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Preface

Dentistry is one of the earliest specialties of medicine, dating back to 7000 
BCE. Over time, dentistry and dental care blazed the trail to evolve from a primitive 
form of medicine to its present-day iteration of preventative dental care, state-of-
the-art diagnostics, and modern-age treatment. From theories of dental diseases 
caused by “evil spirits” and “tooth worms” to the latest cutting-edge technologies 
using artificial intelligence, dentistry has come a long way! Despite all these 
advancements, less work is done in this area of specialization when it comes to 
knowledge and skills in medical science and engineering background for diagnosis 
and further maintenance of oral health.

Our book carefully articulates all aspects of dentistry, compiling the history, 
anatomy, and specialties of dentistry, most significant dental health conditions and 
their implications on global health, current technological advancements, and poten-
tial areas of artificial intelligence applications in this domain. This research work is 
a culmination of engineering skills and medical background in an area of great 
interest to the medical community. By sincerely contributing to this research work 
for technological evolution, we strongly advocate for the FDI World Dental 
Federation’s report. 

Vision 2030: Delivering Optimal Oral Health for All. Finally, deep learning AI 
models, including their performance within the classification of dental diseases, are 
introduced and detailed in our effort.

We sincerely hope that we can contribute to the eventual technological evolution 
within the early detection of cancer.

 Overview of the Book

In Chap. 1, basic information on dentistry and its history, evolution, and specialties, 
are discussed. The basics of dental anatomy, nomenclature, and developmental dis-
turbances are finely discussed in Chap. 2. Significant oral health conditions are 
described in Chap. 3, followed by a careful deliberation of the impact of oral health 
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on global health in Chap. 4. In Chap. 5, advancements in dentistry are mentioned. 
Information on artificial intelligence and various learning algorithms are covered in 
Chap. 6, including the working of various learning algorithm’s advantages and limi-
tations. Chapter 7 focuses on the impact of AI on global health, followed by the 
applications of AI in oral health and imaging. Machine learning in dentistry is cov-
ered in Chap. 8, where it meticulously describes how AI assists in teeth identifica-
tion and caries detection, alongside cavity detection, using deep learning.

 Features of the Book

• Basic information on dentistry and oral health
• Dental anatomy, tooth notation, and nomenclature
• Most common oral diseases
• Impact of oral health on global health
• Advancements in dentistry
• Details of learning algorithms and their role in healthcare and dental imaging
• Computer-aided system for detection of oral health conditions
• Inclusion of deep learning model for detection and diagnosis of caries
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Chapter 1
Introduction to Dentistry and Oral Health

1.1  What Is Dentistry?

1.1.1  Definition of Dentistry

Dentistry is defined as the evaluation, diagnosis, prevention, and/or treatment (non-
surgical, surgical, or related procedures) of diseases, disorders, and/or conditions of 
the oral cavity, maxillofacial area, and/or the adjacent and associated structures and 
their impact on the human body, provided by a dentist, within the scope of his/her 
education, training, and experience, in accordance with the ethics of the profession 
and applicable law (Adopted, American Dental Association House of Delegates, 
10/21/97) [1].

Dentistry is also defined as the profession concerned with the prevention and 
treatment of oral disease, including diseases of the teeth, and supporting structures 
and diseases of the soft tissues of the mouth. It also encompasses the treatment and 
correction of malformation of the jaws, misalignment of the teeth, and birth anoma-
lies of the oral cavity such as cleft palate. In addition to general practice, dentistry 
includes many specialties and subspecialties, including orthodontics and dental 
orthopedics, pediatric dentistry, periodontics, prosthodontics, oral and maxillofacial 
surgery, oral and maxillofacial pathology, endodontics, public health dentistry, and 
oral and maxillofacial radiology [2].

Dentistry is often also understood to subsume the now largely defunct medical 
specialty of stomatology (the study of the mouth and its disorders and diseases) for 
which reason the two terms are used interchangeably in certain regions [3] (Fig. 1.1).

Dentistry is thought to have been the first specialization in medicine which has 
gone on to develop its own accredited degree with its own specializations. The cur-
rent approach of evidence-based dentistry judiciously integrates the dentist’s clini-
cal expertise, the patient’s need and preferences, and the most current, clinically 
relevant evidence to lead in the promotion of oral health by disseminating the best 

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023
K. Shaikh et al., Artificial Intelligence in Dentistry, 
https://doi.org/10.1007/978-3-031-19715-4_1
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Fig. 1.1 Evidence-based 
dentistry

available scientific information and helping practitioners implement it into clinical 
practice, thereby improving their decision-making and standard of care.

Evidence-based dentistry is also implemented in radiology to aid in diagnosis 
and treatment and hematology (study of blood), to provide robust scientific evi-
dence, and to enhance this clinical protocol, cardiology (due to various severe com-
plications arising from dental surgery in patients with heart disease), etc. It is the 
conscientious and explicit use of the current best evidence from systematic research 
to guide in decision-making and improved patient care by eliminating all gray zones 
and it is continuously evolving [4–7].

1.1.2  History of Dentistry

Dentistry has evolved over time from a rather barbaric practice to a technologically 
advanced industry. Now people can undergo dental treatments aided by the state-of- 
the art technologies in avant-garde infrastructure. Gone are the days of barber and 
blacksmith dentists and pulling the teeth with dental pelican and other spooky ways 
of dental treatment. Dentistry has come a long way! (Fig. 1.2)

The art of treating the anomalies pertaining to the teeth and jaws has a long and 
rich history ranging from toothache being considered as a curse from God to the 
progression as one of the most advanced and progressive science. Attempts were 
made to document the journey of this multifaceted profession by Duval, Fitch, 
Carabelli, Snell, Linderer, Harris, and others; however, a comprehensive documen-
tation was given by Dr. Vincenzo Guerini, of Naples, Italy, who has written a history 
of dentistry from the earliest times to the beginning of the nineteenth century [8, 9].

1 Introduction to Dentistry and Oral Health
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Fig. 1.2 History of 
dentistry: tooth extraction 
in the past

1.1.2.1  Dentistry in Antiquity

During these early periods, not many divisions existed in the art of healing. Ailments 
with reference to teeth and jaws were treated in a general manner, not requiring the 
services of a specialist. Hippocrates, the Father of Medicine, was the first to give a 
scientific basis to understanding and treating diseases, before which, anomalies 
were mainly treated by sacerdotal medicine. Wherein, the cause of diseases was 
given a superstitious cause requiring sacrifices and rituals to please a supernatural 
power. One of the earliest cases was found in the Sumerian text which describes 
“tooth worms” as the cause of tooth decay. The Indus Valley Civilization has yielded 
evidence of dentistry being practiced as far back as 7000 BC. A site in Mehrgarh 
indicates that this earliest form of dentistry involved curing tooth-related disorders 
with bow drill operation, perhaps by skilled bead craftsmen. The earliest dental- 
filling, made of beeswax, was discovered in Slovenia and dates from 6500 years 
ago. It is logical that progress in dentistry would go hand in hand with a progress 
and stability of a particular civilization and the art of dentistry flourished in one of 
the oldest civilizations, the Egyptians [9].

1.1.2.2  Dentistry in Egyptian History

In Egypt, as in other countries, medicine and dentistry was practiced mainly by the 
sacerdotal caste, but not all the people in the caste were priests and doctors at the 
same time. There was a special class of people known as the “Phostophori” whose 
mission was to cure the sick (Fig. 1.3).

Egyptian skulls dating from 2900 to 2750 BCE contain evidence of small holes 
in the jaw in the vicinity of tooth’s roots. Such holes are believed to have been 
drilled to drain abscesses. In addition, accounts of dental treatment appear in 

1.1 What Is Dentistry?
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Fig. 1.3 Dentistry in Egyptian history

Fig. 1.4 Hesy Re: first dentist

Egyptian scrolls dating from 1500 BCE. It is thought that the Egyptians practiced 
oral surgery as early as 2500 BCE, although evidence for this is minimal. An early 
attempt at tooth replacement dates to Phoenicia (modern Lebanon) around 600 BCE, 
where missing teeth were replaced with animal teeth and were bound into place 
with cord.

As evidenced by the tomb of “Hesy Re” who is often honored as the first dentist 
who said “the greatest of those who deal with teeth, and of physicians,” this is the 
first known reference of a person being identified as a dental practitioner [9] 
(Figs. 1.4 and 1.5).

1 Introduction to Dentistry and Oral Health
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Fig. 1.5 Ebers Papyrus

Fig. 1.6 Earliest fixed partial dentures

The Egyptian text known as Ebers Papyrus talks about various ailments of the 
oral cavity and the remedy for many conditions such as treatment for dental abscess 
and remedies to strengthen gums for swelling and tooth pain (Fig. 1.6).

1.1 What Is Dentistry?
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There were also attempts at replacing lost teeth, as discovered by archeologists, 
and teeth united by a gold wire out of which few of those were from other individuals.

1.1.2.3  Dentistry in the Chinese History

There is evidence that the early Chinese practiced some restorative dentistry as early 
as the year 200 BCE, using silver amalgam as fillings. Oral medicine was part of the 
regular medical practice in other early Asian civilizations, such as those in India 
and Japan.

The Chinese called the toothache “ya-tongy” and gave a classification of tooth-
ache according to cause. They developed around 18 decoctions for toothache in the 
form of pills and mouthwashes.

Along with these pills, they also used acupuncture to treat toothache and gum 
diseases with as much 26 puncture points for toothache and six for gum problems, 
and some of these points were located at parts of the body distant from the oral cav-
ity. They also used aromatic powdered leaves in a process called “moxibustion” to 
relieve tooth pain [9] (Fig. 1.7).

1.1.2.4  The Greeks, Romans, and Etruscans

True restorative dentistry began with the Etruscans, who lived around what is 
today’s Central and Northern Italy. During 166–201 AD, they practiced dental pros-
thetics using gold crowns and fixed bridgework. Numerous dental bridges and par-
tial dentures of gold have been found in Etruscan tombs, which date to about 

Fig. 1.7 Moxibustion

1 Introduction to Dentistry and Oral Health
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Fig. 1.8 Dental prosthetics using gold

500 BCE. The Romans, who conquered the Etruscans, adopted Etruscan culture, 
and dentistry became a regular part of Roman medical practice. In 100 BC, Celsus, 
a Roman medical writer, wrote extensively in his important compendium of medi-
cine on oral hygiene, stabilization of loose tooth, treatments for toothache, teething 
pain, and jaw fractures (Fig. 1.8).

During the twelfth century BC, a Greek physician named Esculapius was recog-
nized, according to Greek literature, to be the inventor of purgatives and extraction 
of teeth. Therefore, the first documented origin of dental surgery can be thought of 
to be from Esculapius. Caelius Aurelianus mentioned of a leaden instrument 
“plumbeumodontagogoon” used for the extraction of tooth.

During 500–300 BC, Hippocrates and Aristotle wrote about dentistry, including 
the eruption pattern of teeth, treating decayed teeth and gum disease, extracting 
teeth with forceps, and using wires to stabilize loose tooth and fractured jaws. The 
Greeks also practiced some form of oral medicine, including tooth extractions, from 
the time of Hippocrates, around 400 BCE [9].

1.1.2.5  The Beginnings of a Profession: The Middle Ages

The Arabians certainly had the merit of keeping alive the study of medicine in an 
age of decadence and barbarism (Fig. 1.9).

Rhazes (or more precisely, Abu Bekr Muhammed ben Zacarjaer Rhazi) stressed 
upon the need to exhaust every method to cure the teeth before extracting it, hence 
propagating conservation of tooth structure. To prevent spread of caries, cavities 
were filled with a cement made of mastic and alum, which is a laudable attempt at 
stopping progress of tooth decay. Because of the proscription in the Quran, the 
sacred scripture of Islam, against mutilating the body, surgery was not practiced in 
Islamic countries. Instead, reliance was placed upon healing using herbs and 
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Fig. 1.9 Rhazes

medicines; preventive dentistry through strict adherence to oral hygiene became 
paramount.

The writings of early Arabic physicians, such as Avicenna and Abū al-Qāsim, 
show that scaling and cleaning of teeth were practiced. Extractions were rare and 
were performed only when a tooth had been loosened.

Against periodontitis and the pains produced by it, it was recommended, besides 
opium, oil of roses, pepper, and honey as well as the scarification of the gums and 
the application of a leech. If, however, these remedies did not succeed, castoreum, 
pepper, ginger, storax, opium, and other ingredients were applied to the roots of the 
teeth. If even this method of cure failed, the root of the diseased tooth was touched 
with a red-hot iron, or sought to provoke its fall using special medicaments such as 
coloquintida and arsenic.

Ali Abbas in eight century AD, a Persian physician, wrote about diseases of the 
tooth and explains the treatment of a periapical lesion by introducing hot needles 
into the tooth repeatedly until they become cool. He also used chemicals in the tooth 
like asafetida to devitalize the tooth and relieve the pain. If these methods failed, he 
would extract the tooth (Figs. 1.10 and 1.11).

Serapion (Jahiak Ebn Serapion), who lived in the tenth century, indicated with 
great precision the number of dental roots. Against dental pains of phlogistic origin, 
he recommended bloodletting, purgatives, and many local medicaments. In cases of 
persistent odontalgia due to caries, he advised the application of opium in the cari-
ous cavity. To strengthen loosened teeth, he first employed astringents, and if these 
are of no use, he bound the loose tooth together to the neighboring healthy ones by 
means of gold or silver wire.

One of the greatest luminaries of medicine among the Arabs was Avicenna (Ebn 
Sina). He was born in 980 AD. He was the one who recommended drilling of a tooth 
with constant pain to remove humors which are accumulated and filling them with 
medicaments.

Abulcasis (Abul Casem Chalaf Ben Abbas) (1050–1122) was one of the greatest 
surgeons who recommended cauterization of periapical abscess and fistula as well 
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Fig. 1.10 Medieval 
Islamic dentistry

Fig. 1.11 Abulcasis: father of modern surgery

as described the process. His book has one of the first representations of dental 
instruments. He also advocated ligation of teeth in cases of a blow or fall [9].

• Thirteenth to Fifteenth Centuries

During 1130–1163 AD, a change of guard occurred when a series of Papal edicts 
prohibited monks from performing any type of surgery, bloodletting, or tooth 
extraction. After the edicts, barbers assumed the monks’ surgical duties. In 1210 AD, 
a Guild of Barbers is established in France. Barbers eventually evolved into two 
groups: surgeons, who were educated and trained to perform complex surgical 
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operations, and lay barbers or barber-surgeons, who performed more routine 
hygienic services including shaving, bleeding, and tooth extraction. However, this 
was short- lived as in 1400s a series of royal decrees in France prohibited lay barbers 
from practicing all surgical procedures except bleeding, cupping, leeching, and 
extracting teeth. In 1530, the Little Medicinal Book for All Kinds of Diseases and 
Infirmities of the Teeth (Artzney Buchlein), the first book devoted entirely to den-
tistry, was published in Germany [9].

• Sixteenth to Nineteenth Centuries

In the midst of the vigorous intellectual life which characterized the sixteenth 
century, dentistry too, like many other branches of science, made very notable 
progress.

Gian Filippo Ingrassia (1510–1580), a distinguished Sicilian anatomist, was one 
of the first who spoke of the dental germ. He said that the existence of the tooth in 
proper form depends on a soft dental substance enclosed in the bone, which he con-
sidered as a secretion of the latter.

Antonie van Leeuwenhoek (1632–1723), in the year 1683, discovered in the tar-
tar scraped from between the teeth a form of microorganism upon which he laid 
special stress (Fig. 1.12 and 1.13).

By the 1700s in France, several surgeons were restricting their practice to den-
tistry, and in 1728 a leading Parisian surgeon, Pierre Fauchard, gathered all that was 
then known about dentistry in a monumental book, The Surgeon Dentist, or Treatise 
on the Teeth (Le Chirurgien Dentiste). Fauchard is credited as being the Father of 
Modern Dentistry because his book was the first to describe a comprehensive sys-
tem for the practice of dentistry including basic oral anatomy and function, opera-
tive and restorative techniques, and denture construction.

Fauchard effectively separated dentistry from the larger field of surgery and thus 
established dentistry as its own profession. Other surgeons in Germany and France, 

Fig. 1.12 Gian Filippo 
Ingrassia, the one who first 
spoke of dental germ
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Fig. 1.13 Pierre Fauchard

Fig. 1.14 The Surgeon Dentist

who made notable contributions to the field of dentistry, readily followed his lead 
[9] (Fig. 1.14).

In 1746, Claude Mouton described a gold crown and post to be retained in the 
root canal. He also recommended white enameling for gold crowns for a more aes-
thetic appearance. In 1789, Frenchman Nicolas Dubois de Chemant received the 
first patent for porcelain teeth.

In the first known case of postmortem dental forensics, Paul Revere verified the 
death of his friend, Dr. Joseph Warren, when he identified the bridge that he 
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constructed for him. English dentistry did not advance as far as French dentistry in 
the eighteenth century. The guild that had united the barbers and surgeons was dis-
solved in 1745, with the surgeons going their own way. Some barbers continued 
their dental ministrations and were designated “tooth drawers.” A second group, as 
a result of the French influence, referred to themselves as “dentists,” while those 
who did all manner of dentistry were called “operators for the teeth.” The first 
English book on dentistry, The Operator for the Teeth, by Englishman Charles 
Allen, was published in 1685; however, no other works on English dentistry were 
published until Thomas Berdmore, dentist to King George III, published his treatise 
on dental disorders and deformities, in 1768. In 1771 English surgeon John Hunter, 
famed as the Father of Modern Surgery, published The Natural History of the 
Human Teeth, an outstanding text on dental anatomy. Hunter also pioneered the 
transplantation of teeth from one individual to another, and, because of his tremen-
dous reputation, this practice was widely adopted. Although tooth transplantation 
between individuals did not prove successful, it was nevertheless the first attempt to 
transplant human tissue from one person to another. Later, English dentist Joseph 
Fox, who served as one of the staff of Guy’s Hospital in London, offered the first 
observations on what is today recognized as the “rejection phenomenon” of trans-
plants [9].

Following years are marked with greatest discoveries that revolutionized 
dentistry.

In the year 1790, John Greenwood constructed the first known dental foot engine. 
In the same year, Josiah Flagg, a prominent American dentist, constructed the first 
chair made specifically for dental patients.

In 1832, James Snell invented the first reclining dental chair.
In 1833–1850, the Crawcours (two brothers from France) introduce amalgam filling 

material under the name Royal Mineral Succedaneum.
In 1839, American Journal of Dental Science, the world’s first dental journal, began 

publication.

The need for a professional teaching institution now was of paramount impor-
tance, and in the year 1840, Horace Hayden and Chapin Harris founded the world’s 
first dental school, the Baltimore College of Dental Surgery, and established the 
Doctor of Dental Surgery (DDS) degree, and in the same year, the first national 
society of dentists, the American Society of Dental Surgeons, was founded in 
New York City.

Great new advances in the field came about very quickly at this time. In 1844 
American dentist Horace Wells discovered the anesthetic properties of nitrous 
oxide, which he promptly began using while performing tooth extractions. In 1846 
another American dentist, William Thomas Green Morton of Boston, successfully 
demonstrated in public the effectiveness of ether anesthesia. In 1856 English dentist 
Sir John Tomes led the formation of the first dental organization in England, the 
Odontological Society. It was through the activity of this group that the Royal 
Dental Hospital of London was established in 1858 (Fig. 1.15).
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Fig. 1.15 Horace Wells

In 1864 vulcanized rubber was introduced as a substitute for difficult and costly 
gold dentures, allowing dentists to supply dentures at a lower cost.

In 1871, James B. Morrison patented the first commercially manufactured foot- 
treadle dental engine. Morrison’s inexpensive, mechanized tool supplies dental burs 
with enough speed to cut enamel and dentin smoothly and quickly, revolutionizing 
the practice of dentistry. In the same year, American dentist George F.  Green 
received a patent for the first electric dental engine, a self-contained motor and hand 
piece. In 1890 American dentist Willoughby Dayton Miller published The Micro- 
organisms of the Human Mouth, in which he proposed the theory that dental caries 
were the result of bacterial activity. Miller’s publication led to a tremendous wave 
of interest in oral hygiene.

In 1895, Wilhelm Roentgen, a German physicist, discovered the x-ray. In 1896 
prominent New Orleans dentist C. Edmund Kells took the first dental x-ray of a liv-
ing person in the United States.

In 1899, Edward Hartley Angle classified the various forms of malocclusion. 
Credited with making orthodontics into a dental specialty, Angle also established 
the first school of orthodontics (Angle School of Orthodontia in St. Louis, 1900), 
the first orthodontic society (American Society of Orthodontia, 1901), and the first 
dental specialty journal (American Orthodontist, 1907).

History has many lessons on what can go wrong, in healthcare, ethics, and the 
relationship between medicine and society. It also shows how errors can lead into 
insights. Having knowledge of history gives a better understanding of where we are 
coming from, thereby giving better clarity of the present and to make educated deci-
sions about the future.

The progress of dentistry into an advanced science is a truly remarkable one. The 
importance and value of dental art and science as a humane service are well recog-
nized, but we are so accustomed to view the question from the modern standpoint 
that we overlook the immense work done by our predecessors reaching far back in 
unbroken line to the mists of time. It was they who laid the cornerstone upon which 
modern dentistry has been built, and no man can wade through the record of their 
efforts [9].

1.1 What Is Dentistry?



14

1.1.3  Technologies in Dentistry: Through Ages

Technology—the application of scientific knowledge for practical purposes—is and 
always has been a core component of dentistry.

The consequences of dental disease have plagued humanity throughout history. 
Our ancestors relied on the tools and treatments available to them and applied avail-
able treatment methods based on their understanding. While our ancestors may not 
have understood the cause of their dental pain, they did find ways to alleviate their 
discomfort, fight infection, and restore the function of their teeth.

While many of the early beliefs about oral health and some of the treatment 
methods that transpired may seem barbaric by today’s standards, it is interesting to 
look back through time to see how technologies in dentistry have evolved through 
the ages [10, 11].

Long before the first comprehensive scientific textbook on dentistry, Fauchard’s 
Le Chirurgien Dentiste, was published in 1728, dentistry was practiced by a variety 
of craftsmen, primarily barbers, but also wig makers, bloodletters, goldsmiths, and 
blacksmiths, among others. Yet despite their lack of formal, academic training, 
these medieval practitioners possessed a distinctive skill-set and used specialized 
instruments to remove, repair, and replace the hardest tissue in the body [11].

The prominence of the early dental practitioner dates to 1092 when Pope Cyril II 
of Alexandria decreed that priests and monks would have a new grooming style, a 
shaven face, and a unique hairstyle. The Pope invited razor et minutor (barbers and 
blood removers) to take up the task. As a result, barbers, and the instruments they 
used—razor, lance, and scissors—became part of a budding surgical profession and 
barber-surgeons were created. The use of a scalpel was not far behind [11].

Priests could read medical texts and became physicians but they were not allowed 
to have blood on their hands and so performed noninvasive interventions. The pro-
hibition against bloodletting and surgery by physician-priests began in 1163 when 
Pope Alexander III, as part of the Council of Tour, declared: ecclesia abhorret a 
sanguine. Loosely translated it meant shedding of blood is incompatible with the 
cleric’s holy duty to God. This was the beginning of the separation of physicians 
from surgeons, a division that lasted for approximately 800 years. The separation is 
still visible in the names of venerable institutions that include the words “College of 
Physicians and Surgeons,” for example, in Columbia University College of 
Physicians and Surgeons and the Royal College of Physicians and Surgeons of 
Canada [11].

In the early medieval pecking order, barber-surgeons not only were ranked as 
inferior to formally educated physicians but also, in medieval France, ranked fur-
ther. The term “Surgeons of the Long Robe” referred to those with some academic 
training to distinguish them from barber-surgeons, or “Surgeons of the Short Robe.” 
The academically trained surgeons were situated socially between physician-priests 
at the top and the lowly barber-surgeons. Yet the low status of the barber-surgeons 
did not prevent kings and queens from using them in military ground battles and on 
long naval voyages, where they gained experience treating wounded soldiers and 
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sailors. Necessity is the mother of invention and barber-surgeons, who were practi-
cal and innovative, responded by making technical advances that went on to have a 
major impact on society [11].

