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SUMMARY AND KEYWORDS

Introduction: As developments in artificial intelligence (AlI) expand, so do its
applications in dentistry; these are important to define so that oral health
clinicians can be updated on what possibilities are already at their disposal and
what they can expect to come. Objectives: The purpose of this systematic
review was to determine the trends in Al in dentistry in Europe through
revealing which countries are most involved in its research, which fields of
dentistry Al is most applied, and which domains of AI are being most
developed within dentistry. Methodology: The databases Medline Complete
and Dentistry & Oral Sciences Source were utilised to find the 17 articles
published between 2019 and 2022 that were included. Article inclusion was
based on individual relevance to Al and dentistry, having been published in
one of the 30 listed European countries of interest, having been published in
English between 2018 and 2022, and being a research study rather than a
review. Then, the following variables were collected from each article: country
of publication, country affiliations of authors, article keywords, study type,
publication year, and the overall dental field(s) the article was most related to.
Results: The main findings were that of European countries, the United
Kingdom published the most articles related to AI in dentistry, that
publications related to Al in dentistry mostly focused on radiology, and that
deep learning was the most common domain of Al within publications related
to dentistry. Conclusions: In Europe, contributions to Al in dentistry
disproportionately stem from certain countries over others and focus on
radiology above all. In the future, it would be interesting to further research
why so many countries have fallen behind the current European pioneers and
follow-up on which fields of dentistry Al continues to grow, as well as compare
trends globally.

Keywords: dentistry; artificial intelligence; machine learning; deep learning;
Europe.



RESUMEN Y PALABRAS CLAVE

Introduccién: A medida que se expanden los desarrollos en la inteligencia
artificial (IA), también lo hacen sus aplicaciones en odontologia; es importante
definirlos para que los profesionales de salud bucodental puedan estar
actualizados sobre las posibilidades que ya existen y lo que pueden esperar en
el futuro. Objetivos: El proposito de esta revision sistematica fue determinar las
tendencias de IA en odontologia en Europa por revelar cudles paises estan mas
involucrados en su investigacion, qué campos de odontologia se aplican mas IA
y qué dominios de IA se estdn desarrollando mas dentro de la odontologia.
Metodologia: Se utilizaron las bases de datos Medline Complete y Dentistry &
Oral Sciences Source para encontrar los 17 articulos incluidos, publicados entre
2019 y 2022. La inclusién del articulo se baso en la relevancia individual a IA y
la odontologia, la publicacién en uno de los 30 enumerados paises de interés, la
publicacion en inglés entre 2018 y 2022 y ser un estudio de investigacion. Se
recopild la siguiente informacion de cada articulo: pais de publicacion, paises
de afiliacion de los autores, palabras clave, tipo de estudio, afio de publicacion y
los campos dentales mas relacionados con el articulo. Resultados: Los
principales descubrimientos fueron que, de los articulos relacionados con IA en
odontologia en Europa, el Reino Unido publicd la mayoria de los articulos y
que se centraron principalmente en radiologia y en el dominio de IA del
aprendizaje profundo. Conclusiones: En Europa, las contribuciones a IA en
odontologia provienen de manera desproporcionada de ciertos paises y se
centran sobre todo en la radiologia. En el futuro, seria interesante seguir
investigando por qué tantos paises se han quedado atrds y hacer un
seguimiento de los campos de la odontologia en que IA sigue creciendo, asi
como comparar las tendencias a nivel mundial.

Palabras Clave: odontologia; inteligencia artificial; aprendizaje automatico;

aprendizaje profundo; Europa.
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1. INTRODUCTION

1.1. What is Artificial Intelligence?
1.1.1. The Origin of Modern A.L

The term Artificial intelligence (AI/A.L) was first conceived in 1956,
primarily by computer scientist John McCarthy, alongside Marvin Minsky,
Shannon Rochester, and Nathan Rochester (1,2). It has since become known as
the ability of technology to replace human intelligence for tasks requiring
problem solving, optic recognition, or linguistic understanding (1). Even before
the term Al existed, the concept was already far in the works. In the early 1950s,
Alan Turing developed what became known as the “Turing Test”, which was
meant to assess whether one could class a machine as intelligent (2). Essentially,
if the machine was able to interact with a human, and if that human was not
able to perceive with certainty whether they were interacting with a machine or
another human, then the machine could be deemed as possessing intelligence
(2).

Al may sound quite futuristic, but it is already highly intertwined with
the world we live in. To give some well-known examples, Al is involved in hate
speech and terrorist group detection on social media platforms, email spam
filtration, automated telephone operators or chat systems, “virtual-assistants”
such as Amazon’s Alexa or Apple’s Siri, Netflix suggestions, self-driving cars,
facial recognition, and finance opportunity and risk assessment (1).

Human intelligence is learned through experiences, memories,
observation, language, and challenges as we age and develop. The ability of the
brain to absorb information, problem solve, and plan is what makes it so

special. Incidentally, as humans can learn and be taught, so can computers.


https://www.zotero.org/google-docs/?OGffUj
https://www.zotero.org/google-docs/?MaRoJR
https://www.zotero.org/google-docs/?TszyPJ
https://www.zotero.org/google-docs/?nQTsgm
https://www.zotero.org/google-docs/?HlZLim

1.1.2. Types of A.L

In terms of an Al’s ability to perform certain tasks, it depends on how
advanced the Al is. All of the Al that exists today is classed at narrow/weak Al
This means that it can perform programmed tasks “within a narrowly defined
range” (1). The succeeding level of Al would be general/strong Al (1). This Al
would be defined as being able to operate on the same level as the human brain.
Though the level of general/strong Al has not yet been achieved, it is predicted
to be reached by the year 2025 (2). If a machine were able to surpass human
intelligence, it would be classed as super AI (1).

Regarding computer learning, there are two levels. The more basic level
is called machine learning (ML). The more complex level is called deep learning

(DL). (1,2)

1.1.2.1. Machine Learning

The term machine learning was conceived by Arthur Samuel in 1959 (1).
ML is now known as the ability of a machine to self-train without explicit
programming (1). The goal is pattern detection within given data in order to
generate outcome predictions and even decision making. Moreover, the
machines can evolve and improve themselves through error feedback and
minimization (1). However, pattern detection first requires pattern
demonstration (2).

