atrtificial
Neural Networks (ANN), with 4.3%][7,38,39,42,46,48,55,66,75,84,92,104]; Convolutional
Neural Networks (CNN) [19,26,29,33,35,39,40,56,102,109] and K-Nearest Neighbors
(KNN)[45,51,59,76,82,87,99,104,112,114],  both  with  3.6%; Decision  Trees
(DT)[46,67,75,76,78,82,87,99,114], with 3.2%; and, finally, Multilayer Perceptron (MLP)
[45,66,76,82,87]and Naive Bayes (NB)[29,51,82,87,114], both with 1.8% of uses (Figures
7 and 8).

F1 9.8% Cl95%=7.2-13.0
PRC 9.5% Cl95%=7.0-12.7
NPV CI95%=2.1-5.8
PPV 3.3% Cl95%=2.0-5.5
Mcc | 1.8% C195%= 0.97 -3.7

FP - 1.7%

Cl95%=0.81-3.4

Figure 7 - Frequency of studies by type of ML metric used to assess the diagnostic prediction.
Abbreviations ACC — Accuracy; AUC — Area Under the Curve; F1 — F1-score; FP — False Positive; MCC

— Matthews Correlation Coefficient; NPV — Negative Predictive Value; PPV — Positive Predictive Value;
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PRC - Precision; SEN - Sensitivity; SPE - Specificity
SVM 105% Cl95%=7.3-14.6
RF | 9.4% Cl195%= 6.4-13.4
XGB 5.4% Cl95%=3.3-8.7
ANN 4.3% Cl95%=2.4-7.4
0,
o C195%=197-65
Cl195%=1.97 - 6.5
DT 3.2%
Cl195%=1.71- 6.0
MLP 1.8%
Cl195%= 0.77 - 4.1
NB 1.8%
C195%=0.77 - 4.1
oo o oo ol oo oe
0'0 "1/0 b’o b'o 'b'o OQ

Figure 8 - Frequency of studies by type of ML algorithm used to perform diagnostic prediction of oral
cavity diseases. Abbreviations: ANN — Atrtificial Neural Network; CNN — Convolutional Neural Network;
DT — Decision Tree; KNN — K-Nearest Neighbors; LR — Logistic Regression; MLP — Multilayer
Perceptron; NB — Naive Bayes; RF — Random Forest; SVM — Support Vector Machine; XGB — Extreme

Gradient Boosting

4 DISCUSSION

The application of MLmodels to support diagnosis represents, in fact, a
fundamental contribution to achieving greater agility and efficiency in the clinical
practice of health professionals [115]. These technologies have the potential to
optimize disease screening,monitoring processes, and the prediction of disease risks,
consequently promoting an improvement in the population's quality of life [4]. However,
the effective implementation of these solutions has not yet been consolidated in the
dental clinical routine, reflecting both the necessary prudence adopted by
professionals and authorities — since the health area involves considerable ethical
and safety implications — and the limited dissemination of knowledge about the

benefits that these algorithms can offer to patients [116].

In this context, the results of this scoping review contribute to systematizing and
clarifying the main evidence produced to date, serving as a basis for the development
of future research, as well as to guide health professionals interested in the safe and

effective incorporation of these technologies.

The results demonstrate the growing application of ML algorithms in the
diagnostic prediction of oral cavity diseases, highlighting, above all, the predominance

of models such as Support Vector Machine (SVM), Random Forest (RF) and Logistic
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Regression (LR), which demonstrates promising performance in several clinical
applications. Recent evidence shows that SVM and RF generally outperform traditional
LR in terms of accuracy and generalization capacity, especially in more complex and
multivariate data sets [117].

Despite the superior performance of models such as RF and SVM, LR remains
widely used, mainly due to its interpretability and ease of implementation [117]. In
clinical contexts, the explain ability of models is essential for acceptance by health
professionals and for ethical and legal support in decision-making. Therefore, the
choice of algorithm should not be based exclusively on statistical performance, but also

on the ability to provide comprehensive clinical insights [11].

Despite the potential of ML models inoral health, there are still significant
barriers to their adoption in practice. These include the lack of standardization among
studies, the scarcity of tests in diverse populations, and the difficulty of incorporating
these technologies into professionals' clinical routine[1]. In addition, many studies are
conducted in controlled environments that is, research contexts where variables are
carefully selected and manipulated, data are clean and organized, and conditions are
ideal for model performance (ref?). However, these environments do not reflect the
complexity and variability of real clinical scenarios, which can limit the practical
application of the results (ref?). To overcome these challenges, it is essential to invest
in the construction of broad and representative databases, as well as in the
development of models that combine precision and ease of interpretation, increasing

confidence and freedom on the part of oral health professionals.

A relevant aspect highlighted in this review refers to the notable absence of
studies aimed at underrepresented populations, especially in countries located in
Africa and Latin America. It is observed that most of the investigations are concentrated
in Asia, North America and Europe, which results in a gap in the scientific production
related to the application of ML algorithms for diagnostic prediction in the context of
these regions. This lack may compromise the generalizability and external validity of
the developed models, since genetic, cultural and socioeconomic factors significantly
impact the prevalence, clinical presentation and therapeutic response of oral diseases.
Given this scenario, it is necessary for future research to prioritize the inclusion of data
from these populations, to promote greater representation and ensure that the
development and application of these health technologies are guided by equity and

adequacy to the diverse epidemiological realities.

Furthermore, there was a significant concentration of studies focused on the
diagnostic prediction of three major groups of oral diseases: dental caries, oral cancer
and periodontal diseases. The emphasis on dental caries reflects its high global
prevalence and significant impact on quality of life, especially in vulnerable populations

[2]. Oral cancer, in turn, demands attention due to its clinical severity, frequently
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unfavorable prognosis and importance of early diagnosis, which makes predictive
models promising tools for screening and detection in early stages [2]. Periodontal
diseases, highly prevalent in adults, represent another important focus, as they are
associated with systemic complications and tooth loss, reinforcing the relevance of

predictive strategies in control and prevention[2].

Despite the clinical relevance of these approaches, the wide variety of metrics
used to evaluate model performance, combined with the lack of methodological
standardization among studies, makes direct comparison of results difficult. This
scenario highlights the need for more consistent guidelines and uniform
methodological protocols that allow greater reproducibility and clinical applicability of

findings in dental practice [118].

Regarding the types of predictor variables used in the studies analyzed, a
predominance of clinical data was observed, which occupied the first position in terms
of frequency. This trend reflects the accessibility and wide availability of these data in
dental practice, in addition to their direct relevance for the formulation of diagnostic
hypotheses. In second place, clinical photographs stood out, used mainly for the
analysis of lesions and visible changes in the oral cavity, demonstrating the growing
role of computer vision in supporting diagnosis. Radiographic examinations occupied
the third position, being widely used for the evaluation of bone structures and hard
tissues, followed by histopathological examinations, which, although more specific and
invasive, contributed significantly to the prediction of more complex pathological
conditions, such as neoplasms. These results indicate a diversity of data sources used
in prediction models, which suggests the need for greater multimodal integration of

information to improve the accuracy of algorithms in the dental context.

4.1 LIMITATIONS

It is important to recognize some methodological limitations of this study when
interpreting the results. The great heterogeneity between the studies, both in terms of
methods used and in the types of variables and metrics evaluated, makes direct
comparison and quantitative consolidation of the findings difficult. Another relevant
point is the possible existence of publication bias, since studies with positive results
tend to be more widely disseminated. Furthermore, many studies did not adequately
detail the parameters and optimization of the algorithms, limiting the reproducibility of
the results. Finally, due to the rapid evolution of the field of artificial intelligence, it is
possible that recent research was not included in this review, highlighting the need for
future updates and studies that perform quantitative analyses to comparatively

evaluate the performance of the models.

Nevertheless, this scoping review offers a comprehensive overview of the
current landscape, including a substantial number of studies (n = 99), which reinforces

the relevance and reliability of the mapped evidence. The rigorous and systematic
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search strategy, combined with the application of PRISMA-ScR recommendations,
helped to mitigate potential selection and reporting biases. Moreover, by identifying
trends, gaps, and research priorities, this review provides valuable guidance for future
investigations and contributes to the ongoing development of Al applications in oral

healthcare.

5 CONCLUSION

This scoping review mapped the main applications of machine learning
algorithms in predicting oral diseases, highlighting the predominance of studies
focused on dental caries, oral cancer and periodontal diseases. A higher frequency of
clinical and imaging variables was also identified, as well as the recurrent use of
metrics such as sensitivity and accuracy. Despite the advances, the literature presents
relevant limitations, such as the scarcity of studies in underrepresented populations
and the lack of methodological standardization. The findings reinforce the importance
of promoting more inclusive, robust research focused on external validation, to
facilitate the safe and effective incorporation of these technologies into clinical dental

practice.
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APPENDICES

APPENDIX 1 - Search strategies with appropriated key words and MeSH terms.