The first and arguably most prominent of these was Ambroise Paré (1510–1590), 
a barber-surgeon to four French kings, who replaced hot oil cauterization of bleed-
ing wounds with ligature. Prior to Paré’s innovation, hot boiling oil poured in a 
wound, without anesthesia, was thought to “purge” gunshot wounds of the pre-
sumed poisonous nature of the gunpowder. Many of the soldiers died of shock and 
sepsis following such excruciating treatment. Paré, known as “the gentle surgeon,” 
invented the use of a soothing wound dressing, thereby reducing pain caused by 
the hot oil and greatly enhancing wound healing and survival. Paré, a Huguenot, 
was so valuable that his Catholic king, Charles IX, hid him in his bedchamber’s 
closet during the night of August 24, 1572, the date of the “St. Bartholomew mas-
sacre,” to save him from the murderous rampage. Paré lived to be 80, leading a 
productive life, adopting new surgical techniques, and developing extraction instru-
ments that we still use today. His ligature of blood vessels and wound dressing 
technique changed surgery forever [11].

Pierre Fauchard (1678–1761), considered the “Father of Modern Dentistry,” 
began as a naval surgeon apprentice to Alexandre Poteleret, surgeon-in-chief to his 
Majesty’s ship in Louis XIV’s court. Fauchard witnessed the ravaging effect of 
scurvy on sailors and in particular on their gums. From this experience and the fact 
that a lack of funds prevented him from completing formal training in surgery, 
Fauchard decided to pursue dentistry, which did not require a costly apprenticeship. 
His experience with Poteleret was more extensive than many practicing dentists had 
at the time. He became a dental surgeon, one of 21 dentists in Paris at the time. His 
seminal book, Le Chirurgien Dentiste, is a compilation of scientific knowledge of 
dentistry at the turn of the eighteenth century. The manuscript has many original 
elements, such as the use of carved ivory obturators with attached teeth for cleft 
palate, a description of tooth dysplasia, new prosthodontic devices for replacement 
of missing teeth, and innovation in the type and use of dental instruments [11].

Dr. Horace Wells, a dentist from Connecticut, who was responsible for the use of 
anesthesia in dentistry, had an impact on both medicine and dentistry. He was the 
first patient to have a tooth extracted under nitrous oxide (NO) anesthesia.

Subsequent technological advances were more incremental and less impactful on 
other branches of medicine. Nevertheless, these advances helped to make dentistry 
a highly respected and sought-after profession [11].

• They include the invention of amalgam as a material for tooth restoration. 
Modern amalgams were introduced in the Western world during the early 1800s. 
French dentist Auguste Taveau developed a dental amalgam in 1816 which con-
tained a small amount of mercury and melted silver coins. In 1826, Taveau used 
the material as a dental restorative and filler. The mixture had some practical 
issues because it tended to expand significantly after setting. However, mercury 
was soft enough to mold to a tooth, and after curing lasted a long time. Two 
Englishmen, the Crawcour brothers, introduced it in the United States in 1833, 
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amid considerable animosity and professional jealousy from colleagues. 
Amalgam contained shavings of silver coins, tin, and mercury mixed into a paste. 
It has been the dental restoration material of choice for the past 180 years, and 
only recently has it become displaced by advances in highly fracture resistant 
aesthetic bonding materials.

• In the mid-nineteenth century, dentures to replace missing teeth were made of 
ivory, hippopotamus or human bone, or metal (brass or lead) into which human 
teeth—along with parts of both horse and donkey teeth—were placed. Starting in 
1851, they were replaced by a modern technology, vulcanized rubber, invented 
by Charles Goodyear, an American, who succeeded in hardening the resin of the 
rubber tree. An American dentist émigré to Paris, Thomas Evans, first used it as 
a denture base in 1848.

• Caries investigation was significantly advanced when a German-educated, 
American scientist, Dr. Willoughby D.  Miller, described the acid dissolution 
theory in 1890, who, after extensive research, in 1891 published his epochal 
work, The Micro-organisms of the Human Mouth, which set forth a new theory 
regarding the cause of dental caries. His postulating a “chemico-parasitic” origin 
of caries laid the basis for all the modern research in dentistry aimed at wiping 
this scourge out. Until that time, caries, the most common infectious disease 
affecting humans, was thought to be caused by worms. Using experimental 
approaches learned from Dr. Robert Koch, Miller reproduced caries in an envi-
ronment that simulated the oral cavity while working at the Free University of 
Berlin. Miller, who is recognized as the first oral microbiologist, was influenced 
to become a dentist by Dr. Frank P.  Abbott, dean of New  York College of 
Dentistry from 1911 to 1924, who was Miller’s partner in Berlin and his 
father-in-law.

• One of the earliest dental tools is a drill. The dental drill was a major break-
through in speeding up removal of decayed tissue. The first dental drill appeared 
in 7000 BC and was an invention of Indus Valley Civilization. The use of modern 
dental drills started with George F.  Green, an American dentist who in 1868 
invented the foot pedal operated pneumatic drill and 7 years later patented the 
electric drill.

• The pneumatic high-speed air rotor drill developed by Dr. John Patrick Walsh 
in 1949 in New Zealand followed the invention of the electric slow-speed drill. 
Dr. John Borden commercialized the high-speed drill in the 1950s in the 
United States.

• The toothbrush has ancient roots. But the invention of the commercial mass- 
produced toothbrush is attributed to the Englishman William Addis, who in 1770 
came up with the idea while in prison. Using swine bristles thread through holes 
at the ends of a carved cattle bone, he created the first toothbrush prototype. Once 
released from prison, he started to mass-produce it. The first three-row bristle 
toothbrush was invented in 1844, and the first nylon toothbrush was commercial-
ized by DuPont in 1938. The first electric toothbrush was created in 1939.

• Toothpaste was invented in 1850. The first toothpaste was based on a formula-
tion of powder or pumice. The invention of modern toothpaste is attributed to the 
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American dentist Dr. Washington Wentworth Sheffield, who came up with the 
patent in 1878. He is also credited with placing it into collapsible tubes. The idea 
came to him while in France observing the tubes used by Parisian painters.

• One of the most significant advances in modern dentistry derives from the use of 
dental sealants to prevent dental decay. In the mid-1960s, Drs. Michael 
Buonocore and E. I. Cueto introduced the first commercial sealant. The product 
was based on Dr. Buonocore’s work on the development of materials to prevent 
occlusal caries in posterior teeth. In 1974, Drs. J.W. McLean and A. D. Wilson 
introduced the glass ionomer cement currently used for fissure sealants.

• The discovery of the role that fluoride plays in caries prevention is an achieve-
ment that the CDC ranks among the ten greatest public health advances of the 
twentieth century. Fluoride research had its beginning in 1901, when a young 
dental school graduate, Frederick McKay, left the East Coast to open a dental 
practice in Colorado Springs, Colorado. When he arrived, McKay was astounded 
to find scores of residents with grotesque brownish teeth and began his research, 
in collaboration with renowned dental researcher Dr. G.V. Black, that led to rec-
ognition of fluoride’s preventive capabilities, and, 30 years later, to the knowl-
edge that water-borne fluoride can prevent cavities.

• Under the leadership of Dr. H. Trendley Dean at the NIH, the first major public 
water fluoridation project began in Grand Rapids, Michigan, in 1944. The 
project, which lasted 15 years, showed that the caries rate among Grand Rapids 
children born after fluoride was added to the water supply dropped more than 60 
percent. As a result of their efforts, McKay, Dean, and others helped to transform 
dentistry into a prevention-oriented profession.

• Dental implants made of shells (alloplasts) were used by the Mayan civilization 
in 600 AD. Dr. Per-Ingvar Brånemark, who is known as the Father of the Modern 
Dental Implant, made the breakthrough discovery that titanium has a property 
which allows it to fuse with bone. In the midst of research studies, he realized he 
could not remove a small titanium cylinder that he had placed in a bone to study 
how the bone healed through osseointegration.

• Digital dentistry refers to a wide scope of technologies and devices—intro-
duced in the past several decades—that incorporate digital or computer- controlled 
components in contrast to mechanical or electrical devices alone. The digital 
technologies that might be used in the dental office include CAD/CAM 
(computer- assisted design, computer- assisted manufacture), cone beam CT, 
digital x-rays, intraoral camera, dental lasers, and optical scanners, among them.

• One of the most recent technological advances is Invisalign, a system that cre-
ates a series of computer-generated clear plastic orthodontic realigners to correct 
slight malocclusions. Invisalign “democratized” orthodontics by making the sys-
tem available to general practitioners. The 1997 invention is attributed to Zia 
Chishti and Kelsey Wirth.

• More recently, a new technology developed at the NYU College of Dentistry has 
been shown to significantly decrease the amount of time required for a patient to 
wear braces. The process is called micro-osteoperforation (popularly known as 
“faster braces”), which involves poking small holes into the patient’s gums 
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using a special plastic drill called a Propel. The controlled injury allows porous 
bone tissue to form, and, as a result, braces can move the teeth faster. The NYU 
team that developed this technology, introduced in 2013, was led by Drs. Cristina 
Teixeira and Mani Alikhani.

• No list of technological advances can be complete without discussing advances 
in dental education. In 1926, as part of a series of studies on professional educa-
tion in the United States funded by the Carnegie Foundation for the Advancement 
of Teaching, Dr. William J. Gies published a landmark report that established the 
importance of dentistry as a healing science and an essential component of higher 
education in the health professions. Dental Education in the United States and 
Canada, known as the Gies Report, followed a similar report, the Flexner Report 
of 1910, which reformed medical education. As a result of the Gies Report, all 
dental schools became part of research universities and adopted a 4-year, sci-
ence-based education, thus ensuring recognition of dentistry as a learned profes-
sion [11].

• These are but a few examples in the long and distinguished history of discover-
ies, technological innovations, and transformations in the stature of the profes-
sion that have made dentistry a progressive force for improved public health.

Today, dental treatment for caries and periodontal disease is moving into a period 
of minimally invasive and more preventive and conservative interventions. The 
availability of ever more information, smart technology, know-how, and noninva-
sive treatments will continue to advance the profession’s momentum by making it 
easier, faster, better, and more enjoyable for patients [11].

1.1.4  Specialties in Dentistry

• Specialty Definitions

Approved and adopted by the National Commission on Recognition of Dental 
Specialties and Certifying Boards [12, 13]:

Dental Anesthesiology: Dental anesthesiology is the specialty of dentistry and dis-
cipline of anesthesiology encompassing the art and science of managing pain, 
anxiety, and overall patient health during dental, oral, maxillofacial, and adjunc-
tive surgical or diagnostic procedures throughout the entire perioperative period. 
The specialty is dedicated to promoting patient safety as well as access to care 
for all dental patients, including the very young and patients with special health- 
care needs (Adopted March 2019).

Dental Public Health: Dental public health is the science and art of preventing and 
controlling dental diseases and promoting dental health through organized com-
munity efforts. It is that form of dental practice which serves the community as 
a patient rather than the individual. It is concerned with the dental health educa-
tion of the public, with applied dental research, and with the administration of 
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group dental care programs as well as the prevention and control of dental dis-
eases on a community basis (Adopted May 2018).

Endodontics: Endodontics is the dental specialty which is concerned with the mor-
phology, biology, physiology, pathology, and regeneration of the human dental 
pulp and periradicular tissues. Its study and practice encompass the basic and 
clinical sciences including biology of the normal pulp and the etiology, diagno-
sis, prevention, and treatment of diseases and injuries of the pulp and associated 
periradicular conditions (Adopted April 2021).

Oral and Maxillofacial Pathology: Oral pathology is the specialty of dentistry and 
discipline of pathology that deals with the nature, identification, and manage-
ment of diseases affecting the oral and maxillofacial regions. It is a science that 
investigates the causes, processes, and effects of these diseases. The practice of 
oral pathology includes research and diagnosis of diseases using clinical, radio-
graphic, microscopic, biochemical, or other examinations (Adopted May 2018).

Oral and Maxillofacial Radiology: Oral and maxillofacial radiology is the spe-
cialty of dentistry and discipline of radiology concerned with the production and 
interpretation of images and data produced by all modalities of radiant energy 
that are used for the diagnosis and management of diseases, disorders, and condi-
tions of the oral and maxillofacial region (Adopted May 2018).

Oral and Maxillofacial Surgery: Oral and maxillofacial surgery is the specialty of 
dentistry which includes the diagnosis and surgical and adjunctive treatment of 
diseases, injuries, and defects involving both the functional and aesthetic aspects 
of the hard and soft tissues of the oral and maxillofacial region (Adopted 
May 2018).

Oral Medicine: Oral medicine is the specialty of dentistry responsible for the oral 
health care of medically complex patients and for the diagnosis and management 
of medically related diseases, disorders, and conditions affecting the oral and 
maxillofacial region (Adopted September 2020).

Orofacial Pain: Orofacial pain is the specialty of dentistry that encompasses the 
diagnosis, management, and treatment of pain disorders of the jaw, mouth, face, 
head, and neck. The specialty of orofacial pain is dedicated to the evidenced- 
based understanding of the underlying pathophysiology, etiology, prevention, 
and treatment of these disorders and improving access to interdisciplinary patient 
care (Adopted September 2020).

Orthodontics and Dentofacial Orthopedics: Orthodontics and dentofacial orthope-
dics is the dental specialty that includes the diagnosis, prevention, interception, 
and correction of malocclusion, as well as neuromuscular and skeletal abnor-
malities of the developing or mature orofacial structures (Adopted May 2018).

Pediatric Dentistry: Pediatric dentistry is an age-defined specialty that provides 
both primary and comprehensive preventive and therapeutic oral health care for 
infants and children through adolescence, including those with special health- 
care needs (Adopted May 2018).

Periodontics: Periodontics is that specialty of dentistry which encompasses the pre-
vention, diagnosis, and treatment of diseases of the supporting and surrounding 

1.1 What Is Dentistry?
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tissues of the teeth or their substitutes and the maintenance of the health, func-
tion, and aesthetics of these structures and tissues (Adopted May 2018).

Prosthodontics: Prosthodontics is the dental specialty pertaining to the diagnosis, 
treatment planning, rehabilitation and maintenance of the oral function, comfort, 
appearance, and health of patients with clinical conditions associated with miss-
ing or deficient teeth and/or oral and maxillofacial tissues using biocompatible 
substitutes (Adopted May 2018).

• Dental Subspecialties

General Dentistry: A general dentist is your primary care dental provider. A dentist 
has many responsibilities including the diagnosis, treatment, care, and manage-
ment of your overall oral health. Nonmetal fillings, periodontal (gum) care, root 
canal surgeries, crowns, bridges, and preventive education are some of the ser-
vices a general dentist provides, among several others.

Cosmetic Dentistry: Cosmetic dentistry procedures include straightening, brighten-
ing, reshaping, and even repairing teeth. Cosmetic dentistry focuses on improv-
ing a person’s smile and may include teeth whitening, dental veneers, dental 
bonding, white fillings, and invisible braces.

Restorative Dentistry: Restorative dentistry restores your smile and health after 
tooth damage and disease. Restorative services will improve the structure, health, 
and appearance of the teeth and mouth for those suffering from ailments.

Geriatric Dentistry: Geriatric dentistry is concerned with the oral health of elderly 
persons, who usually have significant medical problems and are taking multiple 
medications. Elderly people often experience symptoms of dental decay and gin-
gival (gum) disorders that differ from symptoms experienced by younger people.

• Dental Ancillaries

Dental Hygienist: A dental hygienist is an oral health professional who holds the 
responsibility of preventing and treating oral diseases. A hygienist cleans teeth, 
checks the mouth for signs of oral diseases, and performs other preventive den-
tal care.

Dental Assistant: A dental assistant assists with the dentist’s efficiency in providing 
top-quality oral health care. An assistant gives patient care and support as a den-
tist completes a checkup or procedure [12, 13].

1.2  Oral Health

Oral health means more than “good teeth.” It is integral to general health, is essen-
tial for well-being, and is a determinant of quality of life (Peterson, 2003) [14]. As 
put forward by Clark and Vanek in 1984, “Oral health and quality oral health care 
contribute to holistic health. It should be a right not a privilege” [15].

1 Introduction to Dentistry and Oral Health
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Oral diseases are among the most common diseases found in humans. Despite 
their high social and economic burdens, oral diseases receive little attention in many 
countries and remain a neglected area of international health.

1.2.1  Definition of Oral Health

• The WHO’s Definition of Oral Health

Oral health is essential to general health and quality of life. It is a state of being free 
from mouth and facial pain, oral and throat cancer, oral infection, and sores, peri-
odontal (gum) disease, tooth decay, tooth loss, and other diseases and disorders that 
limit an individual’s capacity in biting, chewing, smiling, speaking, and psychoso-
cial well-being (World Health Organization, 2012) [16].

• According to FDI (World Dental Federation)

Oral health is multifaceted and includes the ability to speak, smile, smell, taste, 
touch, chew, swallow, and convey a range of emotions through facial expressions 
with confidence and without pain, discomfort, and disease of the craniofacial com-
plex (head, face, and oral cavity) (September 6, 2016) [17].

Further attributes of oral health:

 – It is a fundamental component of health and physical and mental well-being. It 
exists along a continuum influenced by the values and attitudes of people and 
communities.

 – It reflects the physiological, social, and psychological attributes that are essential 
to the quality of life.

 – It is influenced by the person’s changing experiences, perceptions, expectations, 
and ability to adapt to circumstances [18].

• ADA Policy: Definition of Oral Health

Oral health is a functional, structural, aesthetic, physiologic, and psychosocial 
state of well-being and is essential to an individual’s general health and quality of 
life [Adopted by the 2014 ADA House of Delegates] [19].

1.2.2  Key Facts of Oral Health (WHO) [16]

• Oral diseases pose a major health burden for many countries and affect people 
throughout their lifetime, causing pain, discomfort, disfigurement, and even death.

• These diseases share common risk factors with other noncommunicable dis-
eases (NCDs).

• It is estimated that oral diseases affect nearly 3.5 billion people.

1.2 Oral Health
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• Untreated dental caries (tooth decay) in permanent teeth is the most common 
health condition according to the Global Burden of Disease 2017.

• More than 530 million children suffer from dental caries of primary teeth 
(milk teeth).

• Severe periodontal (gum) disease, which may result in tooth loss, is also very 
common, with almost 10% of the global population affected.

• Oral cancer (cancer of the lip or mouth) is one of the three most common cancers 
in some countries of Asia and the Pacific.

• Treatment for oral health conditions is expensive and usually not part of univer-
sal health coverage (UHC). In most high-income countries, dental treatment 
averages 5% of total health expenditure and 20% of out-of-pocket health 
expenditure.

• Most low- and middle-income countries are unable to provide services to prevent 
and treat oral health conditions.

• Factors contributing to oral diseases are an unhealthy diet high in sugar, use of 
tobacco, and harmful use of alcohol.

• Most oral health conditions are largely preventable and can be treated in their 
early stages.

1.2.3  Determinants of Oral Health

The ability to access oral health care is associated with gender, age, education level, 
income, race and ethnicity, access to medical insurance, and geographic location. 
Addressing these determinants is key in reducing health disparities and improving the 
health of everyone. Efforts are needed to overcome barriers to access to oral health 
care caused by geographic isolation, poverty, insufficient education, and lack of com-
munication skills. Discrepancies in oral health status result from numerous obstacles 
ranging from social [1], environmental [2], biological, behavioral [3], cultural, eco-
nomic, and political factors [3, 4] to limited access to oral health-care services, com-
plicated oral health-care systems, a lack of oral health information material [5], and 
oral heath literacy [6]. The process of acquiring oral health information, appraising its 
concepts, and applying oral health prevention and treatment plans appropriately 
requires new skill development called oral health literacy (OHL) [20, 21].

• Social Determinants

A confluence of personal, social, economic, and environmental factors contrib-
ute to individual and population health. For example, people with a quality educa-
tion, stable employment, safe homes and neighborhoods, and access to preventive 
services tend to be healthier throughout their lives. Conversely, poor health out-
comes are often made worse by the interaction between individuals and their social 
and physical environment.

Social determinants are in part responsible for the unequal and avoidable differ-
ences in health status within and between communities. Social determinants as a 
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leading health topic recognize the critical role of home, school, workplace, neigh-
borhood, and community in improving health [20, 21].

• Health Impact of Social Determinants

Social and physical determinants affect a wide range of health, functioning, and 
quality of life outcomes. For example:

 – Access to parks and safe sidewalks for walking is associated with physical activ-
ity in adults.

 – Education is associated with:

Longer life expectancy.
Improved health and quality of life.
Health-promoting behaviors like getting regular physical activity, not smok-
ing, and going for routine checkups and recommended screenings.

• Discrimination, stigma, or unfair treatment in the workplace can have a profound 
impact on health; discrimination can increase blood pressure, heart rate, and 
stress, as well as undermine self-esteem and self-efficacy.

• Family and community rejection, including bullying, of lesbian, gay, bisexual, 
and transgender youth, can have serious and long-term health impacts including 
depression, use of illegal drugs, and suicidal behavior.

• Places where people live and eat affect their diet. More than 23 million people, 
including 6.5 million children, live in “food deserts”—neighborhoods that lack 
access to stores where affordable, healthy food is readily available (such as full- 
service supermarkets and grocery stores) [22] (Fig. 1.16).
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• Social and Commercial Determinants of Oral Diseases

The WHO conceptual framework for action on the social determinants of health 
highlights how structural determinants, such as economic, social, and welfare poli-
cies, can generate social hierarchies and influence the socioeconomic status of indi-
viduals within societies. Socioeconomic status can then influence health through the 
circumstances in which people live, work, and age, and their risks for disease. These 
intermediate determinants include housing and working conditions, social capital, 
psychosocial factors such as stress and social support, and access to health care [23].

Although the social determinants of health have been well known for some time, 
the implementation of policies to address these determinants has been slow. The 
dental public health community has been advocating the importance of integrated 
upstream and community-based approaches; however, oral health care and 
approaches to disease prevention still operate to a large extent in a nonintegrated 
dental silo. Dental policy makers tend to rely on simplistic downstream interven-
tions, in part, because of the dominance of a clinical interventionist philosophy, and 
because of the challenges of generating evidence of efficacy for the more complex 
upstream interventions. The biomedical approach to prevention thus prevails and 
shapes policies that favor the delivery of clinical preventive interventions and chair-
side oral health advice, rather than population-wide upstream strategies [24].

A number of models have conceptually adapted the WHO social determinants 
framework for oral health. Additionally, recognition is growing for the need to move 
from current clinical approaches to policy initiatives that tackle oral health inequali-
ties at the structural level, focusing on the social determinants of health and the risk 
factors shared between oral diseases and other NCDs, such as free sugar consump-
tion, tobacco use, alcohol consumption, and their wider driving determinants [25].

Globally, a steady overall increase has occurred in the production of sucrose 
(sourced from sugar beet and sugar cane), the most widely available sweetener since 
the 1980s. Consequently, in many low- to middle-income countries (LMIC), preva-
lence of dental caries is increasing at the same time as reported marked increases in 
the consumption of sugars, including sugary drinks.

Economic development in many LMICs has moved millions out of poverty, 
resulting in a rapid demographic and nutritional transition characterized by some 
adverse changes in diet, physical activity, and health.

Multinational corporations are expanding their reach from near-saturated mar-
kets in high-income countries (HIC), to also target new opportunities in emerging 
economies. The increased availability of unhealthy consumer goods, including 
high-sugar foods and drinks, is shifting behaviors, and contributing to the increase 
in NCDs.

This overall shift represents a potential minefield of future harms, with poorer 
health resulting in reduced productivity and burgeoning health-care costs. Buse and 
colleagues highlighted that “We cannot treat our way out of the NCD epidemic.” It 
calls for a radically different approach.

