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ABSTRACT

Machines have changed the course of mankind. Simple machines were the basis of human civilization. Today
with humongous technological development, machines are intelligent enough to carry out very complex nerve-
racking tasks. The ability of a machine to learn from algorithms changed eventually into, the machine learning
by itself, which constitutes artificial intelligence. Literature has plausible evidence for the use of intelligent
systems in medical field. Artificial intelligence has been used in the multiple denominations of dentistry. These
machines are used in the precision diagnosis, interpretation of medical images, accumulation of data,
classification and compilation of records, determination of treatment and construction of a personalized
treatment plan. The article aims to review the current and potential applications of intelligent systems in
dentistry. Artificial intelligence can help in timely diagnosis of complex dental diseases which would ultimately
aid in rapid commencement of treatment. Research helps us understand the effectiveness and challenges in the
use of this technology. The apt use of intelligent systems could transform the entire medical system for the

better.
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Introduction

Conventional medicine has had a ‘one size fits all’
approach towards ailments. Precision medicine is a set of
strategies that help in the customization of both the
diagnosis and the treatment plan to the likes of an
individual. A shift from conventional traditional outlook
towards diseases to a more contemporary personalized
outlook is bound to happen in the very near future.
Personalized medicine is possible, by applying, superior
knowledge of the disease and the deeper nuances of the
factors associated, along with the extensive exploitation
and consolidation of limitless data, through massive data
analyzing tools, with the help of artificial intelligence
(A1).34

Intelligent systems are machines with the ability to
have a deeper understanding of the data, which is often
comparable to the zeniths of human
understanding.>These systems were profoundly invested
in, to seek their role in modern medicine. Two approaches
of learning has been instituted, one follows the case
history type questions asked by the system and
subsequently correlating it to the various symptoms, on
the basis of the available huge data base in a short span of
time. The other involves the use of neural networks and
deep learning often yielding credible results which are

superior.® Intelligent systems in the medical and dental
field are either virtual or physical.”® Virtual intelligent
systems are used in health record maintenance, medical
education, disease diagnosis and treatment planning.
Physical systems have been used in robotic procedures.
The data accumulation is further enhanced with the use
of image analyzing artificial intelligence where raw data in
the form of images could be interpreted for accurate
results.” Dental diseases are often associated with
morphological alterations of the tissues, such as the teeth,
periodontium, oral mucosa and bone. The changes, as a
consequence of various disease processes can be
studied/predicted by Al in a standardized accurate
manner and a short time frame. The exorbitant rise in oral
pathoses and the need for quick and reliable diagnosis
warrants more use of Al to assist dental practitioners.
Intelligent systems have been previously used in several
aspects of the dental field, nevertheless, the objective of
this review is to highlight and understand the current and
potential applications of these systems in the various
clinical ramifications of dentistry.
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History of Intelligent Systems

Al has witnessed vast developments in the past 50
years.’? However, the view that the human mind is a set of
syllogism has been set forth in motion by ancient Greek
philosophers like Aristotle.)* A pivotal point in the
development of Al is the Turing test of 1950.'>!3 This
marked the ability of a machine to make decisions
comparable to that of the human mind. The history of
development includes two lag phases called Al winters. 1013
These periods mark developmental hurdles that artificial
intelligence had to confront. The timeline of artificial
intelligence in medicine is chiefly influenced by the rapid
digitalization of the medical literary data. The shortcoming
of the early developed machines was lack of data for input.
This was eventually overcome with the availability of
voluminous, easily accessible data through online
databases. Intelligent systems grew by leaps and bounds

with the development of the Convoluted Neural Network
(CNN). CNN constitutes a network of algorithms which help
the machines learn in a layered pattern. Figure 1 shows the
various milestones in the development of artificial
intelligence.}#1>

Principle of Intelligent Machines

Machine learning is the ability of a system, to
undertake elaborate functions by virtue of complex
algorithms in the absence of definitive commands.®In the
medical fraternity, machine learning is of limited use and
often turns obsolete. The algorithms have shown great
potential in processing data that is explicitly standardized,
which is extremely challenging when it to comes to the
medical field. Deep learning is the use of a layered model
abstraction, enabling the system to comprehend from
various inputs like images or texts.’

MILESTONES IN THE DEVELOPMENT OF ARTIFICIAL INTELLIGENCE IN MEDICINE

470-399 BCE

Aristotle figures human mind has a deductive reasoning nature.