There are three learning types within ML: supervised, unsupervised, and
reinforced learning. Supervised learning requires input data to be
pre-classified (e.g. labelled radiographs) before it begins labelling things on its
own. This is wuseful for problems or predictions requiring categorical
classification or variable regression. Unsupervised learning occurs when
unlabelled data is given and the machine is forced to classify it independently;
it does so through the identification of differences. This type of learning is

useful for clustering problems where it is needed to group items based on


https://www.zotero.org/google-docs/?0mNHXT
https://www.zotero.org/google-docs/?GTzz0b
https://www.zotero.org/google-docs/?aU8OkU
https://www.zotero.org/google-docs/?rsnIKc
https://www.zotero.org/google-docs/?VRF9wT
https://www.zotero.org/google-docs/?QlpTFu
https://www.zotero.org/google-docs/?lesJZB
https://www.zotero.org/google-docs/?TiKihf
https://www.zotero.org/google-docs/?r3Y33o

correlations, which can in turn identify things such as obscured signs of
different diseases. Reinforced learning is based on rewards and trial and error.
It can be used for decision efficiency mapping. Simplified, a programmer could
set a goal for a machine and then it would learn through evaluating all the ways
it could reach said goal, noting the benefit vs. tolls of each decision until it has
mapped the path with the most net benefit. (1)

Transfer learning is another separate subset of ML that is based on a
machine applying its method of solving a previous task to solving another
similar task (2).

The drawback of ML is that it requires a lot of structure and is limited by
its difficulty functioning with multi-dimensional data or tasks which require
data that is extensively more diverse, such as the recognition of handwriting or

the processing of natural language (1).

1.1.2.2. Deep Learning

The advantage of DL is that it does not have the same limitations as ML,
since it can handle significantly more varied data and dimensionality. This
makes DL more effective at image recognition and natural language processing
(NLP). For image recognition, DL machines break down aspects of the image
into identifiable parts before putting it back together as a whole. Examples of
uses of NLP would be for applications such as predictive text, automated online
chat systems, or speech recognition. DL machines mine servers for text and data
in order to recognize patterns and self-teach. (1)

DL’s superiority comes from the integration of perceptrons, which are
manufactured neurons meant to mimic human neurons and processing.
Perceptrons were first implemented by Frank Rosenblatt in [also] in 1956.
However, the stacking of perceptrons in the creation of artificial neural

networks (ANN) was first done in 1965 by mathematician Alexey Grigorevich.
(2)


https://www.zotero.org/google-docs/?Z9bv4P
https://www.zotero.org/google-docs/?3Nq4VQ
https://www.zotero.org/google-docs/?5aKoMF
https://www.zotero.org/google-docs/?3TKEhR
https://www.zotero.org/google-docs/?0aXqjs

Nowadays, the layered neural networks have evolved to convolutional
neural networks (CNN), which contain hidden neural layers, and are what

allow for complex problem solving. (1,2)

1.2. How is Artificial Intelligence applied to dentistry?

Like in medicine, there are many ways in which AI proves useful in
terms of healthcare in dentistry. There is a constant need for more data storage
and sorting with the digitization of health records. Al has the power to make
sense of that data for medical research, epidemiology, model development, risk
predictions, improvement of efficiency, and even decision making. IBM's
supercomputer, Watson, can already be used at a clinical level for pathology
diagnosis hypotheses based on the input of clinical history information,
comparing it to published research and treatment (Tx) plans. Watson can then
list its predictions alongside its level of certainty. (1)

In dentistry, Al is already replacing some basic operations. From
scheduling regular patient appointments, to a “voice command operated dental
chair,” to appointment length and efficiency-tracking for dental students at
Columbia university (3-5).

However, it must be remembered that research with CNN’s only began in
2015, and that prior to more specific clinical application, many more rigorous
studies are required to strengthen AI performance (6,7). Medical AI still
requires many more multi-level datasets from varied populations to strengthen
generalised interactions (6,7).

Clinicians are imperfect; they are subject to bias, memory loss, and
variability (7,8). In these aspects, Al can help. However, Al cannot replace
certain aspects of human-to-human treatment, such as physical examination
and non-verbal communication; and experienced dentists are still crucial to
training Al (6,8). Al helps with diagnosing, but, ultimately, clinicians should

possess the knowledge for deciding when and when not to treat a patient by


https://www.zotero.org/google-docs/?5T7Ytp
https://www.zotero.org/google-docs/?BkuF39
https://www.zotero.org/google-docs/?tTnpAm
https://www.zotero.org/google-docs/?QvQjYw
https://www.zotero.org/google-docs/?HcsAa5
https://www.zotero.org/google-docs/?uA7Djq
https://www.zotero.org/google-docs/?E98bNr

incorporating a holistic approach, building a relationship with their patients,
and trying to influence positive change in patient lifestyles that would have

otherwise lead Al to thinking that their oral health was doomed (9).

1.2.1 Fields of Applications of A.L in Dentistry
1.2.1.1. Radiology

Diagnostic imaging is at the forefront of dental applications of Al. The Al
most implemented are supervised learning CNNs (6). Al programs can now
identify caries in periapical (PA) and bitewing (BW) radiographs (Rx) with more
accuracy than experienced dentists (6). Al can segment lesions, detect initial
lesions, and identify previous restorations, periapical pathologies, root
fractures, anatomical landmarks, facial defects, foreign objects, and
supernumerary and impacted teeth (3,6,8,9). In the near future, Al will be able
to detect early pathologies with nearly as much accuracy on an
orthopantomography (OPG) as it currently can through cone beam computed

tomography (CBCT) (9).

1.2.1.2. Oral Pathology

Al is able to detect maxillary sinusitis, “dentigerous cysts, odontogenic
keratocysts, ameloblastomas” with similar accuracy as experienced oral
pathologists, with the advantage of being significantly faster due to its
instantaneous response time (9). Al is also better than clinicians at
distinguishing patients with xerostomia from those with Sjogren’s syndrome
through the identification of salivary gland steatosis in ultrasound images
(UsI) (8).

For TMJ conditions, Al can use NLP to evaluate patients’ own
descriptions of their experience combined with jaw opening values to
distinguish TM] osteoarthritis and other temporomandibular disorders from

other pathologies with similar symptoms (3,8).


https://www.zotero.org/google-docs/?txWJpQ
https://www.zotero.org/google-docs/?05mAMT
https://www.zotero.org/google-docs/?qABCrk
https://www.zotero.org/google-docs/?b3TZco
https://www.zotero.org/google-docs/?kEOZcr
https://www.zotero.org/google-docs/?6L3sO2
https://www.zotero.org/google-docs/?kM51Hr
https://www.zotero.org/google-docs/?NiZixW

For root caries risk prediction, the Al solely considers the lifestyle and
demography of patients (9). For identifying whether a white oral mucosal lesion
is oral lichen planus, Al analyses the “expression of inflammatory cytokines
genes” (8).

Lastly, in patients about to receive irradiation to the head and neck, Al
merges gene expression, medical history, and diagnostic imaging to formulate
an “oral cancer risk prediction profile” and predict from CT scans the radiation
dose to be received by the mandible, to better plan treatments prior to

irradiation (9).