Database Search strategy
(Up to Feb 14th, 2025)
Medline/Pub | ("Al"[All Fields] OR "Artificial Intelligence"[MeSH Terms] OR
Med "Machine Learning"[MeSH Terms] OR "Deep Learning"[All Fields]

OR "Supervised Learning"[All Fields] OR "Unsupervised
Learning"[All Fields] OR "Computational Intelligence"[All Fields] OR
"Machine Intelligence"[All Fields] OR "Computer Reasoning"[All
Fields] OR "Computer Vision Systems"[All Fields] OR "Computer
Vision System"[All Fields] OR "Knowledge Acquisition"[All Fields]
OR "Knowledge Representation"[All Fields] OR "Knowledge
Representations"[All Fields] OR "algorithms"[All Fields] OR "ML"[AIl
Fields] OR "neural networks"[All Fields])AND("predicting"[All Fields]
OR "prediction"[All Fields] OR "prediction model"[All Fields] OR
"Forecast"[All Fields] OR "disease-prediction"[All Fields] OR
"predict"[All Fields])AND("mouth diseases"[MeSH Terms] OR
"diagnosis oral"[All Fields] OR "mouth abnormalities"[All Fields] OR
"mouth pathology"[All Fields] OR "oral diagnosis"[All Fields] OR
"oral disease"[All Fields] OR "oral diseases"[All Fields] OR "oral
manifestations"[All Fields] OR "oral pathology"[All Fields] OR
"stomatognathic diseases"[All Fields] OR "oral health"[MeSH
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Terms] OR "Dentistry"[All Fields] OR "Endodontics"[All Fields] OR
"dental cavity"[All Fields] OR "periodontics"[All Fields] OR
"Xerostomia"[All Fields] OR "Head and Neck Cancer"[All Fields] OR
"maxillofacial diseases"[All Fields] OR "osteoradionecrosis"[All
Fields] OR "osteonecrosis"[All Fields] OR "caries"[All Fields])

Embase

('mouth disease'/exp OR 'mouth disease' OR 'oral health') AND
('prediction’ OR 'predicting') AND (‘machine learning'/exp OR
'machine learning' OR ‘artificial intelligence'/exp OR ‘artificial
intelligence' OR 'supervised machine learning' OR 'algorithm' OR
‘artificial neural network")

Web of
Science Core
Collection

TS=(“Al” OR “Artificial Intelligence” OR “Machine Learning” OR
“Deep Learning” OR “Supervised Learning” OR “Unsupervised
Learning“ OR “Computational Intelligence” OR “Machine
Intelligence” OR “Computer Reasoning” OR “Computer Vision
Systems” OR “Computer Vision System” OR “Knowledge
Acquisition” OR “Knowledge Representation” OR “Knowledge
Representations” OR “ML” OR “neural networks” OR “algorithms”)
AND TS=("predicting" OR "prediction" OR "prediction model" OR
"Forecast" OR "disease-prediction") AND TS=("mouth diseases"
OR "mouth abnormalities" OR "mouth pathology" OR "oral
diagnosis" OR "oral disease" OR “oral diseases” OR "oral
manifestations" OR “oral manifestation” OR "oral pathology" OR
"stomatognathic diseases" OR "oral health" OR "Dentistry" OR
"Endodontics" OR "dental cavity" OR "periodontics" OR
"Xerostomia" OR "Head and Neck Cancer" OR "maxillofacial
diseases" OR “maxillofacial disease” OR "osteoradionecrosis" OR
“osteonecrosis” OR "caries")

Google
Scholar

("oral diseases" OR "mouth diseases") AND ("predicting" OR
"prediction") AND ("machine learning" OR "artificial intelligence")

Sort by relevance the first 100. Without citations and patents

APPENDIX 2 -

Excluded articles and reasons for exclusion (n=102)

Reference

Author/Year Reasons for

Exclusion

[119]

Prasanna S et al.,2012 2

[120]

Maghsoudi, R et al.,2013 4

[121]

Papantonopoulos G et al.,2014 1

[122]

Baik J et al.,2014 1




[123] Liu Y et al.,2015 1
[124] Park, S et al., 2016 3
[125] Imangaliyev, S et al.,2017 1
[126] Liu Y et al.,2017 1
[127] Lakshminarayanan, P. et al 2017 |3
[128] R. Anantharaman et al.,2017 4
[129] Gabrys HS et al.,2018 1
[130] Lee JH et al.,2018 1
[131] Zanella-Calzada LA et al., 2018 1
[132] H.H. Tseng.,2018 3
[133] Feres M et al.,2018 4
[134] Jahantigh F et al.,2018 4
[135] Alabi RO et al.,2019 1
[136] Agouropoulos A et al.,2019 1
[137] Tseng.,2019 3
[138] Humbert-Vidan et al 2019 3
[139] Kamezawa H et al 2019 3
[140] Machado et al.,2020 1
[141] Wang et al., 2019 1
[112] Hung et al. 2020 1
[142] Na et al.,2020 1
[143] Alabi et al.,2020 1
[144] Chu et al.,2020 1
[145] Yang et al.,2020 1
[146] Nawandhar et al.,2020 1
[147] Dolic et al.,2020 1
[148] Alvarez-Arenal et al.,2020 2
[149] Neves, 2L.V.F. et al.2020 3
[150] Nurimba M.C et al .,2020 3
[151] Karhade et al., 2021 1
[152] Li et al.,2021 1
[153] Narayanan et al.,2021 1
[154] Jesus et al.,2021 1
[155] Adeoye et al.,2021 1
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[156] Wang et al.,2021 1
[157] Camalan et al.,2021 1
[158] Alhazmi et al., 2021 1
[159] Quivey et al.,2021 3
[160] T Chinnery et al.,2021 3
[161] Chen.,et al 2022 1
[162] Basri et al.,2021 1
[163] Mudrov et al 2022 1
[164] Tseng et al.,2022 1
[165] Rao et al.,2022 1
[166] Rimi et al.,2022 1
[167] Ferrer-Sanchez et al.,2022 1
[168] Adeoye et al.,2022 1
[169] Wang et al.,2022 1
[170] Thulaseedharan .,2022 1
[171] Qu et al.,2022 1
[172] Ellis et al., 2022 1
[173] Basaran et al.2022 2
[174] Atas et al.,2022 2
[175] Baek et al.,2022 2
[176] Feng et al 2022 3
[177] Kolokythas et al 2022 3
[113] Lee et al.2023 1
[178] Cai et al. 2023 1
[179] Rachi et al. 2023 1
[180] Teza et al., 2023 1
[181] Busato et al.,2023 1
[182] Toledo Reyess et al.,2023 1
[183] Gu et al.,2023 1
[184] Amasya et al.,2023 1
[185] Dérrich et al.,2023 1
[186] Adeoye et al.,2023 1
[187] Wu MP et al.,2023 1

[188]

Yan et al.,2023

40



[189] Cai et al.,2023 1
[114] Lakshmi, T. K et al., 2023 1
[190] Tareq et al., 2023 2
[191] Gomes et al., 2023 2
[192] Bashir et al.,2023 2
[193] Liu et al.,2023 3
[194] Humbert-Vidan et al 2023 3
[1995] Ramesh et al. 2023 3
[196] Hung et al.,2023 3
[197] Khajetash Bet al. 2023 3
[198] Khajetash B et al. 2023 3
[199] Kantharimuthu et al.,2023 4
[200] Moztarzadeh et al.,2023 4
[201] Bogdan-Andreescu C et al.,2024 | 1
[202] Pruthi et al., 2024 1
[203] Kahalian et al.,2024 1
[204] Oztiirk et al .,2024 1
[205] Qing et al.,2024 1
[206] Ciftc et al., 2024 1
[207] Gonca et al.,2024 2
[208] Shephard et al.,2024 2
[209] Peng et al.,2024 2
[210] Adeoye et al. 2024 2
[211] Chao et al. 2024 3
[212] Lim et al 2024 3
[213] Mudrov et al 2024 3
[214] Adeoye et al.,2024 3
[215] Chu, Huishin et al.,2024 3
[216] Liskova et al., 2024 4
[217] Ahn S-H et al.,2024 4

(1) Studies that did not meet the inclusion criteria (prediction of oral disease
diagnosis and/or prediction by machine learning) (n=59);

(2) Studies in humans who do not address oral cavity diseases (n=12);


https://ascopubs.org/action/doSearch?ContribAuthorRaw=Ramesh%2C+Siddhi
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(3) Abstracts, protocols, narrative reviews, short communications, personal opinions,
letters, posters, conference abstracts, and laboratory research (in vitro and in vivo
animal study)(n=23);