Ramon Llull publishes Ars generalis ultima conceptualizing aristotle’s human
Gottfried Leibniz publishes Dissertatio de arte combinatoria stating complex thoughts

George Boole introduces the concept of Boolean logic which lay the basic principles of

Development of Eliza by Joseph Weizenbaum: the world’s first chatterbot

1308 2 T
mind as a set of logic.
1666 ; : ;
evolve from aggregation of simple concepts.
1854
computation.
1950 Alan Turing’s modern concept of Al ; Turing test of 1950.
1961 Development of Unimate: the world’s first industrial robotic arm
1964
1966

pubmed.
Late 1970s

1976

weight,

1986

* Development of Shakey: the first electronic human in Stanford Research Institute

* Medical Literature Analysis and Retrieval System Online (MEDLARS online) is
started by the National Library of Medicine(NLM) serving as a place for
conglomeration of all medical data thereby paving the path for search engines like

First Al winter, due to the unavailability of data pertaining to medical field.

* Development of CASNET: the first prototype in causal-associational network by
Rutgers University for consultation on glaucoma.

* Development of back chaining Al systems like MYCIN, EMYCIN, INTERNIST-1
which could list potential bacterial pathogens and suggest drugs based on body

Development of DXplain by University of Massachusetts to reinforce medical

decisions which provides possible differential diagnosis based on the input symptoms.

2007

2014-2015
Comendador et al.

2000-2020

IBM creates Watson an open domain question answering robot.

Pharmabot a chatbot for medical education is developed by Benilda Eleonor V.

Development and improvement of CNN. CNNs enhance deep learning by the

193()5.199()\5 Second Al winter due to high cost of development.

machines. Various CNNs are developed such as ResNet, Le-NET, AlexNet,

Googl.eNet and U- net.

Figure 1. The various milestones in the development of artificial intelligence in medicine.
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Deep learning is associated with two attributes; the
multilayered non-linear processing of the data and the
learning feature presentations in the layers.’®® The
learning process could be supervised or unsupervised.
This deep learning is facilitated by the use of artificial
neural networks (ANNs). The inspiration for these neural
networks is the cortical neural connections in the human
brain. The neural networks were constructed in a similar
pattern. Medical application of neural networks would not
be possible without ‘big data’.®?! Big data is the
conglomeration of all relevant data. A few examples in the
medical field include genomic sequences, medical imaging
technology and micro-molecular structure of proteins.
ANNs were reinstated with deeper and more hidden
layers to improve efficiency. Though the increase in
number of layers is desirable, in order to improve the
efficiency of the system, it presents with the disadvantage
of reducing the magnitude of the input variables required
to arrive at a final prediction, which affects the result. To
overcome this, layer wise pre-trained deep auto-encoder
has been employed.?>?3Image recognition, segmentation,
video recognition is processed using CNN.?*%> Tabular data
is processed efficiently by the ANN. The significant layer in
CNN includes the convolution layer and the pooling
layer.?® The image is scanned and each receptive field is
checked by the convolution layer and the resultant input
variables are pooled into the pooling layer.?’ Through this
procedure the image can be analyzed. Through pattern
recognition the resultant image is tagged with valuable
information which guides the clinician to make decisions,
aiding in precision diagnosis and advocating a
personalized treatment plan.

Intelligent Systems in Dentistry

The role of intelligent systems in dentistry is based on
the paradigm that any medical decision requires the
physician to have adequate knowledge on the subject
matter which can be reinforced by Al.?® Data in the
healthcare field is aggregated universally, and is available
in heterogeneous clumps such as demographic data,
socioeconomic data, medical history, clinical and
investigational data all of which can be integrated and
correlated by Al.2° Artificial intelligence plays a role in
research and interactive patient care. The ability of the
patients to monitor their own heart rate, blood pressure
or oral status through wearables, acts as a strong
motivation factor. Continuous monitoring allows
shortening of the lag between disease development and
medical intervention. This immediate medical/dental
attention could help reduce chronic illnesses which
wreaks havoc and burdens the society.3° Nevertheless
without appropriate patient compliance the use of any
monitoring device is futile.Al in the form of deep learning
has been applied in various aspects of dentistry which will
be discussed further. A summary of all the applications of

artificial intelligence in dentistry has been included in
Table 1. Several deep learning systems have been
employed for this feat such as U-Net (CNN), MLPNN (Mutli
layer perceptron neural network (ANN)), AlexNet (CNN),
DetectNet (CNN), VGG16 (Visual geometry group also
called Oxford Net with 16 Ilayer depth(CNN)),
ResNet50(Residual neural network(ANN)), Inception-v3
(CNN), EfficientNet-BO (CNN), InceptionResNet-v2 (CNN),
Xception (CNN), and MobileNet (CNN).3132