1.2.1.3. Oral Surgery

Al can predict the level of postoperative facial swelling after third molar
extraction (8). Additionally, Al can predict, based on a patient’s medical history,
their individual risk of “bisphosphonate-related osteonecrosis of the jaw”

(BRON]) following an extraction (9).

1.2.1.4. Implantology
Al is used to plan implant placement positioning and to create surgical
guides (5,6). Through PAs and OPGs, Al can also identify “up to 11 different

implant systems” (9).

1.2.1.5. Restorative Dentistry
Al shade selection accuracy outperforms traditional shade guides but

has no advantage over spectrophotometers (9).

1.2.1.6. Aesthetic Dentistry
There are currently over 15 smile design softwares available, which all
run on Al They can alter tooth shape and alignment based on patient photos to

provide mock-ups prior to Tx. (5)


https://www.zotero.org/google-docs/?fnKq4u
https://www.zotero.org/google-docs/?VrkcG5
https://www.zotero.org/google-docs/?REAIdp
https://www.zotero.org/google-docs/?zy8Ny7
https://www.zotero.org/google-docs/?bmIDw6
https://www.zotero.org/google-docs/?l8QgNB
https://www.zotero.org/google-docs/?Mys6Gw
https://www.zotero.org/google-docs/?DS7n8l
https://www.zotero.org/google-docs/?lri6Rg

Facial attractiveness and perceived age can also be scored by Al but this

cannot change an individual’s personal notion of beauty (3,8).

1.2.1.7. Prosthodontics

Computer aided design and manufacturing (CAD/CAM) is an example
of Al that is already widely utilised clinically. It allows clinicians to scan
preparations intraorally to design and manufacture fixed prosthetics (4). Whilst
making dental preparations, intraoral scanners can provide feedback on
margins, axial wall inclination, irregularities, etc (5).

Nowadays, Al can also accurately predict whether indirect composite
resin (CR) crowns will debond. However, it is not known how the Al comes to
this conclusion. (9)

Testing was done in-vitro with an Al automated “laser ablation system”
in order to perform tooth preparations. The method was found to be very safe
and precise, however, it required too much time to be clinically viable. (3,8)

For prosthetic treatment planning, Al can currently predict whether teeth
will need to be extracted, endodontically treated, or restored. The Al had been

programmed to think conservatively. (9)

1.2.1.8. Orthodontics

For orthodontic evaluations, Al can accurately identify cephalometric
landmarks and stage cervical vertebrae, as well as automatically differentiate
surgical from non-surgical cases based on the lateral Rx (9,10). Al also can
predict whether extractions are needed, but struggles to individualise which
teeth should be extracted in each case (5,9).

In order for patients to visualise treatment outcomes, Al can simulate the
facial changes that would occur after orthodontic treatment or orthognathic

surgery (3,5,10).


https://www.zotero.org/google-docs/?FbYzRl
https://www.zotero.org/google-docs/?vgIbxv
https://www.zotero.org/google-docs/?fg46Cm
https://www.zotero.org/google-docs/?Qj2ZTS
https://www.zotero.org/google-docs/?kNHeIK
https://www.zotero.org/google-docs/?KXAbQa
https://www.zotero.org/google-docs/?2LpmKD
https://www.zotero.org/google-docs/?L454oc
https://www.zotero.org/google-docs/?c0RoER

For online aligner services, Al is used to analyse smile selfies taken on

one’s phone, so that an orthodontist can monitor the treatment virtually (5)

1.2.1.9. Endodontics
Al can localise apical foramen in teeth, determine canal working lengths,

and predict endodontic retreatment success (3,4,10).

1.2.1.10. Periodontics

Al can analyse subgingival plaque, interleukin, leukocyte, and IgG levels
to create “microbial profiles” which differentiate between chronic and
aggressive periodontitis (5,8). Al can also differentiate between healthy
periodontium, gingivitis, and different grades of periodontitis solely from a
patient’s radiograph, medical, and clinical history (8).

Clinicians struggle with subjective classification of periodontal stages by
bone loss levels, which Al makes up for with objectivity. However, the accuracy
of the classification decreases in molars due to the AI struggling with
multi-radicular teeth. Al tends to stage periodontitis in molars more gravely.
©)

Al can also predict caries in children due to a found correlation between

parental periodontal and caries data (5).

1.2.1.11. Forensic Dentistry
Al can provide age predictions based on developmental staging of
mandibular third molars and OPG analysis. Al can also perform virtual facial

reconstruction from cephalograms. (5)


https://www.zotero.org/google-docs/?Swb0IK
https://www.zotero.org/google-docs/?UMOzJy
https://www.zotero.org/google-docs/?3oUQbL
https://www.zotero.org/google-docs/?d9BZMQ
https://www.zotero.org/google-docs/?MUtYzj
https://www.zotero.org/google-docs/?RdbwEI
https://www.zotero.org/google-docs/?bbG7Ka

1.3. What are the ethical concerns regarding the use of Artificial Intelligence
in medicine?

The four principles of healthcare ethics are said to be: “respect for
autonomy, beneficence, nonmaleficence, and justice” (11).

Regarding the respect for the patient autonomy, it is debated whether
informed consents should be required when clinicians utilise Al in the dental
clinic (11). Though AI often outperforms experienced professionals in many
tasks, errors based on misconstrued associations when learning are possible.
There is the possibility of data selection bias due to the either the “overly sick”
or the “overly affluent” being those that come to the dental clinic (7). Wealthier
countries being those that would likely provide the most health data would
lead to data gaps in unstudied foreign populations (11). It would be necessary
to inform patients on the prediction accuracy of any Al used in their diagnosis
(11). Additionally, it was previously explained how Al requires massive
amounts of data in order to learn, however, patients are technically required to
consent to the release of their medical information to the machines (9).

The basis of beneficence would be to maximise patient benefits whilst
minimising injury (11). Al does indeed add a lot of benefit in terms of risk
assessment and early pathology diagnoses. However, at Als current stage there
remains too much maleficence. Within the European Union, personal
information is protected through the General Data Protection Regulation
(GDPR) (11). The GDPR differs from regulations in the United States (US) in
that data without identifiable information can be freely given in the US, whilst
the GDPR explicitly restricts the non-consensual disclosure of any personal data
(11). Thus, privacy remains a concern for patients and a blockade for Al
training.

Furthermore, Al currently only solves problems in a way that hides its

rationale. Al has shown that it can possess classing tendencies which can later


https://www.zotero.org/google-docs/?3ZXcaE
https://www.zotero.org/google-docs/?aep9Gz
https://www.zotero.org/google-docs/?HlafLv
https://www.zotero.org/google-docs/?g9VpdT
https://www.zotero.org/google-docs/?Z3K62w
https://www.zotero.org/google-docs/?MQk3hL
https://www.zotero.org/google-docs/?vomJ3z
https://www.zotero.org/google-docs/?yjimcN
https://www.zotero.org/google-docs/?ehNqRa

not be explained nor verified, which make them untrustworthy. Classing bias
could lead to mass Tx errors amongst populations. (5,8,9)

When such errors occur, proper legislation needs to be in place in order
to decide who gets held accountable and how justice shall be served. At the
moment, the Al itself is not considered responsible (8).