Hastings has argued that equal concern now needs to be focused on the commer-
cial as well as the social determinants of health [26].

1 Introduction to Dentistry and Oral Health
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Commercial determinants of health are defined as “strategies and approaches 
used by the private sector to promote products and choices that are detrimental to 
health.”

In 2013, WHO Director-General, Dr. Margaret Chan, stated that “Efforts to pre-
vent non-communicable diseases go against the business interests of powerful eco-
nomic operators. In my view, this is one of the biggest challenges facing health 
promotion” [27].

1.3  Conclusion

Oral diseases are a major global public health problem, having both high prevalence 
and major negative impacts on individuals, communities, and society. Globally, 
over 3.5 billion people have oral diseases that are chronic and progressive in nature, 
starting in early childhood and progressing throughout adolescence and adulthood 
and into later life. Oral diseases disproportionally affect poorer and marginalized 
groups in society, being very closely linked to socioeconomic status and broader 
social and commercial determinants. Increasing consumption of free sugars particu-
larly in LMICs is causing an increase in dental caries, as well as other NCDs such 
as obesity and diabetes. Dental treatment alone cannot solve this problem. A radi-
cally different approach is now needed to tackle this global health challenge [28].
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Chapter 2
Introduction to Dental Anatomy 
and Nomenclature

Dental anatomy is defined here as, but is not limited to, the study of the develop-
ment, morphology, function, and identity of each of the teeth in the human denti-
tions, as well as the way in which the teeth relate in shape, form, structure, color, 
and function to the other teeth in the same dental arch and to the teeth in the oppos-
ing arch. Thus, the study of dental anatomy, physiology, and occlusion provides one 
of the basic components of the skills needed to practice all phases of dentistry [1].

2.1  Formation of the Dentitions (Overview)

Humans have two sets of teeth in their lifetime (heterodont). The first set of teeth to 
be seen in the mouth is the primary or deciduous dentition, which begins to form 
prenatally at about 14 weeks in utero and is completed postnatally at about 3 years 
of age. In the absence of congenital disorders, dental disease, or trauma, the first 
teeth in this dentition begin to appear in the oral cavity at the mean age of 6, and the 
last emerge at a mean age of 28+/−4  months. The deciduous dentition remains 
intact (barring loss from dental caries or trauma) until the child is about 6 years of 
age. At about that time, the first succedaneous or permanent teeth begin to emerge 
into the mouth. The emergence of these teeth begins the transition or mixed denti-
tion period in which there is a mixture of deciduous and succedaneous teeth pres-
ent. The transition period lasts from about 6 to 12 years of age and ends when all the 
deciduous teeth have been shed. At that time, the permanent dentition period begins. 
Thus, the transition from the primary dentition to the permanent dentition begins 
with the emergence of the first permanent molars, shedding of the deciduous inci-
sors, and emergence of the permanent incisors. The mixed dentition period is often 
a challenging time for the young child because of habits, missing teeth, teeth of 
distinct colors and hues, crowding of the teeth, and malposed teeth.
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The permanent, or succedaneous, teeth replace the exfoliated deciduous teeth in 
a sequence of eruption that exhibits some variance. After the shedding of the decid-
uous canines and molars, emergence of the permanent canines and premolars, and 
emergence of the second permanent molars, the permanent dentition is completed 
(including the roots) at about 14–15 years of age, except for the third molars, which 
are completed at 18–25 years of age. In effect, the duration of the permanent denti-
tion period is 12+ years. The completed permanent dentition consists of 32 teeth if 
none are congenitally missing [1, 2].

2.2  Nomenclature

The first step in understanding dental anatomy is to learn the nomenclature, or the 
system of names, used to describe or classify the material included in the subject [1].

• Formulae for Mammalian Teeth

Human teeth are heterodont and are characterized by four tooth classes: incisors, 
canines, premolars, and molars. Human teeth are also diphyodont because there are 
two generations of teeth during a lifespan: 20 deciduous (primary) teeth and 32 
permanent teeth. The primary dentition consists of the two types of incisors—cen-
tral and lateral—canines, and two types of molars, first and second. The primary 
incisors, canines, and molars get replaced by the successional permanent incisors, 
canines, and premolars. Permanent dentition also consists of the additional teeth 
that are three types of molars—first, second, and third.

The denomination and number of all mammalian teeth are expressed by formu-
lae that are used to differentiate the human dentitions from those of other species. 
The denomination of each tooth is often represented by the initial letter in its name 
(e.g., I for incisor, C for canine, P for premolar, M for molar). Each letter is followed 
by a horizontal line and the number of each type of tooth is placed above the line for 
the maxilla (upper jaw) and below the line for the mandible (lower jaw). The formu-
lae include one side only, with the number of teeth in each jaw being the same for 
humans [1].

The dental formula for the primary/deciduous teeth in humans is as follows [1, 3, 
5] (Fig. 2.1):

This formula should be read as incisors, two maxillary and two mandibular; 
canines, one maxillary and one mandibular; and molars, two maxillary and two 
mandibular—or ten altogether on one side, right or left [1, 3, 5].

The dental formula for the primary teeth in
humans is:

I
2

2
M = 10

2

2
C

1

1

Fig. 2.1 Dental formula of 
deciduous dentition
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The permanent dental formula in humans is:

I
2

2
M = 16

3

3
C

1

1
P

2

2

Fig. 2.2 Dental formula of 
permanent dentition

Milk teeth

Permanent teeth

Incisors, I = 2
Canines, C = 1
Molars, M = 2

Incisors, I = 2
Canines, C = 1

Premolar, PM = 2
Molars, M = 3

212
212

2123
2123

2 = 20

2 = 32

x

x

Fig. 2.3 Formulae for 
human teeth

A dental formula for the permanent human dentition is as follows [1, 4, 5] 
(Fig. 2.2):

Premolars have now been added to the formula, two maxillary and two mandibu-
lar, and a third molar has been added, one maxillary and one mandibular [1, 5] 
(Fig. 2.3).

2.3  Tooth Numbering Systems

In 1947 a committee of the American Dental Association (ADA) recommended the 
symbolic (Zsigmondy/Palmer) system as the numbering method of choice. However, 
because of difficulties with keyboard notation of the symbolic notation system, the 
ADA in 1968 officially recommended the “universal” numbering system. A two- 
digit system proposed by Fédération Dentaire Internationale (FDI) for both primary 
and permanent dentitions has been adopted by the World Health Organization and 
accepted by other organizations such as the International Association for Dental 
Research [1, 5].

• Universal System

The American Dental Association recognized the universal numbering system in 
1968; however, the name is misleading because it does not have a universal usage. 
In this system, each tooth in primary dentition is taken one letter, while for perma-
nent dentition, a number is used for each. It is used in the United States due to its 
simplicity.

2.3  Tooth Numbering Systems
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• Symbolic System

This system was originally proposed by the Hungarian dentist Adolf Zsigmondy, 
who developed the idea in 1861. Permanent teeth were numbered 1–8, and the pri-
mary teeth were numbered using Roman numerals I, II, III, IV, and V from the 
midline. After that and to make it less confusing, Dr. Corydon Palmer who is an 
American dentist changed the Roman numerals of the primary teeth to A, B, C, D, 
and E. Thus, it is usually referred to as the Zsigmondy/Palmer notation system. In 
this system, the arches are divided into four quadrants.

The Palmer notation consists of a symbol (⏌⎿ ⏋⎾) designating in which 
quadrant the tooth is found and a number indicating the position from the midline. 
Permanent teeth are numbered 1–8, while deciduous teeth are indicated by letters A 
to E. This numbering system presents difficulties when an appropriate font is not 
available for keyboard recording of these notations.

• FDI System

The Fédération Dentaire Internationale (FDI) recognized and approved a two- 
digit system for both primary and permanent dentitions. This system has been 
adopted by the World Health Organization (WHO) and is accepted by other organi-
zations and in research and public health journals. For the primary teeth, the first 
digit is from 5, 6, 7 and 8 which denotes the quadrant of the oral cavity starting from 
the upper right quadrant and moving in a clockwise direction. While for permanent 
dentition, the first digit is from 1, 2, 3, and 4. The second digit in the FDI system 
refers to the number of the tooth whether primary or permanent incisors. Hence, the 
right and left maxillary central incisors of the primary dentition would be numbered 
51 and 61, respectively, and the permanent right maxillary central incisor is indi-
cated by the two-digit 11 (pronounced one-one, not eleven). FDI is considered the 
international system and all practitioners should know how to use the FDI system 
(Figs. 2.4, 2.5, 2.6, and 2.7).

2.4  Development and Eruption of Teeth

Knowledge of the development of the teeth and their emergence into the oral cavity 
is applicable to clinical practice, anthropology, demography, forensics, and paleon-
tology [1].

Historically, the term eruption was used to denote the tooth’s emergence through 
the gingiva, but then it became more completely defined to mean continuous tooth 
movement from the dental bud to occlusal contact. Emergence of the primary denti-
tion takes place between the sixth and thirtieth months of postnatal life. Permanent 
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Fig. 2.4 Palmer notation system (primary teeth)

teeth typically begin erupting around age 6, although they may appear earlier or 
later, usually in correlation with when the primary teeth came in. Most of the per-
manent teeth begin to erupt several weeks after the corresponding baby teeth fall 
out; however, while there are 20 baby teeth, ultimately 32 permanent teeth will 
emerge (16 in each jaw). Twelve of these teeth do not replace baby teeth.

Permanent teeth grow beneath the gingiva in the jawbone under the existing pri-
mary teeth. Over time, the root of each primary tooth begins to resorb (dissolve), 
and the crown, or top, of the incoming permanent tooth forms in the space where the 
root of the primary tooth breaks down. Then it becomes loose as the permanent 
tooth continues to form, eventually pushing its way through the pathway left by the 
lost primary tooth. Because the jawbone grows faster than the rest of the face, it will 
eventually be able to accommodate 32 permanent teeth where the 20 primary teeth 
began [1, 2, 5] (Figs. 2.8 and 2.9).

2.4  Development and Eruption of Teeth
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Fig. 2.6 Universal 
numbering system 
(primary teeth)

Fig. 2.5 FDI notation 
system (primary teeth)
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Fig. 2.7 Tooth notation system (permanent teeth)

2.4.1  Chronology Table of Primary and Permanent Dentition 
(Tables 2.1 and 2.2)

2.5  Anatomy of Teeth (Overview)

The anatomy of a tooth divides into two main sections: the crown and the root. The 
crown of the tooth is what is visible in the oral cavity, and the root of the tooth is 
embedded into the bony ridge of the upper and lower jaws called the alveolar pro-
cess via attachment to the periodontal ligament. The gingiva covers the border of the 
alveolar process that is adjacent to the teeth. The cementoenamel junction is the 
anatomical boundary between the enamel-covered crown and cementum-covered 
root. Dentin makes up the core of the entire tooth that surrounds the pulp, which 
contains the neurovascular structures. The apical foramen at the root apex is where 
the neurovascular structures enter the tooth and travel up the root canal to the 
expanded pulp chamber of the crown. The roots of the tooth vary depending on the 
type of tooth. The molars typically have three roots: a lingual root on the lingual 
aspect and a mesiobuccal root and distobuccal root on the buccal aspect. The crown 
of the tooth has five surfaces. The surface facing the lip or cheek is called the facial 
surface for incisors and canines and buccal surfaces for premolars and molars. The 
surface facing the inside of the mouth is referred to as the palatal surface in the 
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Fig. 2.8 Development of the human dentition to the sixth year. The primary teeth are the darker 
ones in the illustration (From Schour L, Massler M: The development of the human dentition, J Am 
Dent Assoc 28:1153, 1941). (Image source [1])
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Fig. 2.9 Development of the human dentition from the seventh year to maturity. Note the dis-
placement of the primary teeth (From Schour L, Massler M: The development of the human denti-
tion, J Am Dent Assoc 28:1153, 1941). (Image source [1])
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maxilla and the lingual surface in the mandible. The surfaces referring to the bound-
aries of adjacent teeth are called mesial and distal. Mesial refers to the surface closer 
to the midline of the face, and distal refers to the surface away from the midline of 
the face. The biting surface is called the occlusal surface [1, 6].

The structure of a tooth is made up of specialized tissues that allow it to survive 
the forces of mastication while maintaining retention in the oral cavity. Enamel is 
the hardest tissue in the body and serves as a protective outer covering for the tooth 
crown. Enamel consists of 96% mineral by weight primarily of a complex, highly 
organized structure of carbonate-substituted hydroxyapatite mineral arranged in 

Table 2.1 Chronology of primary teeth

Image source [1]
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interlocking prisms giving it its characteristic strength. Dentin is the most plentiful 
tissue in a tooth, and it is mostly responsible for the size and shape of a tooth.

Dentin consists of 60% mineral by weight and 20% organic component arranged 
in a complex organization of tubules filled with fluid. Dentin’s structure can flex and 
absorb force allowing it to function as a substructure for enamel. The pulp is a spe-
cialized tissue at the core of the tooth that contains blood vessels, nerves, odonto-
blasts, fibroblasts, and an extracellular matrix providing the tooth with neurosensory 
function and reparative potential. Cementum is the specialized hard tissue covering 
the tooth root that connects to the periodontal ligament attached to the alveolar 
bone; this works as an attachment system to hold the tooth in place under physio-
logical loads of mastication [1, 6] (Fig. 2.10).

The periodontal ligament connects the tooth to the alveolus, provides support to 
withstand the forces of mastication, and contains sensory fibers for proprioception. 
The tooth root is embedded within the alveolus, which is composed of both cortical 
and cancellous bone. Along the lip or cheek (labial or buccal) aspect of the alveolus, 
the bony plate is generally thinner compared to the aspect that faces the tongue 
(lingual or palatal).

Table 2.2 Chronology of permanent teeth

Image source [1]
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Fig. 2.10 Anatomy of tooth. (Image source: Britannica)

The oral mucosa covering the upper part of the alveolar ridge and immediately 
surrounding an erupted tooth is referred to as the gingiva, and it forms a tight protec-
tive cuff around the cementoenamel junction (neck) of the tooth. The potential space 
between the gingival cuff and the enamel of the crown is called the gingival crevice. 
The conglomeration of tissues that surround and serve to support the tooth is col-
lectively known as the periodontium [1, 7] (Fig. 2.11).

2.6  Applications of Technology in Dental Nomenclature 
and Anatomy

Development and evolution of human teeth is a complicated process and till now it 
is not completely well understood. The advancement and development of new tech-
nologies, such as genomic analysis implementing modern technologies such as 
next-generation sequencing (NGS) and other “omics technologies,” has boosted 
molecular understanding of tooth development. Information retrieved from these 
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Fig. 2.11 The periodontium components. (Image source [8])

technologies represents a substantial increase in data that need to be selected, ana-
lyzed, and integrated. There is no doubt that without the advances of AI technology, 
our understanding of tooth development will be so limited. The power of AI tech-
nology is the ability of AI-based technology to extract, analyze, and process large 
and complex data. For molecular biology research, AI can help in DNA sequencing, 
RNA sequencing, prediction of the binding sites of transcription factors, prediction 
of the protein structure, prediction of DNA-RNA interaction, and protein-protein 
interaction and other unlimited functions in the field of biomedical science.

Using AI-based technology has increased our understanding about how amazing 
this structure is. The development of the mammalian teeth is a very complex process 
that results from sequential and reciprocal interaction between oral ectodermal and 
the underlying mesenchymal tissues of the first branchial arch [9]. This interaction 
is completely under the genetic control of many signaling molecules, for example, 
sonic hedgehog (Shh), fibroblast growth factor (FGF), bone morphogenetic protein 
(BMP) [10], and Wingless type (Wnt) [11]. These signaling molecules are secreted 
first by the oral epithelium. They then diffuse into the underlying ectomesenchyme 
and induce expression of the transcription factors Msx-1, Msx-2, Lef-1, and Dlxs 
[12]. This reciprocal interaction between these two opposing sets of molecules (sig-
naling molecules and transcription factors) regulates and controls the morphodif-
ferentiation and cytodifferentiation of different cells of the tooth germ [13, 14].

As a result of this continuous interaction, a tooth germ is formed that includes the 
enamel organ, dental papilla, and dental follicle. The tooth germ goes through dif-
ferent morphological stages until the tooth is completely formed. First, the oral 
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ectoderm thickens to form the primary epithelial band that gives rise to the dental 
lamina. The dental lamina subsequently invaginates into the ectomesenchyme cor-
responding to the positions of the future teeth. It then proceeds to form a bud, cap, 
and finally bell-shaped structures [9, 11].

Although these three structures (enamel organ on the one hand and dental papilla 
and follicle on the other) have different embryological origins and different fates, 
they all act in an orchestrated fashion devoted to the formation of different shapes 
of teeth (morphogenesis) and their correct position in the jaws (patterning).

Furthermore, advances of AI-based technology enhanced our knowledge about 
genetic mutations that cause developmental anomalies such as hypodontia or ano-
dontia. For example, mutations in genes that are expressed at the early stages of 
tooth development, such as Msx-1, Pax-9, and Lef-1, cause development blockage 
either before dental lamina formation and the bud stage or before morphogenesis of 
the bud into cap stage, thus highlighting their importance in the tooth development 
process [14]. Also, abnormalities in all these signaling pathways result in morpho-
logical variability and dental malformations which may be of significant clinical 
importance.

Using AI in automatic detection and numbering human teeth on different types 
of radiographs have been proposed by many studies. The main reason for that is 
trying to decrease human errors and also proposing automated solutions that might 
support dentists in their clinical decision-making and saving time in daily practice. 
For example, a recent study was conducted by Bilgir et al., in 2021 in 2021, trying 
to use convolutional neural network (CNN) model with 22 deep layers for detection 
and numbering of teeth in comparison to human expert [15]. The study showed that 
deep CNN can be used for automatic tooth detection and numbering with high accu-
rate rate (95.5%) and precision rate (96.5%) in comparison to human experts. The 
study also suggested that different types of AI-based technology and systems can be 
used to support clinicians in detecting and numbering teeth on panoramic radio-
graphs and may eventually replace evaluation by human observers and improve 
performance in the future [15]. Another study conducted by Lin et  al., in 2010, 
aimed to develop a system based on a pattern recognition which is AI-based tech-
nology for dental classification and numbering system [16]. The study used intra-
oral bitewing radiographs for training AI machines to be used for the purpose of 
segmentation, classification, and numbering of teeth. The study reported that 
AI-based machines can show an accuracy rate of 95.7% for automated numbering 
and classification teeth [16].

Other two studies used deep learning technology for automated detection and 
numbering of teeth. The first study was conducted by Chen et al., in 2019 [17], who 
used dental periapical films to train machines and reported precision rate more than 
90% when it is compared to human experience as ground truth. The second study 
was conducted by Tuzoff et al., in 2019, which was focusing on using deep learning 
for tooth detection and numbering using 1352 panoramic radiographs to provide 
automated dental charting according to the FDI two-digit notation. Teeth numbering 
method was based on the VGG-16 convolutional architecture. The main idea was to 
test the possibility to achieve numbering of maxillary and mandibular teeth in a 
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single image using the power of the AI deep learning technology [18]. The study 
demonstrated the capability of CNN machine to have a close sensitivity and preci-
sion rates for automatic tooth numbering comparable to grounded truth by 0.9941 
and 0.9945, respectively [18].

2.7  Developmental Disturbances of Teeth

Odontologist must be able to identify and recognize normal anatomy of the teeth 
and also any variations and abnormalities. Identification of the normal size, shape, 
and number of teeth is considered basic skills for any dentist. In addition, variations 
in the morphology as well as the structure of the teeth, whether it is common or rare, 
should be recognized by any dental professionals. Multiple factors are responsible 
for successful tooth development including genetic and environmental factors. Any 
interruption during odontogenesis can lead to developmental disturbances in the 
size, shape, number, and structure of teeth [19].

2.7.1  Developmental Disturbances in Size of Teeth

Several etiological factors have been identified causing teeth size variation in both 
permanent and primary dentitions including genetic, gender, race, and 
environmental.

There are several conditions and variations of tooth size including the following:

• Microdontia

Microdontia is an anomaly in which teeth appear smaller than the normal [19]. 
Microdontia affects few teeth and is rarely seen in a generalized pattern. It is pre-
dominantly seen in females than males with a prevalence rate of 1.5–2% [17]. 
Microdontia can be classified into true, relative, and isolated/localized microdontia.

 – True generalized microdontia is rare in which all the teeth are smaller than nor-
mal. It is usually associated with syndromes such as pituitary dwarfism, Down 
syndrome, oro-facial-digital syndrome, or oculo-mandibulo-facial syndrome 
although a few non-syndromic cases have also been reported [17, 20].

 – Relative generalized microdontia is when the mandible and maxilla have a rela-
tively larger size giving an impression of teeth appearing smaller [17].

 – Isolated microdontia or localized microdontia affecting single tooth, also called 
as localized microdontia, is a common condition predominantly affecting the 
maxillary lateral incisor and third molar. The maxillary lateral incisors manifest 
a conical or peg shape where the mesial and distal surfaces converge incisally 
forming a cone-shaped tooth [21].

2.7  Developmental Disturbances of Teeth
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• Macrodontia

Macrodontia refers to a tooth or a group of teeth that are larger than normal. Like 
microdontia, macrodontia can also be classified as true generalized macrodontia, 
relative generalized macrodontia, and isolated or localized macrodontia [22]. 
Mutation in any of the genes of the HOX family, transcription factor Pax 9, or dis-
ruption in the signaling pathways that play an important role in odontogenesis may 
result in macrodontia [22]. Macrodontia is predominantly seen in children between 
ages 8 and 13 with a prevalence rate of 0.03–1.9% and has male predilection [22]. 
Teeth that are altered by fusion and gemination should not be confused with 
macrodontia.

 – True generalized macrodontia is rare in which all the teeth are larger than nor-
mal. It is usually associated with conditions such as pituitary gigantism, KBG 
syndrome, hemifacial hyperplasia, and Klinefelter’s syndrome [22].

 – Relative generalized macrodontia is when the mandible and maxilla have a rela-
tively smaller size giving an illusion of teeth appearing larger than normal [23].

 – Isolated macrodontia or macrodontia affecting single tooth also called as local-
ized macrodontia is highly unusual. Bilateral macrodontia is observed in inci-
sors, mandibular premolars, and third molars [24].

Microdontia and macrodontia can pose aesthetic concerns and functional difficul-
ties. Treatment modalities for microdont and macrodont teeth could vary from orth-
odontic treatment to restorative treatments (composite or porcelain veneers) and 
extractions depending upon each case scenario [25].

2.7.2  Developmental Disturbances in Number of Teeth

• Anodontia

Anodontia is described as complete agenesis of the dentition. True anodontia usu-
ally involves permanent dentition more than the deciduous dentition; however, asso-
ciation between missing primary and permanent dentitions has been reported [26]. 
True anodontia or congenitally missing teeth is classified into two types: total and 
partial. Total anodontia is highly unusual and is most likely seen in association with 
hereditary ectodermal dysplasia [19, 26]. Partial anodontia also referred to as 
hypodontia or oligodontia is the congenital absence of one tooth or more teeth. 
Third molars, maxillary lateral incisors, and maxillary or mandibular second pre-
molars are the most common missing teeth unilaterally or bilaterally. Several factors 
such as thalidomide treatment, chemotherapy, and radiotherapy in early infancy and 
trauma to the alveolar process have been implicated in the development of hypodon-
tia. The most frequently reported genes associated with hypodontia are Msx1 
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(muscle segment homeobox 1), AXIN2 (axis inhibition protein 2), PAX9 (paired 
box gene 9), and EDA (ectodysplasin A). Treatment attributes for patients with 
hypodontia are challenging although implant treatments have shown promising 
results [27].