(4) Studies that did not evaluate the predictive performance of the algorithm (n=8).
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Reference  Author Year Country Objective Diseases Categorize Specialty Sample Variable Algorithm  Metrics Performance
d Disease Size Type s
[87] Benyam 2025 Iran Compare different Xerostomi  Salivary Stomatolo 85 Radiographi (8) (4) Model:D-Dosimetric-T1-MLP
in models in predicting a Gland ay c XGB,MLP, AUC,ACC, AUC:0.64+0.16; ACC:0.61
Khajeta radiation-induced Disorders examination SVM,RF, SEN,SPE  +0.11; SEN:0.59 £ 0.12;
sh et al. xerostomia and and and KNN,NB,L SPE: 0.67 + 0.14 ; Model:D-
sticky saliva in both Xerostomia Dosimetric R,DT Dosimetric-T2-XGB
early and late data AUC:0.64 + 0.16 ; ACC:0.66
stages HNC +0.12; SEN:0.75+£ 0.13;
patients using CT SPE:0.5 £ 0.13 ; Model:D-
and MRI image Dosimetric-T2-DT AUC:0.55
features along with +0.15; ACC:0.67 £ 0.12;
demographics and SEN:0.67 £ 0.11 ; SPE:0.66
dosimetric 1+ 0.14 ; Model:D-Dosimetric-
information T2-KNN AUC:0.53 + 0.15
;ACC:0.61 £0.11; SEN:0.67
+0.10 ; SPE:0.57 £ 0.15
[49] Kuo 2019  United Developing a Xerostomi  Salivary Stomatolo 784 Radiographi (2) 3D (5) Model 3D rCNN ACC : 0.76 ;
Men et States xerostomia a Gland ay c rCNN,LR ACC,SEN, SEN:0.76; SPE 0.76; F1 0.70
al. prediction model Disorders examination SPE,F1,A . AUC 0.84 Model LR
with radiation and and uc ACC:0.64; SEN: 0.72; SPE:
treatment data Xerostomia Dosimetric 0.59; F-SCORE: 0.60; AUC:
using a 3D rCNN data 0.74 (0.64-0.84);
[88] Maryam 2020 Iran To design a SVM Periodonta Periodontal Periodonti 300 Clinical data (1) SVM (2) ACC: 88.7% e HUM :0912
Farhadi based decision- | Disease Diseases cs ACC,HUM
an et al. making support
system to diagnosis
various periodontal
diseases
[71] Gaye 2022  Turkey To develop a deep Lichen Mucosal Stomatolo 137 Photograph (1) (1) ACC ACC:100%
Keser et learning approach Planus Lesions ay s CranioCatc
al. for identifying oral h

lichen
lesions

planus
using




44

[72]

[109]

[13]

Selin 2022
Yesiltep

e et al.

Riddhi
Chawla
et al.

2022

Ka-Kei
Chau et
al.

2024

Turkey

Uzbekista
n

China

photographic
images

To create an Al
system for detecting

idiopathic
osteosclerosis on
panoramic
radiographs for
automatic, routine,
and simple
evaluation.

Provide a

comprehensive
examination of the
application of deep
learning to object
detection,
segmentation, and
classification

To propose a novel
Al model for
periapical lesion
detection in CBTC,
named CBCT-SAM.
It combines the
medical-based
segmentation
model,
Med2D, with a
lightweight  U-Net
model and an
innovative
Progressive
Prediction
Refinement
module.

SAM-

(PPR)

Idiopathic
Osteoclero
sis

Dental
Caries

Periapical
Lesion

Anatomical
Variations

Dental
Caries and
Related
Conditions

Periapical
Lesions

Radiology

Cariology

Radiology

493

10000

185

Radiographi
c
examination

Radiographi
c
examination

Radiographi
c
examination

(1)
CranioCatc
h

(4) U-
CNN,CNN-
LSTM,CN
N,BWO-
CNN

(4) CBCT-
SAM,CBC
T-SAM
without
PPR,Modifi
ed U-
Net,PAL-
Net

(6)
TP,FP,FN,
SEN,PRC,
F1

(2)
ACC,F1

4)
ACC;SEN;
PRC;SPE

TP: 50; FP:10; SEN:0.88;
ACC: 0.88; F1: 0.86

Model BWO-CNN ACC 99.12
F1score (%)91

Model CNN: ACC: 98.95
Model CNN-LSTM ACC: 96
Model U-CNN ACC:63.29;
F164.14

Model CBCT-SAM PRCD-
98.92% + 010.37% , PRCMe
99.65%

0.66%. SEN 72.36 + 21.61%,
SPE 99.87% + 0.11%, PRC
0.73+0.21eDSC0.70 +
0.19 Model:CBCT-SAM
without PPR ACC:98.92;
ACC-S 99.62 SEN:68.31
SPE:99.88 PRC:0.72
DSC:0.67 Model:Modified U-
Net ACC-D:97.30 ACC-
S:99.58 SEN:62.21
SPE:99.86 PRC:0.70
DSC:0.62 Model PAL-Net
ACC-D:98.38 ACC-Se:99.64
SEN:70.98 SPE99.87
PRC0.73 DSC:0.69
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[93] Fahed 2020 Jordan
Jubair et

al.

[14] Reinhar
d Chun
et al.

2023 China

[73] Faruk
Oztekin
et al.

2023 Turkey

[50] Man
Hung et
al.

2020 United

States

To develop a
lightweight deep
CNN for
discrimination

between benign and

malignant or
potentially
malignant oral

lesions using a data
set of  verified
clinical images, and
the use of
EfficientNet-B0O
transfer model

To develop and to
validate a novel Al
system that can be
used to diagnose
gingivitis on
intraoral
photographs  with
accuracy at or

above 0.90
Proposes an
explainable  deep
learning-based
method for
computer-assisted
automatic caries
detection

To identify the
likelihood of a
person to develop

Oral
Cancer

Periodonta Periodontal

| Disease

Dental
Caries

Dental
Caries

Oral Cancer Stomatolo
gy
Periodonti

Diseases cs

Dental Cariology

Caries and

Related

Conditions

Dental Cariology

Caries and

716

567

562

5135

Photograph
]

Photograph
]

Radiographi
c
examination

Clinical data

®) (4)

EfficientNe ACC,SEN,
t- SPE,AUC
BO,VGG19

,ResNet10

1

(1) (2)
DeepLabv  SEN,SPE
3

(3) (6)
EfficientNe ACC,SEN,
t-BO, SPE,PRC,
DenseNet- F1,MCC
121,ResNe

t-50

(5) (5)
SVM,XGB, ACC,SEN,

Model EfficientNet-BO ACC
85.0%;SPE 84.5% ,SEN
86.7% AUC0.928
Model:VGG19 ACC:83.0
:SEN:86.4

SPE:81.5; AUC: 0.911 Model
ResNet101 ACC:84.0;
SEN:83.9 SPE:84.4; AUC:
0.915

SEN: 0.92
SPE: 0.94

Model ResNet-50 :
ACC92.00%, SEN 87.33%
SPE:96.67 F1-score de
91.61% PRC 96.67
MCC:84.37. Model
EfficientNet-BO ACC 90%
SEN:83 SPE:97%
PRC:96.51 F1 89.25
MCC80.80 Model DenseNet-
121 ACC91.83 SEN:87.33
SPE:96.33 PRC:95.97 F1
91.45 MCC 84.01

Model SVM: ACC 97.1%,
PRC 95.1%, SEN 99.6%,
SPE 94.3% AUC 0.997
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root caries by Related RF,KNN,L  SPE,AUC, Model Model XGB ACC
selecting the most Conditions R ROC 0.947 PRC 0.908 SEN:1.000
relevant variables SPE:0.889 AUC: 0.987

from demographic Model RF ACC 0.941;

and lifestyle factors PRC:0.947 SEN:1.000

SPE:0.875 AUC:0.999 Model
KNN ACC 0.832 PRC:0769
SEN: 0.971 SPE:0.679 AUC:
0.881 Model LR ACC:0.742
PRC: 0.742 SEN: 0.771
SPE:0.711 AUC: 0.818

[108] Oleksan 2020 Ukraine To develop and Dental Dental Cariology 73 Clinical data (1) (1) ACC ACC: 83.56%.
dra et al. apply a software Caries Caries and CariesPro
product to predict Related
dental caries on the Conditions
basis of neural
network
programming
[107] Paniti 2023 Thailand To employ Al via Lichen Mucosal Stomatolo 1089 Photograph  (3) (6) Model Xception: ACC 88.18;
Acharari CNN for the Planus Lesions ay s Xception,R  FN,FP,NP PPV 85; NPV 92; SEN 92.73;
tetal. differentiation of esNet152V  V,PPV,TN SPE 83.64; F1 88.70; Model
OLP and nonOLP in 2 Efficient TP ResNet152V2 ACC84.55;
biopsy-proven NetB3 PPV91.30; 79.69; SEN76.36;
clinical cases of SPE92.73; F1 83.17; Model
OLP and non-OLP EfficientNetB3 ACC81.82;

PPV74.65; NPV94.87;
SEN96.36; SPE67.27; F1

84.13
[26] Ruchika 2023 India To evaluate the Mucositis Mucosal Stomatolo 386 Photograph CNN (9) TP :64(82.1%)
Thukral accuracy of the Lesions ay S TP, TN,FP, ;TN64(82.1%); FP14
et al. automated FN,ACC,P (17.9%); FN14 (17.9%);
computer-aided RC,SEN,S ACCB82.1%; PRC 82.1%;
deep learning PE,F1 SEN82.1%; SPE82.1%;
approach in F1:82.1%

predicting the
occurrence of oral
mucositis and to
categorize
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[102]

(80]

Basri et 2024 Malaysia
al.