Various studies have hypothesized the potential of Al
to assist in the diagnosis of oral lesions. A deep learning
network, EfficientNet-BO has been trained to classify oral
lesions into benign and malignant using real time clinical
images. The system showed results with an increased
accuracy of 85%.3! Speight PM et al. (1995) have used
ANNs to screen for the likelihood of the presence of
premalignant lesions in the oral cavity among 2027 adults
with a history of tobacco and alcohol abuse.®* The results
gained from the study proved the ANNs to have a
comparable specificity and sensitivity to that of a dental
expert.ResNet-101 and R-CNN (Region-based
Convolutional Neural Networks) has been employed for
the detection of oral lesions and the need for referral for
such lesion with better accuracy of 87.07%.3! According to
McCartney S et al. (2014) the diagnosis of facial pain could
be assisted by Al. This is achieved by collecting a
guestionnaire with various historical data. The inputs
when processed through the neural networks are able to
identify and differentiate the facial pain into nervus
intermedius neuralgia (NIN), atypical facial pain (AFP),
glossopharyngeal neuralgia (GPN) and
temporomandibular joint disorder (TMJ) with a specificity
of 99-100%.3* Song A et al. (2018) used a CNN to detect
the presence of facial nerve paralysis from 1049 clinical
images of the patients.3®> The Al system was able to
identify the presence of facial nerve paralysis with 97.5%
accuracy which was up to neurologist standards. In a study
by Men K et al.®® (2019) rCNN (Residual CNN) deep
learning architecture has been exploited to predict the
development of xerostomia after radiation therapy in oral
squamous cell carcinoma in 784 patients. The functioning
of the salivary gland is checked using Tc-99m
pertechnetate through scintigraphy. The manual
interpretation of the scans were highly reproducible but
on an average it took 15 mins per SPECT/CT scan, which
was effectively interpreted in under 1 minute by deep
learning architectures.’” Temporomandibular joint
pathology is often best visualized and diagnosed using
magnetic resonance imaging(MRI). The ability to diagnose
a disc perforation from an MRI, rests totally on the
expertise of the radiologist and is deemed a challenging
task by many. The deep learning architectures help in the
diagnosis of disc perforation from MRI scans with high
accuracy.3®
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Table 1. Applications of artificial intelligence (Al) in the various branches of dentistry

BRANCH OF DENTISTRY APPLICATION OF ARTIFICIAL INTELLIGENCE
e Classification of malignant and benign lesion3!
e Correlation between tobacco, alcohol abuse and development of oral premalignant lesion33
- o |dentification and classification of facial pain3*
Oral Medicine

e Detection of facial nerve paralysis®
o Predicting xerostomia post radiotherapy3®
e Detection of TMJ disc perforation3®

e Classification of dental radiographs3®
Oral Radiology e Tooth identification from radiographs*®
o Diagnosis of Sjogren’s syndrome#243

Forensic Odontology

e Diagnosis of maxillary sinusitis*’

o |dentification of age and gender by tooth morphology3?
e |dentification of age from hand-wrist radiograph?>46

Oral Surgery o |dentification of supernumerary teeth*®
o Prediction of swelling following extraction of third molar>?

Oral Cancer

e Early diagnosis of oral cancer>3

e Prediction of oral cancer survival rates®®

Prosthodontics

e |dentification of prosthesis and restorations>’

e Classification of implant systems based on radiographs>®
e To decide the need for extraction in the treatment plan®%.60
Orthodontics e |dentification of various orthodontic problems such as overbite, crossbite,etc®!
e |dentification of radiographic landmarks®3
e Diagnosis of accessory root canal®*
Endodontics e |dentification of apical constriction®>
e |dentification of early dental carious lesions®’

e Prediction of oral malodour®®

Periodontics e Development of smart tooth brush®°.70
e Prediction of periodontal bone loss’!

