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Introduction: Artificial intelligence (Al) in health has increased its
applications over the last years. The large amount of data available
due to the improvement of data storage and digital exams provided
better knowledge in treatment planning and opened new possibil-
ities of applications of Al in Orthodontics’ diagnosis and treatment
planning.

Objective: The aim of this scoping review was to examine when Al
models enhance the clinical decision-making process in orthodon-
tic diagnosis and treatment planning, with a focus on the utiliza-
tion of X-ray-based imaging.

Methods: Individual eletronic search strategies were developed
and conducted on PubMed/Medline, Scopus, Web fo Science, Em-
base, Lilacs, and Cochrane Library (only English language articles
published from January 2000 to October 20, 2021), aiming for rele-
vant studies that met the eligibility criteria.

Results: 12 studies were included, categorized in 5 different groups:
Orthognathic surgery, Temporomandibular Joint (TMJ) osteoar-
thritis, skeletal pattern, obstructive sleep apnea (OSA), and skeletal
maturation/development. Most of the Al models used were Deep
Learning (DL) based and the X-ray image that was most used was
lateral radiographs.

Conclusion: Integrating Al into clinical practice will likely con-
tinue to evolve, enhancing treatment planning in selective cas-
es. The best applications were over TMJ osteoarthritis, skeletal
maturation, and classification, OSA, and the need for orthog-
nathic surgery.

Keywords: Artificial intelligence. Orthodontics. X-rays.
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Introducao: Ainteligencia artificial (IA) na saude aumentou suas
aplicacoes nos ultimos anos. A grande quantidade de dados dispo-
nivel, devido ao aprimoramento do armazenamento e dos exames
digitais, proporcionou um melhor conhecimento no planejamento
do tratamento e abriu novas possibilidades de aplicacao da IA no
diagnostico e planejamento ortodontico.

Objetivo: O objetivo desta revisao de escopo foi examinar quando
os modelos de IA aprimoram o processo de tomada de decisao cli-
nica no diagnostico e planejamento ortodontico, com foco na utili-
zacao de imagens radiograficas.

Metodos: Estratégias eletronicas de busca individual foram desen-
volvidas e realizadas nas bases PubMed/Medline, Scopus, Web of
Science, Embase, Lilacs e Cochrane Library (somente artigos em in-
glés publicados de janeiro de 2000 a 20 de outubro de 2021), buscan-
do estudos relevantes que atendessem aos critérios de elegibilidade.

Resultados: Doze estudos foram incluidos, categorizados em cinco
grupos distintos: cirurgia ortognatica, osteoartrite da articulacao
temporomandibular (ATM), padrao esquelético, apneia obstrutiva
do sono (AOS) e maturacao/desenvolvimento esquelético. A maio-
ria dos modelos de IA utilizados baseava-se em aprendizado pro-
fundo (Deep Learning — DL), sendo as radiografias laterais o tipo de
imagem mais utilizado.

Conclusao: A integracao da IA na pratica clinica provavelmente
continuara a evoluir, aprimorando o planejamento do tratamento
em casos seletivos. As melhores aplicagoes foram observadas na
osteoartrite da ATM, maturacao esquelética, classificacao esquele-
tica, AOS e necessidade de cirurgia ortognatica.

Palavras-chave: Inteligéncia artificial. Ortodontia. Raios X.
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Artificial intelligence (Al) is a term used to describe the ability that
computational models can learn and improve their accuracy based
on experience or labeled data, imitating the way that humans can
learn. Its application is over streaming services, cellphones, web-
sites, social medial etc.'

The inclusion of Al systems in the health area is an emerging topic,
that has increased over the last years mainly because clinicians
and researchers have more access to different exams generating
a large volume of data.' However, this data may be underused
due to the lack of proper decision-making support systems, lack
of standardization, and there is still a need for more collaborative
data pooling to fuel databases.? Ideally any data must follow the
“4vs” (volume, velocity, variety, and veracity), which could lead to
more robust data analysis.'