Adeetya 2024 Canada
Patel et

al.

mucositis at the
earliest occurrence
into two grades, that
is, Grade 0

(absence of
mucositis) and
Grade I

(asymptomatic  or
mild symptoms of
mucositis) using
non-radiative,
non-invasive,
non-ionizing,
non-destructive
thermal imaging

To identify the best
algorithm for the
prediction of dental
caries

Proposes a deep
learning model for

oral lesion
classification  that
emphasizes

interpretability and
robustness against
dataset bias

Dental
Caries

Actinic
solar
cheilitis,
Aphthous
ulcers,
Cheek lip
tongue
chewing,
Denture
stomatitis,
Fordyce
granules,
Geographi
c tongue,
Gingival
hyperplasi
a, Gingival
cyst,
Gingivitis,

Dental
Caries and
Related
Conditions
Oral Stomatolo
Potentially ay
Malignant

Disorders;

Mucosal;

Odontogeni

¢ Cysts and

Tumors

Lesions;

Periodontal

Diseases;

Anatomical

Variations;

Oral

Cancer;

Tongue

Lesions

Cariology 1

1888

Photograph
s

Photograph
]

CNN

(3)Baselin
e,
GAIN,GAI
N+ASP

(4) ACC,

PRC,
SEN, SPE

3)
BS,BAAU
C

ACC: 0,85 PRC 1,00

Model Baseline BS.0.339;
BAO0.734; AUCO0.902; Model
GAIN BS0.327; BA0.787;
AUCO0.893; Model
GAIN+ASP BS0.330;
BAO0.755; AUCO0.914
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[59]

(81]

Toan

Huy Bui

etal.

A

Frydenl

und
al.

et

2022 Japan

2014 Canada

Proposes a method
for  segmentation
and caries
diagnosis for caries
screening

Proposes a set of
image features that
can be computed
from epithelial
regions to form
region descriptions
and shows that the
proposed region
descriptions can be
used to accurately
distinguish and
classify samples of
the four types of

Hairy
tongue,
Leukoede
ma,
Lymphoep
ithelial
cyst,
Lymphoid
tissue,
Mucocele,
Palatal
papillomat
osis,
Squamous
cell
carcinoma
Dental
Caries

Odontoge
nic Cysts

Dental
Caries and
Related
Conditions

Cariology 95

Odontogeni  Stomatolo 73
c Cysts and gy
Tumors

Radiographi
c

)
RF,KNN,S

examination VM

Histopathol
ogical
examination

(2)
SVM,BLR

(6)
ACC,SEN,
SPEC,PP
V,NPV,F1

(5)
TP,FP,PR
C,F1,ROC

Model RF PRC 0.471; SEN
0.95; SPE 0.10; PPV 0.44;
NPV 0.75; F1 0.44; Model
KNN PRC 0.79; SEN 0.69;
SPE 0.86; PPV 0.80; NPV
0.78; F1 0.59; Model SVM
PRC 0.79; SEN 0.73; SPE
0.833; PPV 0.77; NPV 0.80;
F10.60

Model BLR TP:0.954; FP
0.013; PRCO0.959; F1 0.954;
ROCO0.998 Model SVM
TP0.923; FP0.026; PRC
0.923; F1 0.922; ROC0.970
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[103]

[70]

Imane 2023 Morocco
Lasr et

al.

Moham 2020 Arabia
med
Zubair et

ak

developmental
odontogenic  cysts
using standard
classification
algorithms.
Proposes an
explainable  deep
learning-based
approach for
automatic caries
detection in dental
images, motivated
by the urgent need
to provide accurate
and efficient
diagnostic methods
for dental care.
Proposes an Al-
based
computational
method that can
automatically detect
potentially
malignant oral
lesions on the
tongue directly from
clinically annotated
photographic
images, to assist
physicians/dentists
in early diagnosis

before they
manifest into
cancerous

malignancies.

Dental
Caries

Candidiasi
s, Fissured
Tongue,
Geographi
¢ Tongue,
Black
Hairy
Tongue
and
Pigmented
Fungiform
Papillae
Malignant
Hairy
Leukoplaki
a and
Erythropla
kia

Dental
Caries and
Related
Conditions

Cariology 884

Tongue Stomatolo 300
Lesions; ay

Fungal

Infection;

Oral

Leukoplakia

Photograph
s

Photograph
s

(4) VGG- (4)
16,VGG19, ACC,PRC,
DenseNet1 SEN,F1
21,Inceptio

nV3

(6) (7)
AlexNet,G  ACC,SEN,
oogLeNet, SPE,PRC,
VGG19,Inc  F1,MCC,K
eptionv3,R S
esNet50,S

queezeNet

Model VGG-16 ACC98.3;
PRC 98.3; SEN 98.3; F1
98.3; Model VGG-19ACC95;
PRC 95; SEN 94; F1 94;
Model DenseNet-121
ACCB83; PRC 83; SEN 83;
F1 83; Model Xception89;
PRC 88;SEN 87; F1 88

Model ResNet50 ACC =
0.967, F1 = 0.9664, Mcc =
0.9602 KS =0.8958;
SENO0.966; SPE 0.991; PRC
0.971; MCC 0.960) Model
Vgg19 ACC 0.95; SEN 0.95;
SPE 0.987; PRC 0.956;
F149; MCC 0.939; KS.43;
Model Inceptionv3 ACC
0.917; SENO0.916;
SPEEO0.979; PRC 0.931;
F10.915; MCC0.901; KS
0.739; Model Squeezenet
ACCO0.900; SENO0.9; SPE
0.975; Prec0.908; F10.901;
MCC0.901; MCCO0.878;
KS.687; Model GoogleNet
ACCO0.883; SEN0.883;
SPE0.970; PRC 0.908;
F10.886; MCCO0.864;
KS.635; Model
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[60] Yoshiko
Ariji et
al.

2019 Japan

2022  United
States

[51] Ming
Chao et

al.

[110] Do 2024 Vietnam
Hoang
Viet et

al.

To evaluate the
performance of a
deep learning object
detection technique
for the automatic

detection and
classification of
mandibular

radiolucent lesions
on panoramic
radiographs

To develop and

validate a cluster
model incorporating
heterogeneous
dose distribution
within the parotid
gland for prediction
of radiotherapy
(RT)-induced
xerostomia with
machine  learning
(ML) techniques.

To apply the
performance of 2
state-of-the-art
deep learning
models, Faster R-
CNN and YOLOv4,
in diagnosing and

Ameloblas
ts,
odontogen
ic
,keratocyst
S,
dentigerou
S cysts,
radicular
cysts and
simple
bone cysts

Xerostomi
a

Periapical
Lesion

Odontogeni

Stomatolo

c Cysts and gy

Tumors

Salivary
Gland
Disorders
and
Xerostomia

Periapical
Lesion

Stomatolo
ay

Radiology

210 Photograph (1)
S DetectNet
155 Dosimetric  (4)
data SVM,KNN,
NB,RF
2658 Radiographi (2) Faster
c R-
examination CNN,YOL
Ov4

(2)
SEN,FP

(3)

ACC,SEN,

SPE

(4)
SEN,SPE,
ACC,PRC

AlexNetACCO0.833;
SENO0.833; SPE0.958; PRC
0.865; F10.831; MCCO0.803;
KS 0.479

SEN 0.88; FP 0.00; Testing 2
data set SEN0.88 FP 0.04

Model KNN ACCO0.68 Model
NB 0.69 Model SVM
ACCO0.67

Model Fster-R-CNN
SEN96.2; SPE95.41;
ACC95.74; PRC 93.37;
Model YOLOv4 SEN79.47;
SPE91.47; ACC87; PRC
86.75
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(7]

[52]

(53]

Laia 2021
Humbert
-Vidan

Brandon 2023
Reber et

al.

Priya 2024
Dey et

al.

United

Kingdom

United
States

United
States

classifying

periapical lesions
using the PAI score
from PR with three
diferent regions of

the dental arch:
anterior teeth,
premolars, and
molars

To compare the
performance of
different ML
methods, including
LR, SVM, REF,
AdaBoost and ANN,
in predicting the
incidence of

mandibular ORN

Compare the
performance of
traditional ML
algorithms with DL
algorithms for
predicting the binary

outcome of ORN
using the radiation
dose distribution of
the HNC patient

To compare the
accuracy, precision,
and differences

Osteoradi
onecrosis

Osteoradi
onecrosis

Dental
Caries

Bone Stomatolo 96
Necrosis ay

and

Infections

Bone Stomatolo 2495
Necrosis ay

and

Infections

Dental Cariology = 3586
Caries and

Clinical data
and
Dosimetric
data

Clinical data
and
Dosimetric
data

Clinical data

(4)
SVM,RF,A
DB,ANN

(8)
LR,RF,SV
M,RC,Res
Net,Dense
Net,Autoen
coder,Ran
dom

(4)
LR, XGB,L
SS,SVM

(%)
ACC,SEN,
SPE,PRC,
NPV

(7)
ACC,B-
ACC,SEN,
PRC,F1,A
UROC,AU
PRC

(5)
AUROC A

Model ANN
ACCO0.77;SENO0.90;
SPEO0.64; PRCO0.72;
NPV0.90 ; Model SVM
ACCO0.76; SENO0.96;
SPEO0.56; PRC 0.68;
NPV0.94 Model AdaBoost
ACCO0.75; SENO0.93;
SPEO0.56 PRC 0.68;
NPV0.91 Model LR
ACCO0.75; SENO0.90;
SPEO0.60; PRC 0.71;
NPV0.88; Model
RFACCO0.71; SENO0.77;
SPE0.66; PRC 0.70;
NPVO0.76

Model LR ACC 0.69;
Balanced accuracy0.70; SEN
0.72; PRC 0.27; F1 0.39;
AUROCO0.74; AUPRCO0.28
Model SVM ACCO0.69; B-
ACC 0.70; SEN 0.71; PRC
0.27; F1 0.39; AUROCO0.70;
AUPRCO0.24; 3

Model XGB AUC-ROCO0.86;
ACCO0.81; SENO0.84;
SPEO0.79; Kappa0.61 Model
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[61]

(38]

[39]

Yoh 2009
Tamaki
et al.

