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Oliveira PHJ. Aplicacao da inteligéncia artificial na predicdo de cirurgia ortognética
ou ortodontia convencional [dissertacdo de mestrado]. Araraquara: Faculdade de
Odontologia da UNESP; 2023.

RESUMO

Quando as alteracbes esqueléticas, oclusais e estéticas apresentadas sdo téo
severas gque ndo podem ser tratadas com ortodontia compensatoria, deve ser
realizado tratamento ortodéntico-cirdrgico para que possa restabelecer a harmonia
facial e funcdo para o paciente. No entanto, para alguns casos limitrofes, o
conhecimento empirico de profissionais experientes pode ser um fator decisivo na
tomada de decisdo. Hoje, com aumento de dados e melhorias tecnoldgicas é possivel
utilizar modelos de inteligéncia artificial (machine learning) como suporte para
tomadas de decisdo. O objetivo principal desse estudo foi de avaliar se modelos de
inteligéncia artificial podem ser utilizados como auxilio na tomada de decisdo em
ortodontia, por meio de dois artigos. No primeiro artigo, o objetivo foi de revisar
sistematicamente como a inteligéncia artificial pode ser aplicada ao diagndstico e
planejamento ortodéntico utilizando exames radiolégicos e testar se diferentes
modelos de inteligéncia virtual eram capazes de predizer o tratamento. O segundo
artigo, avaliou se um paciente necessita ou ndo de cirurgia ortognatica a partir dos
valores obtidos em telerradiografias laterais, previamente ao tratamento avaliando
tanto tecido duro e mole em pacientes classe Il ou classe Ill esquelética, por meio de
diferentes algoritmos de inteligéncia artificial. Como resultados, o primeiro artigo
resultou em 12 estudos divididos em 5 categorias diferentes de diagnéstico:
osteoartrite de articulagcdo temporomandibular, maturacdo &ssea, classificacdo
esquelética, sindrome da apnéia obstrutiva do sono e necessidade de cirurgia
ortognatica. Em geral, a IA aumentou a acuracia do diagndstico. Os resultados para o
segundo artigo mostraram que o modelo combinado de algoritmos de machine
learning apresentou alta performance para todos os grupos (amostra total, classe Il e
classe lll), sendo que os pacientes classe Ill mostraram valores superiores para
acuracia (0.873), Fl-score (0.8) e curva AUC (0.923). Concluindo assim que a
inteligéncia artificial pode ser utilizada como auxilio na tomada de deciséo para
tratamento ortodéntico e cirdrgicos.

Palavras - chave: Ortodontia. Inteligéncia artificial. Cirurgia ortognatica.



Oliveira PHJ. Application of artificial intelligence in the prediction of orthognathic
surgery or conventional orthodontics [dissertacdo de mestrado]. Araraquara:
Faculdade de Odontologia da UNESP; 2023.

ABSTRACT

When skeletal, occlusal, and aesthetical discrepancies are too severe that cannot be
treated with compensatory orthodontics, orthodontic preparation to orthognathic
surgery must be done to restore the patient’s facial harmony and function. However,
some borderline patients can be a challenge. For these cases, the experience and
clinician’s empirical knowledge plays an important role in the decision-making process
for planning. The increasing amount of data and technological advancements can
make it possible for artificial intelligence (Al) models (machine learning) to support the
decision-making process. Thus, this study aimed to evaluate if artificial intelligence
models can be used as an auxiliary tool to predict if a patient needs orthognathic
surgery, by presenting two papers. The first paper’s objective was to systematically
review how artificial intelligence can be applied to orthodontic diagnosis and planning
using X-ray-based images and test if different Al models were capable to predict the
treatment. The second paper's objectives were to evaluate the machine learning
models’ capacity to predict if class Il and class 1l patients need orthognathic surgery
using soft and hard tissue values obtained from lateral radiographs. As results, the first
article resulted in 12 studies that were divided in 5 different categories: TMJ
osteoarthritis, skeletal maturation/development, skeletal pattern, obstructive sleep
apnea, and orthognathic surgery. The results for the second article showed that the
combined machine learning prediction model showed top ranked performance in the
testing-set for all groups (entire sample, class Il and class Ill) and the best results were
observed for class Il validation-set (accuracy 0.873, F1-score 0.8, and AUC 0.923). In
conclusion, artificial intelligence can be used as an aid for orthognathic surgery
decision.

Keywords: Orthodontics. Artificial intelligence. Orthognathic surgery.
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1 INTRODUCAO

Na Ortodontia, a ma-ocluséo é objeto de estudo ha muitos anos. Existem
diversas formas de classifica-la com o intuito de padronizar diagnostico e facilitar
a comunicacdo entre profissionais. A classificacdo de Angle de 1899,
amplamente utilizada, € baseada na relacdo antero-posterior dos primeiros
molares permanentes, em: Classe |, Classe Il e Classe Ill, com suas divisdes e
subdivisdes'. Lischer, em 1911, citado por Moyers? complementou esta
classificacdo, ao considerar as posi¢des individuais de cada dente dentro da
arcada.

Andrews?, em 1974, publicou uma classificacédo para determinar a relacéo
oclusal de forma mais ampla denominada seis chaves de oclusdo normal, onde
na primeira chave esta englobada a classificacdo de Angle. Em seu livro de
lancamento da técnica Straigh-wire: o conceito e o aparelho, as mas-oclusdes
foram divididas em normais e anormais, sendo que a ma-oclusdo normal é
aquela que pode ser tratada pela ortodontia. Ja4 a anormal é toda ma-ocluséo
gue a ortodonia é incapaz de solucionar sem auxilio de outras especialidades,
como por exemplo a cirurgia ortognatica.

Reis?* em 2001, pesquisou sobre a andlise facial por meio da Piramide da
Agradabilidade Estética e classificou os individuos em esteticamente
agradaveis, aceitaveis ou desagradaveis com o intuito de facilitar a comunicacgéo
com pacientes e leigos. De acordo com o artigo, o papel do ortodontista € manter
0s pacientes dentro do limite entre agradavel e aceitavel e, para isso, pacientes
considerados desagradaveis devem se submeter a procedimentos ortodéntico-
cirtrgicos. Capelozza® em 2004, utilizou o padrdo de crescimento craniofacial
como principal fator etioldgico e concluiu que, quando a evolucao genética tem
tendéncia negativa e impacta tanto oclusdo como a face do paciente, a cirurgia
ortognatica devera ser associada ao tratamento ortodéntico.

Apesar de diversas formas de classificar a ma-oclusao é consenso dizer
gue individuos com grandes discrepancias esqueléticas que impossibilitam o
tratamento ortodontico compensatério, devem ser submetidos a tratamentos
ortodénticos cirargicos para a correcdo da ocluséo, estética e funcéo.

No entanto, analises quantitativas sdo necessarias para classificar a

verdadeira necessidade de tratamento seja ortoddntico ou cirdrgico. A literatura
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apresenta tanto meétodos quantitativos quanto qualitativos para avaliar as
discrepancias, seja por meio de radiografias, modelos, analise de tecidos moles,
tomografias computadorizas e andlises faciais subjetivas*®1l, Tais métodos
auxiliam o ortodontista a compreender melhor a localizacdo, etiologia e
gravidade do problema do paciente. Estes elementos somados a idade e a
agradabilidade facial do paciente, sdo determinantes para que o ortodontista
trace o progndstico e plano de tratamento®.

O tratamento do paciente podera ser ortodéntico corretivo para pacientes
com bases Osseas e face equilibradas; ortodéntico compensatorio para
pacientes com aceitaveis discrepancias esqueléticas e faciais; ortodontico
descompensatorio cirargico para pacientes com grandes discrepancias
esqueléticas e desagradabilidade facial que impossibilitam que o tratamento
ortoddntico sozinho restabeleca estética, ocluséo e funcao*>12-15,

Um grande desafio no tratamento compensatério sdo 0s pacientes
borderline. Para estes pacientes existem duas possibilidades de tratamento: a
compensacao dentaria, que consiste na inclinacdo axial dos dentes no sentido
contrario ao erro esquelético do paciente, ou o tratamento com descompensacao
ortoddntica e cirurgia ortognatica. Nestes casos, a tomada de decisao dependera
da experiéncia clinica, analises cientificas quantitativas e qualitativas do
ortodontista e também da percepcao do problema pelo paciente, relacionada a
sua auto-estima e problemas sociais?®.

Steiner!’, em 1959, demonstrou como deveriam se posicionar os incisivos
de um paciente tratado ortodonticamente dentro da normalidade, para que seja
possivel alcangar aquilo que os autores denominam como uma “face agradavel”,
a partir do angulo ANB, inclinacéo dos incisivos superiores e inferiores, e a suas
distancias da linha NA e NB. Esclarecem também que a depender da ma
oclusdo, os valores de normalidade séao alterados para se obter resultado
satisfatérios ao final. Além disso, os autores demonstram estimativas que
consideram ser ideais para compensacdes ortodonticas de pacientes com
alteracdes esqueléticas, na tentativa de estabelecer limites de movimentacdes
dentéarias. Apesar de concordar que padrbes de normalidade e limites de
compensacoes a partir de valores pré-fixados podem néo ser a melhor forma de
ditar um tratamento, os autores ressaltam que, para profissionais menos

experientes, os graficos podem servir de guias na tomada de decisdo?’.
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Outros estudos ja foram feitos na tentativa de quantificar a necessidade
de cirurgia ortognatica. Um estudo classico nesta tomada de decisdo é o
envelope de diagndstico de Proffit!8, No entanto, medidas isoladas, geralmente,
nado sao capazes de definir um diagndstico final correto, por isso alguns autores
descreveram correlacbes cefalométricas com o objetivo de auxiliar no
planejamento e tomada de decisdo de um caso!®?°. Hoje, com o advento de
novas tecnologias, como as ancoragens esqueléticas e tomografias, ampliaram-
se os limites da ortodontia, possibilitando maiores compensacdes!®?1.22,

Novas tecnologias néo se limitam a técnicas ou exames. Temos, hoje, um
alto volume de dados dentro da &rea da odontologia gracas a digitalizacao e a
demanda maior por diagnosticos precisos, possibilitando assim que novas
técnicas sejam agregadas ao diagnostico®®?4. Porém, esse alto volume de
exames e dados, sao subutilizados, quando avaliados individualmente. Nesse
contexto, a inteligéncia artificial (IA), mais especificamente a area de Machine
Learning (ML), é uma das novas ferramentas que vem sendo introduzida na
pesquisa odontolégica. Com esta metodologia, é possivel fazer com que
programas sejam capazes de auxiliar profissionais em suas tomadas de decisao,
por meio de formulas, equacdes e integracéo dos dados (variaveis)?>-3L,

Diferentemente das abordagens tradicionais, a inteligéncia artifical ndo se
baseia em estudos de hipdteses ou depende de parametros restritos. Ela utiliza
padrées de dados e é capaz de avaliar simultaneamente mdultiplas variaveis e
fazer interacbes entre elas. Isto possibilita que computadores formem regras
pela repeticho dos valores, assemelhando-se, assim, ao processo de
aprendizado humano?432:33,

Yu et al.®*, buscaram utilizar redes neurais convolucionais (RNC) para
realizar classificacdo esquelética de pacientes a partir de telerradiografias
laterais. Foram utilizadas imagens de 5890 pacientes para classificar os
pacientes de acordo com suas alteracdes sagitais e verticais. Para analises
sagitais, os principais pontos avaliados pelo modelo estavam na regido de
incisivos e do ponto nasio, apontando para possivel relacdo com o angulo ANB
e a medida AB-Oclusal. J4 para as alteracdes verticais, a base do cranio e o
angulo da mandibula foram os principais fatores levados em consideracdo. Para

todas as métricas avaliadas, houve resultados maiores que 90% quando
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avaliado sagital e vertical de forma Unica. Quando separados, a acuracia para a
alteracao vertical foi maior.

Choi et al.®?, demonstraram uma técnica de machine learning com o
objetivo de desenvolver um novo modelo de inteligéncia artificial capaz de tomar
a decisdo da necessidade de cirurgia e de extracdes, e avaliar a performance
deste método. No entanto, ressaltaram que em estudos futuros seria necessario
subdividir as queixas dos pacientes em valores de entrada, uma vez que a
tomada de decisdo da cirurgia por pacientes muitas vezes provém de motivacao
estética.

Lee et al.®3, avaliaram diferentes algoritmos de RNC que tinham como
objetivo auxiliar no diagnadstico diferencial para indicacao de cirurgia ortognatica
pelo uso de telerradiografias laterais de 333 pacientes, sendo que 174 foram
submetidos a cirurgia ortognatica. Os tracados cefalométricos utilizaram 50
marcos e as imagens foram alinhadas pelo plano de Frankfurt. O modelo com
maiores acuracias foram o Alexnet modificado, ResNet50 e MobileNet (96,4%,
95,6% e 95,4%, respectivamente). Os principais fatores que resultaram nestes
diagnésticos foram: inclinacdes dentarias, a mandibula e sinfise da mandibula.

Kim et al.3®, avaliaram em radiografias laterais o diagnéstico para cirurgia
ortognatica pela utilizacdo de redes neurais. Foram utilizados 960 pacientes
nesta pesquisa sendo que 320 eram cirargicos. Para o grupo de teste foram
utilizados 150 pacientes, os demais foram divididos em 5 grupos para realizar o
5-fold cross-validation. Foram utilizados 4 diferentes modelos de redes neurais
convolucionais sendo eles ResNet-18, 34, 50 e 101, sendo que a ResNet-18 foi
a gque apresentou as melhores métricas para AUC (0.979), acuracia (0.938),
sensitividade (0.882) e especificidade (0.966).