• Supernumerary Teeth

Supernumerary teeth, also known as hyperdontia, refer to the presence of an addi-
tional tooth or teeth to the existing series of teeth. Supernumerary teeth can be uni-
lateral or bilateral, and it can be present in one or both jaws with the anterior maxilla 
as a predominant region [28]. The most accepted theory for the occurrence of super-
numerary teeth is hyperactivity of the dental lamina [29]. Supernumerary teeth have 
a prevalence rate of 0.2–3% in the primary and permanent dentition with male pre-
dominance [29]. Supernumerary tooth can be present in different locations with 
different names, for example, an extra tooth that is located between the two maxil-
lary central incisors is called a “mesiodens” and when present adjacent or distal to 
the molar region is called a distomolar or paramolars (lingually or buccally). Single 
supernumerary tooth is classified as conical, odontoma (complex and compound), 
tuberculate, and supplemental (non-syndromic). Multiple supernumerary teeth are 
associated with cleft lip and palate, cleidocranial dysplasia, and Gardner syndrome 
[30]. It must not be any confusion between supernumerary teeth with dental trans-
positioning, a pattern of abnormal eruption. Supplemental teeth are excessive teeth 
that resemble the morphology of normal teeth. The most commonly occurring sup-
plemental teeth are the permanent maxillary lateral incisor [28].

• Natal and Neonatal Teeth

Natal teeth are present at birth which develop and erupt during the intrauterine 
life, while neonatal teeth erupt during the first month of life, creating a disturbance 
in physiological chronology [31]. Studies have reported a higher incidence rate of 
natal teeth than neonatal teeth with a ratio of 3:1 [31]. Teeth that erupt after 30 days 
of life but within 3.5 months are called as “early infancy teeth.” Eighty-five percent 
of natal teeth are mandibular incisors [32]. The etiology of natal and prenatal teeth 
is still unknown although several factors such as infections, malnutrition, hormonal 
stimulation, hereditary transmission, and superficial positioning of the tooth germ 
have been implicated as plausible factors [33].

Natal and neonatal teeth are composed of enamel and dentin with or without the 
presence of pulp or root formation [33]. They appear as small conical-shaped teeth 
of yellow-brown or a whitish opaque color with grade III mobility [31]. Ulceration 
of the ventral surface of the tongue also called as Riga-Fede disease, tooth aspira-
tion, and difficulty in breastfeeding are few of the complications associated with the 
presence of natal and neonatal teeth [34]. Due to the potential complications, extrac-
tion within the 7th–25th day of birth is usually the choice of treatment with prophy-
lactic administration of vitamin K [35].

2.7  Developmental Disturbances of Teeth
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2.7.3  Developmental Disturbances in Shape of Teeth

• Gemination

Gemination, also called as double tooth, has been described as an attempt of a single 
tooth germ to divide resulting in the formation of a complete or partial bifid crown 
usually with a common root and root canal [36]. It is a common dental anomaly 
seen in both deciduous and permanent dentitions with a predilection toward anterior 
and maxillary region [36]. In gemination the tooth count is normal when compared 
to fusion.

• Fusion

Fusion is defined as the union of two normally separated tooth germs resulting in 
the formation of a joined tooth [36]. It is a common dental anomaly seen in both 
deciduous and permanent dentitions. In fusion the tooth count is one less when 
compared to gemination. Fusion can occur between two normal tooth germs or 
between a normal and a supernumerary tooth; radiographically two separate pulp 
chambers can be appreciated [37].

Studies have reported hereditary, genetic, and environmental factors responsible 
for gemination and fusion. The treatment approach is usually multidisciplinary 
depending on the teeth involved, patient requirement, and degree of involvement 
[37, 38].

• Concrescence

Concrescence is defined as the fusion of two fully formed adjacent teeth along 
the root surface by cementum only without the confluence of the underlying dentin 
[39]. It is usually an asymptomatic condition and commonly seen in the region of 
the maxillary molars. Theories suggest the lack of interdental bone and periodontal 
ligament stimulus as factors responsible for the fusion of the appositional cemental 
layers between the roots of adjacent teeth [40]. Concrescence is best evaluated 
radiographically, and therefore preoperative radiographs should be considered dur-
ing third molar extractions to avoid surgical complications and during orthodontic 
treatments [41].

• Dilaceration

Dilaceration is defined as the change in the axial inclination of the crown of a 
tooth to its root or a sharp bend or curve in the crown or root of a formed tooth [42]. 
The most acceptable cause is mechanical trauma to the primary predecessor tooth, 
although several other factors such as ectopic development of the tooth germ, 
extraction of deciduous tooth roots, and hereditary factors have been implicated 
[42]. Dilaceration can be seen in both primary and permanent dentitions, unilater-
ally or bilaterally with an incidence ranging from 0.32% to 98% [43]. Although 
dilaceration in the crown can be diagnosed clinically for root dilacerations, preop-
erative panoramic radiographs are mandatory prior to performing endodontic treat-
ment, extraction, and orthodontic treatment [44].
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• Talon’s Cusp

Talon’s cusp is an accessory cusp that projects from the palatal or lingual sur-
faces of the maxillary and mandibular permanent incisors in the shape of a three- 
pronged pattern resembling an eagle’s talon [45]. It is composed of enamel and 
dentin but may or may not consist of pulpal tissue. There may be the presence of a 
developmental groove where the cusp fuses with the lingual surface of the tooth. 
Talon’s cusp is frequently seen in the permanent dentition, although a few cases in 
the deciduous dentition have been reported [46]. It occurs either unilaterally or 
bilaterally with a predilection for the maxilla than the mandible. It is most seen in 
association with maxillary lateral incisors (67%), followed by central incisors 
(24%) and canines (9%) [47]. Studies have reported a multifactorial etiology that 
includes hyperactivity of the enamel organ during morphodifferentiation and genetic 
and hereditary factors [45]. Talon’s cusp is associated with syndromes such as the 
Rubinstein-Taybi syndrome and Sturge-Weber syndrome [48]. The presence of a 
talon’s cusp can lead to carious developmental grooves, occlusal interference, peri-
odontal problems, aesthetic concerns, and speech, mastication, and nursing difficul-
ties. It may also remain dormant causing no discomfort [49]. Treatment modalities 
such as periodic observations, aesthetic restorations, application of topical fluorides 
and sealants, and root canal treatments should be considered for the aforementioned 
problems [50].

• Dens Invaginatus

Dens invaginatus (DI) also termed as “dens in dente” is a developmental anom-
aly which is the result of an invagination in the surface of the tooth crown before 
calcification or radicular invagination resulting from an infolding of Hertwig’s epi-
thelial root sheath [51]. The permanent maxillary lateral incisors are the most fre-
quently involved tooth which is usually bilaterally. According to several studies, 
Oehler’s classification of DI is the most widely accepted; Class I is a partial invagi-
nation that is confined to the crown of the tooth. These lesions involve dentine and 
enamel but do not extend past the cementoenamel junction (CEJ) or involve the 
pulp. Class II is a partial invagination that extends beyond the crown of the tooth 
and into the root, beyond the CEJ. These lesions may or may not involve pulp but 
remain within the anatomy of the root. There is no communication with the peri-
odontal ligament. Class IIIa is the complete invagination which extends through the 
root. It communicates with the periodontal ligament through a second foramen on 
the lateral aspect of the tooth. There is usually no involvement of the pulp itself, but 
it causes a significant anatomical malformation. Class IIIb is the complete invagina-
tion that extends through the root and communicates with the periodontal ligament 
at the apical foramen. Again, often there is no direct involvement of the pulpal 
anatomy, but the lesion causes significant disruption to the dental anatomy [52, 53]. 
Radiographic evaluation is a must for diagnosis of DI, and one can observe a “pear- 
shaped” invagination of enamel and dentin. Cone-beam computed tomography 
(CBCT) is preferred to assess DI prior to treatment. Teeth with DI exhibit suscepti-
bility to dental caries, pulpal necrosis, and periapical pathologies. A wide range of 
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prophylactic treatment options such as preventive resin restorations, root canal 
treatment, and apexification should be considered depending upon the clinical situ-
ation [54].

• Dens Evaginatus

Dens evaginatus (DE) also referred to as “Leong’s premolar” is a developmental 
anomaly that clinically appears as a cusp-like elevation or globule of enamel located 
on the occlusal surfaces between the buccal and lingual cusps of premolars or 
molars and the palatal and lingual surfaces of anterior teeth, either unilaterally or 
bilaterally [51]. In accordance with the available literature till date, there are two 
types of DE, a hornlike projection on the lingual or palatal surfaces of the anterior 
teeth referred to as “talon’s cusp” or enamel tubercle on the occlusal surfaces of the 
posterior teeth predominantly the premolars [51]. DE is prevalent among the Asian 
population with an incidence of 0.5–4.3% [55, 56]. The etiology concerning DE has 
been explained to occur during the morphodifferentiation stage of odontogenesis, 
where there is an abnormal proliferation of the inner enamel epithelium and the 
ectomesenchymal layer of the dental papilla (subjacent ectomesenchyme) into the 
stellate reticulum. With the presence of such dental anomalies, individuals encoun-
ter the risk of occlusal wear or fracture leading to pulpal pathosis and may contrib-
ute to delayed eruption. Treatment modalities could range from root canal treatments 
to aesthetic and conservative approaches such as enameloplasty or tubercle grind-
ing [51].

• Taurodontism

Taurodontism is a dental anomaly in which the body of the tooth is enlarged at 
the expense of the roots resembling the tooth of a cud-chewing animal, hence also 
called as “bull-like” teeth caused by the delay or failure of Hertwig’s epithelial root 
sheath to invaginate at a proper horizontal level [57]. Taurodontism is predomi-
nantly seen in the permanent dentition affecting the molars either unilaterally or 
bilaterally with no gender predilection and an incidence ranging from 0.5% to 46% 
[57]. Studies have reported an association of taurodontism with several syndromes 
such as amelogenesis imperfecta, cleft lip and palate, Down syndrome, ectodermal 
dysplasia, Klinefelter’s syndrome, and osteogenesis imperfecta [58]. Taurodontism 
was classified by Shaw in 1928 based on the displacement of the floor of the pulpal 
chamber at the expense of the roots. There are four types: cynodont (normal), hypo-
taurodontism (teeth with slightly enlarged pulp chambers), mesotaurodontism (teeth 
with much enlarged pulp chambers with shorter roots), and hypertaurodontism 
(pulp chambers that nearly reach the apex of the roots) [57]. Treatment modalities 
such as root canal treatment, extractions, and orthodontic procedures can be chal-
lenging due to the susceptibility of the tooth to root resorption, anchorage value, and 
the apical placement of the pulp chambers. Successful diagnosis and treatment 
would largely depend upon appropriate imaging techniques. Recent studies have 
emphasized the use of cone-beam computed tomography for better clarity, reliabil-
ity, and 3D constructs when compared to panoramic radiographs.
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2.7.4  Developmental Disturbances in Structure of Teeth

• Amelogenesis Imperfecta

Amelogenesis imperfecta (AI) is a group of hereditary disorders affecting the struc-
ture and appearance of dental enamel [59]. Amelogenesis process, formation, and 
maturation of dental enamel are controlled by specialized epithelial-derived cells, 
ameloblasts, which secrete extracellular matrix containing different types of extra-
cellular matrix proteins including mainly amelogenin, enamelin, ameloblastin, and 
amelotin. In addition to extracellular matrix proteins, ameloblast secretes matrix 
enzymes such as kallikrein-4 and matrix metalloproteinaise-20 [59]. The prevalence 
of AI ranges from 1:700 to 1:14,000 affecting almost all the teeth of the primary and 
secondary dentition [60]. Mutations in several genes such as amelogenin gene 
(AMELX) and enamelin gene (ENAM), among others, have been implicated in the 
pathogenesis of different forms of AI. The clinical phenotype and the mode of 
inheritance were the basic principles that have been used to classify AI for the last 
century [59].

Clinically, AI was classified into three main groups: hypoplastic, hypocalcified, 
and hypomaturation types.

Hypoplastic AI usually reflects a defect during the secretory stage of the amelo-
blast as during this stage, matrix is laid down and the crystals grow in length, thereby 
defining the enamel thickness. Hypoplastic enamel defects can be classified as gen-
eralized, localized, or pitted [59].

The hypocalcified AI type is distinguished by enamel that is so poorly mineral-
ized that it can be scraped away easily and fails very rapidly. Hypocalcified AI usu-
ally results from a defect in the crystal initiation during the enamel formation [59].

Hypomaturation AI is characterized by weak, opaque, and discolored enamel 
that lacks normal translucency and inappropriately retains enamel matrix proteins. 
Hypomaturation AI is usually considered to result from a defect during the matura-
tion stage where the degraded enamel matrix protein should be removed [59].

Patients diagnosed with AI encounter psychological and functional concerns. A 
multidisciplinary and conservative approach is best suggested for AI. Studies have 
suggested a full-mouth prosthetic treatment as the best treatment modality for 
patients with AI.

• Dentinogenesis Imperfecta

Dentinogenesis imperfecta (DI) is an autosomal dominant disorder of the dentin 
affecting both primary and permanent dentitions, caused due to the mutation in the 
dentin sialophosphoprotein (DSPP) [61]. DI can have different types including the 
following: type I is DI with osteogenesis imperfecta (OI), type II is DI without OI, 
and type III is brandywine type characterized by shell teeth, with very little dentin 
and multiple pulp exposure in the primary teeth. Clinically, in both DI type I and 
type II, the affected teeth are yellowish to blue gray or amber brown in color with 
an opalescent and translucent hue. Radiographically, the affected teeth have bulbous 
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crowns, narrow or constricted roots, and pulp chambers which are either smaller 
than the normal or completely obliterated [62].

The management aspect for patients diagnosed with DI varies depending upon 
the type of dentition involved and the severity of the condition. It largely focuses on 
eliminating the source of infection, restoring aesthetics, and protecting the posterior 
teeth. For primary dentition, composite strip crowns for anterior teeth and stainless- 
steel crowns for posterior teeth can be used to prevent tooth wear. For permanent 
dentition, intervention should be considered only if required. Treatment modalities 
could range from restorations, full-mouth rehabilitation, dental implants, and end-
odontic therapies followed by routine dental checkups [63].

• Dentin Dysplasia

Dentin dysplasia (DD) is also referred to as “rootless teeth.” It is a rare autosomal 
dominant defect characterized by atypical dentin formation affecting both primary 
and permanent dentitions [64]. DD is classified as DD type 1 (radicular dentin dys-
plasia) and DD type 2 (coronal dentin dysplasia), with a higher prevalence rate (1 in 
every 100,000) of DD type 1. In DD type 1, the affected teeth rarely appear amber 
colored [62]. They exhibit increased tooth mobility and exfoliate prematurely. 
Radiographically, the pulp chamber and root canals are obliterated in the deciduous 
dentition, whereas remnants of the pulpal tissue are seen in the permanent dentition. 
The roots are short blunted and conical in both deciduous and permanent dentitions. 
In DD type 2, the deciduous teeth appear yellow to brown to bluish gray in color, 
whereas the permanent teeth appear normal clinically [64]. Radiographically, per-
manent teeth have enlarged pulp chambers with a “thistle tube” configuration. DD 
type 1 is associated with periapical radiolucencies such as cysts, granulomas, and 
abscesses. The treatment aspect for patients with DD is challenging as it involves 
restorative, endodontic, and prosthetic approaches. Recent studies have shown suc-
cessful results with the placement of dental implants to restore aesthetics and func-
tionality for patients.

• Regional Odontodysplasia

Regional odontodysplasia (RO) also referred to as “ghost teeth” is a rare nonhe-
reditary dental anomaly characterized by hypoplastic and hypocalcified enamel and 
dentin [65]. Although there is no definitive etiology, a few factors such as trauma, 
latent virus infection, circulatory disorders, radiation, and nutritional deficiencies 
have been reported as plausible factors for RO. It is known to affect both deciduous 
and permanent dentitions in a localized pattern with female predominance (1.4:1) 
than males. It also affects the maxilla twice (66%) as the mandible and exhibits a 
tendency of affecting only one quadrant. Clinically, the affected teeth are irregular 
in appearance with yellowish brown discoloration. The most common observation 
radiographically is the “ghost teeth”-like appearance due to the presence of 
extremely thin enamel and dentin with large radiolucent pulp chambers. The most 
accepted treatment modality is the extraction of the affected tooth followed by pros-
thetic replacements using dental implants to restore both aesthetic and functional 
elements of the dentition.
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2.8  Conclusion

A proper interpretation of the normal as well as the abnormal dental anatomy may 
make the difference in the decision-making. Different radiographs are generating 
2D images for both dental arches. They are considered the main routinely used 
diagnostic tools for overviewing dental condition of the patient. However, it has 
main pitfalls and limitations related to its two-dimensional nature, such as overlap-
ping of anatomic structures and distortion. Artificial intelligence (AI)-based meth-
ods can help dentists to interpret images in an automated way which may enable 
faster identification and classification of data and eliminate errors associated with 
human. A study was conducted by Hiraiwa et  al., in 2019, in which panoramic 
radiographs for 400 patients (50% male and 50% female) were used for training 
convolutional neural networks (CNNs) which is a subtype of deep learning machines 
[66]. The study aimed to identify the morphology and the number of the distal root 
of 760 mandibular first molars using deep learning machines and compared to the 
gold standard CBCT findings. The study found that CBCT images showed 21.4% of 
distal roots have an extra roots for the mandibular first molar. Moreover, the study 
demonstrated that the diagnostic accuracy of deep learning was 86.9% for the deter-
mination of the number of distal roots whether it was a simple root or having extra 
roots that was higher than expert radiologists [66].

Another recent study conducted by Lee et al., in 2022, used 22,999 panoramic 
dental images to train faster R-CNN models, a type of deep learning machines, try-
ing to detect 17 dental anomalies including calcifications, caries, and anomalies in 
dental and surrounding dental regions [67]. In this study, seven dental anomalies 
were targeted to be detected by convolutional neural network model including 
supernumerary tooth, periapical radiolucency, residual root, external root absorp-
tion, and impacted tooth. The study showed that CNNs succeeded to identify the 
mentioned anomalies with different specificity but in general very high accuracy. 
For example, automatic identification of supernumerary teeth was 97.4%, external 
root resorption 99.3%, impacted teeth 92.3%, periapical radiolucency 89.5%, resid-
ual root 97.2%, and tooth overlapped with mandibular canal 93.4% [67].

Most of the abovementioned dental anomalies cause aesthetic and functional 
problems. In most of cases, different treatment modalities can be required ranging 
from orthodontic treatment to restorative treatments (composite or porcelain 
veneers), endodontic treatment, or sometimes surgical extractions depending upon 
each case scenario [25].
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Chapter 3
Most Common Oral Health Conditions

Oral diseases are one of the most common diseases that affect human beings. It can 
exist as a primary cause of a disease such as dental caries, periodontal diseases, oral 
mucosal lesions, and premalignant and malignant conditions. In addition, oral dis-
eases can occur as secondary to different and several systemic conditions such as 
diabetes mellitus, HIV infection, and drug administration. Recently and realizing 
the importance of oral health, it has been a call for incorporating oral health status 
in overall health-care diagnosis after a long time of dealing with oral health as a 
separate condition [1].

Recently, different artificial intelligence-based technologies such as deep learn-
ing, convolutional neural network, and artificial intelligence-based algorithms have 
been used to identify, classify, diagnose, and predict prognosis and treatment out-
comes of most of oral health conditions [2, 3]. AI has been used to investigate dental 
caries, periodontal diseases, oral cancers, Sjögren’s syndrome, oral lesions, oral 
clefts, etc. The results of implementation of AI in detection, diagnosis and classifi-
cation of oral health conditions are extremely promising.

3.1  Prevalence of Oral Disease

Globally, it is estimated that 2.3 billion people suffer from caries of permanent 
teeth, and more than 530 million children suffer from caries of primary teeth. Dental 
caries or tooth decay is the most common oral disease, and according to this study 
(1900–2010), the untreated tooth decay ranks 36th as the most prevalent oral dis-
ease among 291 different conditions [5]. In addition and according to the same 
report, severe tooth loss affects an estimated 2% of the global population. According 
to the World Health Organization (WHO) published in April 2012, 30% of people 
ages 65–74 years have lost all of their natural teeth that have great impact on their 
quality of life. The variability and inconsistency about the prevalence of oral disease 
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may be attributing to the difference and variability of wealth, living conditions, 
health-care accessibility, and educational attainments of these population and coun-
tries. For example, one study found that the data collected from 20 countries from 
Eastern Mediterranean Region (EMRO) showed that the prevalence of the dental 
caries among 12  years is higher in the primary teeth than the permanent denti-
tion [6].

In most low- and middle-income countries, with increasing urbanization and 
changes in living conditions, the prevalence of oral diseases continues to increase. 
This is primarily due to inadequate exposure to fluoride (in the water supply and 
oral hygiene products such as toothpaste) and poor access to oral health-care ser-
vices in the community. Marketing of food and beverages high in sugar, as well as 
tobacco and alcohol, has led to a growing consumption of products that contribute 
to oral health conditions and other noncommunicable diseases [4].

The adverse effects of inadequate care for teeth, gums, bite, and jaws can move 
beyond the mouth to affect overall physical and psychological health. Research has 
indicated that poor oral health may be associated with medical conditions such as 
heart disease, stroke, diabetes, pneumonia, and other respiratory diseases. It has also 
been linked to preterm births and low-birth-weight babies. Jaw problems are also a 
common cause of headaches and ear and facial pain. Dental clearance prior to medi-
cal treatment, including cancer/bisphosphonate therapy and cardiac surgery, mini-
mizes both oral and systemic complications. Many medical conditions have oral 
manifestations, and some medications have side effects that lead to compromised 
oral health as well as jaw function disabilities [7].

In collaboration with medical and allied health professionals, dental specialists 
also manage a variety of medically related problems, including oral/jaw patholo-
gies, orofacial traumas, head and neck tumors, obstructive sleep apnea, and tem-
poromandibular disorder-related (TMD) headaches and ear problems [8].

3.2  Most Common Dental Diseases

Oral conditions like dental caries and periodontal (gum) disease continue to plague 
humanity since time immemorial. Other predominant oral health conditions are oral 
cancers, oral manifestations of HIV, oro-dental trauma, cleft lip and palate, and 
Noma (severe gangrenous disease starting in the mouth mostly affecting children). 
Most oral health conditions are largely preventable and can be treated in their 
early stages.

The Global Burden of Disease Study 2017 estimated that oral diseases affect 
close to 3.5 billion people worldwide, with caries of permanent teeth being the most 
common condition [4].

3 Most Common Oral Health Conditions
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3.2.1  Dental Caries (Tooth Decay)

Dental caries result when plaque forms on the surface of a tooth and converts the 
free sugars (all sugars added to foods by the manufacturer, cook, or consumer, plus 
sugars naturally present in honey, syrups, and fruit juices) contained in foods and 
drinks into acids that destroy the tooth over time. A continued high intake of free 
sugars, inadequate exposure to fluoride, and a lack of removal of plaque by tooth 
brushing can lead to caries, pain, and sometimes tooth loss and infection [4].

According to Shafer, Hine, and Levy, dental caries is an irreversible microbial 
disease of the calcified tissues of the teeth, characterized by demineralization of the 
inorganic portion and destruction of the organic substance of the tooth, which often 
leads to cavitations. The word caries is derived from the Latin word meaning “rot” 
or “decay.” It is a complex and dynamic process where a multitude of factors initiate 
and influence the progression of disease. Although effective methods are known for 
prevention and management of dental caries, it is a major health problem with mani-
festations persisting throughout life despite treatment. It is seen in all geographic 
areas in the world and affects persons of both genders in all races, all socioeconomic 
strata, and every age group. Some stay “caries-free” for unknown reason [9].

• Epidemiology

Caries was referred to as “a disease of civilization.” Prehistoric man had 
decreased prevalence of dental caries. Decreased caries prevalence is seen in African 
and Asian communities also [10].