Japan

Woosun 2024 Korea
Beak et

al.

In-Ae
Kang et
al.

2022 Korea

between the caries
predictive capability
of Al vs. traditional
multivariable
regression
techniques

Describe a new
method for deriving
a caries prediction
model using data
mining

To develop data-
driven prediction
models for
assessing PD risk
and to evaluate their
performance  and
reliability with
clinical patient data
for external
validation

Proposes the
prediction of dental
caries model using
machine learning in
personalized
medicine.

Dental
Caries

Periodonta
| Disease

Dental
Caries

Related
Conditions

Dental
Caries and
Related
Conditions

Cariology 560

Periodontal Periodonti 7427

Diseases cs

Dental 22288
Caries and
Related

Conditions

Cariology

Clinical data
and Salivary
test

Clinical data

Clinical data

()
LR,NN,DA

®)
LR,SVM,R
F.XGB,NN

(7)
ANN,CNN,
LSTM,
GBDT,RF,
SVM,LR

CC,SEN,S
PE,KS

(2)
SEN,SPE

()
ACC,SEN,
SPE,PRC,
AUROC

(4)
ACCF1,P
RC,SEN

SVM AUC-ROCO0.86;
ACCO0.79; SEN 0.70;
SPE0.84; KS0.56 Model
Lasso AUC-
ROC0.86;ACCO0.79;
SENO0.72;SPE0.84;
Kappa0.57Modelo LR AUC-
ROC 0.86; ACCO0.78;
SENO.71; SPE0.83; KS.055.
Model DA SENO0.73;
SPEO0.77 Model NN
SENO0.83; SPE0.45 Model
LR SENO0.61 ; SPE0.69

Model XGB SENO0.354;
SPE0.919; PRC 0.607;
ACCO0.773; ROCAUCO0.823
Model SVM SENO0.394;
SPE0.924; PRC 0.646;
ACCO0.786; ROC-AUCO0.828
Model NN SEN 0.399;
SPE0.910; PRC 0.609;
ACCO0.777; ROC-AUCO0.823
Model RF SENOQ.342
SPE0.932; PRC 0.637;
ACCO0.778; ROC-AUCO0.824
Model LR SEN0.399;
SPE0.907; PRC 0.600;
ACCO0.775; ROC-AUCO0.822
Model RF ACC0.92; F1 0.91;
PRC 0.94; SEN 0.88; Model
ANN ACCO0.88; F1 0.87;
Prec0.87;SEN 0.87; Model
CNN ACCO0.87; F1 0.87;
PRC 0.87; SEN 0.87; Model
GBDT ACCO0.85; F1 0.81;
PRC 0.83;SEN 0.78; Model
SVM ACCO0.83; F1 0.79;
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[19]

[94]

[27]

[16]

Cheng
Wang et
al.

Falk
Schwen
dicke et
al.

Navas
P. Moidu
et al.

Lin

2023

2020

2022

2024

China

Germany

India

China

Proposes a method
for automatic
diagnosis based on
fluorescence
spectral  sub-band
imaging combined
with deep learning.
Apply deep
convolutional neural
networks (CNNs) to

detect caries
lesions in near-
infrared light

transillumination
(NILT) images.

To use a CNN
model to score the
periapical lesion on
an IOPAR using the
PAI scoring system
To explore the

application of
uncertainty
methods in deep

neural networks for
the diagnosis of oral
mucosa-associated
lesions. Our goal is
to increase the

accuracy and
reliability of
diagnosis by

introducing an

Dental Dental
Caries Caries and
Related
Conditions
Dental Dental
Caries Caries and
Related
Conditions
Periapical  Periapical
Lesion Lesions
Oral Oral Cancer
Cancer

Cariology

Cariology

Radiology

Stomatolo
gy

83

226

3540

1011

Photograph
s

Photograph
s

Radiographi
c
examination

Photograph
]

(1) 2-D-3-D
hybrid
convolutio
nal neural
network

(2)
Resnet18,
Resnext50

(1)
YOLOV3

(1)
Probabilisti
¢ HRNet

(4)
ACC,SEN,
SPE,F1

(6)
AUC,ACC,
SEN,SPE,
PPV,NPV

(7)
ACC,SEN,
SPE,VPP,
VPN,F1,M
cc

(%)
SEN,SPE,
F1,AUC,B
S

PRC 0.82; SEN 0.76; Model
LR ACCO0.82; F1 0.78; PRC
0.80; SEN 0.76; Model LSTM
ACC 0.75; F1 0.74; PRC
0.74;SEN 0.74

ACC 90.69; SEN 90.19; SPE
97.71; F1 90.06

Model Resnext50 AUCO0.74;
ACCO0.68; SENO0.59;
SPEO0.76; PPV0.63; NPV0.73
Model Resnet18 AUC 0.73;
ACCO0.69; SEN0.46;
SPEO0.85; PPV 0.71;
NPV0.69

ACC:0.89; SEN92.1; SPET76;
VPP86.4; VPN86.1; F10.89;
MCCO0.71

SEN 0.946 SPE 0.992 F1
0.953 AUC 0.969 BS0.017
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(65]

[17]

(28]

[100]

[40]

[41]

Radwa
Marzouk
etal.

Hu Chen
etal.

Ramana
Kumar
etal.

Tran
Tuan
Anh et
al.

Jae-
Hong
Lee et
al.

Ho-Jun
Song et
al.

2022

2020

2022

2024

2018

2023

Saudi
Arabia

China

India

Indonesia

Korea

Korea

uncertainty

prediction
algorithm.
Recognize oral
cancer using Al and
image processing
techniques

Using faster R-CNN
to detect caries,
periapical
periodontitis and
periodontitis in
dental periapical

radiographs
To use the deep
learning method for
dental caries
segmentation in an
effective way

To apply artificial

intelligence to
identify deep tooth
decay using the
open-source  tool
Teachable

Machine.

To evaluate the
efficacy of deep

CNN algorithms for
the detection and
diagnosis of dental
caries in periapical
radiographs

To investigate the
efficacy of DL in
detecting abnormal
areas on the dorsal

Oral
Cancer

Dental
Caries and
Periodonta
| Disease

Dental
Caries

Dental
Caries

Dental
Caries

Tongue
coating;
Hairy

tongue;

Oral Cancer

Dental
Caries and
Related
Conditions;
Periodontal
Diseases

Dental
Caries and
Related
Conditions

Dental
Caries and
Related
Conditions

Dental
Caries and
Related
Conditions

Tongue
Lesions

Stomatolo
gy

Periodonti
cs;Cariolo

gy

Cariology

Cariology

Cariology

Stomatolo
gy

131

2900

120

2063

3000

7782

Photograph
]

Radiographi
c
examination

Radiographi
c
examination

Radiographi
c
examination

Radiographi
c
examination

Photograph
]

(1) AIDTL-
OCCM

(1) Faster
R-CNN

(1)
HSLnSSO
M-ResneX
t—=RNN

(1)
Teachable
Machine

(1) CNN

(1) VGG16

(4)
ACC,PRC,
SEN,F1

(5)
loU,SE,AP
AUC,PRC

(10)
ACC,SEN,
SPE,PRC,
FPR,FNR,
NPV,FDR,
F1,MCC
(1) ACC

()
ACC,SEN,
SPE,PPV,
NPV

(®)
PRC,SEN,
F1,ACC.A
uc

ACC 90.8; PRC 89.05; SEN
88.60; F1 88.81

SEN 0.6; PRC 0.5

ACC; 93.67; SEN 94.66;
SPE 92.73; PRC 92.44;
FPR7.27; FNR5.34;
NPV94.88; FDR7.56; F1
93.54; MCC87.35

ACC: 73,3

ACC 82; SEN81; SPES83 ;
PPV82.7; NPV81.4

F10.960 ; PRC 0.935, SEN
0.986
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[54]

(29]

(18]

2024  United
States

Anusha
Solanki
et al.

R. 2020
Prabhak

aran et

al.

India

Ke Deng 2023 China
etal.

tongue surface in
both patients and
healthy adults

To detect and

distinguish oral
malignant and non-
malignant lesions
from clinical
photographs using
YOLO v8 deep
learning algorithm.

Focuses on
accuracy and
uptime for
segmentation and
classification of

benign or malignant
tumors

To develop a
multiclass non-
clinical ~ screening
tool for periodontal
disease and assess

Fissures;

Papillary

atrophy,Er

osion,Ulce

r.