Tanikawa e Yamashiro®®, tiveram como objetivo desenvolver um novo
modelo de inteligéncia artificial para predizer a morfologia facial que 137
pacientes teriam apds serem submetidos a tratamento ortoddntico-cirargico ou
tratamento com extracdo de pré-molares. Utilizaram radiografias laterais e
imagens faciais 3D para avaliar por métodos de geometria morfométrica
baseado em pontos cefalométricos associados a deep learning. Como
resultados finais, obtiveram que para casos cirurgicos o erro do modelo era de
0.94mm enquanto casos de extracdes 0.69. Ja a taxa de sucesso foi de 100%

guando o sistema foi calibrado para taxas de erro menores que 2mm.
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Na odontologia, o uso de imagens e radiografias vém crescendo
exponencialmente. Com isso, pode-se afirmar que as ferramentas de IA terdo
grande influéncia na melhoria da precisdo do diagndstico, planejamento,
abordagem e mecéanica de nossos tratamentos, pelo fato de que tais sistemas
necessitam de um grande nuimero de dados “big data™’38, Qutra grande
vantagem da IA é a possibilidade de conectar profissionais do mundo todo?439:40,
No entanto, devemos levar em conta alguns desafios desta nova modalidade: a
necessidade de grande numero de dados para que seja possivel o correto
aprendizado da maquina, é preciso padronizar as informacdes, ter pessoas
treinadas para manipular os programas e garantir a seguran¢a dos dados dos
pacientes (dados desidentificados)?*3". Outro desafio que pode ser levantado
estarelacionado a necessidade de evitar que vieses sejam levados aos sistemas
de decisédo baseados em IA. Se faz necessario avaliar as fontes pelas quais o
modelo foi treinado para que seja possivel integrar teorias, experimentos e
conhecimentos empiricos, diminuindo, assim, a possibilidade de que vieses
humanos ou de experimentos possam diminuir a credibilidade de modelos
baseados em [|A%1:42,

Mesmo com a crescente quantidade de estudos envolvendo IA e a grande
guantidade de dados na odontologia, a Ortodontia ainda ndo foi muito explorada.
Ainda é necessaria uma integracéo dos dados, por meio de avaliacdo de exames
padronizados. Nesse contexto as radiografias laterais sdo exames existentes na
maioria dos centros odontolégicos, contendo informacgdes e variaveis facilmente
extraidas por pessoas treinadas?®?’.

Deste modo a hip6tese do nosso estudo € de que o uso de algoritmos de
IA e dados clinicos podem predizer com acuracia a necessidade de cirurgia em

pacientes ortodénticos.



16

2 PROPOSICAO

O objetivo principal foi avaliar se modelos de inteligéncia artificial podem

ser utilizados como auxilio na tomada de decisdo em ortodontia e em especial

para pacientes que necessitam de cirurgia ortognatica.

2.1 Proposicdes Especificas

Avaliar por meio de uma revisdo sistematica como a inteligéncia
artificial pode ser aplicada ao diagndstico e planejamento ortoddntico
utilizando exames radiologicos.

Testar se diferentes modelos de inteligéncia virtual séo capazes de
predizer se um paciente necessita ou nao de cirurgia ortognatica a
partir dos valores obtidos em telerradiografias laterais, previamente ao
tratamento avaliando tanto tecido duro e mole, e avaliar se estes
modelos séo precisos em suas tomadas decisoes.

Avaliar se a acuracia dos resultados € alterada quando os algoritmos
de IA séo alimentados com dados de pacientes com padrao
esquelético classe Il ou classe lII.

Avaliar quais sdo os fatores cefalométricos mais importantes nesta
tomada de deciséo.

Avaliar e comparar os resultados da IA com o consenso de
ortodontistas e cirurgibes bucomaxilofaciais ou de acordo com o

tratamento realizado.
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3 PUBLICACOES

Essa dissertacéo € apresentada no formato de publicacdes sendo elas:
e Clinical decisions in orthodontics using X-ray-based images and
artificial intelligence approaches: a Systematic Review.

e Avrtificial intelligence as a prediction tool for orthognathic surgery
assessment.

3.1 Publicacao 1*

Clinical decisions in orthodontics using X-ray-based images and atrtificial
intelligence approaches: a Systematic Review

Pedro Henrique José de Oliveral; Jodo Roberto Goncalves?!; Julianna de
Oliveira Lima Parizotto!; Paula Cristina Henriques da Silval; Renata Mayumi
Kato!; Lucia Cevidanes?; Jonas Bianchi®3.

! Department of Morphology, Genetics, Orthodontics and Pediatric Dentistry,
Sao Paulo State University (Unesp), School of Dentistry, Araraquara, Sao
Paulo, Brazil.

2 Assistant professor, Department of Orthodontics and Pediatric Dentistry,
University of Michigan, Ann Arbor, Michigan, United States.

3 Department of Orthodontics, University of the Pacific, Arthur A. Dugoni School
of Dentistry, San Francisco, CA, United States.

ABSTRACT

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 possibilities of applications of Al in orthodontics' diagnosis and treatment
planning. This study aimed to systematically review the approaches using Al
models to a better clinical decision-making process in orthodontic diagnosis and
planning using X-ray-based images. Individual eletronic search strategies were
developed and conducted on PubMed/Medline, Scopus, Web fo Science,
Embase, Lilacs, and Cochrane Library (only English language articles published

from January 2000 to October 20, 2021), aiming for relevant studies that met the

* Artigo escrito conforme as normas bibliograficas da revista Orthodontics & Craniofacial
Research para a qual foi submetido.
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eligibility criteria. As results, 12 studies were included with 5 different categories:
Orthognathic surgery, TMJ osteoarthritis, skeletal pattern, obstructive sleep
apnea, and skeletal maturation/development. Most of the Al models used were
DL based and the X-ray image that was most used was lateral radiographs. In
conclusion, Al can be used to improve the performance to assess diagnostic and
treatment planning using X-ray-based images. The best applications were over
temporomandibular joint osteoarthritis, skeletal maturation, and classification,
OSA and the need for orthognathic surgery.

Keywords: Artificial intelligence, Orthodontics, X-Rays.

INTRODUCTION

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, websites, 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 datal.
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 dentistry3-,
with different purposes, from detecting teeth and caries®-°, periapical pathosis®-
12 and tonsils hypertrophy*314, to predict treatments, such as the need for
extractions> 8 or orthognathic surgery*®-25,

One subset of Al that is commonly used in the health area is convolutional
(artificial) neural networks (CNN or ANN) that can be used to identify and classify
images. They are called neural networks 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)?6-20, Al can also be used to assist and improve

the decision-making process. It may happen because these models take large



19

amounts of data and usually are based on expert experience or gold standard
patterns5:1820.31-34,

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's usually composed by qualitative data. However, it is'
possible to conduce researches using only unstructured data, like X-ray-based
images, by using non-relational databases or by transferring unstructured data
(qualitative) to structured data (quantitative)*35:36,

Radiographic image 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, segmented, 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?6-27,

Still, there is a large amount of information on this field, and this systematic
review aimed to systematically review how Al models can provide a better clinical
decision-making process in orthodontic diagnosis and planning using X-ray-

based images.

METHODS

Protocol and registration

The protocol of this systematic review was registered win the PROSPERO
under the number: CRD42021259994 at the NHS (National Institute for Health
Research) database at https://www.crd.york.ac.uk/prospero/. The present review

follows the Preferred Reporting Iltems for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines®” (Supplementary Table 1).

Eligibility criteria

The PICOS plus inclusion criteria was used as inclusion criteria (Table 1).
All included manuscripts were focused on Al applied to radiographic imaging
exams and its application to orthodontics diagnosis and treatment planning. Also,
they should provide performance metrics or predictive outcomes that could be
guantified, such as accuracy, sensibility, ROC curves, and there should be a clear

mention regarding the data sets used for assessing the model. The exclusion
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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.

Information sources and search strategy

Individual electronic search strategies were developed and conducted 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 (Figure I).

Selection Process
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)3® and double checked
using Microsoft Excel®. Secondly, full texts of the possible eligible 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.

T N L

Pubmed ((((((("Orthodon*"[Title/Abstract]) OR ("Orthognathic Surgery"[Title/Abstract]))) AND (((((Artificial Intelligence[Title/Abstract]) OR (neural 24
network[Title/Abstract])) OR (deep learning[Title/Abstract])) 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 Tomography[Title/Abstract])) OR (Cephalo*[Title/Abstract])))))
AND ((((((accuracy[Title/Abstract]) OR (sensitivity[Title/Abstract])) OR (specificity[Title/Abstract])) OR (Intraclass Correlation
Coefficient[Title/Abstract])) OR (Predictive Values[Title/Abstract]) OR (Success Rate[Title/Abstract]) OR (ROC Curve[Title/Abstract])))) AND
(((((("Decision Making"[Title/Abstract]) OR ("Decision-Making"[Title/Abstract])) OR ("Treatment plan*'[Title/Abstract]))) OR
("Diagn*"[Title/Abstract] OR ("Prediction"[Title/Abstract]))))) AND english [Language] Filters: from 2000/1/1 - 2021/10/20 Sort by: Publication
Date

Scopus TITLE-ABS-KEY ((( (("orthodon*" OR "Orthognathic Surgery”) AND "artificial intelligence” OR "neural network" OR "deep 43
learning” OR "machine learning") AND "lateral radiographic” OR "lateral radiographics” OR "lateral X-ray" OR "cbct" OR "cone beam
computed tomography” OR "cone-beam computed
tomography" 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
Plan* OR "Diagn*' OR "Prediction”) AND (PUBYEAR > 2000) AND ( LIMIT-TO (LANGUAGE , "English"))

Web of Science ((((ALL=(Orthodon* OR "Orthognathic Surgery")) AND ALL=("artificial intelligence” OR "neural network" OR "deep learning" OR "machine 48
learning" )) AND ALL=("lateral radiographic" OR "lateral radiographics" OR "lateral X-ray" OR cbhct OR "cone beam computed
tomography" OR "cone-beam computed tomography" OR cephalo* )) AND ALL=(accuracy OR sensitivity OR specificity OR "intraclass
correlation coefficient® OR “predictive values" OR "Success Rate" OR "ROC Curve")) AND ALL=("Decision Making" OR "Decision-
Making" OR "Treatment Plan*" OR Diagn* OR Prediction) and English (Idiomas)

Embase (orthodon*:ti,ab,kw OR 'orthognathic surgery"ti,ab,kw) AND (‘artificial intelligence'ti,ab,kw OR 'neural network'.ti,ab,kw OR 'deep 25
learning"ti,ab,kw OR 'machine learning'ti,ab,kw) AND ('lateral radiographic':ti,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 (‘decision making'ti,ab,kw OR 'treatment plan*"ti,ab,kw
OR diagno*:ti,ab,kw OR prediction:ti,ab,kw) AND [1-1-2000]/sd AND [english]/lim

The Cochrane ((Orthodon*):ti,ab,kw OR ("Orthognathic surgery"):ti,ab,kw) AND (("artificial intelligence"):ti,ab,kw OR (“neural network"):ti,ab,kw OR ("deep 0
Library 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 coefficient"):ti,ab,kw OR ("predictive values"):ti,ab,kw OR ("Success Rate"):ti,ab,kw OR ("ROC
Curve"):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)"

LILACS/MEDLINE (((((((orthodon* OR "Orthognathic Surgery") AND ("artificial intelligence" OR "neural network" OR "deep learning” OR "machine learning") 30
AND ("lateral radiographic" OR "lateral radiographics" OR "lateral X-ray" OR "“cone beam computed tomography" OR "cone-beam computed
tomography" 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])

Figure | — Search strategy
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Data charting process and Data Items

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

conclusions.

Study risk of bias assessment and critical appraisal of individual studies

We have not assessed the risk of bias, because the aim of the included
manuscripts was to assess statistical machine-learning approaches based on
pre-selected imaging exams, rather than the clinical aspects of the sample
recruitment, or methodologies 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 systematic 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®.

Synthesis of results

For didactic purposes, we have separated the included studies were in 5
different categories, according to what was evaluated: (1) Orthognathic surgery,
(2) TMJ osteoarthritis, (3) Skeletal pattern, (4) Obstructive Sleep Apnea, and (5)

Skeletal maturation/development.

RESULTS
Study Selection

A total of 170 studies were retrieved in our search following the previously
defined strategy. Duplicate removal and screening 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 weren't
based only on x-ray images, didn't provide quantitative results, couldn't be
applied directly to diagnosis or treatment planning, or aimed to detect

cephalometric landmarks. Finally, 12 studies met the eligibility criteria and were
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included. The PRISMA flowchart showing the process of selection is presented

in Figure 3.
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Screening

Eligibility

Included

Records identified through database initial searching
(n=170)

Duplicates

Records after removal of duplicates
(n=69)

Records screened — 2 observers
(n=69)

(n=101)

Records excluded due to
PICOS criteria

Full-text articles assessed for eligibility between 2
observers
(n=30)

(n=39)

Full-text articles excluded, with
reasons (n=18):
1. Not only X-ray based
images used(n=10)
2. Not provided quantitative

results (n=1)
3. Detection of cephalometric
Y points (n=3)
Studies included in qualitative synthesis after observes 4. Not applied to diagnosis
consensus (n=3)
(n=12)
! ! ! } ,
Orthognathic ™I Skeletal Obstructive Skel et‘al
- ) maturation/
Surgery osteoarthritis pattern Sleep Apneia
Development
(n=5) (n=1) (n=1) (n=1) (n=4)

Figure 2 - Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow diagram of the study

selection process
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Study Characteristics
The studies were divided into groups according to the Al application and

what was evaluated. These divisions can be seen in Figures 3 and 4.

