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ABSTRACT: The increasing use of Artificial
Intelligence (Al) and Machine Learning (ML) has
had a significant impact on orthodontics,
particularly in improving areas such as clinical
imaging analysis, treatment planning, and
diagnostics. Al-driven tools, such as Convolutional
Neural Networks (CNNs), enhance skeletal
maturity assessment and play a major role in the
classification of dental conditions. Despite
challenges like methodological variability and
regulatory approval, Al continues to advance
orthodontic research and practice.The objective of
this article is to explore the integration of artificial
intelligence (Al) and machine learning (ML) in
orthodontics, highlighting their impact on clinical
imaging, diagnostics, and treatment planning while
addressing challenges such as data privacy,
methodological  variability, and  regulatory
constraints. By analysing various studies, this
review aims to demonstrate the advancements Al
has brought to orthodontics and emphasize the need
for standardized data practices, transparency, and
collaborative  research  to  drive  further
progress.Relevant articles were selected using the
Google Scholar search engine, focusing on peer-
reviewed studies published between 2019 and
2024. To ensure unbiased evaluation, two
independent  reviewers assessed the chosen
studies.Artificial intelligence and machine learning
have significantly improved diagnostic precision
and treatment workflows in orthodontics. However,
further advancements are needed in areas like data
standardization, privacy protection, and regulatory
approval.

KEYWORDS: Atrtificial Intelligence  (Al),
Machine Learning (ML), diagnostics, clinical
imaging, data standardization.

I. INTRODUCTION
Machine learning (ML) and artificial
intelligence (Al) M are being rapidly integrated into
orthodontics and have significantly enhanced the
availability of various applications for the clinical
imaging analysis of patients, the planning of

treatment, and the advancement of diagnostic
algorithms. Constituent technologies, such as deep
learning models (DLMs), @including
Convolutional Neural Networks (CNN) and
machine learning (ML) algorithms are utilized in
aspects such as skeletal maturity assessment
through cervical vertebrae maturation analysis,
recognition and classification of dental conditions.
Computer-Aided-Design (CAD) ™ supportive
software in synergy with modern 10S enables the
production of realistic digital representations of
dentition, which facilitates the simulation of dental
operations. However, there are still some concerns
involving methodological variability in Al
research, problems with data segmentation, and the
relatively low number of Al devices approved by
regulations 1. Moreover, considering Al
integration in orthodontic practice, consideration
must be given to aspects such as research
transparency, the possibility of reproducing results
Bl and the validation of Al procedures to make
usage safe. However, the current and future use of
Al and ML in orthodontics continues to grow
towards enhancing the efficiency of sharing data,
standardization, and quality of research in
orthodontics.

Il. MATERIALS AND METHODS

The Google Scholar search engine was
employed to choose relevant articles from peer-
reviewed scholarly articles; articles in the English
language published between the years 2019 to 2024
were considered for this review. In the cases of
topics that had little to no recent articles or topics
that required comparison of older and new results
to show similarity or otherwise, earlier articles
were referred. References were also examined to
ensure no relevant studies were overlooked. To
prevent bias, two reviewers independently
evaluated the selected studies.

I1l. REVIEW OF LITERATURE
Of the reviewed studies, one study
mentioned the execution of a comprehensive data
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extraction procedure by A.C. A.M. and L.T.A.-S.
M where the extracted data was systematically
organized and reviewed by L.T.A.-S. They entered
the data into a pretested Excel form where the
following characteristics of the study were
collected: country of origin, the year of publication,
the clinical field, and the details of the data like the
input data type (covariates, images, etc.), source
and size of the data ™. For every study, they
documented the kind of machine learning model,
deep learning architecture (if any), data
augmentation, reference  tests, comparators,
performance metrics, and their corresponding
values. This approach helped to avoid the potential
assumption that some data may be missing or not
fully reported and provided a clear understanding
of the materials, methods, and data utilized in
various studies. Such a comprehensive extraction
method allowed comparison of the use of Al and
ML across numerous domains of orthodontics,
including image analysis, segmentation, and
classification (with a focus on data management),
architectures of the models, and measurement of
performance.

Another study used 80 digitized X-ray
images @of lateral cephalometric films from the
American Association of Orthodontists
Foundation’s  Craniofacial ~ Growth  Legacy
Collections to define CVM stages. These images
were later independently reviewed and manually
grouped into six stages (CS1-CS6) by an
orthodontist and clinician scientist. The dataset
included 1012 images of both male and female
patients; the aim was to compare the size and shape
of cervical vertebrae. P The issues arising from
morphological differences in the vertebrae posed a
problem in identifying differences between them;
therefore, the study used deep learning techniques
through a developed AggregateNet model. They
split the dataset into a 4:1 ratio to obtain the
training and testing sets for male and female
subjects. Images were subject to initial processing
and a data augmentation process that involved
rotating, translating, and varying the contrast of the
images to avoid overfitting. The model was
equipped with three sub-networks and directional
edge filters to allow for enhanced differentiation of
the stages of CVM; moadifications made to the
AggregateNet model allowed it to categorize
cervical vertebrae of similar shapes and sizes.
Lastly, they cropped the dataset and grouped it to
obtain the relevant vertebral features, and the final
images were resized to 77 x 35 pixels to train the
model.