Another aspect of justice is equity. Al is expensive. Once Al begins to be
distributed to clinics, it will be difficult to ensure that all patients have access to
it. It is not just to deprive certain socioeconomic groups of the diagnostic
capabilities that others can afford. (11)

Apart from concerns for patient well being, it is also notable that Al
produces a significant effect on the environment. During the learning and
training stages of advanced Al, CO, emissions range approximately from the
emissions of a roundtrip flight per passenger “between New York City and San

Francisco” to “more than the average lifetime emissions of a US car” (7).

1.4. Where is Artificial Intelligence in dentistry headed in the future?

What will be the experience of clinicians and patients in a dental clinic in
the future? It is hoped that dentists and Al will work together to provide more
efficient care and improved bedside manner to their patients. Time spent filling
out medical histories and reviewing diagnostic imaging will be streamlined in
order to maximise the patient-dentist interaction (5,7). As soon as patients sit in
the dental chair, it will be able to record their “weight, vital signs, and anxiety”
level (4). Al will also be able to adjust the room to fit patients’ recorded
preferences regarding the room’s temperature, music, and lighting (5).
Additionally, NLP and translation will allow for speech-to-text record keeping
and live feedback from the Al during treatments, in order to “minimise human

error”’(5,7).
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Patients” wearable health trackers would be able to sync up with the Al
to better personalise advice based on behaviour and continuous self-monitoring
4,7).

Explainable Al is already in development to solve the issue regarding
lack of processing transparency (7). This new field will allow AI to explain its
interpretations (7). With this it is hoped that the field of medicine will be able to
develop a better understanding of multifactorial diseases (5).

It is hoped that eventually Al will independently propose designs for
implant type and placement with CBCTs (“ideal position based on tissue
thickness, emergence profile, bone type/thickness”) and removable partial
dentures (RPD) with intraoral scans (5).

Currently researchers are looking into how Al could be used to predict
and compensate for prosthetic shape distortion during 3D printing. This ability
would allow clinicians to acquire an accurately fitting prosthesis in fewer visits
and would diminish costs. (9)

Bioprinting is also in the works for the reconstruction by cell layers of
lost soft and hard tissues (4).

For dental students, evaluation of dental preparations will be done by
intraoral scanners rather than professors in order to eliminate grading
subjectivity (5).

Insurance claims will be approved or denied immediately through Al
evaluation of diagnostic imaging and clinical histories (5). Additionally, Al will
aid clinicians in adherence to clinical guides required by insurance policies
during treatment, for example informing which specific photographs are
requested (4).

Office Al will even automatically develop and launch marketing
campaigns based on clinic finance analyses (4).

The drawback of such a powerful force to come could be that as

clinicians begin to rely more heavily on the Al, they will lose confidence in their
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own judgement. It will be more difficult to speak out against a super computer
in order to defend what they may think is actually best for their patient (11). For
now, Al is meant to augment human intelligence, rather than replace it;

however, that is not guaranteed for the future (2,6).

1.5. What is the purpose of reviewing the trends in Artificial Intelligence in
dentistry in Europe?

By defining the current applications and research of Al in dentistry in
Europe, oral health clinicians can be updated on what possibilities are already
at their disposal and what they can expect to come. Additionally, legislators can
get an idea of what sort of legal structure they must prepare alongside the

continents’ rapidly enhancing technology.

2. OBJECTIVES

2.1. General Objective

e To define the trends in artificial intelligence in dentistry in Europe

2.2. Specific Objectives
e To reveal which European countries are most involved in the publication
of research and development of artificial intelligence in dentistry
e To reveal which fields of dentistry artificial intelligence is most applied
in Europe
e To reveal which domains of artificial intelligence within the field of

dentistry are being most developed in Europe

3. MATERIALS AND METHODS
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The following article was carried out following the PRISMA guidelines
for a systematised review (12,13).

For the purpose of researching the topic, the database search resources of
Universidad Europea de Madrid’s CRAI Dulce Chacon library were used. Two
databases were chosen: Medline Complete and Dentistry & Oral Sciences
Source (DOSS). Many levels of searches were done on Wednesday the 14th,
2022 in order to record different statistics. It was decided that, for the review’s
search, the European countries of interest would be defined as all EU member

states, Norway, Switzerland, and the United Kingdom (UK).

European countries of interest (30 total):
e EU member states (27 total)
- Austria, Belgium, Bulgaria, Croatia, Republic of Cyprus, Czech

Republic, Denmark, Estonia, Finland, France, Germany, Greece,
Hungary, Ireland, Italy, Latvia, Lithuania, Luxembourg, Malta,
Netherlands, Poland, Portugal, Romania, Slovakia, Slovenia,
Spain and Sweden (14)

e Norway

e Switzerland

e United Kingdom

Inclusion criteria: relevance to artificial intelligence, relevance to dentistry,
articles published in one of the European countries previously listed, articles
published between 2018 and 2022, articles in English, research studies

Exclusion criteria: non-relevance to artificial intelligence, non-relevance to
dentistry, articles not published in one of the European countries previously
listed, articles published before 2018 or after 2022, articles without doi
reference, articles without full text available, articles not in English, systematic

reviews
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https://www.zotero.org/google-docs/?FWv7c4
https://www.zotero.org/google-docs/?8MoJ4x

3.1. First Search

The initial advanced search was conducted on both databases,
separately. The search equation was as follows: “artificial intelligence or
machine learning or deep learning” [All Fields] AND “dentistry or dentist or
dental” [All Fields] AND “europe or european” [All Fields], Limiters: Full Text,
Publication date 2018-2022, Languages: English.
Results from Medline: 63.
Results from DOSS: 13.

Total results: 76.

3.2. Second Search

The second advanced search was conducted solely on Medline, due to its
unique ability to filter by country of publication. It was conducted 30 times,
once per country of interest listed above, as written. The only exception to this
procedure was for the UK, which was written as “united kingdom or uk or
england or britain or scotland or northern ireland or wales”. The second search
equation was as follows: “artificial intelligence or machine learning or deep
learning” [AIl Fields] AND “dentistry or dentist or dental” [All Fields] AND
“*insert each country listed individually*” [CY Country], Limiters: Publication date
2018-2022. The number of results for each country were recorded in Table 1.