X-ray-based images used in this
Systematic review

Artificial Intelligence

Approaches and Models Purposes of the Al
systems

CNN Inception-v3 1. TMJ osteoarthritis
ResNet-18 nception-ResNet-v2 2. Skeletal Classification

ResNet-34 XGBosst 3. Obstructive Sleep
ResNet-50 VGGNet16

ResNet-101 VGGNet19 Apne:a
ResNet 150 Xception 4. Cervical Vertebral
MobileNet-v2 K-nearest Maturation/
Random Forest Naive Bayes .
Modified-AlexNet DenseNet Development Pe”Od?
5. Need for orthognathic

surgery

Fig.3 — The different X-ray-based images that were used in this systematic 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 selected studies and the purposes of the use of Al systems in orthodontics that are shown in this
systematic review.

W Orthognathic Surgery

| Skeletal
maturarion/development

B TMJOA

OSA

MW Skeletal classification

Figure 4 — Number of included studies in each group.




Chart Il. Summary of descriptive characteristics of individual articles

Author, Study

Name Year, Desig Sample  Mean/Range Imang Aim Algfmthm Perforn'lance . Author ) Limitations What was Results Conclusions
ey n (n) of Age(yr) Analysis Architecture metrics suggestions/recommendations evaluated
Th
Todevelopa  Asingle-shot ac:u::\:cerage TMJOA from
diagnostic detector additional imaging modalities,  Only 1 L v sagittal CBCT
AUTOMATED tool to detect  (SSD)—a deep Accuracy, such as contrast enhanced MRl observer ™I precision, images is
DETECTION OF TMJ Lee et Retro mean + SD g L o - . recall, and F1 2
314 (3,514 condylar learning precision, and bone scintigraphy, could classified the  osteoarthritis possible by
OSTEOARTHRITIS al.,2020, spect age, 39.5 ¢ CBCT R X . . . . . score over .
. images) resorption framework recall, and provide more information with  TMJ images in on CBCT on using a deep
BASED ON ARTIFICIAL Korea ive 18.2y . ) . L . were 0.86,
INTELLIGENCE from CBCT designed for  F1score higher accuracy over TMJ's the training adult patients 0.85.0.84 neural
images with object inflammation. data set. A networks
. and 0.84,
Al detection . model.
respectively.
Sensitivity,
Specificity,
AUCand
Accuracy for
sagittal
Probose a discrepancies
novz.l dee A multimodal were
learnin P convolutional To optimize diagnosis, skeletal 93.55%,
. stemgthat neural components and severity of Three 96.77%, Skeletal
Y’ovides o network the discrepancy should be Data was different 0.965 to classification
AUTOMATED SKELETAL ?u” architecture Sensitivit evaluated in future studies. collected models to 0.991 and can be made
CLASSIFICATION WITH Yuetal, Retro v with a o ¥ Also, further research from asingle  evaluate 95.70%, .
5890 Lateral automated, 1- e Specificity, . . o . . with an Al-
LATERAL CEPHALOMETRY 2020, spect . mean 25.4y . modified comparing this system and the  organization sagittal and respectively. .
. patients radiographs step, end- to- AUC and L. K . . e aided tool for
BASED ON ARTIFICIAL Korea ive K . DenseNet original approach with which may vertical Sensitivity, .
end diagnosis ) Accuracy ) o sagittal and
INTELLIGENCE with landmark detection and cause a skeletal Specificity, .
for skeletal . . . . . vertical
- pretrained additional studies on selection bias  pattern of AUCand ) .
classification . . X discrepancies
solely from weights for enhancing model performance patients Accuracy for
v the ImageNet are needed. vertical
the lateral . .
data set discrepancies

cephalogram.

were
94.59%,
97.29%,
0.967 to
0.995 and
96.40%



MACHINE LEARNING FOR
IMAGE-BASED DETECTION
OF PATIENTS WITH
OBSTRUCTIVE SLEEP APNEA:
AN EXPLORATORY STUDY

COMPARISON OF DEEP
LEARNING MODELS FOR
CERVICAL VERTEBRAL
MATURATION STAGE

CLASSIFICATION ON LATERAL Korea

CEPHALOMETRIC
RADIOGRAPHS

1389
Tsuiki et Retro patients OSA =149.7 +
al., (OSA =
2020 spect 367- 8.9 Control =

! ive ! 41.2+13.0

Japan control =

522)
Seo et Obse
al, 2021, rvatio 600 6-19 years

nal

Lateral
radiographs

Lateral
radiographs

test the
hypothesis
that a
machine
learning
model could
be used to
differentiate
severe OSA
and non-OSA
by 2-
dimensional
images

evaluate and
compare the
performance
of six state-of-
the-art CNN-
based deep
learning
models for

DCNN model
called Visual
Geometry
Group (VGG-
19)

Different CNN
models
(ResNet-18,
MobileNet-
v2, ResNet-
50, ResNet-
101,
Inception-v3

Sensitivity,
Specificity,
Positive and
negative
likelihood
ratio,
Positive and
negative
predictive
values and
AUC area
were
evaluated
for the three
different
groups

accuracy (1),
recall (2),
precision (3),
F1-score (4),
and area
under the
curve (AUC)
values from

By the combination of
demographic characteristics,
anthropometric features and
lateral cephalometric images
may provide different Al
models that could contribute
to detect OSA

Higher quality data and
development of better CNN
architectures may improve the
model's performance. It would
be easier to evaluate if cervical
vertebrae were segmented
from surrounding structures

Data includes
only Asian

males from a
single center

Small data

If this DCNN
model could
be used to
detect
patients with
OSA based on
2-D images
using three
different
areas of
interest:
Original
image, main
region and
head only

If different
CNN models
can
distinguish
the CVM
classification
on lateral

Sensitivity,
Specificity,
Positive and
negative
likelihood
ratio,
Positive and
negative
predictive
values and
AUC area
were
evaluated for
the three
different
groups: - Full
image: 0.90,
0.77,3.88,
0.14,0.87,
0.82 and
0.89,
respectively.
- Main
Region: 0.84,
0.81, 4.35,
0.20, 0.88,
0.75 and
0.92,
respectively.
- Head only:
0.71, 0.63,
1.91,0.46,
0.85,0.42
and 0.70,
respectively

Accuracy was
higher than
90% for all
models.
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The DCNN
accurately
identified
individuals
with severe
OSA using
lateral
cephalometric
radiographs

Inception-
ResNet-v2
showed the
best results
for all metrics



DEEP CONVOLUTIONAL
NEURAL NETWORKS BASED
ANALYSIS OF Lee et
Retro
CEPHALOMETRIC al., 333 Lateral
spect . .. 23.1+5.1 )
RADIOGRAPHS FOR 2020, . individuals radiographs
DIFFERENTIAL DIAGNOSIS OF Korea '
ORTHOGNATHIC SURGERY
INDICATIONS
DEEP LEARNING BASED 840 (Class
PREDICTION OF NECESSITY Shin et Obse 11:244, Posterior
FOR ORTHOGNATHIC al, 2021, rvatio Class lll: 23.2y and lateral
SURGERY OF SKELETAL Korea nal 477, radiographs

MALOCCLUSION USING Assimetry:

CVM on
lateral
cephalometric
radiographs,
and
implement
visualization
of CVM
classification
for each
model using
Grad-CAM
technology

Create a
model for the
differential
diagnosis of
orthognathic
surgery and
orthodontic
treatment
with a DL
algorithm
using
cephalometric
radiographs.

Develop a
deep learning
network to
automatically
predict the

and
Inception-
ResNet-v2)

Three DL
models were
tested:
Modified-
Alexnet,
MobileNet
and Resnet50

ResNet34,
with
convolution
blocks
stacked

the ROC
curve

Sensitivity,
Specificity,
AUCand
Accuracy

accuracy,
sensitivity,
and

specificity.

Future studies can be obtained
when assessed with more data.
Also, should analyze the impact
of better model construction
and their comparison with
other models

More studies should be
encouraged to achieve public
confidence.

Comparison
of the
performance
was limited
due to the
lack of data

Involves only
Korean
patients from
only one
hospital and

cephalometric
radiographs

Differential
diagnosis for
orthognathic
surgery based
on
cephalometric
radiographs
using three
different DL
models

Exploited a
deep learning
framework to
automatically
predict the

Modified-
Alexnet:
0.852
(Sensitivity),
0.973
(Specificity),
0.969 (AUC)
and 0.919
(Accuracy).
MobileNet:
0.761
(Sensitivity),
0.931
(Specificity),
0.908 (AUC)
and 0.838
(Accuracy).
Resnet50:
0.750
(Sensitivity),
0.944
(Specificity),
0.923 (AUC)
and 0.838
(Accuracy).
accuracy,
sensitivity,
and
specificity
were 0.954,

26

DCNN can be
applied to
predict
orthognathic
surgery. Also
it was
possible to
predict the
most
important
diagnosis
structures

DL can

standardize
the decision
process and



CEPHALOGRAM IN KOREAN
INDIVIDUALS

DETERMINATION OF

GROWTH AND Keket

DEVELOPMENT PERIODS IN  al.,

ORTHODONTICS WITH 2021,  SPect

ARTIFICIAL NEURAL Turkey '€

NETWORK

EARLY PREDICTION OF THE

NEED FOR ORTHOGNATHIC

SURGERY IN PATIENTS WITH |

REPAIRED UNILATERAL CLEFT Retro

LIP AND PALATE USING ooy spect

MACHINE LEARNING AND © ive
Korea

LONGITUDINAL LATERAL
CEPHALOMETRIC ANALYSIS
DATA

149)
(Male:
461,
Female:
379)

419
patients
(CvMm1:70,
CVM2:70,
CVM3:69,
CVM4:70,
CVMS5:70,
CVM®6:70

56
patients

8to 17y

TO: 6.3y and
T1:16.7y

Lateral and
hand-wrist
radiographs

Lateral
radiographs

need for
orthodontic
surgery using

cephalogram.

Determine
the growth-
development
periods and
gender from
the cervical
vertebrae
using the
artificial
neural
network
(ANN).

Determine
the cephalo-
metric
predictors of
the future
need for
orthognathic
surgery in
patients with
repaired
unilateral
cleft lip and
palate (UCLP)
using
machine
learning.

hierarchically
(CNN)

Twenty-four
ANN models
were
obtained and
seven with
success level
and clinically
applicable
were selected

Boruta
method to
identify the
most relevant
features out
of the
cephalometric
predictors at
TO and
XGBoost
algorithm to
predict the
future need
for
orthognathic
surgery

small number

of cases.
Hand-wrist
age
Using all the information from  determination
Accuracy, . . . .
e cephalometric radiograph in is more
Sensitivity, . .
P addition to linear advanced
Specificity .
measurements can provide than
and F1 score
better results cephalometry
and cervical
vertebra.
10-fold
cross-
validation Multi-center study to increase  Small sample
accuracy the sample. size.
with F1-
score

need for
orthognathic
surgery based
on the
cephalogram
of the
patients

If the ANN
models could
determinate
patient's
cervical
vertebral
stage and
gender.

The most
important
features of
the
cephalogram
and the need
for
orthognathic
surgery

0.844, and
0.993,
respectively

The accuracy
for the
testing set
was: 71.4%
(ANN-1),
49.2% (ANN-
2),76.1%
(ANN-3),
50.7% (ANN-
4), 69.8%
(ANN-5),
81% (ANN-
6), 90.4%
(ANN-7),
90.5% (ANN-
Gender)

The
prediction
model had
87.4%
accuracy and
when ANB,
PP-FH, CF
and FCA
variables are
inserted
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help
orthodontists

The growth-
development
periods and
gender were
determined
from the
cervical
vertebrae by
using ANN
with
satisfactory
success

At age of 6
years, it was
possible to
predict the
future need
for
orthognathic
surgery using
cephalometric
predictors
with a good
accuracy



INFLUENCE OF THE DEPTH
OF THE CONVOLUTIONAL
NEURAL NETWORKS ON AN
ARTIFICIAL INTELLIGENCE
MODEL FOR DIAGNOSIS OF
ORTHOGNATHIC SURGERY

ON CONSTRUCTION OF
TRANSFER LEARNING FOR
FACIAL SYMMETRY
ASSESSMENT BEFORE AND

960
Kim et patients
al Retro (non-

" spect surgical:
2021, ive 640,
Korea .

surgical:
320)
Ia'lln et Retro
2021, §pect patients
Taiwan

246+4.9

Lateral
radiographs

CBCT

investigate
the
relationship
between
image
patterns in
cephalometric
radiographs
and the need

for CNN models :::Jciracy

orthognathic ~ (ResNet-18, )
Sensitivity

surgery, and 34, 50 and and

reportona 101) Specifici

method for pecificity

improving the

accuracy of

predictive

models

according to

the depth of

the neural

network

Cvi(t::g neds] CNN models

transfer (VGGNet16, Accuracy

VGGNet19,

learning

Multi-center data to improve
the model's performance.