Factors Affecting Caries Prevalence
 – Race—Some evidence indicates that blacks, Chinese, and East Indians have 

considerably less caries than American Whites. The English have a higher caries 
incidence than Italians, Russians, and Chinese.

 – Age—Children from families in lower socioeconomic groups consistently have 
greater caries prevalence than their peers from families at a higher socioeco-
nomic level.

 – Sex—The total caries experience in permanent teeth is greater in females than in 
males of the same age. This is attributable largely to the fact that the teeth of girls 
erupt at an earlier age.

 – Familial—Siblings of individuals with high caries susceptibility are also gener-
ally caries active, whereas siblings of caries immune individuals generally 
exhibit low caries rates. Children of parents with a low caries experience also 
tend to have low caries; the converse is true for children whose parents have a 
high caries rate [9].

• Etiology of Dental Caries

Dental caries etiology has four main factors: bacteria, time, susceptible tooth 
surface, and fermentable carbohydrates (Fig. 3.1).

The etiology of dental caries is generally agreed to be a complex problem com-
plicated by many indirect factors that obscure the direct cause or causes. There is no 
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Fig. 3.1 Factors causing dental caries
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universally accepted opinion for the etiology of dental caries. Numerous references 
on dental caries, including early theories attempting to explain its etiology, have 
been found in recorded history of ancient people. However, many theories have 
evolved through years of investigation and observation; the acidogenic theory of 
Miller (Miller’s chemico-parasitic theory), the proteolytic theory, and the 
proteolysis- chelation theory, are among those which have stood the test of time [9, 
11–13] (Fig. 3.2).
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• Current Concepts of Caries Etiology

Dental caries is a multifactorial disease with interplay of three primary factors: 
the host, the microbial flora, and the substrate as put forward by Keyes in 1960. 
Later in 1982, Newbrun included time as an inevitable fourth factor. In other words, 
caries requires a susceptible host, a cariogenic flora, and a suitable substrate that 
must be present for a sufficient length of time. Conversely, caries prevention is 
based upon attempts to increase the resistance of the host, lower the number of 
microorganisms in contact with the tooth, and modify the substrate by selecting 
non-cariogenic foodstuffs and reduce the time that the substrate is in the mouth [9].

• Contributing Factors in Dental Caries

The mere presence of microorganisms and a suitable substrate at a given point on 
a tooth surface is insufficient to establish a carious lesion in all individuals. Variations 
in caries incidence are due to the presence of a number of indirect or contributing 
factors.

A workshop on dental caries mechanisms and control techniques was held at the 
University of Michigan in 1947. This group listed a number of indirect factors that 
might influence the etiology of caries [9] (Table 3.1).

• Clinical Classification of Caries [9, 14]

 1. Sturdevant

 (a) Based on: a. Location

 – Primary
 – Caries of pit and fissure origin

Table 3.1 Factors that influence in caries etiology

Image source: Shafer’s Textbook of Oral Pathology [9]

3.2  Most Common Dental Diseases



58

 – Caries of enamel smooth surface origin
 – Backward caries
 – Forward caries
 – Residual caries
 – Root surface caries
 – Secondary (recurrent) caries

 (b) Extent

 – Incipient (reversible)
 – Cavitated (irreversible)

 (c) Rate of progression

 – Acute (rampant)
 – Chronic (slow or arrested)

 2. G.V Black [15] (Table 3.2)

• Relevance of Early Detection of Dental Caries

Globally, dental caries is still considered one of the most common chronic dis-
eases that causes a major global health burden [16]. According to the latest epide-
miology statistics, untreated dental caries in permanent teeth represents 65.71% of 
oral disorders. The sequelae of untreated caries can be transient causing reversible 
pulpitis or can be more permanent causing irreversible pulpitis, pulp necrosis, 

Table 3.2 G. V Black classification of caries
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periapical abscess, and eventually tooth loss. Recording the dental status is one of 
the recurring and routinely tasks in dentistry during which a dentist is trying to 
detect and diagnose the pathological findings, including dental caries. The idea of 
this evaluation and assessment is to enable the dentist eventually to customize a 
preventive and treatment operative plan [17].

Visual examination (VE) including clinical examination where dentists usually 
use dental probe is the preferred clinical method for assessing and diagnosing dental 
caries, as it can be performed easily and achieve acceptable accuracy [18]. In this 
method, dentists rely on their observation to determine whether the tooth has cari-
ous lesion or not; in addition, dentist can use different types of radiographs to help 
for proper diagnosis.

Nevertheless, some studies showed that VE can miss detection of certain types of 
caries such as proximal caries, for example, it was found that the bitewing radiogra-
phy has a low sensitivity. In addition, the literature is full of studies that reported and 
confirmed poor diagnostic sensitivity for detection of enamel demineralization by 
using regular radiographic images [19]. Furthermore, it has been observed that there 
are sometimes discrepancy and variation in the diagnosis of dental caries by dentists 
in certain situations, even though diagnostic studies have demonstrated that well- 
trained dentists are generally able to achieve good intra- and inter-examiner repro-
ducibility [20]. Therefore, the need for independent method of verification helps 
clinicians in decision-making which can enhance patient care. Artificial intelligence 
(AI)-based technology with its advantages can be the ideal tool to provide the desir-
able subjective analysis of the patient dental status [21].

Several studies were published recently using several AI-based technologies 
such as deep learning and convolutional neural networks (CNNs) and sometimes a 
combination of both to detect caries on dental x-rays [22, 23] or near-infrared light 
transillumination images [24]; in addition, other studies have used intraoral images 
for automatic, AI-based caries detection [25].

Using AI-based machine in detection of dental caries showed variable results. An 
early in vitro study using 160 radiographic images of extracted teeth to assess the 
presence of dental caries. The study showed that AI-based technology achieved 
diagnostic accuracy rate of 88.4% in comparison to 71.7% achieved by 25 examin-
ers relying on their visual examination and clinical experiences. Hence, the study 
suggested that AI-based machines have improved the diagnoses of proximal caries 
detection by 39.4% in comparison to the one assessed visually by humans [26]. 
Another study showed that there is an increase in the sensitivity by 71% of the abil-
ity of dentists to detect enamel- only proximal caries by using AI software [27]. 
Another two studies showed that there is 80% accuracy of detection of dental carries 
using AI logarithms with respect to expert standards [28, 29] in addition to a study 
that was conducted by Sonavane et al., in 2021, using 74 visual images extracted 
from Kaggle dataset for teeth for training artificial neural network machine. The 
visual images were classified into 60 images for training purposes and 14 images for 
testing purposes. Furthermore, 45 images out of 60 were showing caries and the 
remaining 15 images having non-caries. The study demonstrated that using artificial 
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neural network model was able to achieve 71.43% accuracy for classifying teeth 
into teeth with cavities and teeth without cavities [30].

However, a recent study published by Kuhnisch et al. aimed to develop a deep 
learning approach with convolutional neural networks (CNNs) for caries detection 
and to compare the diagnostic performance with respect to expert standards found 
that it was possible to achieve more than 90% agreement to detect caries and caries- 
related cavities using the AI method with standardized, single-tooth photographs. 
Nevertheless, the author suggested that using AI as an automated approach to 
detects caries needs further improvement [31]. Another recent study conducted by 
Zheng et al., in 2021, aimed to investigate the use of three different convolutional 
neural networks (CNNs) for detection of deep caries and pulpitis. The author inte-
grates clinical parameters including chief complaint, pain history (spontaneous pain 
and location of pain), and clinical examination (deep cavity, probing and cold test) 
to CNNs to enhance and ensure best performance of CNNs to assess clinical diag-
nosis of deep caries and pulp pathosis [32]. The study showed that one of its CNN 
models achieved 82% accuracy, 81% precision, 85% sensitivity, and 82% specific-
ity for detection of deep caries and pulpitis [32].

A recent study conducted by Javed et al., in 2020, investigated the possibility of 
using artificial neural network (ANN) to predict post-Streptococcus mutans prior to 
dental caries excavation that would help finally to have a caries-free cavity for final 
restoration [33]. The study demonstrated that using iOS app developed on artificial 
neural network (ANN) model succeeded in predicting post-Streptococcus mutans 
with an efficiency rate of 99%, which can help dentist to select the appropriate exca-
vation method [33].

In order to investigate the cost-effectiveness of using conventional neural net-
work (CNN) for accurate detection of proximal caries compared to bitewing radio-
graphs, a recent study was conducted by Schwendicke et al., in 2021, who found 
that AI was able to detect caries with 80% accuracy rate, while dentist showed 71% 
[34]. Furthermore, sensitivity of AI was 75%, while for dentists was 36%, while AI 
specificity was not significantly lower than 83% versus 91% for dentist. Moreover, 
the study showed that AI was less costly and more effective for detection of dental 
caries [34].

Although using AI-based machines in detection of dental caries is showing 
promising results and expected to be more feasible in the future, there are some 
concerns and limitations about the potential use and application of the AI-based 
machines under clinical conditions, and they still recommend a need to be critically 
judged by professionals. The reason for this concern is the fact that to maintain 
perfect examination conditions in the daily dental practice cannot be maintained 
every time.

• Diagnostic Aids in Dental Caries [9, 35, 36]:

 1. Visual inspection and tactile examination
 2. Radiographs
 3. Caries detecting dyes
 4. Fiber-optic transillumination
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 5. Xeroradiography
 6. Subtraction radiography
 7. Mini-D
 8. Fluorescence

 (a) QLF
 (b) DIAGNOdent

 9. Carbon dioxide laser
 10. Ultrasound caries detector
 11. Endoscope/video scope
 12. Micro-air abrasion
 13. Tuned aperture computed tomography
 14. Cone-beam computed tomography
 15. Optic coherence tomography
 16. Terahertz imaging
 17. Multiphoton imaging
 18. Infrared thermography
 19. Infrared fluorescence

• Methods of Caries Control

The control of dental caries presents one of the greatest challenges that must be 
dealt with by the dental professionals.

Suggested methods of control may be classified into three general types [9]:

 1. Chemical measures
Fluoride, iodide, bis-biguanide, silver nitrate, zinc chloride and potassium 

ferrocyanide, vitamin K, sarcosine, urea and ammonium compounds, chloro-
phyll, and nitrofurans

 2. Nutritional measures
Restriction of refined carbohydrate intake and phosphated diet

 3. Mechanical measures
There are numerous means of cleansing the tooth mechanically, and these 

were reviewed and classified by Hine in a discussion of caries control mea-
sures as:
• Oral prophylaxis by the dentist
• Tooth brushing
• Mouth rinsing
• Use of dental floss or toothpicks
• Incorporation of detergent foods in the diet

Conclusion
Despite the advancements in dental caries detection and prevention, it is still a com-
mon infectious disease. Even with recent dental caries research, most clinical prac-
tice is still based on treating the disease by restorative treatment once it is detected, 
rather than on prevention. Future education and clinical research efforts should con-
tinue to emphasize early detection and caries prevention [37].
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3.2.2  Periodontal (Gum) Disease

Gingival and periodontal diseases, in their various forms, have afflicted humans 
since the dawn of history. Studies in paleopathology have indicated that destructive 
periodontal disease, as evidenced by bone loss, affected early humans in such 
diverse cultures as ancient Egypt and early pre-Columbian America. The earliest 
historical records dealing with medical topics reveal an awareness of periodontal 
disease and the need for treatment. Almost all the early writings that have been pre-
served have sections or chapters dealing with oral diseases, and periodontal prob-
lems comprise a significant amount of space in these writings. The relationship 
between calculus and periodontal disease often was considered, and underlying sys-
temic disease was frequently postulated as a cause of periodontal disorders. 
However, methodic, carefully reasoned, therapeutic discussions did not exist until 
the Arabic surgical treatises of the Middle Ages, and modern treatment, with illus-
trated text and sophisticated instrumentation, did not develop until the time of Pierre 
Fauchard in the eighteenth century [38].

Periodontal disease is a chronic inflammatory microbial disease that ranks sixth 
as the most common inflammatory oral disease [39]. It affects the gingiva and can 
destroy the supporting tissues around the tooth such as periodontal ligament, and 
alveolar bone that may result in tooth loss eventually [40]. Periodontal disease is 
prevalent in both developed and undeveloped countries, and it affects around 90% 
of worldwide population. Moreover, periodontal diseases usually affect more than 
50% of population over 50 years [41].

Recently, it has been proven a mutual effect of periodontal diseases and different 
systemic conditions. Therefore, a patient with periodontal disease can have other 
inflammatory conditions such as insulin resistance, coronary artery disease, and 
arthritis in a significant amount [42–44]. The main etiological factor for developing 
periodontal disease is the accumulation of the dental plaque. However, there are 
other risk factors for the development of periodontal disease such as genetics, smok-
ing, age, viral infection, low immune response, pregnancy, ethnicity, and systemic 
diseases [45, 46].

• Classification of Periodontal Disease

Periodontal disease classifications are useful to help establish diagnosis, deter-
mine prognosis, and facilitate treatment planning. Different classifications of peri-
odontal diseases have been used over the years and have been replaced as new 
knowledge has improved our understanding of the etiology and pathology of the 
diseases of the periodontium.

The classification presented here is the most accepted and was presented and 
discussed at the International Workshop for the Classification of the Periodontal 
Diseases organized by the American Academy of Periodontology in 1999 [38, 47] 
(Table 3.3).
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• Classification of Gingival Diseases (Table 3.4)

• Clinical Features of Gingivitis

The inflammation of the gingiva results in swelling with reduction and eventual 
loss of normal stippling. Suppuration of the gingiva, manifested by the ability to 
express pus from the gingival sulcus by pressure, may occur in advanced chronic 
gingivitis [9, 38, 47].

• Radiographic Features

Chronic gingivitis, in which the inflammation is limited strictly to the gingiva, 
does not manifest changes in the underlying bone. When bony changes become 
evident, the condition is termed “periodontitis.”

• Diagnosis of Periodontal Diseases

Although the clinical signs of gingivitis are easy to detect, it is not clear how 
much inflammation a person must have to be considered a gingivitis case. A univer-
sally accepted threshold for the amount or severity of gingival inflammation that 
must be present in an individual does not exist. In studies of gingivitis and periodon-
titis, a variety of indices have been used (Table 3.5).

In general, however, a gingivitis case is a person with at least mild inflammation 
in at least one of the gingival units that is assessed. Depending on the study, a “gin-
gival unit” may be an anatomic structure of the gingiva, such as the interdental 
papilla, marginal gingiva, or attached gingiva, or it may be a gingival site defined in 
relation to a tooth, such as the facial, lingual, mesial, or distal gingival [9, 38].

A timely identification and diagnosis of periodontal disease is the key to the 
dental care. Therefore, it is always recommended that as part of routine oral exami-
nations, dentists should also perform periodontal examination. There are several 

Table 3.3 Classification of periodontal disease

Image source [38]
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conventional approaches that have been used for assessment and prediction of peri-
odontal ligament status of the individuals. For instances, periodontal risk assess-
ment (PRA) proposed by Lange and Tonetti is one of the most widely used strategy 
for evaluation and predicting periodontal status of patient [48]. PRA relies on evalu-
ating the clinical condition of the periodontal ligaments taking into consideration 
three important risk factors such as patient age, systemic condition, and behavioral- 
and environmental-related factor such as smoking [48]. However, this approach is 
very challenging as the dentist should have a great clinical experience. Moreover, to 
consider the complexity of the modifying effect of all the risk factor on the clinical 
status to assess and predict periodontal status of individual is an exceedingly diffi-
cult task. Artificial intelligence has been introduced for all field of dentistry and 
periodontal diseases were not expected. Artificial intelligence has been used for 
improving prediction, diagnosis, classification, and treatment of periodontal dis-
eases. A recent study was conducted in France by Monsarrat et al., in 2022, in which 

Table 3.4 Classification of gingival diseases

Data from Holmstrup P: Ann Periodontol 4:20, 1999; and Mariotti A: Ann Periodontol 4:7, 
1999. Image source [38]
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the authors used machine learning algorithm combined with explainability algo-
rithms (kernel SHAP) to predict and identify individuals with risk of developing 
periodontal diseases [49]. The study included five variables as the most contributive 
attributes used to predict periodontal health. These factors are age, systemic pathol-
ogies (mostly cardiovascular, endocrine, and metabolic diseases), hormonal status, 
dried vegetable or fruit consumption, and sugary drink consumption. The proposed 
model of prediction shows promising results of using AI-based technology in pre-
diction and scoring the periodontal status for each individual according to their 
biological, clinical, and sociodemographic factors [49].

It is very acceptable that radiographs play a vital role as a tool for clinical exami-
nation in diagnosis of periodontal diseases and in planning patient’s treatment [50]. 
The panoramic radiography has been accepted as the standard procedure for a com-
prehensive diagnosis and treatment planning. The benefit of panoramic radiograph 
is that it provides ample information to the dentist in selection of specific areas for 
additional intraoral periapical radiographs so that the selected tooth and the sur-
rounding bone can be examined completely while reducing the radiation exposure 
to the patient [51]. The key benefit of panoramic radiographs is that they demon-
strate complete dentition, which allows diagnosis of impacted teeth and detection of 
foreign bodies in the jaws and gross abnormalities in the number, position, and 
anatomy of the teeth [51]. Due to its time efficiency, patient tolerance, and low 
radiation exposure, the use of panoramic radiographs in the field of periodontics has 
been significant. In the traditional periodontal examination, periapical radiographs 
and periodontal probes are the regular diagnostic tools used for identifying and 

Table 3.5 Diagnostic criteria for periodontitis

Image source [38]
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diagnosing periodontally compromised teeth. But this diagnostic process takes time 
and depends mainly on the clinical skills of the dentist [45]. Deep learning methods, 
as a subtype of artificial intelligence, are very advantageous in a variety of applica-
tions such as image processing. Deep learning has become a standard technique in 
medical image detection and classification with its use of convolutional neural net-
works (CNNs).

To use the advances of deep learning technology in periodontology, a study was 
conducted by Lee et al., in 2018, using a deep learning-based convolutional neural 
network algorithm in which 16 convolutional layers and 3 fully connected dense 
layers were used to predict and diagnose periodontally compromised teeth [52]. The 
study used periapical radiographic images of all the included patient to train the AI 
machine. The study showed that the deep learning algorithm has achieved 81% 
diagnostic accuracy for premolars and 76.7% for molars which were diagnosed as 
periodontally compromised teeth. In addition, the study demonstrated accuracy of 
predicting extraction was 82.8% for premolars and 73.4% for molars [52]. Another 
study was conducted by Krios et al., in 2019, who used panoramic dental radio-
graphs as input data to train deep convolutional neural network (CNN) model to 
detect the amount of periodontal bone loss [53]. The final model was composed of 
a seven-layer deep neural network which succeeded to have accuracy rate of 81%, 
sensitivity rate of 81%, and specificity rate of 81% in comparison to expert dentist 
that showed accuracy rate of 76%, sensitivity rate of 92%, and specificity rate of 
63% in detection of periodontal bone loss on the radiographs. The study concluded 
that using deep neural network technology showed higher discrimination ability 
than dentists for assessing periodontal bone loss on radiographs [53].

One of the main problems and defects related to detection of peri-implant bone 
loss using preapical radiograph is the difficulty to determine and identify the mar-
gins of bone around the implants. A study conducted by Jun-Young Cha et al. dem-
onstrated the ability of using convolutional neural networks (CNNs) to assess the 
severity of peri-implantitis by calculating the amount of bone loss in an automatic 
way. In addition, the study showed the ability of CNNS to identify the anatomical 
landmarks around the implants such as the marginal bone level, top, and apex of 
implants [54]. Furthermore, another interesting study conducted by Liu et al., in 
2020 in China, proposed a software based on AI technology and mobile terminal to 
act as chair-side and client-side connector [55]. The model was designed to be used 
at home by patients for enhancement and accessibility of dental treatment and pre-
vention, early detection, and monitoring of periodontal diseases [55]. In addition, 
one study conducted by Huang et al., in 2020, highlighted the potentiality of using 
20 periodontal disease-related proteins as a periodontal disease antibody array for 
easy detection and diagnosis of periodontal diseases based on machine learning 
classifier technology [56].

Finally, AI-based technology has been proposed to be used as a diagnostic model 
to help dental clinicians to take a proper decision related to treatment and prognosis 
of periodontal diseases. A study was conducted by Farhadian, Shokouhi, and 
Torkzaban in 2020 using machine learning technology in order to facilitate and 
accelerate diagnostic process of periodontal diseases to help less clinical 
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experienced dentists to make an accurate precise decision [57]. The study found that 
using machine learning-based model, different types of periodontal conditions 
including gingivitis with an accurate rate of 96.0%, localized periodontitis with 
64.0%, and generalized periodontitis with 92.2% were being classified [57].

• Treatment and Prognosis

The goal of periodontitis treatment is to thoroughly clean the pockets around 
teeth and prevent damage to surrounding bone. Prognosis gets better when patients 
adopt daily routine of good oral care, manage health conditions that may impact 
dental health, and stop tobacco use [58].

Nonsurgical Treatments
If periodontitis isn’t advanced, treatment may involve less invasive procedures, 
including the following:

 – Scaling. Scaling removes calculus and bacteria from the tooth surfaces and 
beneath the gingiva. It may be performed using instruments, a laser, or an ultra-
sonic device.

 – Root planing. Root planing smooths the root surfaces, discouraging further 
buildup of plaque, calculus, and bacteria, and removes bacterial byproducts that 
contribute to inflammation and delay healing or reattachment of the gingiva to 
the tooth surfaces.

 – Antibiotics. Topical or oral antibiotics can help control bacterial infection. 
Topical antibiotics can include antibiotic mouth rinses or insertion of gels con-
taining antibiotics in the space between the teeth and gingiva or into pockets after 
deep cleaning. However, oral antibiotics may be necessary to completely elimi-
nate infection-causing bacteria.

Surgical Treatments
If you have advanced periodontitis, treatment may require dental surgery, such as 
the following:

 – Flap surgery (pocket reduction surgery). Tiny incisions are done on gingiva so 
that a section of gingival tissue can be lifted back, exposing the roots for more 
effective scaling and root planing. Because periodontitis often causes bone loss, 
the underlying bone may be recontoured before the gum tissue is sutured back in 
place. After you heal, it’s easier to clean these areas and maintain healthy 
gum tissue.

 – Soft tissue grafts. When you lose gingival tissue, your gingival recedes from its 
normal position. You may need to have some of the damaged soft tissue rein-
forced. This is usually done by removing a small amount of tissue from the roof 
of your mouth (palate) or using tissue from another donor source and attaching it 
to the affected site. This can help reduce further gingival recession, cover exposed 
roots, and give your teeth a more pleasing appearance.

 – Bone grafting. This procedure is performed when periodontitis has destroyed 
the bone surrounding your tooth root. The graft may be composed of small frag-
ments of your own bone, or the bone may be synthetic or donated. The bone graft 
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helps prevent tooth loss by holding your tooth in place. It also serves as a plat-
form for the regrowth of natural bone.

 – Guided tissue regeneration. This allows the regrowth of bone that was destroyed 
by bacteria. In one approach, your dentist places a special piece of biocompatible 
fabric between existing bone and your tooth. The material prevents unwanted 
tissue from entering the healing area, allowing bone to grow back instead.

 – Tissue-stimulating proteins. Another technique involves applying a special gel 
to a diseased tooth root. This gel contains the same proteins found in developing 
tooth enamel and stimulates the growth of healthy bone and tissue [58].

3.2.3  Oral Cancer

The study of tumors of the oral cavity and adjacent structures constitutes an impor-
tant phase of dentistry because of the role which the dentist plays in the diagnosis 
and treatment of these lesions. Although tumors constitute only a small number of 
the pathologic conditions seen by the dentist, they are of great significance since 
they have the potential ability to jeopardize the health and longevity of the patient.

A tumor, by definition, is simply a swelling of the tissue in the strict sense; the 
word does not imply a neoplastic process. A neoplasm can be defined as an abnor-
mal mass of tissue, the growth of which exceeds and is uncoordinated with that of 
the normal tissues and persists in the same excessive manner after cessation of the 
stimuli which evoked the change [9].