This search did not exclude articles based on language or full text

availability as it was done purely to document the number of publications per

country of interest.
3.3. Removal of Duplicate Records

In order to identify and remove duplicate records between Medline and

DOSS in search 1, the title of each of the 9 articles from the DOSS results were
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entered individually into the Medline database in addition to the first search

formula (AND “article title” [All Fields]). Duplicate records: 10. Records left: 66.

3.4. Risk of Bias

When screening through the 66 articles that the database searches
produced, the category of exclusion that could be considered most subjective
would have to be the relation to dentistry. Since dentistry itself is so
interdisciplinary and intertwined with medicine, one could argue relevance for
many of the excluded articles. It was attempted that all included articles
explicitly mentioned a facet of dentistry in some way. However, this
methodology inevitably leads to the subjective scale and variability of dental
relevance across the included studies.

The language inclusion criteria of English would have excluded
publication results from countries other than Ireland and the UK had they been
published in their native tongue. It can be assumed that this could lead to a
slight increase in publication results for search 1 from the English speaking

countries compared to the non-English speaking countries.

4. RESULTS

4.1. Article Selection Process
The results from search 1 were first screened for exclusion based on their
title, keywords, country of publication, and abstracts. The number of and

reasons for exclusions are included in Figure 1. Records included: 17.
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Figure 1. PRISMA Reference Flow Chart. Hybrid of the 2009 and 2020 PRISMA
flowchart models (12,13).

4.2. Data Items & Collection

From the remaining 17 articles, the following variables were recorded:
country of publication (as listed by the database), country affiliations of authors,
article keywords, study type, publication year, and the overall dental field(s)
each article was most related to. The keywords were separated into two

categories—A.l related or dentistry related.

4.3. Second Search Results

From Search 2, Table 1 summarises the number of results per European
country of interest for publications related to Al in Dentistry. The following
countries yielded no results (no publications) during the search: Bulgaria,

Belgium, Croatia, Estonia, Finland, Hungary, Latvia, Lithuania, Luxembourg,
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Malta, Norway, Portugal, Republic of Cyprus, Slovakia, Slovenia, Spain, and

Sweden.

Table 1. Distribution of Article Publications per European Country Related to

A.L in Dentistry on Medline Complete

Country Number of Publications
United Kingdom 588
Switzerland 385
Germany 109
Netherlands 70
Denmark 27
Ireland 31
Italy 9
France 9
Poland 6
Greece 3
Romania 2
Austria 1
Czech Republic 1

Total Publications = 1241

The distribution shows that the three countries with the highest number
of publications were the United Kingdom, followed by Switzerland, then
Germany. The remaining countries had significantly lower numbers of
publications, with Romania, Austria, and the Czech Republic being amongst

those with the fewest.
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4.4. Included Study Characteristics

For Search 1, Table 2 summarises the countries of publication and of
author affiliation per article. The distribution of each variable can be found in
Tables 5-7, with the countries of author affiliation being separated by European

vs. non-European.

Table 2. Article Countries

Article Country of Publication Countries of Author
Affiliation

“Deep learning-based =~ Germany e Switzerland

metal artefact reduction e The Netherlands

in PET/CT imaging” e Denmark

(15)

“Computed Switzerland e United States

Tomography Radiomics e Italy

Kinetics as Early e Australia

Imaging Correlates of
Osteoradionecrosis in
Oropharyngeal Cancer

Patients” (16)

“Dental Erosion Switzerland o Italy

Evaluation with e United Kingdom
Intact-Tooth

Smartphone

Application” (17)
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https://www.zotero.org/google-docs/?ZqybEb
https://www.zotero.org/google-docs/?SvBHM1
https://www.zotero.org/google-docs/?sKszXq

“Fully automatic Germany
segmentation of

craniomaxillofacial CT

scans for

computer-assisted

orthognathic surgery

planning using the

nnU-Net framework”

(18)

“Deep learning analysis Germany
using FDG-PET to

predict treatment

outcome in patients

with oral cavity

squamous cell

carcinoma” (19)

“Comparison of deep United Kingdom

learning segmentation
and
multigrader-annotated
mandibular canals of
multicenter

CBCT scans” (20)

“Preliminary study on ~ United Kingdom

the application of deep

learning system to

19

France

United States

Japan

Finland
Thailand

United Kingdom

Japan


https://www.zotero.org/google-docs/?3aNptW
https://www.zotero.org/google-docs/?nQtkNa
https://www.zotero.org/google-docs/?2ya10J

diagnosis of sjogren's
syndrome on ct images”

(21)

“Usefulness of a deep United Kingdom
learning system for

diagnosing sjogren’s

syndrome using

ultrasonography

images” (22)

“Metagenome-genome-  United Kingdom
wide association studies

reveal human genetic

impact on the oral

Microbiome” (23)

“Using artificial United Kingdom
intelligence to

determine the influence

of dental aesthetics on

facial attractiveness in

comparison to other

facial modifications”

(24)

“Facial attractiveness of  United Kingdom
cleft patients: a direct
comparison between

artificial-intelligence-

20

Japan

China

Switzerland

Germany

Switzerland

China


https://www.zotero.org/google-docs/?CCuvL9
https://www.zotero.org/google-docs/?Q9jpN9
https://www.zotero.org/google-docs/?OhFQRn
https://www.zotero.org/google-docs/?cRm0s4

based scoring and
conventional rater

groups” (25)

“Machine learning United Kingdom e China
assisted Cameriere
method for dental age

estimation” (26)

“The validation of United Kingdom e Japan
orthodontic artificial

intelligence systems that

perform orthodontic

diagnoses and

treatment planning”

(27)

“Nodal-based radiomics Germany e Japan
analysis for identifying

cervical lymph node

metastasis at levels I

and II in patients with

oral squamous cell

carcinoma using

contrast-enhanced

computed tomography”

(28)

“Combining virtual United Kingdom e United Kingdom

reality and 3D-printed
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https://www.zotero.org/google-docs/?ASWnXF
https://www.zotero.org/google-docs/?qAb4n3
https://www.zotero.org/google-docs/?RG2P21

models to simulate
patient-specific dental
operative
procedures—A study
exploring student

perceptions” (29)

“Comparing a Fully
Automated
Cephalometric Tracing
Method to a Manual
Tracing Method for
Orthodontic Diagnosis”

(30)

“Development of
intra-oral automated
landmark recognition
(ALR) for dental and
occlusal outcome

measurements” (31)

Switzerland

United Kingdom

e Greece

e United States

e United Kingdom

Table 3, below, summarises Al keywords and dentistry keywords used

per article. The distribution of each variable can be found in Tables 8 and 9.