Larger number of data and
more effective NN
architectures can enhance the
accuracy

Single center
study.

The model
can only be
used for small
data sets and

Predict the
need of
orthognathic
surgery using
cephalometric
radiographs

Predict facial
symmetry
scores using

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).

The accuracy
for VGG16,
VGG19,
ResNet50
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ResNet-18
and 34 had
better
performance
than ResNet-
50 and 101
models.

The most
suitable
model for the
transfer
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499
images
from 455
patients

300
patients

9.9+2.6

8to 17y

Lateral and
hand-wrist
radiographs

Lateral
radiographs

approach for
facial
symmetry
assessment
based on 3-
dimensional
(3D) features
to assist
physicians in
enhancing
medical
treatments.

Predict the
hand-wrist
maturation
stages based
on the CV
images
observed in
lateral cepha-
lograms, and
to analyse the
accuracy of
the proposed
algorithms.

determine
cervical
vertebrae
stages (CVS)
for growth
and
development
periods by the
frequently
used seven
artificial
intelligence
classifiers,
and to
compare the
performance
of these

ResNet50 and

Xception)

Various
combinations
of regression
models were
used

Seven
algorithms
were
selected:k-
nearest
neighbors (k-
NN), Naive
Bayes (NB),
decision tree,
ANN, SVM,
Random
forest and
logistic
regression

Mean

Absolute Further studies with a larger
Error (MAE), sample with na even

round MAE,  distribution of sex,

Root Mean chronological age and skeletal
Square of maturation. More features can
Error (RMSE) also improve the prediction
and accuracy.

Accuracy

AUC,

Accuracy, There are no author

Precision, F1  suggestions or recomendations
score and for future studies.

Recall

can't be
trained by
new DL
architecture.

Small sample
size and
imbalanced
data with a
great number
of patients
whose SMI
stage was 0.

The author's
did not
mentioned
any
limitations
over the
study

the trained
model.

Patients
hand-wrist
maturation
based on CV
images and its
accuracy.

Use seven
different
algorithms to
determine
cervical
vertebrae
stages from
cephalometric
radiograph
and compare
their
performance

and Xception
was: 80%,
86%, 83%
and 90%,
respectively.

The final
ensemble
model
consisted of
eight
machine
learning
models. The
MAE, round
MAE and
RMSE were
0.90, 0.87
and 1.20,
respectively.
Decision tree
had the
highest
accuracy for
CVS1to CVS4
(97.1%,
90.5%,
73.2%,
58.5%,
respectively)
and kNN for
CVS5 (60.9%)
and CVS6
(78.7%). ANN
had the
second-
highest
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learning was
Xception
model

Chronological
age and sex
increased the
accuracy. CV
images can be
used to
predict hand-
wrist SMI
using
machine
learning.

ANN is the
preferred
method for
determining
CVS because
it was the
most stable
algorithm
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accuracy,
except for
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Results of individual studies and Synthesis of results

Orthognathic surgery: Five studies were included regarding the application of
Al to predict the need for orthognathic surgery or conventional orthodontics?-2°
(Chart 2). Shin et al.?!, demonstrated that the DL network proposed by them can
standardize the decision process for orthognathic surgery and help
orthodontists’s using posterior and lateral radiographs. Their results for accuracy,
sensitivy, and specificity were 0.954, 0.844, and 0.993, respectively. Lin et al.??,
was the only study that showed results lower than 90% for accuracy or success
rate in predicting the need for orthognathic surgery. However, they evaluated that
ANB, facial convexity angle, and the maxillary plan to Frankfurt plane angle were
the main parameters to define the need for surgery. Lin et al.?3, used four different
CNN models 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 orthognatic surgery
using lateral radiographs. The results for the four CNN models test were: 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
DCNN can be applied to predict orthognathic surgery and show which structure
is the most important for diagnosis. Modified-Alexnet showed higher AUC and
accuracy (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?-2°,

Skeletal maturation/development: Four studies regarding the application of Al
to assess development or skeletal maturation349-42 (Chart 2). Kim et al.3!,
showed that cervical vertebrae (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
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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.*? didn't use
hand-wrist radiographs as a comparison method. They evaluated and compared
six different CNN-based DL models to classify CVM maturation. 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 (Chart 2). Yu et al. 43, evaluated sagittal and
vertical discrepancies on lateral radiographs using CNN. It showed results higher
than 90% for both skeletal classifications and presented heat maps for a better
understanding of the region that influences the most to distinguish skeletal

patterns.

TMJ osteoarthritis (TMJOA): One study was included regarding the application
of Al to detect TMJ osteoarthritis. Lee et al.*4, showed that sagittal CBCT images
and deep learning are capable to predict TMJOA. The DL used was a single-shot
detector. 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 (Chart 2).

Obstructive Sleep Apnea: One study was included regarding the application of
Al to detect obstructive sleep apnea. Tsuiki et al.*®, showed that DCNN model
(VGG-19) can accurately identify OSA using lateral radiographs (Chart 2). The
authors divided the sample images into three groups according to the area that
was evaluated: 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
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only (0.71, 0.63, and 0.7). The authors suggested that demographic
characteristics and anthropometric features could improve the diagnostic OSA.

DISCUSSION

Summary of evidence

To our knowledge, this is the first systematic review 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 treatment planning.

Diagnosis. Diagnosis' is probably the most important aspect of
orthodontic treatment. Assessing development and skeletal maturation is needed
for patients still growing and present skeletal alterations. With that is possible to
provide the best treatment for each developmental period*-48, The cervical
vertebrae method*® is commonly used to identify maturation stages because it
can be assessed in lateral radiographs. However, due to its subjectivity and the
chance of distortion depending on the patient positioning, clinicians need to have
specific training to use this method. That's 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 studies assessed here showed that Al had good results assessing
the development stage of patients using lateral radiographs 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 models3!4°0-
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 orthodontist must classify the patient properly in all
3 planes®-53, However, lateral radiographs can only classify vertical and sagittal
relationships. Yu et al.*3, aimed to used DL to assess skeletal classification and,
unlikely previous studies, they didn't use CNN models to perform cephalometric

landmarks. The authors justified that eliminating this process would improve the
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classification performance. For assessing vertical relationships, 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 Witts’ appraisal were used and a 95,7%
accuracy was obtained.

Patients with obstructive sleep apnea usually present a retrognathic
mandible and/or a lower hyoid position with causes a more crowded oropharynx.
Patients with OSA can be diagnosticated in lateral radiographs, mainly when it's
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 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.

TMJ osteoarthritis is a multi-system disease. CBCTs allow dentists to
diagnose the TMJ bone by finding irregular contour, osseous defects, cortical loss
or flattering of the condyles®*. Early diagnosis can be the best chance to minimize
the damage caused by osteoarthritis, since there is no treatment available yet.
Lee et al.*4, evaluate 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's important 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 orthodontic
treatment or orthognathic surgery usually requires more experience from the
orthodontist>1°6:57_ All studies presented here had results higher than 90% when
studied adult patients that need surgical treatment. Lin et al.??, was the only study
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??3-25 ysed deep convolutional neural networks (DCNN) to extract
features and identify the structures that play an important role in the decision.

The authors justify that by saying that the marking and measurement values can
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be a bias. This model resembles 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 systematic 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 manuscript that meets
our PICOs criteria. Also, we have not assessed the BIAS of each Al model due
to the lack of standardized tools for this purpose. Also, the lack of general
applicability is a major limitation in Al models because most of the data are from

the same center.

CONCLUSIONS

Al can be used to improve the performance to assess diagnostic and treatment
planning using X-ray-based images. The best applications were over
temporomandibular joint osteoarthritis, skeletal maturation, and classification,

OSA and the need for orthognathic surgery.
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Abstract

Introduction: An ideal orthodontic treatment involves qualitative and quantitative
measurements of dental and skeletal components to evaluate patient's
discrepancies, such as facial, occlusal, and functional characteristics. The
decision between orthodontics and orthognathic surgery is still challenging,
especially in borderline patients. The advances in technology are helping the
clinical decision in orthodontics. The increased available data and the big data
era make possible to use artificial intelligence to guide the clinician's diagnosis.
This study aimed to test different machine learning (ML) models' capacity to
predict orthognathic surgery or orthodontics treatment using soft and hard tissue
cephalometric values. Methods: 920 lateral radiographs from patients previously
treated with conventional orthodontics or associated with orthognathic surgery
were used, n=558 class Il and n=362 class lll, respectively. Thirty-two
measurements were obtained from each cephalogram at the initial appointment.
The subjects were randomly split into training (n=552), validation (n=183), and
test datasets (n=185) as an entire sample and divided into class Il and class llI
sub-groups. The data extracted were evaluated by 10 machine learning models
and by 4 experts panel of orthodontists (n=2) and surgeons (n=2). Results: The
combined prediction with 10 models showed top-ranked performance in the
testing-set for accuracy, F1-score and AUC (entire sample: 0.707, 0.706, 0.791;
Class II: 0.759, 0.758, 0.824; Class IlI: 0.822, 0.807, 0.89). Conclusions: The
proposed combined 10 ML approach model accurately predicted the needs for
orthognathic surgery, showing a better performance in class lll patients.

Introduction

Correct diagnosis is essential to choose the right treatment plan in
orthodontic treatment. For that, it's necessary to have qualitative and quantitative
diagnostical factors in evaluating discrepancies, such as facial, occlusal, and
cephalometric analysis~8. It will help orthodontists to understand better where
the patient's problem is, its etiology and how severe the patient's discrepancy is.
These items, added to the patient's facial esthetics and self-perception can better
guide the treatment plan and prognosis®'L.

Orthodontic treatment for adult patients can be mainly divided in three
major groups: corrective orthodontic treatment, compensatory orthodontic
treatment, and decompensatory orthodontic treatment for orthognathic
surgery>%12, The last one is destinated for patients who skeletal discrepancy is
severe enough that compensatory orthodontic treatment wouldn't be able to
improve the patients' complaints and problems. It's essential that the treatment
of choice improve not only the patient's occlusion, but also its profile, aesthetic,

function, airways, and self-stem?1314,
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New techniques and technologies, such as CBCT and skeletal anchorage,
can be applied to expand the compensatory horizons'>-1’. However, borderline
patients may still be the biggest challenge for orthodontists. In these cases,
clinical experience plays an essential role in the diagnostic decision®*2,

The large amount of data is produced daily in orthodontics treatments all
over the world thanks to digitalization and the search for better results, enabling
new technologies such as artificial intelligence (Al), more specifically machine
learning (ML) models, to assist the diagnosis decision-making process, through
formulas, equations, and data integration®-28,

Unlikely traditional statistical approaches, Al is not based on a hypothesis
or depends on restricted parameters. It uses datasets and is capable of using
several variables simultaneously and making iterations. It makes it possible for
the machine creates patterns and rules, resembling human learning?%.28-30,

Accurate Al models require a high number of features, and in orthodontics,
the cephalogram is an exam that is present and standardized in the entire world
and generates variables that can be easily extracted by clinicians?223:30.31,

This study aimed to test different machine learning models' capacity to
predict if a patient needs orthognathic surgery using cephalometric values of soft
and hard tissue obtained from lateral radiographs, compared to clinicians'
diagnosis and treatment performed. Also, verify if the ML results in better
accuracy for class Il or class Il patients and the most important features in the
decision-making. The hypothesis of this study is that Al can predict accurately

the need for orthognathic surgery.

Material and methods

Datasets

Ethical approval for the study was obtained from the Ethics Committee on
Human Research of the School of Dentistry at Araraquara, Sdo Paulo State
University (UNESP) — number 47379021.2.0000.541. The sample used in this
retrospective study consists of 920 patients previously treated with conventional
orthodontics or associated with orthognathic surgery in three different centers
between the years of 2000 and 2018. Inclusion criteria were pre-treatment lateral
radiographs of skeletal class Il (ANB>4 or Witts>0) and class Ill (ANB<O or

Witts<0) patients that were indicated for orthognathic surgery or orthodontic
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treatment, with or without premolars extractions, older than 16 years old, and on
stages CS5 or CS6 of vertebral maturation'®3233, Exclusion criteria were
anodontias, syndromic patients, and patients that are still growing. 32
cephalometric values were obtained from each lateral radiograph based on
Steiner, Mcnamara and Tweed's analysis3?3* (Table 1). Those measures were
made on Studio 3 (Radiomemory, Belo Horizonte, MG — Brasil), and on 5% of

the sample the cephalometric tracing was redone for calibration and method error
(Fig 1).

Consensus and true treatment diagnosis

We used two different sample population diagnostics. The first one was
the true treatment plans that were the final decisions determined by the
orthodontints with the patients, which is more complex and noisier to predict: it
not only depends on the clinical diagnosis but also on other unseen confounders,
such as the psychology, socioeconomic status, etc., of the patients. The second
one, was the consensus diagnosis performed by a 4 experts panel composed of
orthodontists (n=2) and surgeons (n=2). The lateral radiograph with the
cephalometric values were randomly presented to each one of the experts that
should give the diagnosis if the patient needed orthognathic surgery or
orthodontics. If the consensus didn't make a majority, the true treatment was
considered as the final decision. By that, it was possible to minimize the bias of
the true treatment decision and train the machine with more accurate data. On

this paper, the results were focused mainly on the consensus diagnosis.