Oral cancers are most often discovered after they have spread to the lymph nodes 
of neck. Early detection is key to surviving oral cancer.

Oral cancers include cancers of the [59]:

• Lips
• Tongue
• Inner lining of the cheek
• Gums
• Floor of the mouth
• Hard and soft palate

Risk Factors for Developing Oral Cancer
One of the biggest risk factors for oral cancer is tobacco use. This includes smoking 
cigarettes, cigars, and pipes, as well as chewing tobacco. People who consume large 
amounts of alcohol and tobacco are at an even greater risk, especially when both 
products are used on a regular basis [9].

Other risk factors include:

• Human papillomavirus (HPV) infection
• Chronic facial sun exposure
• A previous diagnosis of oral cancer
• A family history of oral or other types of cancer
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• A weakened immune system
• Poor nutrition
• Genetic syndromes
• Being male

Men are twice as likely to get oral cancer compared to women [60].
Symptoms of oral cancer include:

• A sore on your lip or mouth that won’t heal
• A mass or growth anywhere in your mouth
• Bleeding from your mouth
• Loose teeth
• Pain or difficulty swallowing
• Trouble wearing dentures
• A lump in your neck
• An earache that won’t go away
• Dramatic weight loss
• Lower lip, face, neck, or chin numbness
• White, red and white, or red patches in or on your mouth or lips
• A sore throat
• Jaw pain or stiffness
• Tongue pain

Some of these symptoms, such as a sore throat or an earache, may indicate other 
conditions. However, if it persists, it needs immediate attention [61].

• Diagnosis of Oral Cancer

There are many tests used for diagnosing oral or oropharyngeal cancer. Not all 
tests described here will be used for every person. The doctor may consider these 
factors when choosing a diagnostic test [61, 62]:

• The type of cancer suspected
• Patient’s signs and symptoms
• Patient’s age and general health
• The results of earlier medical tests

The following tests may be used to diagnose oral or oropharyngeal cancer:

• Physical examination. Dentists and doctors often find lip and oral cavity can-
cers during routine checkups. If a person shows signs of oral or oropharyngeal 
cancer, the doctor will take a complete medical history, asking about the patient’s 
symptoms and risk factors. The doctor will feel for any lumps on the neck, lips, 
gums, and cheeks. Because people with oral or oropharyngeal cancer have a 
higher risk of other cancers elsewhere in the head and neck region, the doctor 
will examine the area behind the nose, the larynx (voice box), and the lymph 
nodes of the neck.

• Endoscopy. An endoscopy allows the doctor to see inside the mouth and throat. 
Typically, a thin, flexible tube with an attached light and view lens, called an 
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endoscope, is inserted through the nose to examine the head and neck areas. 
Sometimes, a rigid endoscope, which is a hollow tube with a light and view lens, 
is placed into the back of the mouth to see the back of the throat in more detail.

• Endoscopic examinations have different names depending on the area of the 
body that is examined, such as laryngoscopy to view the larynx, pharyngoscopy 
to view the pharynx, or nasopharyngoscopy to view the nasopharynx. To make 
the patient more comfortable, these examinations are performed using an anes-
thetic spray to numb the area. If an area looks suspicious, the doctor will take a 
biopsy. Tests are often done in the doctor’s office. However, sometimes an endos-
copy must be performed in an operating room at a hospital using general anes-
thesia, which blocks the awareness of pain.

• Biopsy. A biopsy is the removal of a small amount of tissue for examination 
under a microscope. Other tests can suggest that cancer is present, but only a 
biopsy can make a definite diagnosis. The type of biopsy performed will depend 
on the location of the cancer. During a fine needle aspiration biopsy, cells are 
removed using a thin needle inserted directly into the suspicious area. A patholo-
gist then analyzes the cells. A pathologist is a doctor who specializes in interpret-
ing laboratory tests and evaluating cells, tissues, and organs to diagnose disease.

• Oral brush biopsy. During routine dental examinations, some dentists are using 
a newer, simple technique to detect oral cancer in which the dentist uses a small 
brush to gather cell samples of a suspicious area. The specimen is then sent to a 
laboratory for analysis. This procedure can be done in the dentist’s chair with 
very little or no pain. If cancer is found using this method, a traditional biopsy is 
recommended to confirm the results.

• HPV testing. HPV testing may be done on a sample of the tumor removed dur-
ing the biopsy. As described in Risk Factors and Prevention, HPV has been 
linked to a higher risk of oropharyngeal cancer. Knowing if a person has HPV 
can help determine the cancer’s stage and the treatment options that are likely to 
be most effective.

• X-ray. An x-ray is a way to picturize the structures inside of the body, using a 
small amount of radiation. X-rays may be recommended by the dentist or doctor 
to look for abnormal findings in the mouth or neck.

• Barium swallow/modified barium swallow. There are two barium swallow 
tests that are generally used to look at the oropharynx and to check a patient’s 
swallowing. The first is a traditional barium swallow. During an x-ray exam, the 
patient is asked to swallow liquid barium. This lets the doctor look for any 
changes in the structure of the oral cavity and throat and see whether the liquid 
passes easily to the stomach. A modified barium swallow, or video fluoroscopy, 
may be used to evaluate difficulties with swallowing.

• Computed tomography (CT or CAT) scan. A CT scan takes pictures of the 
inside of the body using x-rays taken from different angles. A computer com-
bines these pictures into a detailed, three-dimensional image that shows any 
abnormalities or tumors. A CT scan can be used to measure the tumor’s size, help 
the doctor decide whether the tumor can be surgically removed, and show 
whether the cancer has spread to lymph nodes in the neck or lower jawbone. 

3 Most Common Oral Health Conditions



71

Sometimes, a special dye called a contrast medium is given before the scan to 
provide better detail on the image. This dye can be injected into a patient’s vein 
or given as a pill or liquid to swallow.

• Magnetic resonance imaging (MRI). An MRI uses magnetic fields, not x-rays, 
to produce detailed images of the body, especially images of soft tissue, such as 
the tonsils and the base of the tongue. MRI can be used to measure the tumor’s 
size. A special dye called a contrast medium is given before the scan to create a 
clearer picture. This dye can be injected into a patient’s vein or given as a pill or 
liquid to swallow.

• Ultrasound. An ultrasound uses sound waves to create a picture of the internal 
organs. This test can detect the spread of cancer to the lymph nodes in the neck, 
which doctors also call the “cervical lymph nodes.”

• Positron emission tomography (PET) or PET-CT scan. A PET scan is usually 
combined with a CT scan, called a PET-CT scan. However, you may hear your 
doctor refer to this procedure just as a PET scan. A PET scan is a way to create 
pictures of organs and tissues inside the body. A small amount of a radioactive 
sugar substance is injected into the patient’s body. This sugar substance is taken 
up by cells that use the most energy. Because cancer tends to use energy actively, 
it absorbs more of the radioactive substance. However, the amount of radiation in 
the substance is too low to be harmful. A scanner then detects this substance to 
produce images of the inside of the body [62].

It is well known that oral cancer has the worst prognosis and survival rate among all 
type of cancers. According to the report of the American Academy of Oral Medicine 
published in 2019, there is approximately 52,000 individuals diagnosed as new 
cases with oral cancers, among them around 11,000 related deaths annually. The 
facts that placed oral cancer to rank the sixth position as the most common type of 
cancers in the United States [63]. Oropharyngeal squamous cell carcinoma 
(OPSCC), a type of oral cancer, is the most frequent type of oral cancer comprising 
90% of the condition [64]. According to the recent studies, there are almost 640,000 
new cases annually diagnosed of OPSCC worldwide. Most of these cases (approxi-
mately two-thirds) localized in the countries with low and middle incomes [65].

Early diagnosed OPSCC has almost 80% 5-year survival rate for US patients; 
however, late diagnosed cases with metastasis have only 20–30% survival rate [66]. 
Therefore, early diagnosis and identification of the disease are very critical for the 
improvement prognosis of the diseases. Globally, different governments are trying 
to conduct several community and company activities to increase awareness and 
knowledge of the risk factors and symptoms of the disease to enhance early diagno-
sis of the conditions [67]. Nowadays, it has been proved that tobacco and alcohol 
consumptions are the primary causes of OPSCC [68]. However, in certain countries 
such as Europe and North America, there is a wide spread of human papillomavirus 
(HPV) infection that can be associated with oral cancer adding more burden for 
such countries [69]. Unfortunately, most of the cases of oral cancers are asymptom-
atic in the early stages (Stage I and Stage II) and easy to be missed and detected at 
late stages (Stage II and Stage III). It has been reported that more than 60% of all 
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oral cancers are detected in the late stages that have a very bad outcomes including 
high morbidity and mortality [65].

According to the National Center for Health Statistics, over than 60% of adults 
visit a dentist each year [70]. This fact has made dentists as the first health-care 
profession to detect the oral cancers during providing routine dental care [63]. 
Indeed, the American Academy of Oral Medicine is recommending a comprehen-
sive assessment of the risk factors of oral cancer with a proper visual and tactile 
examination of oral mucosa during routine dental visit by any dental specialist [63]. 
This routine behavior can increase early detection of oral cancers and leads to a 
referral of positive cases for more confirmatory tests such as histological biopsy. By 
this way, dentists can be playing an effective role as a gatekeeper for detection and 
diagnosis of oral cancers. However, there are several factors that act as barriers to 
enable dentist to play such a crucial role including insufficient knowledge and prac-
tice of dentists to recognize and diagnose premalignant and malignant oral lesions.

Moreover, most of dentists are relying on subjective examinations and analyses 
of clinical findings such as consistency, shape, color, and texture of the lesion [71]. 
Another important issue that affects the ability of dentists to diagnose and detect 
oral cancers early is their low competent level in taking biopsy which is mandatory 
for final confirmation of oral cancers [72]. These main factors lead to poor and inac-
curate screening by dentists [71].

Artificial intelligence-based technology can provide a tool for collecting and 
analyzing very complex and diverse amount of data including clinical findings in a 
standardized way. These subjective immense information and reports can help den-
tists for improving their decisions minimizing the variations due to knowledge or 
clinical experience that will have great impact on outcomes of the disease [73]. For 
example, AI-based machines can assist dentists to monitor longitudinally any 
change in the oral premalignant liaisons (OPMLs) in a manner that can raise an alert 
whether a referral to another specialist may be required. Furthermore, imaging pro-
cessing and analysis for many biomarkers related to formation, metastases, or 
regression of tumors such as blood flow, level of oxygenation, metabolic rates, cell 
viability, and tissue architecture can provide easy screening and early detection of 
such neoplasms [74].

Conventional imaging approaches for screening oral tissues have been used for 
easy and early detection of oral cancers. For example, autofluorescence imaging has 
been validated by several studies to be used as an adjunctive method for detection 
and distinguishing between oral cancer and premalignant lesions [75]. Recently, 
advances of AI-based imaging technology improved the drawbacks and pitfalls of 
conventional imaging. Optical coherence tomography (OCT) was introduced as an 
AI-based imaging technique in 1991. OCT technology is using the reflected light as 
backscattered signals reflected from the tissue to reconstruct structural images. 
OCT can generate three-dimensional images that can be used for reconstruction of 
the target tissue and proper examination and diagnosis of the tumor.

More recently, AI-based imaging techniques have been improved giving better 
results in screening oral cancers. For example, a clinical study using deep learning- 
supported smartphone to screen oral cancers in 92 subjects with oral lesions gave an 
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accuracy rate of 80.6% when it is compared with standard-of-care diagnosis [76]. 
The success of improving the accuracy of deep learning-based technology for detec-
tion of oral cancer has encouraged more studies to investigate the OCT technology 
in detection and diagnosis of oral cancers, for example, providing OCT imaging 
system with a diagnostic algorithm led to easy interpretation of the OCT images. 
Using the advantage of this technology, a recent study used an automated cancer 
screening platform to differentiate between normal, malignant, and dysplastic 
lesions. The study showed sensitivity of 87% and a specificity of 83% versus the 
histopathological gold standard [77].

• Treatment of Oral Cancer

Oral and oropharyngeal cancers can often be cured, especially if the cancer is 
found at an early stage. Although curing the cancer is the primary goal of treatment, 
preserving the function of the nearby nerves, organs, and tissues is also very impor-
tant. When doctors plan treatment, they consider how treatment might affect a per-
son’s quality of life, such as how the person feels, looks, talks, eats, and breathes 
[61, 62].

In many cases, a team of doctors will work together with the patient to create the 
best treatment plan. Head and neck cancer specialists often form a multidisciplinary 
team to care for each patient. This team may include the following:

• Medical oncologist: A doctor who treats cancer using chemotherapy or other 
medications, such as targeted therapy and immunotherapy.

• Radiation oncologist: A doctor who specializes in treating cancer using radia-
tion therapy.

• Surgical oncologist: A doctor who treats cancer using surgery.
• Otolaryngologist: A doctor who specializes in the ear, nose, and throat.
• Reconstructive/plastic surgeon: A doctor who specializes in reconstructive sur-

gery, which is done to help repair damage caused by cancer treatment.
• Maxillofacial prosthodontist: A specialist who performs restorative surgery in 

the head and neck areas.
• Oncologic dentist or oral oncologist: Dentists experienced in caring for people 

with head and neck cancer.
• Prosthodontist: A dental specialist with expertise in the restoration and replace-

ment of broken teeth with crowns, bridges, or dentures.
• Physical therapist: A health-care professional who helps patients improve their 

physical strength and ability to move.
• Speech-language pathologist: A health-care professional who specializes in 

communication and swallowing disorders. A speech-language pathologist helps 
patients regain their speaking, swallowing, and oral motor skills after cancer 
treatment that affects the head, mouth, and neck.

• Audiologist: A health-care professional who treats and manages hearing prob-
lems that may be caused by the tumor itself or the cancer treatment.
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• Psychologist/psychiatrist: These mental health professionals address the emo-
tional, psychological, and behavioral needs of the person with cancer and those 
of their family.

Cancer care teams include a variety of other health-care professionals, such as phy-
sician assistants, nurse practitioners, oncology nurses, social workers, pharmacists, 
counselors, dietitians, and others. It is extremely important for the team to create a 
comprehensive treatment plan before treatment begins. People may need to be seen 
by several specialists before a treatment plan is fully developed.

There are three main treatment options for oral and oropharyngeal cancer: sur-
gery, radiation therapy, and therapies using medication.

Treatment options and recommendations depend on several factors, including 
the type and stage of cancer, possible side effects, and the patient’s preferences and 
overall health. One of these therapies, or a combination of them, may be used.

Surgery Surgery is the removal of the tumor and some surrounding healthy tissue, 
known as a margin, during an operation. An important goal of the surgery is the 
complete removal of the tumor with “negative margins.” Negative margins means 
that there is no trace of cancer in the margin’s healthy tissue. Surgeons are often able 
to tell in the operating room if all of the tumor has been removed.

Sometimes surgery is followed by radiation therapy, therapies using medication, 
or both. Depending on the location, stage, grade, and other features of the cancer, 
some people may need more than one operation to remove the cancer and to help 
restore the appearance and function of the affected tissues.

The most common surgical procedures for the removal of oral or oropharyngeal 
cancer include the following:

• Primary tumor surgery. The tumor and a margin of healthy tissue around it are 
removed to decrease the chance that any cancerous cells will be left behind. The 
tumor may be removed through the mouth or through an incision in the neck. A 
mandibulotomy, in which the jawbone is split to allow the surgeon to reach the 
tumor, may also be required.

• Glossectomy. This is the partial or total removal of the tongue.
• Mandibulectomy. If the tumor has entered a jawbone but not spread into the 

bone, then a piece of the jawbone or the whole jawbone will be removed. If there 
is evidence of destruction of the jawbone on an x-ray, then the entire bone may 
need to be removed.

• Maxillectomy. This surgery removes part or all of the hard palate, which is the 
bony roof of the mouth. Prosthesis (an artificial replacement), or more recently, 
the use of flaps of soft tissue with and without bone, can be placed to fill gaps 
created during this operation.

• Neck dissection. Cancer of the oral cavity or oropharynx often spreads to lymph 
nodes in the neck. Preventing the cancer from spreading to the lymph nodes is an 
important goal of treatment. It may be necessary to remove some or all of these 
lymph nodes using a surgical procedure called a neck dissection, even if the 
lymph nodes show no evidence of cancer when examined. A neck dissection may 
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be followed by radiation therapy or a combination of chemotherapy and radia-
tion therapy, called chemoradiation, to make sure there is no cancer remaining in 
the lymph nodes. Sometimes, for oropharyngeal cancer, a neck dissection will be 
recommended after radiation therapy or chemoradiation. If a neck dissection is 
not possible, radiation therapy may be used instead.

• Laryngectomy. A laryngectomy is the complete or partial removal of the larynx 
or voice box. Although the larynx is important for producing sounds, the larynx 
is also critical to swallowing because it protects the airway from food and liquid 
entering the trachea or windpipe and reaching the lungs, which can cause pneu-
monia. A laryngectomy is rarely needed to treat oral or oropharyngeal cancer. 
However, when there is a large tumor of the tongue or oropharynx, the doctor 
may need to remove the larynx to protect the airway during swallowing. If the 
larynx is removed, the windpipe is reattached to the skin of the neck where a 
hole, called a stoma or tracheostomy, is made. Rehabilitation will be needed to 
learn a new way of speaking.

• Transoral robotic surgery and transoral laser microsurgery. Transoral 
robotic surgery (TORS) and transoral laser microsurgery (TLM) are minimally 
invasive surgical procedures. This means that they do not require large cuts to get 
to and remove a tumor. In TORS, an endoscope is used to see a tumor in the 
throat, the base of the tongue, and the tonsils. Then two small robotic instruments 
act as the surgeon’s arms to remove the tumor. In TLM, an endoscope connected 
to a laser is inserted through the mouth. The laser is then used to remove the 
tumor. A laser is a narrow beam of high-intensity light.

• Other types of surgery may also be needed, including the following:

 – Micrographic surgery. This type of surgery is frequently used to treat skin 
cancer and can sometimes be used for oral cavity tumors. It can reduce the 
amount of healthy tissue removed. This technique is often used with cancer of 
the lip. It involves removing the visible tumor in addition to small fragments 
of tissue surrounding the tumor. Each small fragment is examined under a 
microscope until all of the cancer has been removed.

 – Tracheostomy. If cancer is blocking the airway or is too large to completely 
remove, a hole is made in the neck. This hole is called a tracheostomy. A tra-
cheostomy tube is then placed, and a person breathes through this tube. A 
tracheostomy can be temporary or permanent.

 – Gastrostomy tube. If cancer prevents a person from swallowing, a feeding 
device called a gastrostomy tube is placed. The tube goes through the skin and 
muscle of the abdomen and directly into the stomach. These tubes may be 
used as a temporary method for maintaining nutrition until the person can 
safely and adequately swallow food taken in through the mouth. For swallow-
ing problems that are temporary, a nasogastric (NG) tube may be used instead 
of a tube into the stomach. An NG tube is inserted through the nose, down the 
esophagus, and into the stomach.

 – Reconstruction. If treatment requires removing large areas of tissue, recon-
structive surgery may be necessary to help the patient swallow and speak 
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again. Healthy bone or tissue may be taken from other parts of the body to fill 
gaps left by the tumor or replace part of the lip, tongue, palate, or jaw. A 
prosthodontist may be able to make an artificial dental or facial part to help 
with swallowing and speech. A speech-language pathologist can teach the 
patient to communicate using new techniques or special equipment and can 
also help restore the ability to swallow in patients who have difficulty eating 
after surgery or after radiation therapy.

In general, surgery for oral and oropharyngeal cancer often causes swelling, making 
it difficult to breathe. It may cause permanent loss of voice or impaired speech; dif-
ficulty chewing, swallowing, or talking; numbness of the ear; weakness raising the 
arms above the head; lack of movement in the lower lip; and changes to your facial 
appearance. Surgery can affect the function of the thyroid gland, especially after a 
total laryngectomy or radiation therapy to the area.

It is important that a person receive the opinion of different members of the mul-
tidisciplinary team before deciding on a specific treatment. Even though surgery is 
the fastest way to remove cancer, other treatment methods exist and may be equally 
effective in treating the cancer.

Radiation Therapy Radiation therapy is the use of high-energy x-rays or other 
particles to destroy cancer cells. A radiation therapy regimen, or schedule, usually 
consists of a specific number of treatments given over a set period of time.

• External-beam radiation therapy. This is the most common type of radiation 
treatment for oral or oropharyngeal cancer. During external-beam radiation ther-
apy, a radiation beam produced by a machine outside the body is aimed at the 
tumor. This is generally done as an outpatient procedure. Proton therapy is a type 
of external-beam radiation therapy that uses protons rather than x-rays. At high 
energy, protons can destroy cancer cells. Another method of external-beam radi-
ation therapy, known as intensity-modulated radiation therapy (IMRT), allows 
for more effective doses of radiation therapy to be delivered to the tumor while 
reducing damage to healthy cells.

• Internal radiation therapy. When radiation treatment is given using implants, 
it is called internal radiation therapy or brachytherapy. Tiny pellets or rods con-
taining radioactive materials are surgically implanted in or near the cancer site. 
The implant is left in place for several days while the person stays in the hospital.

• Radiation therapy may be the main treatment for oral cavity cancer, or it can be 
used after surgery to destroy small areas of cancer that could not be removed. 
Radiation therapy can also be used to treat the lymph nodes. Combining radia-
tion therapy with cisplatin (a chemotherapy drug; see below) may be used for 
this purpose in some cases. This approach is called chemoradiation.

Therapies Using Medication Treatments using medication are used to destroy 
cancer cells. Medication may be given through the bloodstream to reach cancer cells 
throughout the body. When a drug is given this way, it is called systemic therapy. 
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Medication may also be given locally, which is when the medication is applied 
directly to the cancer or kept in a single part of the body.

This type of medication is generally prescribed by a medical oncologist, a doctor 
who specializes in treating cancer with medication. Medications are often given 
through an intravenous (IV) tube placed into a vein using a needle or as a pill or 
capsule that is swallowed (orally).

The types of medications used for oral and oropharyngeal cancer include:

• Chemotherapy
• Immunotherapy
• Targeted therapy

Chemotherapy is the use of drugs to destroy cancer cells, usually by keeping the 
cancer cells from growing, dividing, and making more cells.

The use of chemotherapy in combination with radiation therapy, called chemora-
diation, is often recommended. The combination of these two treatments can some-
times control tumor growth, and it often is more effective than giving either of these 
treatments alone. This combined treatment, using cisplatin, may be an option for 
oral or oropharyngeal cancer that may have spread to the lymph nodes. Sometimes, 
chemoradiation for oropharyngeal cancer will be followed with neck dissection.

Chemotherapy may be used as the initial treatment before surgery, radiation 
therapy, or both, which is called a neoadjuvant chemotherapy. Or it can be given 
after surgery, radiation therapy, or both, which is called adjuvant chemotherapy. 
Chemotherapy for oral cavity cancer is most often given as part of a clinical trial.

Immunotherapy, also called biologic therapy, is designed to boost the body’s 
natural defenses to fight the cancer. It uses materials made either by the body or in 
a laboratory to improve, target, or restore immune system function. Pembrolizumab 
(Keytruda) and nivolumab (Opdivo) are two immunotherapy drugs approved by the 
US Food and Drug Administration (FDA) for the treatment of people with recurrent 
or metastatic head and neck squamous cell carcinoma (HNSCC) that has not been 
stopped by platinum-based chemotherapy. Both are immune checkpoint inhibitors 
that are also approved for the treatment of some people with advanced lung cancer 
or melanoma.

Immunotherapy in combination with chemotherapy and radiation therapy may 
also be used in clinical trials.

Targeted therapy is a treatment that targets the cancer’s specific genes, proteins, 
or the tissue environment that contributes to cancer growth and survival. This type 
of treatment blocks the growth and spread of cancer cells and limits damage to 
healthy cells.