Several studies with Al have been made in different fields of
dentistry,*>> with different purposes, from detecting teeth and
caries,®® periapical pathosis,'*'> and tonsils hypertrophy,3'4
to predict treatments, such as the need for extractions' ' or
orthognathic surgery.’™=

One subset of Al that is commonly used in the health area is convo-
lutional (artificial) neural networks (CNN or ANN) that can be used
to identify and classify images. They are called neural networks
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because their structure reminds the human brain networks. It can
be used for raw to high-definition specific images, detection of
cephalometric landmarks on lateral cephalograms, or cone-beam
computed tomography (CBCTs).%3° Al can also be used to assist
and improve the decision-making process. It may happen because
these models take large amounts of data and usually are based on
expert experience or gold standard patterns,>182031-34

Dentistry usually provides unstructured data such as clinical data,
models, photographs, and X-ray images. This type of data is difficult
to analyze than structured because it is usually composed by qual-
itative data. However, it is’ possible to conduce researches using
only unstructured data, like X-ray-based images, by using non-rela-
tional databases or by transferring unstructured data (qualitative)
to structured data (quantitative).!>>3¢

Radiographicimage exams, such as CBCTs and lateral radiographs,
are widely used because of the standardization and capability to
provide quantitative data and images that can be extracted, seg-
mented, and enhanced so imaging deep learning (DL) models can
recognize them. In addition, the X-ray images play an essential role
in diagnosis and planning.2*#’

Still, there is a large amount of information on this field, and the aim
of this scoping review was to examine when Al models enhance the
clinical decision-making process in orthodontic diagnosis and treat-
ment planning, with a focus on the utilization of X-ray-based imaging.
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The protocol of this scoping review was registered in PROSPERO
under the number CRD42021259994 in the NHS (National Institute
for Health Research) database at https://www.crd.york.ac.uk/pros-
pero/. The present review follows the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses extension for Scoping
Reviews (PRISMA-ScR) guidelines.®’

The PICOS plus inclusion criteria was used as inclusion criteria
(Table 1). Allincluded manuscripts were experimental or observa-
tion studies focused on Al applied to radiographic imaging exams
and its application to Orthodontics diagnosis and treatment plan-
ning. Also, they should provide performance metrics or predictive
outcomes that could be quantified, such as accuracy, sensibility,
ROC curves, and there should be a clear mention regarding the
data sets used for assessing the model. The exclusion criteria were
articles that were not Al related, used more than just X-ray-based
images, were not applied to diagnosis or treatment planning, were
written in languages different than English, case reports, expert
opinions, and letters to editors.

Individual electronic search strategies were developed and con-
ducted on PubMed/Medline, Scopus, Web of Science, Embase,
Lilacs, and Cochrane Library published from January 2000 to
October 20, 2021, and only English publish articles (Fig. 1).
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The selection was completed in phases. First, titles, keywords
and abstracts were reviewed by two investigators (PHJO and
JOLP) separately using the inclusion and exclusion criteria to
screen the articles. Duplicated articles were accessed using
Mendeley (https://www.mendeley.com)*® and double checked
using Microsoft Excel®. Secondly, full texts of the possible eligi-
ble studies were assessed and classified as no, maybe, or yes
according to the inclusion and exclusion criteria by the two
investigators. The ones marked with no for both investigators
were excluded, while the ones marked as maybe were resolved
through consensus to decide if they would be included or not
based on the PICOS and inclusion criteria.

Data charting was conducted by an independent investigator
(PHJO) and checked by a second (JOLP). The following data were
collected from each article, as follows: author, year of publica-
tion, country, study design, sample, mean/range of age, which
X-ray based exam was used, aim, algorithm architecture, per-
formance metrics, author suggestion, recommendations and
limitation, results, and conclusions.

Table 1: Inclusion criteria.