Machine learning details

The subjects were randomly split into training, validation, and test datasets
with a sample size of 552, 183, and 185, respectively. 10 machine learning were
used, including: Bayesian logistic generalized linear model (bayesgim)3®,
glmboost®®, elastic net (glmboost)®’, high-dimensional discriminant
analysis(hdda) 38, linear discriminant analysis (Ida2)%°, naive bayes
(naive_bayes)*?, single-hidden-layer neural networks (nnet)*!, random forest
(RF) #2, Kernel-based support vector machine (svmLinear)*3, XGBoost
(xgbTree)*4. All tuning parameters such as the learning rate, iterations, and

regularization parameters, were optimized from the 10-fold cross validation
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based on the training dataset. The 10 trained models were applied to the
validation set to obtain the predicted responses (Fig.2).

Furthermore, a logistic regression was used to fit the true responses based
on the validation dataset using a weighted average of the 10 models to find the
optimal weights of each method for model ensemble. The prediction accuracy,
precision and recall rate for the surgical group, precision, and recall rate for the
orthodontic group, F1 score, and areas under the Receiver Operating
Characteristic Curve (AUC) of the 10 methods and the combined model were
calculated on the validation datasets to evaluate their prediction performance and
make a comparison. Furthermore, to avoid overfitting the 10 methods trained on
the training data and the combined model trained on the validation data were
applied to the independent test set to make a comparison. Class Il and Class Il
patients were also evaluated separately, and all prediction models' performances
were assessed.

Feature importance scores were used to evaluate the importance of each
cophalometric variable, to determine the proper diagnosis for orthognathic
surgery. Two feature importance scores were calculated, including the
permutation feature importance for random forest and the gain metric for
XGBoost, through the R wrapper varimp. All statistical and machine learning

predictive modeling were carried out through R package caret, software R/4.1.0.

Results

Consensus diagnosis performance

Entire sample

The top machine learning approaches for accuracy for consensus
diagnosis were nnet on the validation test (0.78) and xgbTree on the testing set
(0.712).

The overall performance of the combined model was the best with the
highest AUC (0.871), F1-score (0.788), and accuracy (0.797) on the validation
set and second-best AUC (0.791), F1-score (0.706), and accuracy (0.707) on the
testing set (Table ).
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Class Il patients

Performance of the 11 methods for validation and testing dataset to
predict the consensus diagnosis were shown in Table Il and Fig. 3.

The best machine learning methods predicting consensus diagnosis for
class Il patients was the combined ML with accuracy of 0.855 followed by RF
and xgbTree with accuracy of 0.782 for both methods on the validation set. For
the testing set, the highest accuracy for consensus diagnosis for class Il was
performed by RF (0.768) followed by glmboost (0.723).

The combined machine learning model presented the highest scores for
all metrics in validation set and for F1-score (0.853) and AUC (0.905) in testing

set. Accuracy of 0.759 was second ranked for the testing set (Table ).

Class lll patients

Performance of the 11 methods for validation and testing dataset to
predict the consensus diagnosis were shown in Table IV and Fig. 4.

Naive Bayes and RF presented the best performance for consensus
diagnosis, with accuracy 0.863 and 0.849 in the testing set, respectively. The
combined model presented the best prediction metrics in all metrics for validation
set with accuracy of 0.873, AUC of 0.923, and F-1 score of 0.87. For the testing
set, third best AUC (0.89), F1-score (0.807), and accuracy (0.822) (Table 1V).

Real treatment performance

The true treatment diagnosis was subject to more bias which made it
harder for the models to perform. The performances of real treatment for entire
sample, class Il, and class lll patients are shown in the supplementary tables I-
V.

Discussion

The decision to refer a patient to orthodontic treatment associated with
orthognathic surgery can demand some empirical knowledge. For that reason,
ML models can be applied with less human bias. Once the Al is fed with labeled
or unlabeled data, it creates patterns, models, and relationships between the data
that resemble the human learning process, making it possible to translate

empirical knowledge into scientific knowledge. For that reason, in this study, it
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was preferred to use ML models that were based on cephalometric variables as
input values rather than models that used deep learning for image processing
and pattern recognition procedures?%4°>-48, By using cephalometric variables, it
was possible to expose which cephalometric measurements are the most
relevant in the decision-making. However, Lee et al.??, showed that the region of
interest of their gradient-weighted class activation mapping evolves upper and
lower incisor, mandibular and maxillary symphysis, and occlusal plane, which
coincides with the Witts feature that was the most important feature for most
predictions in our results (Fig 5).

Also, the machine learning methods were trained, validated, and tested in
two different ways: by the true treatment that was proposed, and the consensus
diagnosis results from 4 clinical expert-based diagnoses. With that, it was
possible to exclude subjective decision biases that could occur during the true
treatment decision, like the patient's fear of the surgery, the lack of experience of
the orthodontist, and the patient's self-perception2249%0, The orthodontists
showed higher accuracy than surgeons for all groups to predict which treatment
was conducted to each patient (Supllementary tables V-VII). It may have
occurred because the orthodontists are more trained to know how far they can
go to make a orthodontic dentoalveolar compensation. Meanwhile, surgeons
would have the bias to refer surgery more to borderline patients.

The importance score bar plots imply that the top features most important
in machine learning methods are similar in association with clinicians' consensus
diagnosis and real treatments. Features Witts and ANB are both the most
important in prediction of the real treatments and consensus diagnosis,
respectively, corroborating with previous studies®:°2. The circular plots imply that
the top features that are most significant are different between the association
with consensus diagnosis and real treatments. For the entire sample, CO-A is the
most significant for real treatments while F.plan.occl is the most significant for
consensus diagnosis. For Class Il patients, ANB, SNB, and Witts are the most
significant for real treatments, while ANB and HNB are the most significant for
consensus diagnosis, different than the proposed by Proffit et al. that suggested
that incisor overjet, Pog-NPerp, AFPI and AFAI are the most significant

variables®>.
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The most significant feature for consensus diagnosis for class Il patients
was the feature Witts, while Kerr et al.>¢ suggested that ANB and IMPA were the
most significant and Lee et al.>? supported that Wits appraisal, lower incisor
angulation, and Holdaway H angle were the strongest predictors. This may also
indicate the difference between complex machine learning methods and naive
association tests. Enhanced machine learning methods can capture those
important features with complex nonlinear relationships with the responses which
cannot be captured by the association t-tests (Fig 6).

The feature Witts was the most significant for all groups rather than other
anteroposterior analysis, such as ANB angle. It probably happened because the
Witts appraisal isn't as influenced by different structures like ANB angle that can
be influenced by cranial base alteration or any maxillary rotation that would
impact the anteroposterior discrepancies®3>4,

From the above results, it's possible to see that the prediction of
consensus diagnosis has higher prediction accuracy, implying that consensus
diagnosis is easier to predict. A limitation of this study was that subjective features
such as patient's anxiety, needs, and fears were not included, and it's well known
that it takes an important place in the final decision for an orthodontic treatment.
So, it's important to enhance that ML models can be used to assist and improve

the decision-making process but should not be the final decision.

Conclusion

The machine learning methods proposed in this study can accurately
predict the need for orthognathic surgery in patients with class Il and class Il
pattern. The performance was better when consensus diagnosis was used rather
than the true treatment because of the lack of subjectiveness human bias. Witts
and ANB were the most important features to predict which would be the best
treatment for the patient. Class Il patients showed the best results, mainly with

the combinate machine learning method for the validation dataset.

References

1. Moyers R. Ortodontia. 3. ed. Guanabara Koogan; 1979.
2. Reis SAB, Abréo J, Capelozza Filho L, Claro CA de A. Analise Facial



10.

11.

12.

13.

49

Subjetiva. Rev Dent Press Ortod e Ortop Facial. 2006;11(5):159-172.
doi:10.1590/S1415-54192006000500017

Arnett GW, Bergman RT. Facial keys to orthodontic diagnosis and
treatment planning. Part I. Am J Orthod Dentofac Orthop.
1993;103(4):299-312. doi:10.1016/0889-5406(93)70010-L

William Arnett G, Bergman RT. Facial keys to orthodontic diagnosis and
treatment planning—part Il. Am J Orthod Dentofac Orthop.
1993;103(5):395-411. doi:10.1016/S0889-5406(05)81791-3

Arnett GW, Jelic JS, Kim J, et al. Soft tissue cephalometric analysis:
diagnosis and treatment planning of dentofacial deformity. Am J Orthod
Dentofacial Orthop. 1999;116(3):239-253. d0i:10.1016/s0889-
5406(99)70234-9

de Oliveira MA, Pereira MD, Hino CT, Campaner AB, Scanavini MA,
Ferreira LM. Prediction of Transverse Maxillary Dimension Using
Orthodontic Models. J Craniofac Surg. 2008;19(6):1465-1471.
doi:10.1097/SCS.0b013e318188a04b

Howerton WB, Mora MA. Advancements in digital imaging: What is new
and on the horizon? J Am Dent Assoc. 2008;139(SUPPL.):S20-S24.
doi:10.14219/jada.archive.2008.0354

Miller AJ, Maki K, Hatcher DC. New diagnostic tools in orthodontics. Am J
Orthod Dentofac Orthop. 2004;126(4):395-396.
doi:10.1016/j.ajod0.2004.04.014

Capelozza Filho L. Diagnéstico Em Ortodontia. Dental Press; 2004.
Gerzanic L, Jagsch R, Watzke IM. Psychologic implications of
orthognathic surgery in patients with skeletal Class Il or Class ill
malocclusion. Int J Adult Orthodon Orthognath Surg. 2002;17(2):75-81.
http://www.ncbi.nlm.nih.gov/pubmed/12099319

Johnston C, Hunt O, Burden D, Stevenson M, Hepper P. Self-perception
of dentofacial attractiveness among patients requiring orthognathic
surgery. Angle Orthod. 2010;80(2):361-366. doi:10.2319/051209-252.1
Wolford LM, Stevao E, Alexander C, Gongalves J. Orthodontics for
Orthognathic Surgery. Orthognatic Surg. 2004;(January 2004):1111-
1134. https://www.researchgate.net/publication/237087293

Andrews LF. Straight Wire: The Concept and Appliance.; 1989.



14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

50

Naini FB, Gill DS. Orthognathic Surgery: Principles, Planning and
Practice.; 2017.

Graber L, Vanarsdall R, Vig K, Huang G. Orthodontics: Current Principles
and Techniques. 6th ed.; 2017.

Cao H-L, Kang M-H, Lee J-Y, Park W-J, Choung H-W, Choung P-H.
Quantification of three-dimensional facial asymmetry for diagnosis and
postoperative evaluation of orthognathic surgery. Maxillofac Plast
Reconstr Surg. 2020;42(1). doi:10.1186/s40902-020-00260-9

Cevidanes LHS, Bailey LJ, Tucker GR, et al. Superimposition of 3D cone-
beam CT models of orthognathic surgery patients. Dentomaxillofacial
Radiol. 2005;34(6):369-375. d0i:10.1259/dmfr/17102411

Proffit WR, Fields JR HW, Sarver DM, Larson B. CONTEMPORARY
ORTHODONTICS. 6th editio. Mosby; 2018.

MacHoy ME, Szyszka-Sommerfeld L, Vegh A, Gedrange T, Wozniak K.
The ways of using machine learning in dentistry. Adv Clin Exp Med.
2020;29(3):375-384. d0i:10.17219/acem/115083

Allareddy V, Rengasamy Venugopalan S, Nalliah RP, Caplin JL, Lee MK,
Allareddy V. Orthodontics in the era of big data analytics. Orthod
Craniofacial Res. 2019;22(S1):8-13. doi:10.1111/ocr.12279

Corbella S, Srinivas S, Cabitza F. Applications of deep learning in
dentistry. Oral Surg Oral Med Oral Pathol Oral Radiol. 2021;132(2):225-
238. d0i:10.1016/j.0000.2020.11.003

Park JH, Hwang HW, Moon JH, et al. Automated identification of
cephalometric landmarks: Part 1—Comparisons between the latest deep-
learning methods YOLOV3 and SSD. Angle Orthod. 2019;89(6):903-9009.
doi:10.2319/022019-127.1

Hwang HW, Park JH, Moon JH, et al. Automated identification of
cephalometric landmarks: Part 2-Might it be better than human? Angle
Orthod. 2020;90(1):69-76. doi:10.2319/022019-129.1

Bianchi J, de Oliveira Ruellas AC, Gongalves JR, et al. Osteoarthritis of
the Temporomandibular Joint can be diagnosed earlier using biomarkers
and machine learning. Sci Rep. 2020;10(1). doi:10.1038/s41598-020-
64942-0

Raghupathi W, Raghupathi V. Big Data Analytics in Healthcare: Promise



26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

51

and Potential.; 2014. http://www.hissjournal.com/content/2/1/3

Tuzoff D V., Tuzova LN, Bornstein MM, et al. Tooth detection and
numbering in panoramic radiographs using convolutional neural networks.
Dentomaxillofacial Radiol. 2019;48(4):1-10. doi:10.1259/dmfr.20180051
Ghahramani Z. Probabilistic machine learning and artificial intelligence.
Nature. 2015;27:452-459.
https://www.repository.cam.ac.uk/bitstream/handle/1810/248538/Ghahra
mani 2015 Nature.pdf

Choi H Il, Jung SK, Baek SH, et al. Artificial Intelligent Model with Neural
Network Machine Learning for the Diagnosis of Orthognathic Surgery. J
Craniofac Surg. 2019;30(7):1986-1989.
doi:10.1097/SCS.0000000000005650

Lee KS, Ryu JJ, Jang HS, Lee DY, Jung SK. Deep convolutional neural
networks based analysis of cephalometric radiographs for differential
diagnosis of orthognathic surgery indications. Appl Sci. 2020;10(6).
doi:10.3390/app10062124

Schwendicke F, Samek W, Krois J. Artificial Intelligence in Dentistry:
Chances and Challenges. J Dent Res. 2020;99(7):769-774.
doi:10.1177/0022034520915714

Chen S, Wang L, Li G, et al. Machine learning in orthodontics: Introducing
a 3D auto-segmentation and auto-landmark finder of CBCT images to
assess maxillary constriction in unilateral impacted canine patients. Angle
Orthod. 2020;90(1):77-84. doi:10.2319/012919-59.1

Steiner CC. Cephalometrics in clinical practice. Angle Orthod.
1959;29(1):8-29.