Currently, antibodies directed against a cellular receptor called the epidermal 
growth factor receptor (EGFR) are being used in combination with radiation ther-
apy for head and neck cancers. Cetuximab (Erbitux) is the only targeted therapy 
approved for this use in combination with radiation therapy.
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Nutrition is also an important part of oral cancer treatment. Many treatments 
make it difficult or painful to eat and swallow, and poor appetite and weight loss 
are common.

Getting the advice of a nutritionist can help in planning a food menu that will be 
gentle on the mouth and throat, and will provide the body with calories, vitamins, 
and minerals it needs to heal [38].

Finally, keeping the mouth healthy and moist during cancer treatments is a 
crucial part of treatment.

• Recovering from Oral Cancer Treatment

The recovery from each type of treatment will vary. Post-surgery symptoms can 
include pain and swelling, but removing small tumors usually has no associated 
long-term problems.

The removal of larger tumors could possibly affect the ability to chew, swallow, 
or talk as it was done before the surgery. Patient might also need reconstructive 
surgery to rebuild the bones and tissues in their face removed during surgery.

Radiation therapy can have a negative effect on the body. Some of the side effects 
of radiation include:

• A sore throat or mouth
• Dry mouth and loss of salivary gland function
• Tooth decay
• Nausea and vomiting
• Sore or bleeding gums
• Skin and mouth infections
• Jaw stiffness and pain
• Problems wearing dentures
• Fatigue
• A change in your ability to taste and smell
• Changes in your skin, including dryness and burning
• Weight loss
• Thyroid changes

Chemotherapy drugs can be toxic to rapidly growing noncancerous cells. This can 
cause side effects such as:

• Hair loss
• Painful mouth and gums
• Bleeding in the mouth
• Severe anemia
• Weakness
• Poor appetite
• Nausea
• Vomiting
• Diarrhea
• Mouth and lip sores
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• Numbness in the hands and feet

Recovering from targeted therapies is usually minimal. The side effects of this treat-
ment can include:

• Fever
• Headache
• Vomiting
• Diarrhea
• An allergic reaction
• Skin rashes

Although these treatments do have side effects, they’re often necessary in beating 
the cancer.

Reconstruction and Rehabilitation After Oral Cancer Treatment
People who are diagnosed with advanced oral cancer will likely need reconstructive 
surgery and some rehabilitation to assist with eating and speaking during recovery.

Reconstruction can involve dental implants or grafts to repair the missing bones 
and tissues in the mouth or face. Artificial palates are used to replace any missing 
tissue or teeth.

Rehabilitation is also necessary for cases of advanced cancer. Speech therapy can 
be provided from the time the patients get out of surgery until they reach the maxi-
mum level of improvement.

The outlook for oral cancers depends on the specific type and stage of cancer at 
diagnosis. It also depends on your general health, your age, and your tolerance and 
response to treatment. Early diagnosis is critical because treating Stage I and Stage 
II cancers may be less involved and have a higher chance of successful treatment 
[61, 62].

3.2.4  Oral Manifestation of HIV Infection

Acquired immunodeficiency syndrome (AIDS) is caused by the human immunode-
ficiency virus (HIV) and is characterized by immunosuppression, which leads to a 
spectrum of clinical manifestations that include opportunistic infections, secondary 
neoplasms, and neurologic manifestations. Two genetically distinct populations of 
viruses known to cause AIDS are HIV-1 and HIV-2. HIV-1 is the most common type 
responsible for AIDS in Central Africa and the rest of the world, and HIV-2 in West 
Africa and India [9].

• Epidemiology

HIV infection was first reported in the mid-1981 in New York City, when young 
homosexual men showed Kaposi’s sarcoma and unusual clusters of pneumocystis 
carinii pneumonia [78]. Since this time, HIV/AIDS infection became one of the 
major causes of death worldwide. Currently, human immunodeficiency virus  (HIV)/

3.2  Most Common Dental Diseases



80

acquired immunodeficiency syndrome (AIDS) is ranked as the fourth leading cause 
of death worldwide [79]. In the United States, it was estimated that almost 40,000 
people get infected with HIV each year, while globally in 2018, it was estimated 
that around 1.7 million new cases were reported [80].

Estimates at the end of 2007 indicate that there are 33 million people living with 
HIV infection, 2.7 million have new infection, and 2.0 million have succumbed to 
the disease. Ninety-six percent of the infected are in low- and middle-income coun-
tries. The demographic features of the spread of HIV in Asia are somewhat different 
from that in other parts of the world, as the infection was first seen in intravenous 
drug users (IDUs) in Thailand and Burma in contrast to groups indulging in high- 
risk sexual behavior in the western countries. Globally, South and Southeast Asian 
countries follow South Africa in terms of the total number of people living with the 
disease (UNAIDS).

The UAE ranks as number one in the world for the lowest prevalence of HIV (per 
percentage of the adult population). The first cases of HIV in the UAE emerged in 
reports in the 1980s and reached a cumulative total of 780 cases among UAE 
national citizens by the end of 2012. According to the World Health Organization, 
the number of new HIV cases per year increased from 25 in 2010 to 49 in 2016, 
which, despite the increase, remains significantly low [81].

• Mode of HIV Transmission

Sexual transmission is the predominant mode of infection worldwide, account-
ing for more than 75% of all cases of HIV transmission. It is also transmitted 
through infected body fluids such as blood and blood products, and breast milk. 
HIV has been demonstrated in oral fluids, but their infectivity appears to be reduced. 
So, saliva is not a significant route of transmission of HIV infection. Infection can 
be transmitted vertically from mother to the child [9].

• Pathogenesis of HIV Infection

The two major targets of HIV infections are the immune system and the central 
nervous system. A characteristic feature of AIDS is the profound immunosuppres-
sion of cell-mediated immunity. After gaining entry into the host, either through 
exposure to blood, body fluids, or sexual activity, the first step in virus infection 
involves binding of the virion to the surface of a target cell. This is mediated by 
binding of the envelope gp120 to the CD4 surface protein found on most helper T 
cells. After binding, the virus becomes internalized into the host cell where it 
becomes uncoated. The viral RNA is then reverse transcribed into linear double- 
stranded viral DNA in the cytoplasm of infected cells by the reverse transcriptase 
and then transported to the nucleus, where it is first “circularized” and then inte-
grated into the host cell. The integrated viral DNA is transcribed into full-length 
RNA by the host cell. These RNA transcripts can either be packaged within virus 
particles, to serve as the genome of progeny virus, or they can serve as mRNA for 
the synthesis of viral gene products.

The most common signs and symptoms of acute infection include fever, fatigue, 
maculopapular rash, headache, lymphadenopathy, pharyngitis, myalgia, arthralgia, 
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aseptic meningitis, retroorbital pain, weight loss, depression, gastrointestinal dis-
tress, night sweats, and oral or genital ulcers. The acute illness may last from a few 
days to more than 10 weeks, but the duration is usually less than 13 days.

The severity and the duration of the illness may have prognostic implication; 
severe and prolonged symptoms are correlated with rapid disease progression [9].

• Clinical Features

The clinical features of HIV infection range from asymptomatic infection to 
severe clinical illness and AIDS. The time for the onset of symptoms varies from 5 
to 6 months to few years and may be influenced by the source of HIV infection, 
patient’s age, gender, drug habits, immunogenetics, and other factors. In 1993, the 
Centers for Disease Control and Prevention (CDC) revised their classification sys-
tem proposed in 1986 and expanded the surveillance case definition for AIDS 
among adolescents and adult.

Patients generally remain asymptomatic until their CD4 cell count falls below 
500 cells/mm3, at which time the patient enters the “symptomatic HIV infection” 
previously known as the “AIDS-related complex” and more recently referred to as 
“Stage B,” according to the 1993 CDC classification, which is characterized by the 
development of opportunistic infections. As HIV continues to replicate, the CD4 
cell count dramatically decreases. AIDS is diagnosed when the CD4 cell count falls 
below 200 cells/mm3 or when one of the AIDS defining illnesses is documented. 
Eventually, the immune function ceases, resulting in advanced HIV infection, char-
acterized by a CD4 cell count <50 cells/mm3, overwhelming opportunistic infec-
tions, and death. Without antiretroviral therapy, the progression of HIV from 
transmission to death is approximately 10–12 years [9] (Table 3.6).

• Oral Lesions in HIV Infection

Several oral lesions are considered cardinal signs for HIV/AIDS infection and 
usually are associated with the disease progression. These oral lesions include hairy 
leukoplakia, linear gingival erythema, oral candidiasis, necrotizing ulcerative peri-
odontitis, necrotizing ulcerative gingivitis, non-Hodgkin’s lymphoma (NHL), aph-
thous ulcer, oral submucous fibrosis, herpes zoster, exfoliative cheilitis, xerostomia, 

Table 3.6 1993 revised classification system for HIV infection and expanded AIDS surveillance 
case definition for adolescents and adults

Image source [38]
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and salivary gland disease [82]. The prevalence of oral lesions in HIV-infected 
patients has been reported in 70–90% of HIV-positive patients [83].

Oral lesions are often clearly visible and several can be diagnosed accurately on 
clinical features alone. In those cases where HIV status is unknown and where HIV 
testing is difficult, certain oral lesions provide a strong indication of the presence of 
HIV infection. Oral lesions that are associated with this disease are important, as 
they not only affect the quality of life of the patient but also are useful markers of 
disease progression and immunosuppression. They are strongly associated with 
immunosuppression, as measured by CD4 cell counts, and are modestly associated 
with a high viral burden. Thus, oropharyngeal lesions feature in all classifications, 
staging, and prognosis. Oral lesions have also been advocated and are used as entry 
criteria and end points for prophylaxis therapy and vaccine trials [9] (Table 3.7).

In 1995, European Commission (EC) Clearinghouse on oral problems related to 
HIV infection and the WHO Collaborating Center on oral manifestations of the 
immunodeficiency virus released the following classification:

• Presumptive criteria: Relate to the initial clinical appearance of the lesion.
• Definitive criteria: They are the result of special investigations for absolute 

diagnosis.

These two added criteria give the diagnostic criteria of the oral manifestations of 
HIV infection [9].

• Diagnosis of HIV

Detection and diagnosis of the HIV infection are very critical to prevent trans-
mission of the diseases. Counting the CD4+ lymphocyte is the gold standard labora-
tory marker used for detection of and monitoring HIV disease and progression. 
However, oral clinical manifestations of HIV/AIDS can be an important and early 
indicator to diagnosis of HIV infection in case the CD4+ test is not available or 
patient is asymptomatic. The accessibility of the oral cavity has made oral clinical 
manifestation of AIDS/HIV playing an important role in early diagnosis, detection, 
and even prediction of the prognosis of the HIV infection among children and 
adults [82].

Advances of AI-based technology have improved clinical care of most of the 
infectious diseases including HIV infection. Without the improvement in predic-
tion, diagnosis, classification, and appropriate treatment plan achieved by such tech-
nology, the humanity could not achieve such progress in health care of infectious 
diseases. Three studies have used AI-based technology such as machine learning 
and prediction algorithm to predict individuals who are at high risks for HIV infec-
tion [84]. A study conducted by Krakower et al., in 2019, has used more than 180 
different patient electronic health-care records as variables to train machine learning 
algorithm to predict patients who are at high risks of HIV infection to support and 
provide them with specific HIV pre-exposure prophylaxis (PrEP) programs [85]. 
The second study conducted by Marcus et al. has used 81 different patient electronic 
health-care records for 3.7 million uninfected patients, in North Carolina, as vari-
ables to feed absolute shrinkage and selection operator (LASSO) regression model 
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Table 3.7 Revised classification of HIV infection (1993)

Image source [38]
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[86]. The author found that predictor algorithm model retained 44 variables of HER 
including male sex, local area, urine methadone test, and number of positive tests as 
a validated predictive variable to detect patient who are at high risk for HIV infec-
tion with AUC of 84%. To compare the importance of including the 44 variables, the 
same author compares the final algorithm model predictive performance using only 
variables related to sexual orientation and sexually transmitted infections (STIs). 
The author found that the model has higher AUC and sensitivity but lower positive 
predictive value [86]. The third study conducted by Ahlström et al. (2019) has used 
nationwide electronic registry data of 4,384,178 individuals to train machine learn-
ing algorithm to predict individuals who are at high risk of HIV infection trying to 
enhance early diagnosis of the disease [84]. The study suggested that the proposed 
predictive machine learning algorithms can learn from electronic registry data and 
help to predict HIV status with a fairly high level of accuracy [86].

Combining AI-based technology to smartphones and social media has offered 
great opportunity to monitor patient and enhance patient-doctor contact in real time 
for immediate advice [87]. A study was conducted by Wray et al. in 2019 who col-
lected and assessed in a real-time manner the sexual activity of individuals on daily 
bases and predict unsafe sexual behavior by using machine learning. The study sug-
gested that by this way, a reduction of 74% of unsafe sexual practice can be achieved 
through real-time text messages through smartphone which reduce HIV risks. 
Another study conducted by Young, Yu, and Wang in 2017 used social media as 
Twitter to collect data in a real time to feed and train machine learning applications 
to predict individuals who are at high risk of HIV infection [88].

There are several studies proposing other applications of AI-based technology to 
enhance preventive measures of HIV infection. Virtual reality and chatbots are the 
main tools that are proposed by these studies [89]. For example, one study was con-
ducted by Muessig et al., using Tough Talks virtual reality program in which a focus 
group with HIV disease were interviewed about their sero-disclosure experiences. 
The author suggested that virtual reality program based on AI technology can 
increase and enhance protective behaviors of young MSM against HIV transmission 
through role-play HIV serostatus disclosure. Chatbots are another application where 
specific agents through which individuals can engage anonymously using different 
types of conversations such as messaging (text, voice). Chatbots are using AI-based 
application not only to maintain and collect information related to HIV diseases but 
also to help people who are at high risk for HIV infection to take the right decision 
to get the benefit form PrEP program and antiretroviral therapy [89].

Oral Lesions and Highly Active Antiretroviral Therapy (HAART)
With the introduction of HAART, there has been a decrease in the opportunistic 
infections associated with HIV infection [9].

Studies examining the effect of HAART on the prevalence of individual oral 
manifestations mainly reported on oral candidiasis, oral hairy leukoplakia, HIV- 
related periodontal diseases, Kaposi’s sarcoma (KS), oral papilloma, and HIV- 
related salivary gland disease showed reduction in the prevalence [90].
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Oral candidiasis (OC) has been shown to be one of the most common oral lesions 
in HIV patients. With the advent of HAART, most studies reported a decrease in the 
prevalence of oral candidiasis.

The prevalence of HIV-associated periodontal diseases was reported to decrease 
significantly in an American cohort, from 4.8% to 1.7% with HAART, in concor-
dance with findings in other studies.

Kaposi’s sarcoma (KS) is one of the oral manifestations that is strongly associ-
ated with HIV, although its prevalence is quite low in this groupCeballos-Salobrena 
et al. [9]. Studies from the United States Patton et al. [9] and Mexico (Ramírez-
Amador et al. [9] found no significant change in the occurrence of Kaposi’s sarcoma 
with HAART.

Unlike most other oral manifestations of HIV, studies from the United States and 
the United Kingdom (UK) described an increase in the prevalence of oral warts with 
HAART Patton et al. [9]; Greenwood et al. [9], which may reach statistical signifi-
cance Greenspan et  al. [9]. Others looking at a different population (Mexicans) 
reported similar detection rates of oral warts, papillomas, condylomas, and focal 
epithelial hyperplasia in HIV-positive subjects on HAART compared with those not 
on therapy (Ramírez-Amador et al. [9]).

Other lesions that are showing a trend of rising prevalence include HIV-related 
salivary gland disease (Patton et al. [9]). However, this was not supported by other 
studies (Ramírez-Amador et  al. [9]). Studies from industrialized world report a 
decreased frequency of HIV-related oral manifestations of 10–50% following the 
introduction of HAART [9, 90].

3.2.5  Oro-dental Trauma

Oro-dental trauma results from injury to the teeth, mouth, and oral cavity. Treatment 
is costly and lengthy and sometimes can even lead to tooth loss, resulting in compli-
cations for facial and psychological development and quality of life [4].

Oro-dental trauma/traumatic dental injury is a very common condition in both 
children and adult that can take place due to several reasons such as fall, sports 
injury, or accident. However, traumatic dental injuries (TDIs) can take place due to 
certain bad habits such as chewing very hard objects such as ice cubes, holding pen, 
paper clips, or opening bottles cans by the teeth. TDIs are one of the most common 
reasons in children to visit pediatric clinics seeking dental treatment, and the oral 
injuries were reported to be the second most common area of injuries in the age of 
1–4 years with prevalence rate ranging up to 33% [91]. It is estimated that 40% of 
children visit dentists for the first time due to TDIs [92]. In addition, oral traumatic 
injuries are considered the fourth most common type of injuries among adults from 
15 to 35 that usually lead to jaw facture.

Dental trauma is physical injury to the teeth, gums, the alveolar bone (the bone 
that holds the tooth sockets), or the soft tissue of the mouth, including the lips and 
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tongue. There are several types of injury that fall under the category of dental 
trauma, including the following [93]:

• Chipped tooth
• Tooth fractures, including root fractures, enamel fractures, etc.
• Tooth knocked loose (subluxation)
• Tooth jammed into socket (intrusion)
• Tooth knocked out (avulsion)
• Fracture of the tooth socket wall
• Jaw fracture
• Lacerations of the lips
• Lacerations of the gums

Dental trauma (traumatic dental injury) is usually sudden, circumstantial, unex-
pected, and accidental and often requires emergency attention. It is not a disease but 
a consequence of several unavoidable risk factors in life. Although these injuries are 
more common in certain groups, no individual is ever at zero risk through their 
activities of daily living [94].

Dental trauma is often more time consuming and costly compared with many 
other accidental injuries presenting to emergency clinics and hospitals. Trauma to 
the body, inclusive of the oral cavity, is a significant public health problem world-
wide. In certain groups, dental trauma is almost as high as one-fifth of all bodily 
injuries.

Bodily injuries have been reported to be the leading cause of death among young 
people aged between 12 and 24 years of age. In some western countries, the direct 
(treatment) and indirect (lost productivity and wages, transport cost, and quality of 
life) cost of trauma has been estimated to be around 4–5% of gross domestic product.

In the United States alone, the lifetime cost of bodily injuries has been estimated 
to be US$406 billion. It has been reported that traumatic dental injuries and their 
consequences may exceed the burden of caries and periodontal disease in the young 
population [94].

• Etiology

Despite local and methodological differences among studies, there appears to be 
a consistent pattern in the occurrence of trauma. The patient’s home has been con-
sistently reported as the main location for sustaining dental trauma for both primary 
and permanent dentitions. This was closely followed by injuries in schools. It was 
also observed that there were an increasing number of causes. Despite this, sporting 
arenas, playgrounds, and roads are featured in most studies in varying proportions.

Falls are the most common activity causing trauma and account for most injuries 
in the primary dentition. This is unsurprising as it is typical for toddlers to crawl, 
stagger, and fall before being able to walk as part of their development. Although 
falls are featured prominently in the permanent dentition, sporting activities 
accounted for the majority of injuries. Other impact activities/accidents such as 
fights, assaults, and bicycle and motor vehicle accidents have been featured in most 
studies. Many of the studies reviewed showed that males experienced trauma more 
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frequently than females in the permanent dentition; males outnumber females in 
sustaining trauma by a ratio ranging from 1.3 to 2.5:1, respectively. It has been pos-
tulated that males had a greater propensity toward contact sports and violent behav-
ior [94].

Despite this, it has been noted that gender disparities were on the decline with 
females showing an increased participation in sports.

Traebert et al. noted that females can be exposed to the same risk factors as males 
which are characteristic of modern western society. Disparities in the primary denti-
tion were generally not as significant or obvious. As falls in the primary dentition 
are mostly uncontrolled and given that participation in sport is by choice, it seems 
that gender as a risk factor is essentially related to activities undertaken. Appreciation 
of gender disparities is an important consideration when interpreting other epide-
miological parameters. Lam et al. reported a lower age is another frequently reported 
risk factor where studies indicate that trauma experience was skewed toward the 
younger population (toddlers, children, adolescents, and young adults). The specific 
age(s) was another source of variation affected by local and methodological differ-
ences. Despite these differences, there is a general trend indicating toddlers who 
sustained injuries from involuntary falls, while adolescents experienced accidental 
injuries from contact sports and other impact injuries [94].

In an Australian study, Lam et al. chose to classify age in 5-year increments and 
found that these injuries were predominant in the 0–4-year group and the 10–14- 
year group. In this cohort, 92% of injuries occurred before the age of 34 years [94].

This is consistent with other studies indicating that dental trauma is skewed.

• Assessment and Management of TDIs

Immediate assessment of TDIs is very crucial for identifying the appropriate 
actions that are required to be decided by the team. In addition, immediate assess-
ment is playing an important role for better prognosis, treatment options, and out-
comes. Dentist is the first line of emergency that a patient with TDIs might visit in 
many cases, for instance, in the case of tooth avulsion, an immediate reimplantation 
will significantly improve the prognosis [95]. It was reported that the maxillary 
central incisors are the most common tooth liable for injuries in both primary and 
permanent dentitions. For primary teeth, luxation injuries were the most common 
oral traumatic dental injuries, while for the permanent dentition, fracture of the 
crown was dominating [96].

However, several studies showed lack of knowledge and general awareness 
regarding the emergency management of dental trauma injuries among parents [97]. 
Furthermore, several studies also showed lack of knowledge and awareness of the 
required emergency management of dental trauma injuries among other laypersons 
who may involve in such situations such as schoolteachers [98] and sports coaches 
[99]. In addition, some studies showed that the level of such awareness is varying 
among dental professionals themselves [100].

In order to increase such awareness, smartphone which is based on the artificial 
technology was proposed as an appropriate tool to act as a gateway to increase such 
awareness [101]. A review conducted by Djemal and Singh in 2016 has found that 
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more than seven applications are compatible to be sued with different smartphones 
to enhance awareness and knowledge among different populations including den-
tists about emergency management of dental trauma injuries [101]. Although most 
of the existing applications are ranging in quality, the authors suggested that with 
the advances of AI technology that allow animation and integration of social media, 
the future apps should continue to provide good quality, evidence-based, and vali-
dated information [101].

To enhance knowledge of traumatic dental injuries, several knowledge-based 
systems (KBS) that are based on the technology of artificial intelligence have been 
proposed [102]. These AI-based software have been suggested to be used to enhance 
immediate assessment, diagnosis, and decision-making in case of emergency trau-
matized dental injuries [96].

Oral traumatic dental injuries should be treated as an emergency dental situation. 
One of the most important issues that affect the successful treatment of TDIs is the 
immediate behaviors of the patient and the persons who are present in the site of 
accident as well. AI-based technology that allows remote communication between 
patient and dentists such as tele-assistant can be very helpful till the professional 
visit can take place [103].

According to the American College of Surgeons, a clear and systematic protocol 
should be applied to any traumatized patient including first and rapid survey to 
ensure vital functions such as maintenance of airway with cervical spine control 
(A), ensuring breathing and ventilation (B), controlling circulation with hemor-
rhage (C), checking any disability (neurological status-D), and complete examina-
tion of the patient (E) [104]. After stabilization of the patient, a second survey can 
be carried out to evaluate injuries and traumatized tissues including infection con-
trol, control pain, and stabilization of fractures and to provide patient with support-
ive treatment. Therefore, applying the ABCDE protocol with proper diagnosis for 
any individuals with traumatic dental injuries is very critical and essential for cor-
rect treatment and good prognosis. Recently, there are many studies and calls for 
applying smart robotics with machine learning technology to act as dental assistant 
in order to make the process of assessing dental emergencies more rapid and accu-
rate [103]. These robotic dental assistants will help to check vital signs of the patient 
quickly, in addition to other tasks that required repeated workflows that eventually 
will enhance dental work in the emergency situation and will free the other human 
resources for social interaction that cannot be done by the robotics [103].