Population X-ray based studies focused on diagnostic or planning
Intervention Use of Al for diagnostic or planning purposes
Comparator Expert opinions, human diagnosis or gold standard

Outcome Performance metrics (accuracy, sensibility, sensitivity...)
Study design Observational or experimental studies

How does artificial intelligence can be applied to orthodontic diagnosis

Question and planning using x-ray based images?
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Database Keywords No Results

(((((("Orthodon*"[Title/Abstract]) OR (“Orthognathic Surgery'[Title/Abstract]))) AND (((((Artificial
Intelligence[Title/Abstract]) OR (neural network[Title/Abstract])) OR (deep learning[Title/Ab-
stract])) OR (machine learning[Title/Abstract])))) AND (((((((lateral radiographic[Title/Abstract]) OR
(lateral radiographics[Title/Abstract])) OR (lateral X-ray[Title/Abstract])) OR (CBCT[Title/Abstract]))
OR (Cone Beam Computed Tomography[Title/Abstract])) OR (Cone-Beam Computed Tomogra-
phy[Title/Abstract])) OR (Cephalo*[Title/Abstract]))))) AND ((((((accuracy[Title/Abstract]) OR (sen-
sitivity[Title/Abstract])) OR (specificity[Title/Abstract])) OR (Intraclass Correlation Coefficient[Title/
Abstract])) OR (Predictive Values[Title/Abstract]) OR (Success Rate[Title/Abstract]) OR (ROC Cur-
ve[Title/Abstract])))) AND (((((“Decision Making"[Title/Abstract]) OR (“Decision-Making"[Title/Ab-
stract])) OR (“Treatment plan*"[Title/Abstract]))) OR (“Diagn*"[Title/Abstract] OR (“Prediction"[Ti-
tle/Abstract]))))) AND english [Language] Filters: from 2000/1/1 - 2021/10/20 Sort by: Publication
Date

TITLE-ABS-KEY ( ( (( ( “orthodon*” OR “Orthognathic Surgery”) AND “artificial intelli-
gence” OR “neural network” OR “deep learning” OR “machine learning”) AND “lat-
eral radiographic” OR “lateral radiographics” OR “lateral X-ray” OR “cbct” OR “cone
beam computed tomography” OR “cone-beam computed tomography” OR “ceph-
alo*”) AND “accuracy” OR “sensitivity” OR “specificity” OR “intraclass correlation
coefficient” OR “predictive values” OR “Success Rate” OR “ROC Curve”) AND “Deci-
sion Making” OR “Decision-Making” OR “Treatment Plan*” OR “Diagn*” OR “Predic-
tion”) AND ( PUBYEAR > 2000) AND ( LIMIT-TO ( LANGUAGE, “English”))

((((ALL=(Orthodon* OR “Orthognathic Surgery”)) AND ALL=(“artificial intelligence” OR “neu-
ral network” OR “deep learning” OR “machine learning”)) AND ALL=("lateral radiograph-
ic” OR “lateral radiographics” OR “lateral X-ray” OR cbct OR “cone beam computed
tomography” OR “cone-beam computed tomography” OR cephalo*)) AND ALL=(accu-
racy OR sensitivity OR specificity OR “intraclass correlation coefficient” OR “predictive
values” OR “Success Rate” OR “ROC Curve”)) AND ALL=("Decision Making” OR “Deci-
sion-Making” OR “Treatment Plan*” OR Diagn* OR Prediction) and English (Idiomas)

(orthodon*:ti,ab,kw OR ‘orthognathic surgery':ti,ab,kw) AND (‘artificial intelligence’:ti,ab,kw
OR ‘neural network'’.ti,ab,kw OR ‘deep learning':ti,ab,kw OR ‘machine learning’.ti,ab,kw)
AND ('lateral radiographicti,ab,kw OR ‘lateral radiographics’ti,ab,kw OR ‘lateral
x-ray’:ti,ab,kw OR cbct:ti,ab,kw OR ‘cone beam computed tomography’:ti,ab,kw OR ‘cone-
beam computed tomography':ti,ab,kw OR cephalo*:ti,ab,kw) AND (accuracy:ti,ab,kw
OR sensitivity:ti,ab,kw OR specificity:ti,ab,kw OR ‘intraclass correlation coefficient’ti,ab,kw
OR ‘predictive value':ti,ab,kw OR ‘success rate’:ti,ab,kw OR ‘roc curve’:ti,ab,kw) AND (‘de-
cision making':ti,ab,kw OR ‘treatment plan*’ti,ab,kw OR diagno*:ti,ab,kw OR predic-
tion:ti,ab,kw) AND [1-1-2000]/sd AND [english]/lim