McNamara JA, Franchi L. The cervical vertebral maturation method: A
user's guide. Angle Orthod. 2018;88(2):133-143. d0i:10.2319/111517-
787.1

Franchi L, Baccetti T, McNamara JA. Cephalometric floating norms for
North American adults. Angle Orthod. 1998;68(6):497-502.
doi:10.1043/0003-3219(1998)068<0497:CFNFNA>2.3.CO;2

Gelman A, Jakulin A, Pittau MG, Su Y-S. A weakly informative default
prior distribution for logistic and other regression models. Ann Appl Stat.
2008;2(4). doi:10.1214/08-A0AS191



36.

37.

38.

39.

40.

41.

42.

43.

44,

45,

46.

47.

48.

52

Hofner B, Mayr A, Robinzonov N, Schmid M. Model-based boosting in R:
a hands-on tutorial using the R package mboost. Comput Stat.
2014;29(1-2):3-35. d0i:10.1007/s00180-012-0382-5

Zou H, Hastie T. Regularization and Variable Selection via the Elastic
Net. J R Stat Soc Ser B (Statistical Methodol. 2005;67(2):301-320.
http://www.jstor.org/stable/3647580

Bergé L, Bouveyron C, Girard S. HDclassif : An R Package for Model-
Based Clustering and Discriminant Analysis of High-Dimensional Data. J
Stat Softw. 2012;46(6). doi:10.18637/jss.v046.i06

Izenman AJ. Linear Discriminant Analysis. In: ; 2013:237-280.
doi:10.1007/978-0-387-78189-1_8

Zhang Z. Naive Bayes classification in R. Ann Transl Med.
2016;4(12):241-241. d0i:10.21037/atm.2016.03.38

Ripley B, Venables W, Ripley M B. Package "nnet." R Packag version.
2016;7:3-12.

Breiman L. Manual On Setting Up, Using, And Understanding Random
Forests V3.1. Published online 2002.

Karatzoglou A, Meyer D, Hornik K. Support vector machines in R. J Stat
Softw. 2006;15:1-28.

Chen T, He T, Benesty M, et al. Xgboost: extreme gradient boosting. R
Packag version 04-2. 2015;1(4):1-4.

Shin WS, Yeom HG, Lee GH, et al. Deep learning based prediction of
necessity for orthognathic surgery of skeletal malocclusion using
cephalogram in Korean individuals. BMC Oral Health. 2021;21(1).
doi:10.1186/s12903-021-01513-3

Kim Y-H, Park J-B, Chang M-S, Ryu J-J, Lim WH, Jung S-K. Influence of
the Depth of the Convolutional Neural Networks on an Atrtificial
Intelligence Model for Diagnosis of Orthognathic Surgery. J Pers Med.
2021;11(5). doi:10.3390/jpm11050356

Lin HH, Chiang WC, Yang CT, Cheng CT, Zhang T, Lo LJ. On
construction of transfer learning for facial symmetry assessment before
and after orthognathic surgery. Comput Methods Programs Biomed.
2021;200. doi:10.1016/j.cmpb.2021.105928

Tanikawa C, Yamashiro T. Development of novel artificial intelligence



49.

50.

51.

52.

53.

54.

55.

56.

53

systems to predict facial morphology after orthognathic surgery and
orthodontic treatment in Japanese patients. Sci Rep. 2021;11(1):1-11.
doi:10.1038/s41598-021-95002-w

Arnett GW, Gunson MJ. Facial planning for orthodontists and oral
surgeons. Am J Orthod Dentofac Orthop. 2004;126(3):290-295.
doi:10.1016/j.ajodo.2004.06.006

Hagensli N, Stenvik A, Espeland L. Patients offered orthognathic surgery:
Why do many refrain from treatment? J Cranio-Maxillofacial Surg.
2014;42(5):€296-e300. doi:10.1016/j.jcms.2013.10.009

Lin G, Kim P-J, Baek S-H, Kim H-G, Kim S-W, Chung J-H. Early
Prediction of the Need for Orthognathic Surgery in Patients With Repaired
Unilateral Cleft Lip and Palate Using Machine Learning and Longitudinal
Lateral Cephalometric Analysis Data. J Craniofac Surg. 2021;32(2):616-
620. d0i:10.1097/SCS.0000000000006943

Lee H, Ahmad S, Frazier M, Dundar MM, Turkkahraman H. A novel
machine learning model for class Il surgery decision. J Orofac Orthop.
Published online 2022. doi:10.1007/s00056-022-00421-7

Jacobson A. Update on the Wits appraisal. Angle Orthod.
1988;58(3):205-219.

Raposo R, Peleteiro B, Paco M, Pinho T. Orthodontic camouflage versus
orthodontic-orthognathic surgical treatment in class Il malocclusion: a
systematic review and meta-analysis. Int J Oral Maxillofac Surg.
2018;47(4):445-455. doi:10.1016/j.ijom.2017.09.003

Proffit WR, Phillips C, Tulloch JF, Medland PH. Surgical versus
orthodontic correction of skeletal Class Il malocclusion in adolescents:
effects and indications. Int J Adult Orthodon Orthognath Surg.
1992;7(4):209-220. http://www.ncbi.nim.nih.gov/pubmed/1298780

Kerr WJS, Miller S, Dawber JE. Class Il Malocclusion: Surgery or
Orthodontics? Br J Orthod. 1992;19(1):21-24. doi:10.1179/bjo.19.1.21

Figure Captions

Figure 1. Cephalometric points, planes, and tracing made with Studio 3.
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Figure 2. Methods worflow. Data capture of class Il and class Il patients. Data
processing of cephalometric variables, patients' age and sex. Data analytics
divided in true treament and consensus diagnosis to train and test the machine
learning models to predict if the patient needs orthodontics or orthognathic
surgery. Important and significant features that were extracted from the
cephalometric variables and the performance metrics.

Figure 3. ROC curve of the consensus diagnosis of validation (A) and testing
set (B) for class Il patients.

Figure 4. ROC curve of the consensus diagnosis of validation (A) and testing
set (B) for class Ill patients.

Figure 5. Most important features for Random Forest and XGBoost consensus
diagnosis for entire sample (A and B), class Il (C and D) and class Il patients (E
and F), respectively.

Figure 6. Boxplot for the most important features for consensus diagnosis in
class Il (A) and class Il patients (B). Circunplot for most significant features for

consensus diagnosis in class Il (C) and class lll patients (D
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Figure 6.

A B

Boxplots of top features for surgery vs ortho (consensus diagnosis) Boxplots of top features for surgery vs ortho (consensus diagnosis)
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Table I. Cephalometric variables that were mensured in lateral radiographs.

Variables

Description

Relation between maxilla and mandible with the cranial base

Relation between the maxilla and the

SNA .
cranial base

SNB Relation between the mandible and the
cranial base

A-Nperp Relation between the maxilla and the
cranial base
Pog-Nperp Relation between the mandible and the
cranial base
Cranial base evaluation
SNBa Cranial base angle

Ant. Cran. Base
Post. Cran. Base

Anterior Cranial Base's length
Posterior Cranial Base's length

Relation between maxilla and mandible

ANB

Witts

Co-A
Co-Gn

Angular relationship between maxilla and
mandible

Linear relationship between maxilla and
mandible
Maxilla's lenght

Mandible's lenght
Vertical Analysis

(S-N).(Go-Me)

Cranial base and mandibular plane angle

S-N.Gn the cranial base and Gnatium angle
FMA Frankfurt to mandibular plane angle
Mx.Md maxilary to mandibular plane angle
FH.Mx Frankfurt to maxilary plane angle
AFAI Lower Anterior Facial Height
AFPI Lower posterior Facial Height

Dental Analysis

1.NA Upper incisor's inclination
1-NA Upper incisor's protrusion
1.NB Lower incisor's inclination
1-NB Lower incisor's protrusion
IMPA Mandibular incisor plane angle
FMIA Frankfurt mandibular incisor plane angle
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1.PlanoMx Maxilla's incisor to maxilary plane angle
Profile Analysis
Prn.(Sn-Ls) Nasolabial angle
H-Nariz Holdway line distance to pro-nasal point
HNB Profile's avaliation
Occlusal Plane Analysis
S-N.Plano Oclusal Cranial base and occlusal plane angle
F.Plano Oclusal Frankfurt plane and occlusal plane angle
Airways Analysis
Nfa-Nfp Upper airways analisys

Bfa-Bfp Lower airways analisys




Table 1l. 10 methods and combined ML model validation and testing set for the entire sample consensus diagnosis.
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bayesgim
glmboost
glmnet
hdda

lda2
naive_bayes
nnet

RF
svmLinear
xgbTree

Combined ML

bayesgim
glmboost
glmnet

hdda

lda2
naive_bayes
nnet

RF

10 methods validation set for consensus diagnosis for entire sample

Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho Flscore AUC
0.681 0.652 0.699 0.57 0.767 0.67 0.733
0.61 0.565 0.633 0.443 0.738 0.589 0.674
0.676 0.647 0.693 0.557 0.767 0.663 0.735
0.681 0.615 0.747 0.709 0.66 0.68 0.749
0.67 0.634 0.694 0.57 0.748 0.66 0.733
0.692 0.621 0.77 0.747 0.65 0.692 0.786
0.78 0.767 0.789 0.709 0.835 0.774 0.842
0.758 0.754 0.761 0.658 0.825 0.747 0.81
0.643 0.63 0.648 0.43 0.806 0.615 0.724
0.758 0.722 0.786 0.722 0.786 0.754 0.798
0.797 0.818 0.784 0.684 0.883 0.788 0.871
10 methods testing set for consensus diagnosis for entire sample
Accuracy Precision_surgery Precision_ortho Recall_surgery Recall_ortho  Flscore AUC
0.598 0.611 0.589 0.489 0.702 0.592 0.661
0.582 0.594 0.574 0.456 0.702 0.574 0.626
0.609 0.625 0.598 0.5 0.713 0.603 0.664
0.625 0.604 0.651 0.678 0.574 0.624 0.706
0.598 0.603 0.594 0.522 0.67 0.595 0.659
0.679 0.65 0.716 0.744 0.617 0.679 0.737
0.685 0.686 0.684 0.656 0.713 0.684 0.776
0.701 0.74 0.676 0.6 0.798 0.697 0.792
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svmLinear 0.629 0.582 0.433 0.755 0.585 0.661
xgbTree 0.708 0.716 0.7 0.723 0.712 0.779
Combined ML 0.714 0.7 0.667 0.745 0.706 0.791
Table 11l. 10 methods and combined ML model validation and testing set for class Il patients consensus diagnosis.
10 methods validation set for consensus diagnosis for class Il patients
Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho Flscore AUC
bayesgim 0.755 0.742 0.773 0.831 0.667 0.75 0.821
glmboost 0.691 0.687 0.698 0.78 0.588 0.684 0.812
glmnet 0.736 0.721 0.762 0.831 0.627 0.73 0.828
hdda 0.609 0.621 0.591 0.695 0.51 0.602 0.693
lda2 0.736 0.727 0.75 0.814 0.647 0.731 0.79
naive_bayes 0.709 0.68 0.771 0.864 0.529 0.695 0.787
nnet 0.755 0.735 0.786 0.847 0.647 0.749 0.848
RF 0.782 0.787 0.776 0.814 0.745 0.78 0.846
svmLinear 0.755 0.75 0.761 0.814 0.686 0.751 0.83
xgbTree 0.782 0.787 0.776 0.814 0.745 0.78 0.807
Combined ML 0.855 0.852 0.857 0.881 0.824 0.853 0.905
10 methods testing set for consensus diagnosis for class Il patients
Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho Flscore AUC
bayesglim 0.705 0.661 0.75 0.725 0.689 0.705 0.795
glmboost 0.723 0.652 0.826 0.843 0.623 0.723 0.817
glmnet 0.705 0.655 0.759 0.745 0.672 0.705 0.804
hdda 0.67 0.625 0.714 0.686 0.656 0.669 0.688



lda2 0.705 0.661 0.75 0.725 0.689 0.705 0.774
naive_bayes 0.714 0.656 0.784 0.784 0.656 0.714 0.777
nnet 0.705 0.661 0.75 0.725 0.689 0.705 0.816
RF 0.768 0.727 0.807 0.784 0.738 0.763 0.798
svmLinear 0.705 0.661 0.75 0.725 0.689 0.705 0.799
xgbTree 0.688 0.629 0.76 0.765 0.623 0.687 0.811
Combined ML 0.759 0.722 0.793 0.765 0.754 0.758 0.824
Table 1V. 10 methods and combined ML model validation and testing set for class Il patients consensus diagnosis.
10 methods validation set for consensus diagnosis for class lll patients
Accuracy Precision _surgery Precision_ortho Recall surgery Recall ortho Flscore AUC
bayesgim 0.775 0.731 0.8 0.679 0.837 0.761 0.86
glmboost 0.704 0.64 0.739 0.571 0.791 0.684 0.818
glmnet 0.789 0.741 0.818 0.714 0.837 0.777 0.87
hdda 0.704 0.64 0.739 0.571 0.791 0.684 0.801
lda2 0.69 0.594 0.769 0.679 0.698 0.683 0.808
naive_bayes 0.817 0.692 0.969 0.964 0.721 0.816 0.842
nnet 0.718 0.625 0.795 0.714 0.721 0.711 0.771
RF 0.732 0.68 0.761 0.607 0.814 0.714 0.796
svmLinear 0.732 0.696 0.75 0.571 0.837 0.709 0.837
xgbTree 0.746 0.727 0.755 0.571 0.86 0.722 0.809
Combined ML 0.873 0.806 0.925 0.893 0.86 0.87 0.923