Artificial intelligence has been employed in various
aspect of oral radiology. The large pools of dental
radiographs often gets accumulated in the clinical setting,
which can be efficiently classified in a retrospective
pattern.® Al was capable of classifying a huge number of
the radiographs into periapical, bitewing, cephalogram
and panoramic radiographs with utmost accuracy.The
radiographs can be processed to label the teeth with the
appropriate tooth numbering system.*° This will help in
the quick compilation of dental records. Sur J et al. have
found a remarkably positive response to the use of Al in
dental radiology in India.** With 69% of the participants
looking forward for Al systems to aid in the radiological
diagnosis. Literature review reveals employment of deep
learning systems to diagnose Sjorgren’s syndrome from CT
scans and ultrasonography.*>** The research concluded
with the deep learning systems diagnosing Sjorgren’s
syndrome as efficiently as an experienced radiologist.

Forensic odontology has identified various areas
where the augmentations with intelligent systems prove
effective. The scope into forensic odontology is based on
the perpetuity of teeth against the pangs of time.** Avuclu
E et al. (2019) used 1315 dental x-ray images for the
identification of age and gender based on the tooth
morphology using a CNN called multilayer perceptron
neural network (MLPNN).32 This yielded a 100% accurate
correct classification of the dental radiographic images
which could be used in the identification of individuals. CT
skull and hand-wrist radiographs have predicted the age
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of an individual with utmost accuracy.***® Panoramic
radiographs have been used to identify individuals, with
much accuracy based on the presence of edentulous
spaces, using deep learning systems such as VGG16,
ResNet50, Inception-v3, InceptionResNet-v2, Xception,
and MobileNet-v2 of which VGG16 has shown 100 %
accuracy.

The intelligent systems show futuristic potential in oral
surgery. A deep learning system, using panoramic images
for diagnosis of maxillary sinusitis, revealed 87.5%
diagnostic performance.*” This was comparable to the
experienced radiologist and significantly higher than the
junior dental residents. The identification and
classification of supernumerary teeth have been
effortlessly produced by various deep learning systems
such as AlexNet, DetectNet, VGG-16. These systems, using
panoramic images, are able to identify the presence of
supernumerary teeth and the number of teeth present.
Kuwada C et al. (2020) tested 550 panoramic images for
detection of supernumerary teeth in the maxillary incisor
region, with 96% accuracy.*® Diagnostic precision, Al
reinforced treatment planning, custom manufacturing of
surgical appliances and equipment, post-operative follow-
up by superimposing pre and post operation images have
all been applied for the betterment of orthognathic
surgeries, in the form of deep learning.*>*® The necessity
for an orthoganthic surgery can be predicted by deep
learning systems by means of cephalograms. Artificial
neural networks were able to predict very accurately the
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occurrence of facial swelling following extraction of a third
molar, based on the anatomy of the wisdom teeth and the
surgical procedure done.’! This helps the surgeon to
follow a personalized treatment plan for the patient
including an appropriate pain alleviation protocol.

Oral cancer has been regarded as one of the most
common neoplasm in the world.>? Oral cancer is best
tackled when diagnosed early like most other cancers. Al
can help in the early diagnosis of oral cancer by the use of
hyperspectral images of the lesions driven to map the
presence of oral squamous cell carcinoma.>® Fu Q et al.
used 1469 intraoral photographic images to detect oral
cancer using a cascaded convolutional neural network
which resulted in accuracy, sensitivity and specificity
comparable to that of an oral cancer expert and
significantly better than a medical student.>® Cancer
survival rates can be predicted using log-rank test and Cox
proportional hazard which use cancer prognostic factors
for their prediction.>> However these models are found to
be unsatisfactory and hence a deep learning survival rate
prediction using DeepSurv has been employed. DeepSurv
produced better more accurate prediction of the survival
rates of oral cancer patients.Various multinomic data such
as genetic, proteomic, radiologic, clinical, histopathologic
and biochemical data related to oral cancer can be
accumulated and congregated by AL With the
conglomeration of all this data each cancer could be
traced to its origin and each individual will receive a
personalized treatment crafted for the specific cancer.