((Orthodon*):ti,ab,kw OR (“Orthognathic surgery”):.ti,ab,kw) AND ((“artificial intelli-
gence”):ti,ab,kw OR (“neural network”):ti,ab,kw OR (“deep learning”):ti,ab,kw OR (“machine
learning”):ti,ab,kw) AND ((“lateral radiographic”):ti,ab,kw OR (“lateral X-ray”):ti,ab,kw OR
(CBCT):ti,ab,kw OR (cephalo*):ti,ab,kw OR (“cone beam computed tomography”):ti,ab,kw) AND
(accuracy:ti,ab,kw OR sensitivity:ti,ab,kw OR specificity:ti,ab,kw OR (“intraclass correlation co-
efficient”):ti,ab,kw OR (“predictive values”):ti,ab,kw OR (“Success Rate”):ti,ab,kw OR (“ROC Cur-
ve"):ti,ab,kw) AND ((“Decision Making”):ti,ab,kw OR (“Decision-Making"):ti,ab,kw OR (“treatment
plan*"):ti,ab,kw OR (diagn¥*):ti,ab,kw OR (prediction):ti,ab,kw)”

((((((orthodon* OR “Orthognathic Surgery”) AND (“artificial intelligence” OR “neural network” OR
“deep learning” OR “machine learning”) AND (“lateral radiographic” OR “lateral radiographics”
OR“lateral X-ray” OR “cone beam computed tomography” OR “cone-beam computed tomogra-
phy” OR cbct OR cephalo*) AND (accuracy OR sensitivity OR specificity OR “Intraclass Correlation
Coefficient” OR “predictive values” OR “success rate” OR “ROC curve”) AND (“Decision making” OR
“Decision-making” OR “treatment planning” OR diagn* OR prediction ))))))) AND ( la:(“en”)) AND
(year_cluster:[2000 TO 2021])

Pubmed

Web of
Science

The Co-
chrane
Library

LILACS/
MEDLINE

Figure 1: Search strategy.
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The risk of bias has not assessed, because the aim of the
included manuscripts was to assess statistical machine-learn-
ing approaches based on pre-selected imaging exams, rather
than the clinical aspects of the sample recruitment, or method-
ologies during the study’s conduction. In Al systems, the BIAS
usually is resulted from the algorithm training itself, which
there is no specific standard tool to measure this in scoping
reviews. Meta-analysis was not conduced since the risk of bias
was not assessed. Also, intervention, metrics or outcomes, and
study settings were different in the selected studies.*

For didactic purposes, the included studies were separated in 5 dif-
ferentcategories, accordingtowhatwas evaluated: (1) Orthognathic
surgery, (2) TMJ osteoarthritis, (3) Skeletal pattern, (4) Obstructive
Sleep Apnea (OSA), and (5) Skeletal maturation/development.

A total of 170 studies were retrieved in our search following
the previously defined strategy. Duplicate removal and screen-
ing were performed, and 30 studies were selected for full-text
assessment. After eligibility criteria was carefully applied to
the full texts, 18 studies were excluded because they were
not based only on x-ray images, did not provide quantitative
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results, could not be applied directly to diagnosis or treatment
planning, or aimed to detect cephalometric landmarks. Finally,
12 studies met the eligibility criteria and were included. The
PRISMA flowchart showing the process of selectionis presented
in Figure 2.

Records identified through database initial searching
(n=170)

Records after removal of duplicates
(n=70)
Records screnned Records excluded
(n=70) (n=40)

Full-text articles excluded, with
Full-text articles assessed for eligibility reasons (n=18):
(n=30) 1. Not only X-ray based images
used(n=10)
2. Not provided quantitative F igu re 2. P refe rred

results (n=1)

3. Detection of cephalometric Re p o) rtl N g |te ms fo r

points (n=3)

Studies included in qualitative synthesis A Notapplied to diagnosis (n=4) SySte matl ¢ ReVi EWS
(n=12) and Meta-Analy-

identification

Duplicates
(n =100)

Screening

>
=
2
=
[

ses extension for
Scoping Reviews
Orthognathic T™J Skeletal Obstructive Skelletal

Surgery osteoarthritis pattern Sleep Apneia maturation/ (P R l S MA_SC R) ﬂ ow

(n=5) (n=1) (n=1) (n=1) Development :
i diagram of the study
selection process.