10 methods testing set for consensus diagnosis for class Il patients "




bayesglm
glmboost
glmnet
hdda
lda2
naive_bayes
nnet
RF
svmLinear
xgbTree

Combined ML
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Accuracy Precision_surgery Precision_ortho Recall _surgery Recall ortho Flscore AUC
0.795 0.833 0.776 0.645 0.905 0.781 0.894
0.726 0.739 0.72 0.548 0.857 0.706  0.847
0.767 0.85 0.736 0.548 0.929 0.744 0.884
0.808 0.815 0.804 0.71 0.881 0.8 0.824
0.767 0.733 0.791 0.71 0.81 0.761 0.846
0.863 0.889 0.848 0.774 0.929 0.857 0.898
0.781 0.759 0.795 0.71 0.833 0.774 0.841
0.849 0.917 0.816 0.71 0.952 0.84 0.882
0.781 0.8 0.771 0.645 0.881 0.768 0.873
0.795 0.864 0.765 0.613 0.929 0.778 0.861
0.822 0.909 0.784 0.645 0.952 0.807  0.89




Supplementary Tables

Supplumentary Table I. 10 methods and combined ML model validation and testing set for the entire sample true treatment.
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bayesgim
glmboost
glmnet

hdda

lda2
naive_bayes
nnet

RF
svmLinear
xgbTree

bayesglm
glmboost
glmnet

hdda

lda2
naive_bayes
nnet

RF
svmLinear

10 methods validation set for true treatment for entire sample

Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho  Flscore AUC
0.637 0.657 0.61 0.697 0.566 0.632 0.647
0.61 0.635 0.577 0.667 0.542 0.605 0.609
0.604 0.626 0.573 0.677 0.518 0.597 0.619
0.659 0.687 0.627 0.687 0.627 0.657 0.716
0.637 0.651 0.616 0.717 0.542 0.63 0.652
0.676 0.685 0.662 0.747 0.59 0.67 0.743
0.714 0.753 0.674 0.707 0.723 0.713 0.776
0.714 0.737 0.687 0.737 0.675 0.709 0.781
0.654 0.664 0.639 0.737 0.554 0.646  0.658
0.692 0.722 0.659 0.707 0.675 0.69 0.747

10 methods testing set for true treatment for entire sample

Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho  Flscore AUC
0.62 0.638 0.595 0.677 0.553 0.615 0.646
0.636 0.633 0.641 0.768 0.482 0.622 0.636
0.614 0.625 0.597 0.707 0.506 0.606 0.631
0.679 0.672 0.691 0.788 0.553 0.67 0.71
0.636 0.645 0.622 0.717 0.541 0.629 0.646
0.63 0.628 0.635 0.768 0.471 0.616 0.702
0.652 0.677 0.624 0.677 0.624 0.65 0.712
0.668 0.676 0.658 0.737 0.588 0.663 0.725
0.652 0.647 0.662 0.778 0.506 0.64 0.659



xgbTree

bayesglm
glmboost
glmnet
hdda
lda2
naive_bayes
nnet
RF
svmLinear
xgbTree

bayesgim
glmboost
glmnet
hdda
lda2
naive_bayes
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0.62 0.631 0.603 0.707 0.518 0.612 0.712
Supplementary Table Il. 10 methods ML models validation and testing set for class Il patients true treatment.
10 methods validation set for true treatment for class Il patients
Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho  Flscore AUC
0.664 0.688 0.606 0.803 0.455 0.63 0.703
0.682 0.701 0.636 0.818 0.477 0.65 0.729
0.664 0.688 0.606 0.803 0.455 0.63 0.705
0.691 0.722 0.632 0.788 0.545 0.669 0.736
0.655 0.675 0.6 0.818 0.409 0.613 0.704
0.673 0.692 0.625 0.818 0.455 0.638 0.76
0.682 0.691 0.655 0.848 0.432 0.641 0.723
0.682 0.701 0.636 0.818 0.477 0.65 0.777
0.664 0.667 0.652 0.879 0.341 0.603 0.705
0.736 0.74 0.727 0.864 0.545 0.71 0.713
10 methods testing set for true treatment for class Il patients
Accuracy Precision_surgery Precision_ortho Recall_surgery Recall_ortho  Flscore AUC
0.777 0.769 0.794 0.896 0.6 0.756  0.847
0.777 0.769 0.794 0.896 0.6 0.756  0.828
0.777 0.769 0.794 0.896 0.6 0.756  0.848
0.661 0.738 0.569 0.672 0.644 0.654 0.729
0.768 0.766 0.771 0.881 0.6 0.747 0.83
0.732 0.753 0.692 0.821 0.6 0.714 0.782
0.732 0.728 0.742 0.881 0.511 0.701 0.834

nnet
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RF 0.688 0.695 0.667 0.851 0.444 0.649 0.748
svmLinear 0.75 0.735 0.793 0.91 0.511 0.717 0.847
xgbTree 0.688 0.722 0.625 0.776 0.556 0.668 0.755
Supplementary Table Ill. 10 methods ML models validation and testing set for class Il patients true treatment.
10 methods validation set for true treatment for class Il patients
Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho  Flscore AUC
bayesgim 0.789 0.718 0.875 0.875 0.718 0.789 0.78
glmboost 0.746 0.675 0.839 0.844 0.667 0.746  0.782
glmnet 0.817 0.757 0.882 0.875 0.769 0.817 0.787
hdda 0.69 0.639 0.743 0.719 0.667 0.69 0.76
lda2 0.746 0.667 0.862 0.875 0.641 0.746  0.758
naive_bayes 0.676 0.636 0.711 0.656 0.692 0.674 0.758
nnet 0.662 0.654 0.667 0.531 0.769 0.65 0.777
RF 0.662 0.611 0.714 0.687 0.641 0.661 0.707
svmLinear 0.789 0.718 0.875 0.875 0.718 0.789 0.796
xgbTree 0.634 0.6 0.659 0.562 0.692 0.628 0.707
10 methods testing set for true treatment for class Il patients
Accuracy Precision surgery Precision_ortho Recall surgery Recall ortho Flscore AUC
bayesglim 0.863 0.897 0.841 0.788 0.925 0.86 0.904
glmboost 0.822 0.857 0.8 0.727 0.9 0.817 0.879
glmnet 0.863 0.926 0.826 0.758 0.95 0.859 0.899
hdda 0.836 0.818 0.85 0.818 0.85 0.834 0.888
lda2 0.795 0.781 0.805 0.758 0.825 0.792 0.852
naive_bayes 0.808 0.828 0.795 0.727 0.875 0.804 0.865
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nnet 0.781 0.84 0.75 0.636 0.9 0.771 0.825
RF 0.726 0.76 0.708 0.576 0.85 0.714 0.809
svmLinear 0.863 0.871 0.857 0.818 0.9 0.861 0.9

xgbTree 0.836 0.92 0.792 0.697 0.95 0.828  0.905

Supplementary Table IV. 10 methods and combinated ML model validation and testing set for the entire sample true treatment.
Expert prediction for true treatment for validation set for the entire sample.

Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC

Ortho A 0.67 0.767 0.606 0.566 0.795 0.669 0.68

Surgeon.B 0.533 0.585 0.49 0.485 0.59 0.533 0.538

Ortho C 0.72 0.75 0.686 0.727 0.711 0.718 0.719

Surgeon D 0.654 0.781 0.585 0.505 0.831 0.65 0.668

Expert prediction for consensus diagnosis for validation set for the entire sample

Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC

Ortho A 0.879 0.89 0.872 0.823 0.922 0.876  0.873

Surgeon.B 0.61 0.549 0.66 0.57 0.641 0.605 0.605

Ortho C 0.819 0.74 0.907 0.899 0.757 0.818 0.828

Surgeon D 0.819 0.859 0.797 0.696 0.913 0.81 0.804

Expert prediction for true treatment for testing set for the entire sample.

Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC

Ortho A 0.707 0.753 0.663 0.677 0.741 0.706  0.709

Surgeon.B 0.451 0.486 0.429 0.354 0.565 0.448  0.459

Ortho C 0.668 0.683 0.65 0.717 0.612 0.665 0.664

Surgeon D 0.674 0.775 0.611 0.556 0.812 0.672 0.684
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Expert prediction for consensus diagnosis for testing set for the entire sample.

Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC
Ortho A 0.864 0.865 0.863 0.856 0.872 0.864 0.864
Surgeon.B 0.533 0.528 0.536 0.422 0.638 0.526 0.53
Ortho C 0.837 0.788 0.9 0.911 0.766 0.836  0.839
Surgeon D 0.864 0.958 0.805 0.756 0.968 0.862 0.862
Supplementary Table V. Performance metrics based on 4 experts predictions for true treatments and consensus diagnoses for
validation and testing set for class Il patients
Expert prediction for true treatment for validation set for class Il patients
Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC
Ortho A 0.673 0.812 0.565 0.591 0.795 0.672  0.693
Surgeon.B 0.482 0.6 0.4 0.409 0.591 0.482 0.5
Ortho C 0.664 0.723 0.578 0.712 0.591 0.651  0.652
Surgeon D 0.664 0.774 0.561 0.621 0.727 0.661 0.674
Expert prediction for consensus diagnosis for validation set for class Il patients
Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC
Ortho A 0.845 0.937 0.774 0.763 0.941 0.845 0.852
Surgeon.B 0.6 0.667 0.554 0.508 0.706 0.599 0.607
Ortho C 0.782 0.769 0.8 0.847 0.706 0.778 0.777
Surgeon D 0.855 0.906 0.807 0.814 0.902 0.854 0.858
Expert prediction for true treatment for testing set for class Il patients
Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC
Ortho A 0.661 0.837 0.551 0.537 0.844 0.661 0.691
Surgeon.B 0.402 0.5 0.31 0.403 0.4 0.398 0.599
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Ortho C 0.67 0.734 0.583 0.701 0.622 0.66 0.662
Surgeon D 0.58 0.763 0.486 0.433 0.8 0.579 0.616
Expert prediction for consensus diagnosis for testing set for class Il patients

Accuracy Precision surgery Precision ortho Recall surgery Recall ortho Flscore AUC

Ortho A 0.857 0.907 0.826 0.765 0.934 0.853 0.85
Surgeon.B 0.491 0.444 0.534 0.471 0.508 0.489 0.489
Ortho C 0.759 0.687 0.854 0.863 0.672 0.759 0.767
Surgeon D 0.777 0.842 0.743 0.627 0.902 0.767 0.765

Supplementary Table VI. Performance metrics based on 4 experts predictions for true treatments and consensus diagnoses for
validation and testing set.
Expert prediction for true treatment for validation set for class Ill patients

Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho  Flscore AUC

Ortho A 0.718 0.75 0.702 0.562 0.846 0.705 0.704
Surgeon.B 0.437 0.357 0.488 0.312 0.538 0.423 0.425
Ortho C 0.69 0.632 0.758 0.75 0.641 0.69 0.696
Surgeon D 0.69 0.778 0.66 0.437 0.897 0.66 0.667

Expert prediction for consensus diagnosis for validation set for class Ill patients

Accuracy Precision_surgery Precision_ortho Recall surgery Recall ortho Flscore AUC

Ortho A 0.915 0.958 0.894 0.821 0.977 0.909 0.899
Surgeon.B 0.549 0.429 0.628 0.429 0.628 0.528 0.528
Ortho C 0.859 0.737 1 1 0.767 0.858 0.884
Surgeon D 0.803 0.889 0.774 0.571 0.953 0.775 0.762

Expert prediction for true treatment for testing set for class Il patients
Accuracy Precision_surgery Precision_ortho Recall_surgery Recall_ortho = Flscore AUC




Ortho A
Surgeon.B
Ortho C
Surgeon D

Ortho A
Surgeon.B
Ortho C
Surgeon D
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0.767 0.767 0.767 0.697 0.825 0.763 0.761
0.479 0.414 0.523 0.364 0.575 0.467 0.469
0.685 0.625 0.758 0.758 0.625 0.685 0.691
0.726 0.783 0.7 0.545 0.875 0.71 0.71
Expert prediction for consensus diagnosis for testing set for class Il patients
Accuracy Precision_surgery Precision_ortho Recall _surgery Recall_ortho  Flscore AUC
0.932 0.933 0.93 0.903 0.952 0.93 0.928
0.534 0.448 0.591 0.419 0.619 0.519 0.519
0.822 0.725 0.939 0.935 0.738 0.822 0.837
0.863 0.957 0.82 0.71 0.976 0.853 0.843
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4 CONCLUSAO

Essa dissertagdo demostrou que a inteligéncia artificial pode ser utilizada como
auxilio na tomada de deciséo para tratamento ortodéntico e cirargico. O primeiro artigo
concluiu que a IA pode ser utilizada para melhorar diagnésticos e planos de
tratamentos utilizando imagens radiograficas, sendo que as melhores aplicacdes
foram para osteoartrite nas articulagbes temporomandibulares, maturacdo e
classificacdo esquelética, sindrome da apnéia obstrutiva do sono e necessidade de
cirurgia ortognatica. Ja4 o segundo artigo concluiu que o modelo proposto pode auxiliar
0 processo de tomada de decisdo do ortodontista para definir se um paciente
necessita ou ndo de cirurgia ortognatica. Além disso, o modelo apresentou melhores
resultados quando treinado por diagndsticos obtidos em consenso entre experts e em

pacientes com padrao esquelético classe lll.
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convencional e/ou preparo cirlrgico e os dados alimentardo um sistema de inteligéncia artificial para
predicdo se um paciente é classificado como cirdrgico ou tratamento ortoddntico convencional.”