Lichenoid

change;

Hyperkera

totic

change,

Papillary

hypertroph

y; Artifacts

Oral Oral Cancer Stomatolo
Cancer ay

Oral Oral Cancer Stomatolo
Cancer ay

Periodonta Periodontal Periodonti
| Disease Diseases cs

427 Photograph
s

100 Photograph
s

408 Clinical data
and Salivary
test

(1) Yolov8

()
CNN,SVM,
NB

(2) LR,RF

(4)
ACC,PRC,
SEN,SPE

(7)
TP,TN,FP,
FN,PRC,S
EN,SPE

(5)
ACC,SEN,
SPE,PPV,
NPV

SEN : 54% ; SPE : 72%;
PRC : 35% ; ACC : 55%

Model CNN TP 83; TN43;
FP3; FN2; PRC 96.15;
SEN97.64;SPE93.47; PRC
96.51; SEN 97.64; F 97.07
Model SVM TP67; TN29;
FP4; FN3; PRC
93.20;SEN95.71;SPE87.87;
PRC 94.36; SEN 95.71
F195.03 Model NB TP56;
TN24; FP7; FN6; PRC 86.02;
SEN90.32; SPE77.41; PRC
88.88; SEN 90.32; F1 89.60
Model RF Gengivite SEN91;
SPE92.6; ACC92.4;
AUROCO0.97 Periodontite
SEN 91; SPE92,6;ACC92.4;
AUROCO0.97 Model LR
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its accuracy for

Gengivite SEN86.5;

differentiating SPE83.4; PPV45.1;
periodontal health, VPN97.5; ACC83.9;
gingivitis and AUROCO0.893 Periodontite
diferente stages of SEN80.1; SPE92.9;
periodontitis PPV96.6. NPV65.3;
ACC84.1; AUROCO0.898
[84] Mohana 2022 Egypt Improve Oral Oral Cancer Stomatolo 230 Histopathol  (3) (3) Model XGB ACC96.3;

d A. Deif categorization of Cancer ay ogical XGB,RF,A ACC,SEN, SEN98.9; PRC 96.3 Model
oral examination NN SPE RF ACC93.1; SEN97.8; PRC
histopathological 93.3 Model ANN ACC9%4.1;
images into normal SEN97.8; PRC 94.7
and OSCC classes

[75] FO 2014  Turkey To develop an Periodonta Periodontal Periodonti 150 Clinical data (3) (1) PCR Model SVM e DT : PRC

Ozden identification unit for | Disease Diseases cs SVM,DT, 98%; Model ANN PRC 46%

et al. classifying ANN
periodontal
diseases using
support vector
machine (SVM),
decision tree
(DT),and artificial
neural networks
(ANNs)

[19] Zijia Liu 2021 China To propose an Ameloblas Odontogeni Stomatolo 420 Radiographi (1) CNN (4) ACC90.36; SEN92.86;
etal. algorithm based on toma and c¢ Cysts and gy c ACC,SEN, SPES87.80; F190.70
convolutional neural odontogen Tumors examination SPE,F1
networks (CNN) ic
structure to keratocyst
signifcantly improve
the classifcation
accuracy of
amelobastoma and
OK
[20] Xinjia 2024 China To develop two Al Odontoge Odontogeni Stomatolo 2157 Histopathol (1) SVM (1) AUC AUC OKC 0.935; AUC OOC

Cai et al. systems for building nic c Cysts and gy ogical 0.989; AUC GS 0.811
diagnostic and keratocyst Tumors; examination
prognostic models (OKC), Syndromes
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[104]

[66]

[67]

Blanco- 2024
Victorio
et al.

Moham 2018
med et
al.

Shtwai 2023
Alsubai
et al.

Peru

Saudi
Arabia

Saudi
Arabia

of OKC using deep
learning algorithms

To compare the
performance of
different prediction
models based on
machine learning to
predict the
presence or
absence of early
childhood caries.

Present the
optimized echo
state neural
networks for

gravitational search
to effectively predict
oral cancer

Introduce an ML-
based detection
approach using
classifiers for more

orthokerati

nized

odontogen

ic cyst

(O0C) and

Gorlin

syndrome

(GS)

Dental Dental Cariology 183 Clinical data (6) (6)

Caries Caries and RF,GBDT, AUC,ACC,
Related SVM,LR,A  F1,PRC,S
Conditions NN,KNN EN,MCC

Oral Oral Cancer Stomatolo * Radiographi (4) (3)

Cancer ay c SVM,NN,M ACC,SEN,

examination LP,GSOE SPE
SNN

Dental Dental Cariology 10375 Clinical data (8) (4)

Caries Caries and LR,DT,RF, ACC,PRC,
Related SGD,ETC, SEN,F1
Conditions

Model NN AUC 0.904; ACC
0.927; F1 E 0.950; PCR
0.927; SEN 0.974; MCC
0.820 Model SVM AUC
0.868; ACC 0.927; F1 0.950;
PRC 0.927; SEN 0.974;
MCC 0.820 Model RF AUC
0.854; ACC 0.891; F1 0.927;
PRC 0.884; SEN 0.974;
MCC 0.728; Model Gradiente
Boosting AUC 0.858; ACC
0.891; F1 0.925; PRC 0.902;
SEN 0.949; MCC 0.729;
Model KNN AUC 0.692; ACC
0.836; F1 0.892; PRC 0.841;
SEN 0.949; MCC 0.580
Model LR AUC 0.911; ACC
0.909; F1 0.938; PRC 0.905;
SEN 10.974; MCCO0.774
Model (GSOESNN) : ACC
99.2; Model SVM ACC 89.2;
Model NN ACC 94.1; Model
MLP ACC 95.2

Model VC (XGB+RF+ETC)
ACC 97.36; PRC 96.14; SEN
96.84; F1 96.65 Model ETC

ACC95.34; PRC 95.67; SEN
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[21]

[96]

Lijuan
Zhang et
al.

N.
Nijland
et al.

2025

2021

China

Netherlan
ds

accurate prediction
of dental caries.

Examine the
prevalence of acute
xerostomia  during
radiotherapy  and
evaluate the
performance of
machine learning
approaches in
predicting acute

xerostomia in adults
with  HNC treated
with  proton and

carbon ion
radiotherapy

Examine the
prevalence of acute
xerostomia during
radiotherapy  and
evaluate the
performance of
machine  learning
approaches in
predicting acute

xerostomia in adults
with  HNC treated

Xerostomi
a

Salivary
Gland
Disorders
and
Xerostomia

Periodonta Periodontal

| Disease

Diseases

Stomatolo 1769

9y

Periodonti 155
cs

Clinical data

Clinical data

XGB,
SVC,GNB

(4)
SVM,LSR,
LR,RF

(1)LR

(5)  B-
ACC,AUR
OC,PRC,
SEN,F1

()
AUROC,S
EN,SPE,P
PV,NPV

95.19; F1 95.38 Model XGB
ACC 94.08; Prec 94.52; SEN
94.34 F1 94.43; Model RF
ACC94.28; PRC 95.29; SEN
95.34; F1 95.32 Model
SVC93.86; PRC94.45; SEN
93.21; F1 93.87; Model DT
ACC92..35; PRC 92.62; SEN
92.34; F1 92.47 Model GNB
ACC90.81; PRC 91.32; SEN
90.36; F1 90.86; Model LR
ACC90.24; PRC 92.82; SEN
92.71; F1 92.80

Model SVM ACCO0.66; AUC-
ROCO0.11; SEN 0.74; F1 0.19
Model Lasso ACCO0.55; AUC-
ROC0.48; PRC 0.07; SEN
1.00; F1 0.19; Model LR
ACCO0.54; AUC-ROCO0.61;
PRC 0.07; SEN.00; F1-score
0.13

AUROC 0.59; SEN 49; SPE
68; PPV 57; NPV 55




59

[95]

[55]

[77]

[22]

Julia
Neumay
retal.

2024 Germany

2020 United

States

Valentin

a L.
Kouznet
sova et
al.

Nattane 2022 Brazil
Luiza et

al.

Wen Li
et al.

2019 China

with  proton and

carbon ion
radiotherapy

To validate the
diagnostic
performance of this
model in the
detection,
classification,
localisation and
segmentation of
EH/MIH on

independent image
samples.

To analyse
metabolite sets of
different oral
diseases, show
their distinguishing
and common

features, and create
a machine-learning
(ML) model that can
distinguish between
different forms of
oral disease

Using Random
Forest classification
along with Random

Forest Importance
Feature Selector
was used to
diagnose 0OSSC
based on
metabolites

Present a novel

Artificial Intelligence
(Al)-based method

Molar
incisor
hypominer
alization

Oral
Cancer
and
Periodonta
| Disease

Oral
Cancer

Periodonta
| Disease

Dental Dentistics 455

Caries and

Related

Conditions

Oral Stomatolo 156

Cancer; ay and

Periodontal  Periodonti

Diseases cs

Oral Cancer Stomatolo 68
ay

Periodontal Periodonti 800

Diseases cs

Clinical data

Salivary
Test

Salivary
Test

Photograph
s

(1)
Demo.den
tal-ai.de

(3)
NN,Logisti
c,SGD

(1) RF

(1)
MGLCM

(3)
ACC,SEN,
SPE

(1) ACC

(3)
ACC,SEN,
AUC

(4)
SPE,SEN,
ACC,F1

ACC 94,3; SEN 94,4; SPE
94,2

Model NN ACC 79.54; Model
Logistic ACC 78.21; Model
ACC 78.21

ACC 86.76; SEN 80; AUC
0.91

SEN 78.17; SPE 78.23; PRC
77.88; ACC 78.38; F1 78.55
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[68] Atta-ur 2022 Saudi
Rahman Arabia
et al.

[99] Antoine 2022 France
Dubuc
et al.

for diagnosing
chronic  gingivitis,
which is based on
multichannel gray-
level co-occurrence
matrix ~ (MGLCM)
and particle swarm
optimization neural
network (PSONN).
Propose a transfer

learning model
model using
AlexNet in

convolutional neural
network to extract
classification
features from oral
squamous cell
carcinoma (OSCC)
biopsy images to
train the model.