11 Oliveira PH), Gong¢alves JR, Gandini Janior LG, Parizotto JOL, Oliveira MS, Kato RM, Evangelista K,
Cevidanes LHS, Bianchi ] — Clinical decisions in Orthodontics using x-ray-based images and artificial
intelligence approaches: a scoping review

X-ray-based images used in this
Systematic review

Artificial Intelligence Approaches
and Models

Purposes of the
Al systems

- CNN Inception-v3 1.TM) osteoarthritis
ResNet-18 Inception-ResNet-v2 2.Skeletal classification
ResNet-34 XGBosst
ResNet-50 ES VGGNet16
ResNet-101 4.Cervical Vertebral
ResNet-150 i Maturation/

MobileNet-v2 K-nearest Development Periods

Rondom Forest Naive Bayes

odified-AlexNe DenseNet

3.0Obstructive Slepp Apnea

5.Need for orthognathic
surgery

Figure 3: The different X-ray-based images that were used in this scoping review such as
lateral radiographs (A), hand-wrist radiographs (B), Posterior radiographs (C), and CBCTs
(D). Followed by different machine/deep learning methods that are present in the select-
ed studies and the purposes of the use of Al systems in Orthodontics that are shown in
this scoping review.

The studies were divided into groups according to the Al appli-
cation and what was evaluated (Fig. 3).

Orthognathic surgery: Five studies were included regarding the
application of Al to predict the need for orthognathic surgery
or conventional Orthodontics?'-?> (Table 2). Shin et al.?" demon-
strated that the DL network proposed by them can standardize
the decision process for orthognathic surgery and help ortho-
dontists using posterior and lateral radiographs. Their results
for accuracy, sensitivity, and specificity were 0.954, 0.844, and
0.993, respectively. Lin et al.?> was the only study that showed

Dental Press ] Orthod. 2025;30(4):e2524219
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12

results lower than 90% for accuracy or success rate in predict-
ing the need for orthognathic surgery. However, they evaluated
that ANB angle, facial convexity angle, and the maxillary plan
to Frankfurt plane angle were the main parameters to define
the need for surgery. Lin et al.?? used four different CNN mod-
els to predict facial symmetry after orthognathic surgery using
CBCT images. Xception model was the most suitable for this
purpose with 90% accuracy. Kim et al.?* showed that ResNEt-18
and 34 showed better performance than Resnet-50 and 101 to
predict the need for orthognathic surgery using lateral radio-
graphs. The results for the four CNN models test were as fol-
lows: Area Under the Curve (AUC): 0.979 (ResNet-18), 0.974
(ResNet-34), 0.945 (ResNet-50), 0.944 (ResNet-101). Accuracy:
0.938 (ResNet-18), 0.936 (ResNet-34), 0.911 (ResNet-50),
0.913 (ResNet-101). Sensitivity: 0.882 (ResNet-18), 0.876
(ResNet-34), 0.806 (ResNet-50), 0.824 (ResNet-101). Specificity:
0.966 (ResNet-18), 0.966 (ResNet-34), 0.964 (ResNet-50), 0.958
(ResNet-101). Lee et al.>> showed that Deep Convolutional
Neural Networks (DCNN) can be applied to predict orthog-
nathic surgery and show which structure is the most important
for diagnosis. Modified-Alexnet showed higher AUC and accu-
racy (0.969 and 0.919) than MobileNet (0.908 and 0.838) and
ResNet-50 (0.923 and 0.838). The algorithm architecture used
for all studies in this section was deep learning based.?'-?°



Oliveira PHJ, Gong¢alves JR, Gandini Janior LG, Parizotto JOL, Oliveira MS, Kato RM, Evangelista K, Cevidanes LHS, Bianchi] —

13 Clinical decisions in Orthodontics using x-ray-based images and artificial intelligence approaches: a scoping review

Table 2: Summary of descriptive characteristics of individual articles.