Al has played a role in the identification of prostheses
and restorations in the dentition thereby assisting in the
treatment planning process.>” The Al system shows very
high accuracy for identifying metallic restorations and
moderate accuracy for tooth coloured restorations. Al has
been trained and tested to identify and classify various
implant systems from radiographs.>® This could help in the
identification of dental implant brand just from the
radiograph, which is a tedious task even for an
experienced radiologist. Such identification of the implant
can be exploited for the identification and classification of
fractured dental implants.

Literature review reveals that neural networks have
been used for deciding the need of extraction as part of
orthodontic treatment using data from various indices
such as ‘IMPA (Incisor to Mandibular Plane Angle
Index)’.5% € These systems showed 100% accuracy in the
training sets and showed 80% accuracy in the test set.
Artificial intelligence has been employed to identify the
various variables such as missing tooth, overbite, anterior
openbite, posterior openbite, diastema, overjet thereby
aiding in orthodontic treatment decision.®! Choi Hl et al.
found that deep learning could help in making the choice
between surgical or non-surgical management.5?
Radiographic landmarks in cephalograms, hand- wrist
radiographs and cervical vertebrae are efficiently
identified by artificial neural networks.®® This has a two-
fold use in orthodontics in that the growth and
development of the individual and the level of bone

maturity can be identified. Additionally it is also used to
plot cephalometric landmarks to identify dental or
skeletal malocclusion thereby assisting treatment
planning.

In endodontics, artificial neural networks have been
used in the diagnosis of accessory root canals from
panoramic radiographs, which was counter checked using
CBCT images.®* This saves valuable time and ensures the
success of endodontic therapy. Apical constriction can be
identified very precisely by these neural networks thereby
assisting in the effective cleaning and shaping of the root
canals.®*The detection of caries from dental radiographs is
one of the most significant and straight forward
application of neural networks in dentistry. This could be
due to the fact that dental caries is the most common
disease affecting man.®® The ability for Al to effectively
identify early lesions, lessens the burden of dental caries
on humanity by leaps and bounds.®” Various models of
neural networks like GoogleNet, Inception v3 CNN,
MLPNN have been employed in research to evaluate the
accuracy, sensitivity and specificity in the diagnosis of
caries from radiographs.The results from all such studies
reveal that a highly accurate, sensitive and specific
diagnosis of dental caries can be yielded by Al.

Oral malodour has been predicted by neural networks
by evaluating saliva samples for the presence of operation
taxonomical units in the 16s RNA of the bacteria thereby
differentiating the malodourous bacteria from healthy
commensals.%® This opens the potential to develop oral
malodour screening, aiding in the diagnosis of halitosis.
Artificial intelligence has been employed in the
development and fine tuning of smart toothbrush which
makes a colossal difference in the lives of the debilitated
and bedridden patients.®*’® This is made possible by
continuous motion tracking systems, aiding in the
development of a completely autonomous smart tooth
brush. Krois J et al. using 1456 images of panoramic
radiographs trained a 7 layer deep learning CNN which
estimated periodontal bone loss with a mean accuracy of
81%.7

Challenges of Al in Dentistry

In comparison to other branches of medicine,
dentistry is one of the most suitable areas where the
applications of Al are limitless. Yet surprisingly, although
the origin of Al was as early as 1950s, it is still being
applied more only for the purpose of research.”? The
reasons behind this compromised growth could be, the
discord among various dental clinical data sources and
their incompatibility.”*Secondly, this data could be biased
and might not represent the whole population.”Data
validation requires a huge number of experts, which is
tedious to procure.” The results generated might not be
directly applicable to patient needs.”®In dentistry, like any
other medical field, the responsibility of the physician
channels alongside the need of the patient.””With the
employment of huge data base, especially in case of a
sensitive patient there is a need for an ironclad security to
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respect the individual’s autonomy and privacy. This goes
parallel with the need of adaptability of Al to the current
effective legal, ethical and governing bodies.3%’® Use of a
federated Al might mitigate the said concern. The lack of
standardization of Al especially in the dental field is yet
another hurdle. Besides this, there will be a lacuna that is
always felt in terms of the human touch comprising of
empathy and care.”® The practical applications of Al as a
part of the normal life will see light of day only when these
challenges are addressed today.

Conclusions

Artificial intelligence has the potential to make the
diagnosis of complex dental diseases swifter and more
precise which would ultimately aid in timely
commencement of treatment. The ability to determine
treatment routes, craft a personalized treatment plan and
predict the outcome of the treatment given, could make
the role of Al indispensable to health care.
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