One study employed 3D intra-oral scans
[“rom 900 patients randomly selected from France
and Belgium concerning the European General
Data Protection Regulations (GDPR). Qualified
orthodontists and dental surgeons conducted the
scanning. Each patient underwent intraoral
scanning in the upper and lower jaw. The team
used three kinds of intraoral scanners, all of them
of high accuracy (from 10 to 90 micrometers and
point resolution (from 30 to 80 points per square
millimeter), including Primescan by Dentsply,
Trios3 by 3Shape, and iTero Element 2 Plus M. A
gendered balance was achieved within the set, at
50% of males and 50% of females, along with a
balanced age distribution, the majority being below
16 years of age. The data was obtained primarily
from patients looking for orthodontic and
prosthetic treatment. The steps involved in the
annotation process for this dataset included
preprocessing, alignment, and segmentation of the
3D scans. In the first step, redundant and
degenerated mesh faces were removed for refining
purposes, after which they aligned the scans with
the occlusal plane. From the 3D scan, each tooth
was individually and manually cropped, followed
by UV mapping to flatten the mesh for easier
annotation. Based on the UV maps, they made
annotations manually and transferred them back to
the 3D models. The teeth were then labelled using
the FDI numbering system. In the last step, clinical
experts conducted thorough checks to verify the
accuracy of the annotations. The dataset, which
now had 1800 3D scans for 900 patients !, was
split into training and test sets for a segmentation
and labelling challenge and archived on Figshare.

Data sharing ! is encouraged in the field
of research for verifying results and addressing
complex questions by creating large multi-center
datasets. Numerous funding agencies such as the
NIH, the European Commission, and NSF have
implemented policies promoting data sharing.
However, research reveals that, despite these
efforts, actual data sharing remains infrequent. A
clinical trial participants survey Plshowed that 82%
believed sharing de-identified data was beneficial,
and 93% expressed readiness to share data with
researchers. However, privacy concerns and
competitive behaviour manifest data withholding,
which hinders training, slows scientific progress
and negatively impacts the growth of knowledge in
research fields. Although many journals nowadays
mandate data sharing, investigators often refuse to
provide raw data when requested, citing concerns
over patient privacy. Secure access networks,
differential privacy, and de-identification are some
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examples of approaches that have been emerging to
address these concerns while enabling safe data
sharing. P'The European Union’s General Data
Protection Regulation (GDPR), effective in 2018,
was designed to bring about data protection and
privacy along with public access, imposing
penalties for breaches. Irrespective of the many
challenges surrounding data sharing, researchers
have found ways to do so by providing code for
data reproduction or repositories, solidifying the
belief that data sharing is possible regardless of
privacy concerns.

Despite code posing fewer privacy risks
than data !, potential information leakage concerns
remain, for example, patient details in word
embeddings.

Whilst sharing code offers benefits
compared to sharing data, it remains less preferred
due to a wide range of reasons like the risk of
finding bugs, code quality concerns, and the
supporting user’s workloads. However, code
sharing is still integral as it can offer valuable
insights into a study. Journals like PLOS ONE
encourage code sharing and require code to be well
documented, open, and archived with an identifier.
A downside is that practical constraints limit peer
review of code alongside papers. However, an
alternative way to assess shared code is via post-
publication review.

V. DISCUSSION

Acrtificial Intelligence and  Machine
Learning have revolutionized the field of
orthodontics by allowing for more innovative
approaches to tasks like analysing complex data.
One study demonstrated how systemic data
extraction serves as the cornerstone for Al-driven
research !: it involved the collection of necessary
details such as study origin, data type, and machine
learning models to serve as a basis for evaluating
the application of Al and ML across orthodontic
domains. The study facilitated the evaluation of
image analysis, segmentation, and model
performance metrics by reviewing and organizing
data, ensuring consistency and clarity in
comprehending how Al can enhance research in
orthodontics.

The use of Al by deep learning models to
analyse cervical vertebral maturation (CVM) stages
?lwas showcased in another study. Challenges such
as differentiating morphological variations in
cervical vertebrae were tackled by researchers
using digitized X-ray images and implementing the
AggregateNet model. To address issues of

overfitting, complex data augmentation techniques
were employed in the study to aid the model in
classifying different shaped and sized vertebrae and
to do so with good precision. This study
exemplified how Al-based models can enhance
diagnostic performance in orthodontic cases to
better treatment plans and practices from an
organizational perspective.

Likewise, the use of 3D intraoral scans
“in another study highlighted the role of Al in
changing the perception of orthodontics. Using
datasets that adhered to privacy regulations such as
the GDPR, the study employed preprocessing and
segmentation to refine and label dental models. The
integration of Al in orthodontics led to teeth
labelling and segmentation scans of the highest
accuracy and precision utilized in training machine
learning models for orthodontic applications.
Combined, studies indicate that artificial
intelligence and machine learning have improved
the scientific corpus of orthodontic studies by
optimizing data handling, diagnostics, and
scientific methods.

V. CONCLUSION

In conclusion, Al and Machine Learning
have been steadily earning their place in
orthodontics by providing new and innovative
pathways in clinical practice. These tools have
since significantly enhanced diagnostic precision
and by doing so also improved data management
and treatment planning.In studies where Al-driven
models have been applied to tasks such as cervical
vertebral maturation analysis and 3D intraoral
scanning, clear reductions to errors, improvement
of workflow, and provision of more personalized
treatment for patients have been demonstrated.

Despite all the promise Al and ML can
bring, some areas require more advancement —
such as standardized data, increased privacy, and
broader regulatory approval of Al-based devices.
Collaborative efforts are imperative as they are
necessary to increase research data; allow for
transparency and reproducibility and improve code
sharing. The quality of care and overall results will
only enhance as the role Al is set to play as it
develops in the field of orthodontics is
quintessential.
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