Author,
Year, Coun-
try

Mean/Range Imaging Algorithm Architec- Performance Author suggestions/rec- Limitations What was Conclusions

Study De-
of Age(yr) Analysis ture metrics ommendations evaluated

sign

Sample (n)

additional imaging mo- TMJOA from

AUTOMATED A single-shot detec- dalities, such as contrast |~ O™ 1 0b- The average accura- | .ia) cCT
DETECTION OF to develop a diagnostic tool & . ' server clas- = TMJ osteo- | cy, precision, recall, | . stal
Lee et . mean + SD tor (SSD)—a deep Accuracy, preci- = enhanced MRI and bone e " images is pos-
TMJ OSTEOAR- Retrospec- 314 (3,514 im- to detect condylar resorp- . ) L . sified the arthritis on and F1 score over : :
al.,2020, Ko- ) age, 395+ CBCT . . learning framework | sion, recall, and | scintigraphy, could provide . sible by using
THRITIS BASED M tive ages) tion from CBCT images . . ) . . TMJ images CBCT on were 0.86, 0.85,
rea 18.2y . designed for object F1 score more information with , : ; a deep neural
ON ARTIFICIAL with Al . . .. | inthetrain- | adult patients ~ 0.84, and 0.84, re-
detection higher accuracy over TMJ's . , networks mod-
INTELLIGENCE : ) ing data set. spectively.
inflammation. el.
To optimize diagnosis, Sensitivity, Specificity,
skeletal components and AUC and Accuracy for
AUTOMATED . ] severity of the discrepancy = Data was e sagittal discrepancies .
SKELETAL CLAS- | Propose a novel deep A muljclmodal con should be evaluated in fu- collected Three differ were 93.55%, 96.77%, Skelgtal classi
earning system that pro- volutional neural . . ent models fication can be
SIFICATION ) : L ture studies. Also, further = from a sin- 0.965 to 0.991 and .
Yu et al., . vides the fully automated, network architec- Sensitivity, Spec- . . . to evaluate . made with an
WITH LATERAL Retrospec- . Lateral radio- . . e s research comparing this gle organi- . 95.70%, respectively. .
2020, Ko- . 5890 patients = mean 25.4y 1-step, end- to-end diag- ture with a modified  ificity, AUC and 2. ) . sagittal and o P Al-aided tool
CEPHALOMETRY 2 tive graphs . . \ system and the original  zation which ; Sensitivity, Specificity, .
rea nosis for skeletal classifica-  DenseNet with pre- Accuracy . vertical skele- for sagittal and
BASED ON ARTI- . : . approach with landmark | may cause AUC and Accuracy for . .
tion solely from the lateral = trained weights for . " : tal pattern of : ; .~ vertical discrep-
FICIAL INTELLI- cephalogram the ImageNet data set detection and addition- a selection Stients vertical discrepancies ancies
GENCE P gram. & al studies on enhancing bias P were 94.59%, 97.29%,
model performance are 0.967 to 0.995 and
needed. 96.40%
Sensitivity, Speci-
ficity, Positive and
If this DCNN negatlve |I.k.e|lh00d
ratio, Positive and
L model could , o
Sensitivity, Spec- be used to negative predictive
MACHINE ificity, Positive detect pa- values and AUC area
LEARNING FOR test the hvoothesis that a and negative By the combination of de- tients V\Fl)ith were evaluated for = The DCNN ac-
IMAGE-BASED machine>lleparnin model likelihood ratio, = mographic characteristics, Data in- OSA based on the three different | curately identi-
DETECTION OF o 1389 patients  OSA=49.7 + : g DCNN model called Positive and anthropometric features = cludes only : groups: - Full image: = fied individuals
Tsuiki et al., Retrospec- ~ ) ~  Lateral radio- could be used to differ- . . ) ; . 2-D images .
PATIENTS WITH 2020, Japan‘ tive (OSA =867; con- 8.9 Control = raphs entiate severe OSA and Visual Geometry negative predic- = and lateral cephalometric = Asian males using three 0.90, 0.77, 3.88, 0.14, with severe
OBSTRUCTIVE +Jap trol = 522) 41.2+13.0 grap , : Group (VGG-19) tive values and | images may provide differ- = from a sin- >INg 0.87,0.82 and 0.89, OSA using later-
. non-OSA by 2-dimensional different ar- . .
SLEEP APNEA: imaces AUC area were ent Al models that could gle center eas of inter- respectively. - Main | al cephalomet-
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Table 2: (Continuation) Summary of descriptive characteristics of individual articles.
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Skeletal maturation/development: Four studies regarding
the application of Al to assess development or skeletal mat-
uration3'4%-42 (Table 2). Kim et al.?' showed that cervical ver-
tebrae (CV) images can be used to predict hand-wrist SMI by
presenting a model consisted of eight ML models. Also, age
and sex can increase the accuracy. Kok et al.*° concluded that
growth development periods and gender can be predicted
using ANN. The higher accuracy (0.942) was present by ANN-7
(composed by all 32 linear measurements) followed by ANN-
Gender (ANN7+gender). Kok et al.*' results showed that ANN
was the most stable algorithm to predict CV stages (CVS1-CVS6)
with accuracy results of 93%, 89.7%, 68.8%, 55.6%, 47.4% and
78%, respectively. All studies used lateral radiographs and
more than one DL model. However, only Seo et al.*? did not
use hand-wrist radiographs as a comparison method. They
evaluated and compared six different CNN-based DL models
to classify Cervical Vertebral Maturation (CVM). All of them had
accuracy higher than 90% and also AUC higher than 90% for all
CVM stages. All studies showed that Al can be used to predict
skeletal maturation.