Table 3. Article Keywords

Article

A.IL Related Keywords
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Dentistry Related

Keywords


https://www.zotero.org/google-docs/?j86COU
https://www.zotero.org/google-docs/?Rw03MT
https://www.zotero.org/google-docs/?xc7fsn

“Deep learning-based
metal artefact reduction
in PET/CT imaging”
(15)

“Computed
Tomography Radiomics
Kinetics as Early
Imaging Correlates of
Osteoradionecrosis in
Oropharyngeal Cancer

Patients” (16)

“Dental Erosion
Evaluation with
Intact-Tooth
Smartphone

Application” (17)

“Fully automatic

segmentation of

e Deep learning
e Artificial

intelligence

e Functional
principal
component

analysis

e Machine learning

e Deep learning

e Computer-assiste

23

Positron
emission
tomography
(PET)

Computed X-ray
tomography

Artefacts

Osteoradionecros
is

Computed
tomography (CT)
Radiomics
Radiotherapy
Head and neck
cancer
Oropharyngeal

cancer

Basic erosive
wear
examination
index

Caries

Dental erosion

Intact-tooth

Orthognathic

surgery


https://www.zotero.org/google-docs/?0Vhk1p
https://www.zotero.org/google-docs/?0mS1tM
https://www.zotero.org/google-docs/?3V4cRt

craniomaxillofacial CT d
scans for

computer-assisted

orthognathic surgery

planning using the

nnU-Net framework”

(18)

“Deep learning analysis e Deep learning
using FDG-PET to

predict treatment

outcome in patients

with oral cavity

squamous cell

carcinoma” (19)

“Comparison of deep e Deep learning
learning segmentation

and

multigrader-annotated

mandibular canals of

multicenter

CBCT scans” (20)

“Preliminary study on e Deep learning
the application of deep

learning system to

diagnosis of sjogren's

syndrome on ct images”

24

e Computed

tomography

e Squamous cell
carcinoma of
head and neck

e [Positron
emission

tomography

e Mandibular canal
e Cone beam
computed

tomography

e Sjogren’s
syndrome
e Computed

tomography


https://www.zotero.org/google-docs/?P9yHHR
https://www.zotero.org/google-docs/?u3JFsM
https://www.zotero.org/google-docs/?8U4abn

(21)

“Usefulness of a deep
learning system for
diagnosing sjogren’s
syndrome using
ultrasonography

images” (22)

“Metagenome-genome-
wide association studies
reveal human genetic
impact on the oral

microbiome” (23)

“Using artificial
intelligence to
determine the influence
of dental aesthetics on
facial attractiveness in
comparison to other
facial modifications”

(24)

“Facial attractiveness of
cleft patients: a direct
comparison between
artificial-intelligence-
based scoring and

conventional rater

e Deep learning

e Machine learning

Artificial neural
networks
Artificial
intelligence
Convolutional

neural networks

Artificial
intelligence
Convolutional

neural networks
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Sjogren’s
syndrome

Ultrasonography

Oral microbiome

Cosmetic
dentistry
Corrective

orthodontics

Oral surgery
Orthodontics

Facial aesthetics


https://www.zotero.org/google-docs/?zkZfAk
https://www.zotero.org/google-docs/?2LQ02r
https://www.zotero.org/google-docs/?8GgeIz
https://www.zotero.org/google-docs/?moOeUh

groups” (25)

“Machine learning
assisted Cameriere
method for dental age

estimation” (26)

“The validation of
orthodontic artificial
intelligence systems that
perform orthodontic
diagnoses and

treatment planning”

(27)

“Nodal-based radiomics
analysis for identifying
cervical lymph node
metastasis at levels I
and II in patients with
oral squamous cell
carcinoma using
contrast-enhanced

computed tomography
(28)

“Combining virtual
reality and 3D-printed
models to simulate

patient-specific dental

Machine learning

Artificial
intelligence
Support vector

machines

Machine learning
Support vector

machines

e Virtual reality

(VR)

26

Dental age
Tooth
development

Cameriere

Orthodontic
diagnosis
Corrective

orthodontics

Cervical lymph
nodes
Squamous cell
carcinoma
Radiomics

Metastasis

Dental care
Dental education
Three-dimension

al printing


https://www.zotero.org/google-docs/?64hRSB
https://www.zotero.org/google-docs/?YnlJfa
https://www.zotero.org/google-docs/?fsUYZR
https://www.zotero.org/google-docs/?L4I313

operative e Tooth
procedures—A study preparation
exploring student

perceptions” (29)

“Comparing a Fully e Artificial e Cephalometrics
Automated intelligence e Digital tracing
Cephalometric Tracing e Deep learning e Manual tracing
Method to a Manual

Tracing Method for

Orthodontic Diagnosis”

(30)

“Development of e Artificial e Dental arch
intra-oral automated intelligence e C(left palate
landmark recognition e Machine learning e Dental landmark
(ALR) for dental and e Software recognition
occlusal outcome development

measurements” (31) tools

Table 4, below, summarises study types, publication years, and dental
fields of focus per article. The distribution of each variable can be found in

Tables 10-12.

Table 4. Article Study Types, Years of Publication, and Dental Fields

Article Study Type Publication Year Dental Field

“Deep Experimental, 2021 Radiology
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https://www.zotero.org/google-docs/?l4wwEZ
https://www.zotero.org/google-docs/?qR7v4h
https://www.zotero.org/google-docs/?dYXTlv

learning-based Retrospective
metal artefact

reduction in

PET/CT imaging”

(15)

“Computed Case-control,
Tomography Retrospective
Radiomics

Kinetics as Early
Imaging
Correlates of
Osteoradionecros
isin
Oropharyngeal
Cancer Patients”

(16)

“Dental Erosion  Cohort,
Evaluation with ~ Prospective
Intact-Tooth

Smartphone

Application” (17)

“Fully automatic ~ Case-control,
segmentation of  Retrospective
craniomaxillofaci

al CT scans for

computer-assiste

2021

2022

2022

28

Radiology

Restorative

Dentistry

Radiology, Oral
Surgery


https://www.zotero.org/google-docs/?kz2N6K
https://www.zotero.org/google-docs/?PCk2Ro
https://www.zotero.org/google-docs/?1JUk71

d orthognathic
surgery planning
using the
nnU-Net

framework” (18)

“Deep learning Case-control,
analysis using Retrospective
FDG-PET to

predict treatment
outcome in
patients with oral
cavity squamous
cell carcinoma”

(19)

“Comparison of  Experimental,
deep Retrospective
learning

segmentation

and

multigrader-anno

tated

mandibular

canals of

multicenter

CBCT scans” (20)

“Preliminary Experimental

2020 Radiology, Oral
Pathology

2022 Radiology, Oral
Surgery,
Implantology

2019 Radiology, Oral
Pathology
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https://www.zotero.org/google-docs/?nlW4nO
https://www.zotero.org/google-docs/?onbnZ1
https://www.zotero.org/google-docs/?ozMOSX

study on the
application of
deep learning
system to
diagnosis of
sjogren's
syndrome on ct

images” (21)