To develop and
evaluate a machine
learning  algorithm
that allows the
prediction of oral
mucosa lesions
diagnosis

Oral
Cancer

Oral
Lesions
and Oral
Cancer

Oral Cancer

Mucosal
Lesions;
Oral
Cancer;
Oral
Leukoplakia

Stomatolo
gy

Stomatolo
gy

4946

299

Histopathol
ogical
examination

Photograph
s and
Clinical data

(1)
Transfer
learning
model

(4)LightGB
M,Elastic
Net
Regressio
n,KNN,DT

(11)
ACC,SEN,
SPE,F1,P
PV,NPV,F
PR,FNR,L
PR,LNR,F
MI

()
TPR,TNR,
PPV,NPV,
F1

ACC 90.06; SEN 92.74; SPE
87.38; F1 90.15; PPV 87.69;
NPV 92.55; FPR 12.62; FNR
7.26; LPR 7.35; LNR 0.08;
FMI 90.18

Model LightGBM General
ACC 0.84 gingival
enlargement TPR 0.92;
TNR1.00; PPV 1.00;
NPV1.00; F10.96; CEC TPR
0.90; TNR1.00; PPVO0.90;
NPV1.0; F10.90; Leukoplakia
TPRO0.78; TNR1.00;
PPVO0.75; NPV0.98; F10.77;
Lichen planus TPR0.89; TNR
0.89; PPV0.85;
NPV0.92F10.87; Blistering
Diseases TPRO0.72;
TNRO0.96; PPV0.76;
NPV0.95; F10.74; Aphthous
ulcers TPRO0.75; TNRO0.99;
PPV0.84; NPV0.97; F10.79
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[90] Yan Yan 2021 England
et al.

[106] Wenyi 2024 Sweden
Lian et

al.

Propose a feature Periodonta

extraction model
based on Fourier
fractional  entropy
and wavelet energy
entropy for gingival

image
segmentation, and
several
classification  and
optimization
techniques are
combined.
Improve Al-based
oral cancer
detection by
predicting through

exfoliative cytology

| Disease

Oral
Cancer

Periodontal
Diseases

Oral Cancer

Periodonti
cs

Stomatolo
ay

180 Photograph

S

766.565 Histopathol
ogical
examination

(1)
FRFE+PS
0

(3)
MMTM,Hc
CNN,CAF
Net

(7)
SEN,SPE,
PRC,ACC,
F1,MCC,F
MI

()
F1,ACCA
UROC,SE
N,PRC

Modelo Elastic Net
Regression ACC geral0.54
gingival enlargement
TPRO0.92 ; TNRO0.99;
PPV0.85 ; NPV1.00; F10.88;
CEC TPRO0.60 ; TNR0.92;
PPV0.21; NPV0.99; F10.32;
Lekoplakia TPRO0.74.;
TNRO0.91; PPV0.40;
NPV0.98; F10.52; Lichen
planus TPR0.38; TNR0.92;
PPV0.77; NPV0.68F10.51;
Blistering Diseases TPRO.70;
TNRO0.81; PPV0.38;
NPV0.94; F10.49; TPRO0.54;
Aphthous ulcers TNRO0.96;
PPV0.56; NPV0.95; F10.55
SEN 79; SPE80.89; PRC
80.55; ACC79.94; F1 79.75;
MCC59.92; FMI 79.76

Model CAFNet F1 0.8334;
ACC 0.9179; ROC AUC
0.9686; SEN 0.8994; Prec
0.7934; Model HcCNN F1
0.8243; ACC 0.9141; ROC
AUC 0.9591; SEN 0.8797;
PRC 0.7887; Model MMTM
F1.0.8151; ACC 0.9124;
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[91] Hollie 2024  United
Black et Kingdom
al.

[30] Vyshiali 2023 India
Sivaram
et al.

To investigate this
with regards to HNC
and identify which
algorithm works
best to classify
malignant patients.

To examine and

compare the
accuracy of several
texture analysis
techniques, such as
Grey Level Run
Length Matrix
(GLRLM), Grey
Level Co-
occurrence  Matrix
(GLCM), and

wavelet analysis in
recognizing dental
cyst, tumor, and
abscess lesions.

Oral
Cancer

Cystic
lesions,
dental
abscesses
, tumoral
lesions
include
ameloblast
oma,
odontoma,
ameloblast
ic fiboroma,
adenomat
oid
odontogen
ic tumor,
hemangio
ma,

Stomatolo 885
gy

Oral Cancer

Bone Stomatolo 172
Necrosis ay

and

Infections;

Anatomical

Variations;

Odontogeni

¢ Cysts and

Tumors

Clinical data

Radiographi
c
examination
and Clicial
data

(6)
OR,RF,LS
S,Ridge,El
astic
net,LDA

()
WA,GLCL
M,GLRLM

(4)
AUC,B-
ACC,SPE,
SEN

(5)
ACC,MCC
,SEN,SPE
PPV

ROC AUC 0.9556; SEN
0.8541; PRC 0.7978

Model Ordinal regression
AUCO0.66; ACCO0.64;
SPEO0.77; SENO0.50; Model
RF AUC 0.58; ACCO0.60;
SPEO0.73; SENO0.46; Model
classification tree AUCO0.62;
ACCO0.60; SPEO.74;
SENO0.47; Model Lasso AUC
0.64; ACCO0.59; SPEO0.75;
SENO0.44; Model Ridge
AUCO0.65; ACCO0.60;
SPEO0.75; SENO0.44; Model
Elastic net AUCO0.64;
ACCO0.59; SPEO0.75;
SENO0.43; Model Linear
discriminant analyses
AUCO0.64; ACCO0.60;
SPEO0.75; SEN0.45

Model GLCLM ACC 98; MCC
0.97; SEN97; SPE100;
PPV100; Model GLRLM
ACC95; MCCO0.89; SEN94;
SPE95; PPV94; Model
Wavelet analysis ACC91;
MCCO0.82; SEN90; SPE90;
PPV93
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[111]

[46]

Sung-H
wi Hur et
al.

Dong
Wook et
al.

2021 Korea

2018 Koreia

To develop and
validate fve ML
models designed to

predict = DCM2Ms
arising from the
proximity to M3Ms
to provide
guidelines for
clinical decision
making.

To build and
validate five types of

machine learning
models designed to
predict the
occurrence of
BRONJ associated
with dental
extraction in
patients taking

bisphosphonates
for the management
of osteoporosis

enostosis,
exostosis,
cementobl
astoma,
torus
mandibula

ris, torus

palatinus,
myxoma,
osteoma,
and
osteoid
osteoma.
Dental
Caries

Osteonecr
osis

Dental 2642
Caries and
Related

Conditions

Cariology

Bone Stomatolo 125
Necrosis ay

and

Infections

Radiographi
c
examination

Clinical data

®)
LR,RF,AN
N,SVM,XG
B

®)
RF,ANN,S

VM,LR,DT

(3)SEN,S
PE,AURO
C

(3)

AUC,SEN,
SPE

Model LR ACCO0.81;
SENO0.81; 0.81AUROCO0.881;
Model RF ACCO0.83;
SENO0.79; SPE0.83
AUROCO0.881; Model ANN
ACCO0.80; SENO0.82;
SPE0.80 AUROCO0.882;
Model SVM ACCO0.81;
SENO0.80; SPE0.81
AUROCO0.876 Model XGB
ACCO0.81; SENO0.79;
SPE0.81 AUROCO0.891
Model RF AUC 0.973 SEN
100; SPE83.3; Model ANN
AUC0.915; SEN100;
SPE76.7; Model SVM
AUCO0.882; SEN81.8;
SPE86.7; Model LR
AUCO0.844 SEN90.9;
SPE70.0; Model DT
AUCO0.821; SEN90.0;
SPE73.3
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(78]

[47]

[31]

Bonfim 2024 Brazil

et al.

Soualih
ou
Ngnams
i etal.

2022 Koreia

Jaiswal 2022 India

etal.

To predict
adolescents with
untreated dental
caries using

Sisson’s theoretical
model.

To propose an

identification

mechanism to
prevent the
population from

being affected by
diseases like dental

caries, gum
disease, oral
cancer, etc

The current article
has descended into
a new solution for
maximizing disease
classification by

utilizing the
diferente pretrained
deep learning
models. The

proposed study has
a stepdown in the
multi-disease
classification model,
which is defined as
multiple parameters
in the proposed
framework  being
upgraded to classify
multi-disease
features.

Dental
Caries

Dental
Caries

Tooth
wear,
periapical,
periodontit

Dental
Caries and
Related
Conditions

Cariology

Dental
Caries and
Related
Conditions

Cariology

Developme  Periodonti
ntal a
Anomalies;

Periodontal

is, tooth Diseases

decay,
missing
tooth, and
impacted
tooth

615 Clinical data

22.371 Clinical data

500 Radiographi
c
examination

©)
XGB,DT,L
R

(1)
MMDCP

(1) XGB

(4)
SEN,SPE,
ACC,AUC

(4)
ACCF1,S
EN,PRC

()

ACC,PRC,

SEN,SPE,
F1

Model XGB AUCO0.84; ACC
0.75; SEN0.42; SPE0.92
Model DT AUCO0.81;
ACCO0.79; SENO0.44;
SPEO0.88; Model LR AUC
0.73; ACCO0.76; SENO0.40;
SPE0.80

ACC 90; F1 89; SEN 90;
PRC 89

ACC 93%; PRC82; SPE 93;
SEN 93; F1 87
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(85]

[56]

Heba M. 2023

Afify et
al.