Skeletal classification: One study was included regarding the
application of Al to classify patients’ skeletal patterns (Table 2).
Yu et al.®® evaluated sagittal and vertical discrepancies on lat-
eral radiographs using CNN. It showed results higher than 90%
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for both skeletal classifications and presented heat maps for a
better understanding of the region that influences the most to
distinguish skeletal patterns.

TM]J osteoarthritis (TMJOA): One study was included regard-
ing the application of Al to detect TMJ osteoarthritis. Lee et
al.** showed that sagittal CBCT images and deep learning are
capable to predict TMJOA. The DL used was a single-shot detec-
tor. The authors evaluated accuracy, precision, recall, and F1
score. The results were 0.86, 0.85, 0.84, and 0.84, respectively.
The authors suggested that additional imaging modalities
should improve the performance of the DL and provide more
information on the TMJ inflammation (Table 2).

Obstructive Sleep Apnea (OSA): One study was included
regarding the application of Al to detect OSA. Tsuiki et al.*
showed that DCNN model (VGG-19) can accurately identify OSA
using lateral radiographs (Table 2). The authors divided the
sampleimages into three groups according to the area that was
evaluated as follows: full images (original images), main region
(facial profile, the upper airway, and craniofacial soft and hard
tissues), and head only (occipital region). The main region had
the best results for sensitivity, specificity, and AUC (0.84, 0.81,
0.92) followed by full image (0.9, 0.77, and 0.89), and head only
(0.71, 0.63, and 0.7). The authors suggested that demographic
characteristics and anthropometric features could improve the
diagnostic OSA.
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Toourknowledge, thisisthefirstscopingreview to present X-ray
imaging-based Al models applied to diagnosis and treatment
planning. As a limitation, we have excluded manuscripts that
used panoramic images because the studies were not focused
on the Orthodontics’ diagnosis or planning. In most reviewed
papers, authors divided Al applications in Orthodontics based
on radiographic images into two groups: diagnosis and treat-
ment planning.

Diagnosis. Diagnosis is probably the most important aspect
of orthodontic treatment. Assessing development and skele-
tal maturation is needed for patients still growing and present
skeletal alterations. With that is possible to provide the best
treatment for each developmental period.*¢-* The cervical ver-
tebraemethod*iscommonlyusedtoidentify maturation stages
because it can be assessed in lateral radiographs. However,
due to its subjectivity and the chance of distortion depend-
ing on the patient positioning, clinicians need to have specific
training to use this method. That is one of the reasons why
hand-wrist radiographs are still the gold standard for assessing
the development stage of a patient.>® However, Al can be used
to help orthodontists to identify the CVM stages. All the stud-
ies assessed here showed that Al had good results assessing
the development stage of patients using lateral radiographs
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when compared to gold standard or to humans' evaluation.
Furthermore, the different studies showed that ANN model
had best results when compared to other Al models.3'40-42