“Usefulness of a  Experimental
deep learning

system for

diagnosing

sjogren’s

syndrome using
ultrasonography

images” (22)

“Metagenome-ge Cohort,
nome-wide Prospective
association

studies

reveal human

genetic impact on

the oral

microbiome” (23)

“Using artificial ~ Experimental

intelligence to

2020

2021

2022

30

Radiology, Oral
Pathology

Oral Microbiology

Aesthetic dentistry


https://www.zotero.org/google-docs/?hS0MYL
https://www.zotero.org/google-docs/?snYquq
https://www.zotero.org/google-docs/?lbikdf

determine the
influence of
dental aesthetics
on facial
attractiveness in
comparison to
other facial
modifications”

(24)

“Facial Experimental 2019
attractiveness of

cleft patients: a

direct

comparison

between

artificial-intellige

nce-

based scoring

and conventional

rater groups” (25)

“Machine Experimental, 2021
learning assisted  Retrospective
Cameriere

method for

dental age

estimation” (26)

31

Aesthetic dentistry

Forensic Dentistry
/ Dental

Anthropology


https://www.zotero.org/google-docs/?clgh8r
https://www.zotero.org/google-docs/?ckMbfc
https://www.zotero.org/google-docs/?6AdYnN

“The validation =~ Experimental
of orthodontic

artificial

intelligence

systems that

perform

orthodontic

diagnoses and

treatment

planning” (27)

“Nodal-based Experimental,
radiomics Retrospective
analysis for

identifying

cervical lymph

node metastasis

atlevels I and II

in patients with

oral squamous

cell carcinoma

using

contrast-enhance

d computed

tomography” (28)

“Combining Experimental
virtual reality

and 3D-printed

2022

2021

2020

32

Orthodontics

Radiology, Oral
Pathology

Education,

Prosthodontics


https://www.zotero.org/google-docs/?68wJCs
https://www.zotero.org/google-docs/?nHZlNY

models to
simulate
patient-specific
dental operative
procedures—A
study exploring
student

perceptions” (29)

“Comparing a Experimental 2022
Fully Automated

Cephalometric

Tracing Method

to a Manual

Tracing Method

for Orthodontic

Diagnosis” (30)

“Development of Experimental 2021
intra-oral

automated

landmark

recognition

(ALR) for dental

and occlusal

outcome

measurements”

(31)

Orthodontics

Orthodontics, Oral
Surgery, Forensic
Dentistry / Dental

Anthropology
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https://www.zotero.org/google-docs/?qfPh47
https://www.zotero.org/google-docs/?ye94f3
https://www.zotero.org/google-docs/?bvWOxk

Table 5, below, summarises the number of publications per European

country.

Table 5. European Countries of Publication

Country (3 total) Number of Articles
United Kingdom 10

Germany 4

Switzerland 3

Amongst the included studies, the United Kingdom published the most
articles.
Table 6, below, summarises the number of times a European country was

referenced as being affiliated with the articles” authors.

Table 6. European Countries of Author Affiliation

Country (9 total) Number of Articles
United Kingdom 4
Switzerland 3
Italy 2

Denmark, Finland, France, Germany, 1 each

Greece, The Netherlands

Amongst the included studies, the United Kingdom was the European
country with the most author affiliations.
Table 7, below, summarises the number of times a Non-European

country was referenced as being affiliated with the articles” authors.
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Table 7. Non-European Countries of Author Affiliation

Country (5 total) Number of Articles
Japan 4
China 3
United States 3
Australia 1
Thailand 1

Amongst the included studies, Japan was the non-European country
with the most author affiliations.
Table 8, below, summarises the number of times each Al term was

utilised as an official keyword by all articles.

Table 8. AI Keywords

Keyword (10 total) Number of Articles

Deep learning
Artificial intelligence
Machine learning

Convolutional neural networks

N N O O N

Support vector machines

Artificial neural networks, 1 each
Computer-assisted, Functional

principal component analysis,
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Software development tools, Virtual

reality

Amongst the included studies, ‘deep learning’ was the most utilised Al
keyword.
Table 9, below, summarises the number of times each dentistry term was

utilised as an official keyword by all articles.

Table 9. Dentistry Keywords

Keyword (38 total) Number of Articles
Computed tomography 5

Orthodontics 3

Positron emission tomography, 2 each

Radiomics, Sjogren’s syndrome,

Squamous cell carcinoma

Artefacts, Basic erosive wear 1 each
examination index, Cameriere,

Caries, Cephalometrics, Cervical

lymph nodes, Cleft palate, Cosmetic
dentistry, Dental age, Dental arch,

Dental care, Dental education, Dental

erosion, Dental landmark

recognition, Digital tracing, Facial

aesthetics, Head and neck cancer,

Intact-tooth, Mandibular canal,
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Manual tracing, Metastasis, Oral
microbiome, Oral surgery,
Oropharyngeal cancer, Orthodontic
diagnosis, Orthognathic surgery,
Osteoradionecrosis, Radiotherapy,
Three-dimensional printing, Tooth
development, Tooth preparation,

Ultrasonography

Amongst the included studies, ‘computed tomography” was the most
utilised dentistry keyword.
Table 10, below, summarises the number of articles which implemented

each type of study.

Table 10. Article Study Types

Study Types (3 total) Number of Articles
Experimental 12

Case-Control 3

Cohort 2

Amongst the included articles, study types were mostly experimental in
nature.

Table 11, below, summarises the number of articles published per year.

Table 11. Article Publication Years
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Year (4 total) Number of Articles

2019
2020
2021

N O W N

2022

Amongst the included studies, publications related to artificial
intelligence in dentistry have tripled since 2019.
Table 12, below, summarises the number of times a dental field was the

focus of an article. Some articles had multiple fields of focus.

Table 12. Dental Fields of Focus

Dental Field (10 total) Number of Articles

Radiology 10
Oral Pathology
Oral Surgery
Orthodontics

Aesthetic Dentistry

N N W W

Forensics / Anthropology

Education, Oral microbiology, 1 each

Prosthodontics, Implantology

Amongst the included studies, the dental field of most focus was

Radiology.
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5. DISCUSSION

5.1. Interpretation of Results

Regarding countries of publication viewed in both search 1 and 2, results
were fairly congruent, with the UK, Germany, and Switzerland dominating as
the top three producers across both searches. The subsequent most producing
countries for search 2 and European countries of author affiliation were most
frequently Northern European countries. As mentioned when discussing this
review’s risks of bias, this correlation is likely related to the amount of English
language proficiency in those countries. Even though search 2 did not filter out
articles by language, there is still a massive language bias due to English being
the current universal language of science.