Salehi et
al.

2020

Egypt

United
States

Proposes a novel Oral
model using deep Cancer
transfer learning to
predict oral
squamous cell
carcinoma (OSCC)
histopathological

images with
gradient-class

activation mapping
(Grad-CAM) to
locate the lesion
area in the images

Dental
Caries

To use
optimization
methods, namely
Adadelta, AdaGrad,
Adam, AdaMax,
Nadam, RMSProp
and Stochastic
Gradient Descent
(SGD) to improve

seven

Oral Cancer

Dental
Caries and
Related
Conditions

Stomatolo
gy

Cariology

1224

2139

Histopathol
ogical
examination

Photograph
s

(10)
ResNet-
101,
GoogleNet

SqueezeN
et,
ShuffleNet,
AlexNet,
DenseNet-
201,
InceptionR
esNet-V2,
EfficientNe
t-bO0,
VGG-19
and
NasNetMo
bile

(1)CNN

()
ACC,SEN,
SPE,F1,P
RC

()
ACC,SEN,
SPE,PPV,
NPV

Model ResNet101 ACC 100;
SEN 100; SPE100; F1100;
PRC100; Model GoogleNet
ACC98.11; SEN100;
SPE97.73; F1 94.74; PRC 90
Model SqueezeNet
ACC96.23; SEN100;
SPE95.45; F1 90; PRC
81.82; Model ShuffleNet
ACC96.23; SEN88.89;
SPE97.73; F188.89; PRC
88.89 Model AlexNet
ACC96.23; SEN100;
SPE95.45; F1 90; PRC
81.82; Model DenseNet201
ACC96.23; SEN77.78;
SPE100; F1 87.50; PRC100;
Model InceptionResNetv2
ACC 96.23; SPE88.89;
SPE97.73; F188.89;
Prec88.89 Model
EfficientNet-b0 ACC94.34;
SEN88.89; SPE95.45; F1-
SCORES80; Prec84.21 Model
VGG-19 ACCB88.68;
SEN100; SPE86.36; F1 60;
Prec75 Model NasNetMobile
ACC 94.33; SEN88.89;
SPE94.45; F1 80; PRC 84.21
NadamACC88.70;
SEN81.25; SPE93.01;
PPV87.03; NPV89.57; Adam
ACC86.86; SEN75.79;
SPE93.26;PPV86.66;
NPV86.96. AdaGrad
ACCB81.60; SEN65.06;
SPE91.15; PPV80.84;
NPV81.88 RMSProp
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(23]

(69]

(83]

[74]

Saif Ur
Rehman
et al.

Eid
Albalaw
etal.

Arman
Haghani
far et al.

Mirzaei
etal.

2024

2024

2023

2024

China

Saudi
Arabia

Canada

Turkey

the accuracy of a
CNN classifier for
dental caries
diagnosis.

To present a novel
approach that
combines two TL
models, namely
EfficientNetBO and
EfficientNetB1

To explore the
discriminative
potential of
histopathological
images of oral
epithelium and
OSCC.

To develop a
specialized model
architecture based
on pretrained
models and the
capsule network to
detect tooth decay
on Panoramic x-
rays efficiently

To evaluate the
ability of deep
learning models to
classify mandibular
molar teeth
according to the
presence and

Oral
Cancer

Oral
Cancer

Dental
Caries

Dental
Caries

Oral Cancer

Oral Cancer

Dental
Caries and
Related
Conditions

Dental
Caries and
Related
Conditions

Stomatolo
ay

Stomatolo

9y

Cariology

Cariology

5143

1224

5948

1200

Photograph
s

Histopathol
ogical
examination

Radiographi
c
examination
and Clicial
data

Radiographi
c
examination

(1) Feature
Fusion
self-
attention
Approach

(1)
EfficientNe
tB3

(1) PaXNet

(9)
EfficientNe
t-
b0,GoogLe
Net,Incepti
on-
v3,ResNet-

(4)
ACC,PRC,
SEN,F1

(4)
ACC,PRC,
SEN,F1

(4)
ACC,PRC,
SEN,F0.5

3)
PRC,SEN,
F1

ACC79.87; SEN63.17;
SPE89.51; PPV77.67;
NPV80.80; SDG ACC75.03;
SEN51.42; SPE88.67;
PPV72.82; NPV75.97;
AdaDelta ACC66.54;
SEN17.21; SPE95.02;
PPV66.67; NPV66.53
PRC98.73; SEN98.82;
F198.82; ACC98.83

ACC: 99.13; PRC 99; SEN
99; F199

ACC 86.05; PRC 89.41; SEN
50.67; F0.50.78

Model VGG-19 PRC 0.9111;
SEN 0.9127; F1 0.9115;
Model ResNet-50 PRC
0.8980 SEN 0.8975; F1
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tooth supporting
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bone
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ligament loss and
finally the tooth loss
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Algorithms Abbreviations:: 23DNN = 2-D-3-D Hybrid Convolutional Neural Network. 3D rCNN = Three-Dimensional Residual Convolutional Neural Network.
ADB = AdaBoost. ANN = Artificial Neural Network. ANNPy = ANN K and PyRadiomics Features. BLR = Base Logistic Regression. CARTIle = Classification And
Regression Tree. DA = Decision Analysis. DCNN = Deep Convolutional Neural Network. DOD = Diagnosis Oral Diseases Software. DT = Decision Tree. DTfzy
= Fuzzy-Based Decision Tree Algorithm. ETC = Extra Trees Classifier. GBDT = Gradient Boosting Decision Tree. GNB = Gaussian Naive Bayes. GSOESNN =
Echo State Neural Networks Optimized by Gravitational Search. KNN = K-Nearest Neighbors. LR = Logistic Regression. LSR = Lasso Regression. LSS =
Lasso. LSTM = Long Short-Term Memory. MLP = Multilayer Perceptron. MMDCP = Multi-Modal Dental Caries Prediction. NB = Naive Bayes. OR = Ordinal
Regression. SB = Stochastic Boosting. SGD = Stochastic Gradient Descent. SVC = Support Vector Classifier. SVM = Support Vector Machine. WA = Wavelet
Analysis. XGB = Extreme Gradient Boosting.

Metrics Abbreviations:: AUC = Area Under the Curve. ACC = Accuracy. B-ACC = Balanced Accuracy. BS = Brier Score. D-ACC = Diagnostic Accuracy. DSC =
Dice Similarity Coefficient. F1 = F1 Score. FMI = Fowlkes-Mallows Index. FN = False Negative. FP = False Positive. HUM = Hypervolume Under the Manifold.
loU = Intersection Over Union. KS = Kappa Score. LNR = Likelihood Negative Ratio. LPR = Likelihood Positive Ratio. NPV = Negative Predictive Value. PPV =
Positive Predictive Value. PRC = Precision. S-ACC = Segmentation Accuracy. SEN = Sensitivity. SPE = Specificity. TN = True Negative. TP = True Positive.

*= not reported



APPENDIX 4 - Categorization of Diseases

Category

Included Diseases / Lesions

Dental Caries and
Related Conditions

Dental caries; Radiation caries; Tooth decay; Tooth
wear; Molar-incisor hypomineralization (MIH)

Periodontal Diseases

Periodontal disease; Periodontitis

Peri-Implant Diseases

Peri-implantitis

Periapical Lesions

Periapical lesion

Odontogenic Cysts
and Tumors

Odontogenic cysts; Ameloblastoma; Odontogenic
keratocyst (OKC); Dentigerous cyst; Radicular cyst;
Simple bone cyst; Adenomatoid odontogenic tumor;
Odontoma; Ameloblastic fibroma;
Cementoblastoma; Myxoma; Osteoma; Osteoid
osteoma

Oral Cancer

Oral cancer

Oral potentially
malignant disorders

Oral leukoplakia; Proliferative verrucous leukoplakia;
Hairy leukoplakia; Erythroplakia; Actinic cheilitis;
Oral submucous fibrosis

Mucosal Lesions

Lichen planus; Mucositis; Recurrent aphthous
ulceration; General oral lesions; Reactive oral
lesions; Lichenoid change

Salivary Gland
Disorders and
Xerostomia

Xerostomia; Sjogren’s syndrome

Bone Necrosis and
Infections

Osteoradionecrosis; Osteonecrosis; Actinomycotic
osteomyelitis; Dental abscess

Fungal Infections

Candidiasis

Tongue Lesions

Fissured tongue; Geographic tongue; Black hairy
tongue; Pigmented fungiform papillae; Tongue
coating; Hairy tongue; Fissures; Papillary atrophy;
Erosion; Ulcer; Hyperkeratotic change; Papillary
hypertrophy; Artifacts

Halitosis

Halitosis

Syndromes

Gorlin syndrome

Developmental
Anomalies

Missing tooth; Impacted tooth

Anatomical Variations

Torus mandibularis; Torus palatinus; Enostosis;
Exostosis; Idiopathic osteosclerosis
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