Facial analysis and skeletal classification play an important role
in Orthodontics' diagnosis. All the growth deviations that the
patient had will produce a skeletal alteration, and the ortho-
dontist must classify the patient properly in all 3 planes.>>3
However, lateral radiographs can only classify vertical and
sagittal relationships. Yu et al.** aimed to used DL to assess
skeletal classification and, unlikely previous studies, they did
not use CNN models to perform cephalometric landmarks. The
authors justified that eliminating this process would improve
the classification performance. For assessing vertical relation-
ships, it was used the Bjork's Sum and Jarabak’s Ratio and the
results showed 96.4% accuracy. For sagittal relationships, the
ANB angle and Wits' appraisal were used and a 95.7% accuracy
was obtained.

Patients with OSA usually present a retrognathic mandible and/
or a lower hyoid position with causes a more crowded oro-
pharynx. Patients with OSA can be diagnosed in lateral radio-
graphs, mainly when it is a severe case. However, 3D images
still provide better and more qualified data. Tsuiki et al.*
evaluated 3 types of images: full lateral radiographs images,
the main airway region (including facial profile, teeth, cervical
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bones, maxilla, and mandible), and the occipital region. Best
results were obtained for the main region, and the worst were
at the occipital region. Also, their results are comparable with
the manual cephalometric analysis. It shows that the use of
DL models can be applied as an objective additional diagnosis
method to OSA patients.

TM] osteoarthritis is a multi-system disease. CBCTs allow den-
tists to diagnose the TMJ bone by finding irregular contour,
osseous defects, cortical loss or flattening of the condyles.>*
Early diagnosis can be the best chance to minimize the dam-
age caused by osteoarthritis, since there is no treatment avail-
able yet. Lee et al.** evaluated if Al could detect TMJOA in CBCT
sagittal images. The results showed that using only the CBCT
sagittal images had results higher than 80% like Bianchi et al.,>>
that used CBCT, clinical and biological data.

Treatment Planning. Once the diagnosis is placed, treatment
planning is the next step in orthodontic treatment. It is import-
ant to enhance that treatment planning needs radiographic
images, facial evaluation, and models to be made, mainly for
borderline patients. The proper decision to treat with ortho-
dontictreatmentor orthognathicsurgery usually requires more
experience from the orthodontist.”'~*>” All studies presented
here had results higher than 90% when studied adult patients
that need surgical treatment. Lin et al.?> was the only study
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that used young patients with unilateral cleft lip and palate and
had 87.4% accuracy and was the only one to use cephalometric
measures. The other studies?’?2> used DCNN to extract fea-
tures and identify the structures that play an important role in
the decision. The authors justify that by saying that the mark-
ing and measurement values can be a bias. This model resem-
bles an orthodontist's subjective or morphological analysis.
Previous studies’*® compared the orthodontists’ impression
and cephalometric values and have concluded that there is the
correlation between both analyses.

Limitations. The main limitation of this scoping review was
that most studies that apply Al to Orthodontics usually needs
multi-source data, rather than x-rays-based image alone.
For this reason, we retrieve only 12 manuscripts that meet our
PICOs criteria. Also, we have not assessed the BIAS of each Al
model due to the lack of standardized tools for this purpose.
In addition to that, the lack of general applicability is a major
limitation in Al models because most of the data are from the
same center. We believe that with a greater number of studies
conducted using Al to assist in diagnosis and planning, with
more data and preferably multicenter studies, we may observe
broader clinical applications and improvements in orthodon-
tic software, thereby enhancing the proposed treatment for
our patients.
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A

In fact, Al has already demonstrated its ability to add valuable
information and assistin orthodontic treatment planning, diag-
nostic, and decision-making processes. While Al models are
available to enhance the evaluation of specific issues such as
TMJ osteoarthritis, skeletal maturation, skeletal classification,
OSA, and the need for orthognathic surgery, it is essential to
note that these applications are not universally used in ortho-
dontic treatments. Instead, Al's role is often context-depen-
dent and can be most helpful in particular situations where
detailed image analysis and data-driven decision support can
provide significant value. Integrating Al into clinical practice
will likely continue to evolve, enhancing treatment planning in
selective cases.
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