For the many countries that yielded no results, further research would be
needed in order to pin-point why that was. It would also be interesting to
investigate other correlations to publication output per country such as national
economics, GDP per capita, investments into research and education, healthcare
models and perceptions.

Within the 5 year span of included articles, publications increased in
number, though 2021 and 2022 were equal. One could hypothesise that the
European COVID-19 lockdown had an influential role in these outputs. It is
possible that a couple of the articles that were set to be published in 2020 got
delayed, and thus were published in 2021 instead. Had the pandemic not
occurred, we might have seen values even more consistent with increased
output per year, rather than the illusion of a small plateau. In order to test this
theory, publication output within other fields during the same 5 years could be
analysed for any growth discrepancies due to COVID-19.

As for the findings regarding which study types were observed, through
reading the articles included, it was noted that the experimental studies

occurred when the purpose of the study was to test the Al itself, whereas most
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of the other cohort or case-control studies were solely using already functional
Al to study something else.

Within the 17 articles, most dental fields featured representation.
However, the amount of representation was disproportionate, and notable
absences included fields such as endodontics and paediatric dentistry.
Nonetheless, technological advances in other fields will still impact those not
directly mentioned. Radiology for one, the most highly represented field
throughout the review, is indispensable to all dental specialties. Thus, leaps in
object identification and analysis from PET, CBCT scans, USI, or conventional
X-Rays—exemplified in the articles through automated osteoradionecrosis risk
predictions, Sjogren’s syndrome diagnostics, noninvasive lymph node
metastasis detection, oral squamous cell carcinoma treatment prognostics,
dental age estimation, “automated cephalometric tracing”, orthognathic
surgical planification, or image correction due to metallic interference—highly
benefit all dental fields (15,16,18,19,20,21,22,27,28,30). Radiology is also the most
convenient dental field in which to experiment with and train Al as it can be
conducted in-vitro with existing files and would, consequently, have much less

ethical red tape to get through prior to commencing a study.

5.2. Limitations

Despite the fact that all of the included articles were technically
registered by the databases as having been published from within the listed
European countries of interest, so many have authors without European
affiliation and even 7 articles were completely written by authors without any
European affiliation. This makes it difficult to acknowledge the content as a
European [trend] at all, if the information seems solely imported. Another
review evaluating global trends would be necessary in order to compare
Europe’s contributions to that of the rest of the world, but one could fear that it

may be at risk of falling behind its competitors.
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The other limitation of this review was that it heavily relied on database
informatics to reliably filter in or out articles based on the search equations. As
was evident from the record screening process, many articles still did not meet
the inclusion criteria. Potentially, other articles, which would have otherwise
met the inclusion criteria, were inaccurately excluded by the database filtration
system, and, thus, excluded from this review. These conditions led to a rather
small sample size of included articles, affecting how representative one would

consider the gathered data to be.

5.3. Implications

A future where Al can be incorporated into every dental clinic is bright.
Solely from the included studies there are many valuable examples of Al in
dentistry’s potential. Firstly, Fujima’s 2020 study introduced a new opportunity
for individualising treatments and predicting the chance of “disease-free
survival” for oral cancer patients through the application of DL to biomarkers
on PET scans (19). In Liu’s 2021 study, ML was used to distinguish which oral
pathologies were correlated more with the oral microbiome and which were
more correlated with genetics—this discovery also aids in individualising
treatment approaches for different oral pathologies (23).

Patients can even take the Al home with them. In Butera’s 2019 study, an
app was used to track dental erosion and give patients management techniques.
This exemplified the value of such apps for the continuous virtual follow-up of
patients while allowing the AI behind them to learn from the data being shared.
Future applications could focus more broadly on oral health to improve patient
compliance whilst providing larger data samples for Al learning. (17)

In terms of supporting clinicians, Kise’s 2019 and 2020 studies
demonstrated how AI could outperform inexperienced professionals when
evaluating CBCT scans and USI (21,22). Woodsend’s 2022 study also

demonstrated Al's application to digital models through successful “automated
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landmark recognition” (31). The aid provided by the AI systems would save
valuable time for clinicians during patient evaluations and would help “lower
variability” between experts (20). Consequently, Al should be viewed as a
useful “diagnostic support” for dentists, though not a replacement (21,22).

Even dental students were shown to benefit from the use of Al in
Tower’s 2021 study, where VR simulations were used to improve operator
confidence, as it allowed students to practise dental preparations of real patient
cases (29).

However, there is still much room for growth. As Jarnstedt’s 2022 study
pointed out, studies must work with more heterogeneous datasets while
training DL systems in order to further improve their accuracy (20). Jarnstedt's
study illustrated how such training could be done, by introducing images from
different types of scanners and of different ethnicities when analysing an Al’s
ability to perform mandibular canal segmentation from a CBCT scan (20). AI's
attempts to evaluate facial attractiveness also occasionally fell short in Patcas’s
2019 and Obwegeser’s 2022 studies as it can be difficult for Al to predict the
effect and compete with subjective human perception when rarer features are
introduced (24, 25). Lastly, when evaluating the ability of Al to diagnose
orthodontic patients and develop treatment plans, Shimizu’s 2022 study proved
the Al currently incapable (27). It can be said that, for the moment, Al could be
used to improve the patient experience and dental professional efficiency

without risk of replacing the dentist.

6. CONCLUSIONS

Regarding the research of Al in dentistry within Europe, this review of
articles from the last 5 years has allowed for the identification of various trends.
Research tends to be mostly experimental in nature and the number of

publications each year has been increasing. The UK, Switzerland, and Germany
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were the top contributors to research in this field, however, many
non-European countries can also claim credit through their contributing
researchers. Of Al developments in dental radiology, developments most

commonly focused on computed tomography.

Specific objective findings:
e Of European countries, the United Kingdom published the most articles
related to Al in dentistry.
e Within the fields of dentistry, publications related to Al in dentistry
mostly focused on radiology.
e Deep learning was the most common domain of Al within publications

related to dentistry.
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8. ANNEXES

Annex 1. Index of Abbreviations

AT/AL artificial intelligence

ANN artificial neural networks

BRON]J bisphosphonate-related osteonecrosis of the jaw
BW bitewing

CAD/CAM computer aided design and manufacturing

CBCT cone beam computed tomography
CNN convolutional neural networks
CR composite resin

DL deep learning

DOSS dentistry & oral sciences source
EU european union

GDPR general data protection regulation
IA la inteligencia artificial

ML machine learning

NLP natural language processing

OoPG orthopantomography

PA periapical
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PET
RPD
Rx
T™]J
Tx
UK
uUsS
USI
VR
VRF

positron emission tomography
removable partial denture
radiograph
temporomandibular joint
treatment

united kingdom

united states

ultrasound images

virtual reality

vertical root fracture
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