Objetivo da Pesquisa:

O objetivo deste trabalho é desenvolver e avaliar diferentes modelos de inteligéncia virtual capazes de
predizer se um paciente necessita ou ndo de cirurgia ortognatica a partir dos valores obtidos em
telerradiografias laterais, previamente ao tratamento (T1) avaliando tanto tecido duro e mole, e avaliar se
este modelo é preciso em suas tomadas decisoes.

Avaliacao dos Riscos e Beneficios:

Riscos: segundo os pesquisadores, havera exposicédo de dados dos pacientes, mas o risco sera minimizado
pelo uso de cbddigos, que impossibilitem a identificagdo dos exames.

Beneficios: Os pacientes nédo se beneficiardo diretamente com este estudo, porém os resultados obtidos
serao utilizados para melhora do diagnéstico cirargico de outros pacientes, no futuro.

Comentarios e Consideracdes sobre a Pesquisa:

Estudo Nacional e unicéntrico, retrosprospectivo, ndo randomizado, de carater académico para obtencédo de
titulo de mestrado para o aluno PEDRO HENRIQUE JOSE DE OLIVEIRA, cujo orientador é o Prof® Dr°
Jonas Bianchi. Ndo havera patrocinador. Serdo incluidos 1.000 telerradiografias provenientes do arquivo de
uma clinica de Campinas, do periodo de 2000 a 2014.

“Os critérios de incluséo seréo telerradiografias mostrando Classe Il esquelético, definido pelo angulo ANB4
e/ou Witts>0, classe Il esquelético, definido pelo angulo ANBOe/ou Witts”.

Os pesquisadores propdem a dispensa do TCLE, porque ndo possuem o contato direto com os pacientes e
afirmam n&o conseguir realizar a busca desses pacientes para poder pedir autorizagéo. Sendo assim, o
estudo ira trabalhar com banco de dados que ja estdo em posse do pesquisador responsavel. Todos os
pacientes receberdo um cédigo para preservar a identidade dos mesmos. Segundo os pesquisadores, “A
clinica particular em Campinas ira ceder em forma de arquivo de excel (.xIsx) os dados cefalométricos dos
pacientes ja desidentificados e catalogados, em forma de ID (001, 002, 003...).

Outras informagbes a respeito do paciente que serdo fornecidos séo: “idade, sexo e se o0 paciente passou
ou nao por cirurgia ortognatica, para que possa ser feita analise estatistica descritiva destes dados.”

A partir dessas telerradiografias seréo realizadas andlises por inteligéncia artificial utilizando algoritmos de
machine learning para avaliagéo dos dados. Para isso, as telerradiografias dos
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pacientes, que ja receberam cirurgia ou ortodontia, serdo adicionadas aos modelos de algoritmos junto com
seus valores cefalométricos. Por meio da cross-validation e processamento estatistico a inteligéncia artificial
ira predizer se um paciente é do tipo cirargico ou ortodéntico, com base nos valores apresentados na
cefalometria inicial e na classificacdo pelo exame clinico. Serdo avaliados a acuracia, sensibilidade,
especificidade, area sobre a curva (ROC curve) e score “F1” dos modelos computacionais gerados.
A previsao de inicio e término do projeto € de: 02-09-2021 a 30-03-2023.

Consideracdes sobre os Termos de apresentacao obrigatoria:

Os seguintes documentos foram inseridos na Plataforma Brasil:

1 - Autorizagdo da chefia do departamento de Odontopediatria da FOAr-UNESP e da clinica Melchiades de
Odontologia, em Campinas, portadora das telerradiografias.

2 — Cronograma

3 — Orcamento

4- Protocolo PB

5 - Projeto de pesquisa em arquivo word

6 - Folha de rosto

7 - Termo de compromisso de utilizacdo de dados sigilosos (TCUD)

8 - Termo de concordancia com a resolugdo 466/12 e com as normas do CEP da FOAr-UNESP.
Os pesquisadores solicitaram dispensa do TCLE.

Recomendacoées:
Vide campo Conclusbes ou Pendéncias e Lista de Inadequacoes.

Conclus6es ou Pendéncias e Lista de Inadequacoes:

Todas as pendéncias anteriores foram atendidas e atualizadas na plataforma Brasil, de acordo com o que
segue:

Pendéncia 1

No documento intitulado Orcamento, submetido em 27/05/2021, solicita-se que seja esclarecido que o
recurso sera do préprio pesquisador, pois somente esta escrito custeio.

RESPOSTA: Foi anexado novo documento (24/06/2021) com alteragéo seguindo a solicitagao.

ATENDIDA

Pendéncia 2
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Nos documentos intitulados PB Informacbes Basicas do Projeto, ProjetodePesquisaPedroHJOliveira,
submetidos em 27/05/2021, a sele¢do das imagens compreendera o periodo de 1980 a 2021 e outras de
2000 a 2014 e no documento de TermoDeDispensaTCLESigned, submetido em 16/04/2021, a sele¢éo das
imagens compreenderd o periodo de 2000 a 2014, no documento intitulado
TermoDeCompromissoDeUtilizacaodeDadosTCUDSigned submetido em 16/04/2021, a selegdo das
imagens compreendera o periodo de 2000 a 2018, esclarecer essas inconsisténcias e adequar todos os
documentos para um unico periodo.

RESPOSTA: A principio a ideia seria que abrangendo um periodo de tempo maior, acreditou-se que
facilitaria na sele¢do dos dados e também em um numero amostral maior. No entanto, para manter maior
qualidade de imagem e buscar padronizagcéo, optou-se selecionar as imagens compreendendo o periodo de
2000 a 2014, pois desta forma visamos abranger apenas telerradiografias digitais. Os documentos que
estavam com a data errada foram alterados seguindo a solicitagéo.

ATENDIDA

Pendéncia 3

No documento intitulado PB Informagbes Basicas do Projeto, submetido em 27/05/2021, adequar o item
critérios de inclusdo: Os critérios de inclusdo serdo TELERRADIOGRAFIAS mostrando Classe Il
esquelético, definido pelo angulo ANB4 e/ou Witts>0, classe Ill esquelético, definido pelo angulo ANBOe/ou
Witts<0[16,37], com ou sem extragOes de pré-molares, pacientes maiores de 16 anos e estagio de
maturacdo vertebral CS 5 ou CS 6.

RESPOSTA: O documento foi alterado seguindo a solicitagdo (“Os critérios de inclusdo serédo
telerradiografias mostrando Classe Il esquelético, definido pelo dngulo ANB4 e/ou Witts>0, classe Il
esquelético,

definido pelo angulo ANBOe/ou Witts<0[16,37], com ou sem extra¢des de pré-molares, pacientes maiores de
16 anos e estagio de maturacgéo vertebral CS 5 ou CS 6 [38].”)

ATENDIDA

Pendéncia 4

Nos documentos intitulados PB Informagdes Basicas do Projeto, submetido em 27/05/2021,noTermoD e
DispensaTCLESigned,submetidoem16/04/2021,no0
TermoDeCompromissoDeUtilizacaodeDadosTCUDSigned submetido em 16/04/2021, no
ProjetodePesquisaPedroHJOliveira, submetido em 27/05/2021 é comentado que os dados
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utilizados serdo DESIDENTIFICADQOS, solicita-se esclarecer como sera feita a sele¢éo de idade.
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RESPOSTA: A clinica particular em Campinas ira ceder em forma de arquivo de excel (.xIsx) os dados

cefalométricos dos pacientes ja desidentificados e catalogados, em forma de ID (001, 002, 003...). Além

destes dados, as outras informagdes a respeito do paciente seréo fornecidos: teleradiografias, idade, sexo e

se 0 paciente passou ou ndo por cirurgia ortognatica, para que possa ser feita andlise estatistica descritiva

destes dados.
ATENDIDA

Pendéncia 5

Nos documentos intitulados PB Informagbes Basicas do Projeto, ProjetodePesquisaPedroHJOliveira,

submetidos em 27/05/2021, CronogramaSigned, submetido em 16/04/2021, solicita-se que seja adequado o

cronograma para inicio em 02/09/2021. Caso outro documento apresente o cronograma o mesmo devera

ser alterado.

RESPOSTA: Os documentos foram alterados seguindo a solicitagéo.

ATENDIDA

Consideragoes Finais a critério do CEP:
Protocolo APROVADO em reunido de 13 de agosto de 2021.
O pesquisador devera apresentar um relatério parcial no meio do periodo da pesquisa e um relatério final.

Deve ser apresentado somente o relatério final em pesquisas com duragéo de até 1 ano.

Este parecer foi elaborado baseado nos documentos abaixo relacionados:

Tipo Documento Arquivo Postagem Autor Situagao
Informacgdes Basicas|PB_INFORMACOES_BASICAS_DO_P | 09/07/2021 Aceito
do Projeto ROJETO_1728957.pdf 17:10:09
Declaragéo de TermoCompromissoUtilizacaoDadosTC | 09/07/2021 |PEDRO HENRIQUE | Aceito
Pesquisadores UDsigned.pdf 17:09:57 [JOSE DE OLIVEIRA
Outros CartaRespostaCEPSigned.pdf 09/07/2021 |PEDRO HENRIQUE | Aceito
17:09:38 [JOSE DE OLIVEIRA

Parecer Anterior PB_PARECER_CONSUBSTANCIADO_| 24/06/2021 |PEDRO HENRIQUE | Aceito
CEP_4769075.pdf 22:10:43 | JOSE DE OLIVEIRA

Orcamento Orcamento2.pdf 24/06/2021 |PEDRO HENRIQUE | Aceito
22:10:24 | JOSE DE OLIVEIRA

Projeto Detalhado / | ProjetoPesquisaPedroHJOliveira.pdf 24/06/2021 |PEDRO HENRIQUE | Aceito
Brochura 22:09:39 | JOSE DE OLIVEIRA
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Investigador ProjetoPesquisaPedroHJOliveira.pdf 24/06/2021 |PEDRO HENRIQUE | Aceito
22:09:39 | JOSE DE OLIVEIRA
Cronograma Cronogramav2.pdf 24/06/2021 [PEDRO HENRIQUE | Aceito
22:08:34 | JOSE DE OLIVEIRA
Declaracao de AutorizacaoUsoDependenciasDepto.pdf | 27/05/2021 |PEDRO HENRIQUE | Aceito
Instituicdo e 20:38:53 |JOSE DE OLIVEIRA
Infraestrutura
Declaragao de AutorizacaoDeUsoDependenciasCMO.p| 27/05/2021 |PEDRO HENRIQUE | Aceito
Instituicdo e df 20:37:49 |JOSE DE OLIVEIRA
Infraestrutura
TCLE / Termos de | TermoDeDispensaTCLESigned.pdf 16/04/2021 |PEDRO HENRIQUE | Aceito
Assentimento / 16:49:30 |JOSE DE OLIVEIRA
Justificativa de
Auséncia
Declaragéo de TermoDeConcordanciaSigned.pdf 16/04/2021 |PEDRO HENRIQUE | Aceito
concordancia 16:49:02 | JOSE DE OLIVEIRA
Folha de Rosto FolhadeRostoAssinada.PDF 16/04/2021 |PEDRO HENRIQUE | Aceito
16:42:27 | JOSE DE OLIVEIRA

Situacao do Parecer:

Aprovado
Necessita Apreciacao da CONEP:
Nao
ARARAQUARA, 14 de Agosto de 2021
Assinado por:
Andréa Goncalves
(Coordenador(a))
Endereco: HUMAITA 1680, SALA 512
Bairro: CENTRO CEP: 14.801-903
UF: SP Municipio: ARARAQUARA
Telefone: (16)3301-6459 E-mail: cep@foar.unesp.br
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N&o autorizo a publicacdo deste trabalho pelo prazo de 2 anos.
(Direitos de publicacao reservado ao autor)
Araraquara, 26 de Janeiro de 2023.

Pedro Henrique José de Oliveira
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