In several cases, patient with TDIs may need replacement of the missing teeth. 
AI-based technology has improved the restorative procedures such as dental 
implant. There are several studies which used artificial intelligence-based technol-
ogy such as artificial neural network and convolutional neural network with either 
3D cone-beam computed tomography (CBCT) images and/or panoramic radio-
graphs to facilitate decision-making to improve the treatment plan, assess the qual-
ity of osteointegration, and measure the peri-implant bone loss [105].
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• Management

Treatment of dental trauma varies according to the type of injury involved:

 – Fracture
 – Avulsion
 – Luxation (tooth displacement)

Tetanus booster and antibiotics should be administered whenever a dental injury is 
at risk for infection. Arrangements should be made for prompt follow-up with a 
dentist or an oral and maxillofacial surgeon.

Dental fractures may be classified as follows:

• Ellis class I (superficial enamel only)—No emergency care is required; follow-
 up with a dentist is arranged as needed.

• Ellis class II (enamel and dentin, with sensitivity to temperature, air, and palpa-
tion)—The exposed dentin is covered, preferably with dental cement; the patient 
is referred to a dentist within 24 h.

• Ellis class III (enamel, dentin, and pulp; a dental emergency)—The fracture is 
covered with dental cement; patients receive urgent and immediate dental fol-
low- up; topical painkillers increase the risk of infection and thus should not be 
applied.

• Root fractures—Depending on the location of fracture, treatment varies from 
splinting, RCT, and even extraction.

Principles of management for dental avulsions include the following:

• An adult tooth that is avulsed should be reimplanted in its socket as soon as 
possible.

• If the tooth cannot be reimplanted, it should be placed in a protective solution 
like HBSS, cold milk, etc.; it should never be allowed to dry.

• If the tooth has been dry for a significant period, it should be soaked in the appro-
priate solution (which depends on the length of the dry period).

• Some studies suggest that when a tooth has been out of the mouth for longer than 
60 min, immediate reimplantation is not required, and a root canal of the tooth 
should be performed with the tooth outside the mouth before it is reimplanted.

• After reimplantation, any other injuries are repaired.
• In children with dental avulsions, primary teeth are never reimplanted, because 

reimplantation of a deciduous tooth can cause harm to the developing perma-
nent tooth.

Luxations may be classified as follows:

• Concussion—Mild injury to the periodontal ligament, with some clinical tender-
ness but no movement of the tooth.

• Subluxation—More significant injury to the periodontal ligament, with clinical 
tenderness and movement of the tooth.

• Extrusion—Partial removal of a tooth from its socket.
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• Lateral luxation—Lateral displacement of a tooth at an angle, with possible frac-
ture of the alveolar bone as well.

• Intrusion—Impaction of a tooth into its socket in the fractured alveolar bone 
Treatment of luxations includes the following:

• Concussion and subluxation—A soft diet, administration of nonsteroidal anti- 
inflammatory drugs (NSAIDs), and referral to a dentist; subluxation is a more 
significant injury and is more often associated with pulpal necrosis.

• Extrusion—Restoration of the tooth to its original position and splinting.
• Lateral luxation—Repositioning of the tooth, often made more difficult by a 

fractured alveolar bone, and splinting, done by a general practitioner only if the 
alveolar bone fracture is minimal and done by a dentist or an oral and maxillofa-
cial surgeon if the fracture is more extensive.

• Intrusion—Usually, referral to a dentist within 24 hours is indicated.

Associated injuries to the maxillofacial bones may be classified as follows:

• Le Fort I—Transverse fracture separating the body of the maxilla from the lower 
portion of the pterygoid plate and nasal septum.

• Le Fort II—Pyramidal fracture of the central maxilla and palate; facial tugging 
moves the nose but not the eyes.

• Le Fort III (i.e., craniofacial disjunction)—Facial skeleton completely separated 
from the skull, with the fracture extending through the frontozygomatic suture 
lines and through the orbit, the base of the nose, and the ethmoid; on physical 
examination, the entire face shifts with tugging [106].

The image below depicts the Le Fort classification of maxillary fractures (Fig. 3.3).

Fig. 3.3 Le Fort I, II, and III maxillary fractures. (Image source [106])
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3.2.6  Noma (Cancrum Oris)

Cancrum oris or Noma is a fatal infection of the mouth that mostly affects children 
between the ages of 1 and 16, with a peak incidence at ages 1 to 4. It destroys soft 
tissues and bones of the oral and para-oral structures. It mostly affects children suf-
fering from malnutrition, affected by infectious disease, living in extreme poverty 
with poor oral hygiene, and/or with weakened immune systems [4].

Noma is mostly found in sub-Saharan Africa, although cases have also been 
reported in Latin America and Asia. The word Noma is derived from the Greek: to 
“devour” that carries in one of its meaning “eat greediness” which describe the 
aggressiveness of the diseases that destroys the mouth and the face. Noma has many 
alternative names such as orofacial gangrene, cancrum, or necrotizing ulcerative 
gingivitis that leads to severe orofacial disfigurement and usually affects children 
between 2 and 6 years [107]. Noma usually starts as gingivitis that, due to its neglec-
tion, develops into gingival necrosis and if not treated the infection will spread to 
underlying jawbone. Eventually, infected facial region develops swelling and sub-
sequently necrotizes, leading to destruction of soft and hard facial tissues to leave 
severe disfigurement [108]. Untreated Noma has an estimated mortality rate of 
90% [109].

In 1998, WHO estimated that there were 140,000 new cases of Noma annually. 
Without treatment, Noma is fatal in 90% of cases. Survivors suffer from severe 
facial disfigurement, have difficulty speaking and eating, face social stigma, and 
require complex surgery and rehabilitation. Where Noma is detected at an early 
stage, its progression can be rapidly halted, through basic hygiene, antibiotics, and 
improved nutrition [4, 110].

• Medical History

Noma is an old companion of humankind. Described by classical and medieval 
authors, the disease was common in Europe and the United States for centuries. In 
1649, Noma was included in the first book about neglected diseases, Observationes 
Medicae de Affectibus Omissis, by Arnoldus Bootius. By the end of the nineteenth 
century, Noma gradually disappeared from European and US hospitals due to 
increasing improvements in the welfare of the population. In the rare Noma cases 
that crossed the paths of bacteriologists in the twentieth century, no conclusive find-
ings about the causative microorganisms were made until Stewart concluded in 
1912 that Noma was not a specific infection, but rather an opportunistic one caused 
by normal oral flora. Shortly after the introduction of sulfonamides and penicillin in 
the 1940s, it appeared that treatment with antimicrobial drugs reduced the mortality 
of Noma from around 85% to approximately 15%. By contrast, a clear concept with 
regard to reconstructive Noma surgery was developed only 50 years ago [110].

• Etiological Considerations

Noma has a multifactorial etiology. A prerequisite is malnutrition, often related 
to extreme poverty, but other factors are concomitant diseases and poor oral hygiene 

3.2  Most Common Dental Diseases



92

resulting in gingivitis. Malnutrition is closely correlated with immunity, which may 
lead to a nutritionally acquired immune deficiency syndrome. This condition is par-
ticularly prevalent in children who were preterm and low-birth-weight babies. 
Depending on the region in Africa, these infants represent up to 25% of births. The 
age of the onset of Noma corresponds nutritionally to a period of vulnerability coin-
ciding with the period of weaning, with underweight infants particularly at risk. 
Importantly, weaning corresponds also to the age of the onset of debilitating and 
immunosuppressive diseases, such as the first malaria crisis or measles.

Social factors play a role in the onset of Noma, particularly in large families 
where the mother has grand multiparity and an inadequate nutritional status. The 
link between the number of past pregnancies and chronic malnutrition in children 
with Noma suggests that it could be related to maternal malnutrition during preg-
nancy. This may increase the risk for prematurity or low-birth-weight infants, thus 
promoting a vicious cycle of repetitive infections and chronic malnutrition and 
opening the door for Noma onset. Various diseases have been described in associa-
tion with Noma, such as malaria, typhus, measles, chickenpox, tuberculosis, and 
HIV infection. Measles and malaria are the most frequently reported illnesses that 
precede Noma. These diseases often occur during the weaning period and have seri-
ous immunosuppressive effects.

Insufficient oral hygiene can facilitate the onset of a necrotizing gingivitis char-
acterized by the presence of some periodontal pathogens and sometimes resulting in 
the development of Noma [110].

• Clinical Signs Preceding Noma

Noma does not start as a necrotizing process. It is preceded by a small intraoral 
ulcer, by an aphthous lesion, or, frequently, by acute necrotizing gingivitis (ANG). 
ANG is characterized by spontaneous bleeding, ulceration of the gingival papillae, 
pain, and sometimes, grayish pseudomembranes. In Africa, there is a high preva-
lence of ANG in children that ranges from 15% to 60%, depending on the region 
and the degree of poverty. ANG is facilitated by the lack of dental hygiene, but there 
is also evidence that malnutrition alone can lead to changes in the oral microflora 
and to ANG. In general, ANG can be treated by improving oral hygiene, but if the 
child is undernourished and dental hygiene with follow-up cannot be achieved, anti-
biotics are recommended. Without treatment, ANG may evolve into a necrotizing 
stomatitis and result in the destruction of the attached gingival mucosa, the sur-
rounding oral mucosa, and the underlying bones. This stage requires antibiotic 
treatment. If no treatment is undertaken, the risk of progression toward Noma is 
very high [110].

Acute Noma: Stage of Edema and Halitosis
The starting point of Noma is defined when facial edema appears in addition to 
intraoral necrotizing stomatitis, accompanied by a typical halitosis often considered 
as pathognomonic. This stage is short and lasts only a few days [110].
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Acute Noma: Stage of Necrosis
Following the appearance of necrotizing stomatitis and facial edema, a necrotizing 
infection extends rapidly within a few days into the intraoral mucosa, the facial 
muscles, the skin, the maxilla, and the mandible. A bluish discoloration of the skin 
indicates underlying necrosis coming to the surface. A peculiarity of this gangrene 
is that it appears to have a self-limiting character ending in a well-demarcated 
necrosis. On some occasions, the body appears to be able to resist and halt the 
expansion of the gangrene at a certain stage. Interestingly, some children do not 
receive treatment and develop relatively small lesions, while others experience huge 
facial destruction despite appropriate medical treatment. This may be due to differ-
ences in the degree of impairment of their immune systems [110].

Acute Noma: Stage of Sloughs and Healing
After demarcation of the gangrene, the necrotic tissue starts to slough. At this stage, 
many patients die due to sepsis. If they do survive and the body has eliminated most 
necrotic tissue by sloughing, suppuration, or sequestration, signs of wound healing 
appear. During this stage, granulation tissue forms, wound contracture occurs, and 
both mucosa and epithelium start to grow from the margins of the wound over the 
granulating surface. Depending on the tissue defect and the health of the patient, 
this healing process may take weeks or many months. The wound healing process 
may lead to intraoral constricting bands hampering normal mouth opening (trismus) 
and, in severe cases, to fibrous or even bony ankylosis of the temporomandibular 
joint. The dramatic result of this condition is the fact that it will impair the nutrition 
of children who are already undernourished [110].

• Noma Sequelae

Only approximately 15% of children survive acute Noma. Most survivors pres-
ent with facial deformities and trismus or ankylosis of the mandible, resulting in 
eating problems, oral incontinence, speech difficulties, and social isolation. At a 
later age, these contractures often lead to growth disturbances and result in further 
facial disfigurement and functional impairment. The psychological impact of sur-
viving Noma can be easily understood, but it has been rarely studied [110].

• Classification

Noma can be classified using mainly two systems, the first system introduced by 
Marck et al. (NOITULP) [111] and the second system introduced by Montandon 
et al. (Montandon) [112]. Montandon classification was based on the severity of the 
defect and the surgical approach for treatment and replacing the defects of the face 
as the main tool for classification of the condition. Although this method of classi-
fication was validated by the WHO in 1994, it lacks the consistency and is not a 
quantified method and errors can take place [109].

The NOITULP classification is another method that is relying on combination 
involvement of different anatomical structure such as the nose, lip, cheek, mandible, 
and maxilla. The description of the letters of NOITULP is as follows: N, “nose”; O, 
“outer cheek”; I, “inner cheek”; T, “trismus”; U, “upper lip”; L, “lower lip”; and P, 
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“particularities.” The combination of involvement and severity of such anatomical 
landmarks is used to rate the condition from 0 to 4.

According to NOITULP classification, Noma can be classified into four types: 
Type I includes features of a localized lip damage, commissure, or cheek defect that 
is lined by local tissues and covered with a single flap; Type II includes an upper lip 
and nose amputation; Type III presents with a lower lip and mandible amputation, 
and Type IV includes large defects involving the lips, cheek, palate, maxillary bone, 
and orbital floor [109].

• Preventive Measures

Primary prevention of Noma can be achieved by economic development, but 
only if this development ensures that parents can feed their children adequately. 
Food security programs may be less desirable, but they are effective. However, these 
preventive measures are political and public health issues. Primary medical preven-
tion of Noma consists of measles vaccination programs and the prevention and 
treatment of concomitant diseases, such as HIV and malaria. Secondary prevention 
includes the detection and treatment before visible symptoms are difficult to treat 
and requires surveillance programs in areas of famine and poverty where limited 
resources are already stretched to the limit by other health priorities.

Tertiary prevention of the disease consists of methods to reduce the negative 
impact of symptomatic disease, such as disability or death, through treatment and 
rehabilitation.

Noma is not a common disease, but typically occurs with other neglected dis-
eases and malnutrition. Noma should not be targeted alone, in contrast with vertical 
programs aiming to eradicate specific health conditions, such as the nearly success-
ful eradication of guinea worm infection. Rather, Noma should be included in 
neglected disease, poverty, malnutrition, and health education programs [110].

• Treatment

The treatment is usually by surgical intervention and facial construction; how-
ever, many complications can occur such as infection, partial flap necrosis, total flap 
loss and necrosis, bleeding/hematoma, donor site dehiscence, and recurrent fis-
tula [109].

Surgical treatment may require in some severe cases prosthesis replacement to 
recover function and ethics. Conventionally, fabrication of soft tissue prosthesis 
requires following time-consuming protocol that contains several technical steps 
including taking impression of the area of facial defect, creating color-matched sili-
con molds, and converting these molds into a product [113]. However, applying 
different artificial intelligence-based technology in this field results in great success, 
saving time with great accuracy and patient satisfaction. This technology includes 
3D scanning and digital impression, computer-aided design (CAD), and 3D printing 
technologies [114].

Several recent studies that used the advances of artificial intelligence technology 
demonstrated a promising result to improve the prosthetic replacement. For exam-
ple, a recent study was conducted by Mine et al., in 2020, who used two types of 
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machine learning algorithms which are ANN-based deep learning and the random 
forest algorithm to determine the best pigment that can match skin of the patient 
[115]. The study found that the deep ANN approach produced superior predictive 
results with respect to color of matching [115].

Conclusion
Noma is a noncontagious infectious disease with a relatively high burden of disease 
and should be part of neglected tropical disease programs. The neglect of Noma is 
a major humanitarian concern that requires the attention of national and interna-
tional organizations. Noma is a biological indicator of extreme poverty, malnutri-
tion, and human rights violations affecting the most vulnerable children. The vicious 
cycle of Noma neglect begins with WHO and continues without awareness or moni-
toring, which keeps the disease unknown throughout the world. Therefore, Noma 
should be on the WHO list of neglected tropical diseases. Wherever Noma is found, 
primary health care is needed to improve nutrition, immunizations, exclusive breast-
feeding, hygiene, sanitation, and dental care [110].

3.2.7  Cleft Lip and Palate

Clefts of the lip or palate affect more than 1 in 1000 newborns worldwide. Genetic 
predisposition is a major cause. However, poor maternal nutrition, tobacco con-
sumption, alcohol use, and obesity during pregnancy also play a role. In low-income 
settings, there is a high mortality rate in the neonatal period. If lip and palate clefts 
are properly treated by surgery, complete rehabilitation is possible [4].

More than four million children are born with birth defects worldwide every 
year. Craniofacial anomalies comprise a large fraction of all human birth defects, 
less frequent only than congenital heart disorders and clubfoot. Cleft lip with or 
without palate (CL/P) is the most common craniofacial birth defect with an esti-
mated quarter of a million affected babies born each year in the world. This malfor-
mation shows considerable variation across geographic regions and ethnic groups 
and has significant medical, psychological, social, and economic ramifications. It is 
a costly public health problem with an average lifetime treatment cost per child in 
the United States estimated to be roughly $101,000 [116].

The World Health Organization (WHO) and most cleft organizations across the 
globe recommend interdisciplinary care by a team of specialists. In reality, however, 
surgical and nonsurgical treatment is often fragmented and dictated by socioeco-
nomic factors and access to medical facilities. In developing countries, particularly 
in rural areas, care is often neglected due to social beliefs and lack of awareness, or 
initiated late due to restricted resources and inadequate access. The delay in treat-
ment and intermittent care by local or overseas cleft mission surgeons, combined 
with incomplete follow-up, results in poor outcomes with unnecessary complica-
tions. More recently, some humanitarian nonprofit organizations supporting cleft 
care have changed their aid philosophy.
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The WHO initiative for collaborative craniofacial anomalies research has identi-
fied areas of uncertainty in clinical care, and efforts are being made to conduct trials 
with sufficiently large samples of patients to provide evidence for treatment strate-
gies. Initial research efforts have focused on addressing surgical, anesthetic, and 
nursing care for patients with craniofacial anomalies in developing countries. 
Surgical techniques for repair of various cleft subtypes and correction of velopha-
ryngeal insufficiency are being evaluated. Adjunctive services such as use of pro-
phylactic ventilation tubes, presurgical orthopedics, psychological counseling, 
speech therapy, and feeding interventions before and after surgery are also being 
monitored and assessed. An international database of craniofacial anomalies has 
been established to improve answers to questions relevant to individuals with cleft 
and craniofacial anomalies, their families, and health-care providers [116].

• Etiology

CP is more common in females and more often associated with other develop-
mental anomalies. Environmental factors that include maternal cigarette smoking, 
alcohol consumption, and multivitamin use are the three factors most considered 
with regard to the risks of isolated cleft lip and palate. These two important domains, 
environmental and genetic, are intersecting together and affecting each other when 
it comes to the cleft lip and cleft palate [117]. The result in the literature is suggest-
ing a possible link between maternal alcohol consumption and markers in chromo-
some 9  in cases of isolated cleft palate. So, it was suggested that consuming 
alcoholic drinks during the first trimester of pregnancy increases the risk of oral 
clefts in the offspring [118]. Furthermore, it appears that children carrying specific 
genetic variation in ADH1C (alcohol dehydrogenase 1C) are at higher risks to have 
oral clefts if their mothers were alcohol drinkers. Similarly, there is also a possible 
association between maternal cigarette smoking and markers in TBK1 (TANK 
binding kinase 1) on chromosome 12 and ZNF236 (zinc finger protein 236) on 
chromosome 18 [119]. In addition, the literature demonstrated an inverse relation-
ship between the use of maternal multivitamin and the risk for cleft and palate, i.e., 
the more multivitamin use, the less chance for isolated cleft palate. There are strong 
evidence suggesting a strong interaction between the two genetic molecules IRF6 
and ZNF533 and maternal vitamin use as decreasing the susceptibility to isolated 
cleft lip and palate [120].

Clefts are referred to as non-syndromic and syndromic, based on their associa-
tion with other anomalies. About 50% of CP and 10% of CL/P are associated with 
a syndrome. Some common syndromes associated with cleft lip and palate include 
Van der Woude syndrome, Treacher Collins syndrome, Down syndrome, orofacial 
digital syndrome, Opitz syndrome, craniofacial microsomia, and fetal alcohol syn-
drome. Nearly half of the syndromic cleft palate presentations are associated with 
the triad of micrognathia, glossoptosis, and airway obstruction (Pierre Robin 
sequence). The most common syndromic presentations of this triad are Stickler’s 
syndrome, accounting for 25%, and velo-cardio-facial (VCF) syndrome, accounting 
for 15% of all syndromic cleft palate individuals.
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Non-syndromic CLP is a complex trait with multifactorial etiology, resulting 
from gene-gene and gene-environmental interactions. Identification of key genes 
contributing to the genesis of orofacial clefts will help in early diagnosis, disease 
prevention, or possibly developing adjunctive therapies. The most recent estimates 
suggest that anywhere from 3 to 14 genes contribute to cleft lip and palate. Important 
contributors to CL/P are variants of interferon regulatory growth factor 6 (IRF 6) 
gene, whose function is related to the formation of connective tissue. Mutations in 
IRF6 lead to Van der Woude and popliteal pterygium syndromes.

Aberrant transforming growth factor beta-3 (TGF-β3) signaling plays a role in 
the pathogenesis of cleft palate. Environmental factors that contribute to the etiol-
ogy of facial clefting disorders include cigarette smoking, folic acid deficiency dur-
ing the periconceptional period, and maternal exposure to alcohol and teratogenic 
medications such as retinoids, corticosteroids, and anticonvulsants (phenytoin and 
valproic acid). Consanguineous marriages, maternal diabetes, and obesity have also 
been linked to an increased risk of orofacial clefts. Less consistent associations have 
been found between clefts and maternal viral infections such as rubella and vari-
cella [116].

• Embryology

The embryologic development of the face begins at 4 weeks after conception 
from the neural crest ectomesenchyme that forms five prominences, the frontonasal 
process, and paired maxillary and mandibular processes surrounding a central 
depression. During the fifth and sixth weeks of embryonic development, bilateral 
maxillary processes derived from first brachial arch fuse with the medial nasal pro-
cess to form the upper lip, alveolus, and the primary palate [116] (Fig. 3.4).

The lateral nasal process forms the alar structures of the nose. The lower lip and 
jaw are formed by the mandibular processes. This process of formation of the face 
is the consequence of a cascade of processes that involve cell proliferation, cell dif-
ferentiation, cell adhesion, and apoptosis. Failure or error in any of these cellular 
processes that lead to fusion of the medial nasal process with the lateral nasal and 
maxillary process can cause orofacial clefts.

• Classification

In order to standardize documentation and communicate effectively, various 
types of classification systems have been described.

The early Veau classification included groups 1–4 with increasing severity of 
clefting [60]:

 – Group 1—cleft of the soft palate
 – Group 2—cleft of the hard and soft palate up to incisive foramen
 – Group 3—complete unilateral cleft lip and palate
 – Group 4—complete bilateral cleft lip and palate

However, this classification is not always adequate to document the variations. The 
more sophisticated schematic diagrams, such as the one described by Kernahan and 
Stark, have been used recently [116].
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Fig. 3.4 Development of the nose and face. (Image source [121])

Berkowitz used a simple classification for labio-palatine clefts:

 1. Clefts of lip and alveolus
 2. Clefts of primary (including lip) and secondary palate
 3. Clefts of secondary palate only
 4. Submucous cleft [61, 62] (Fig. 3.5)

• Diagnosis

Interdisciplinary team care begins with prenatal diagnosis and parental counsel-
ing. With the advent of sophisticated high-resolution three-dimensional (3D) ultra-
sonography and genetic tests for screening of birth defects, intrauterine diagnosis of 
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Fig. 3.5 Kernahan’s classification

cleft lip is possible. Early diagnosis of a cleft of the lip should alert the obstetrician 
of the possibility of other malformations that may require further investigations.

While early diagnosis may help parents to be better prepared, the advent of such 
a capability raises both ethical and psychological issues, such as dilemma of termi-
nation of birth. Physicians and surgeons must inform parents that CLP in the absence 
of other major systemic anomalies is a treatable non-life-threatening condition. The 
cleft team also can discuss feeding issues and timing of lip and palate surgery and 
help establish contact with support groups for the family.

Premaxillary protrusion is an important clue to the presence of cleft lip and cleft 
palate and may be more conspicuous than the cleft itself. The presence of a parana-
sal echogenic mass favors the presence of bilateral cleft lip and cleft palate. Clefts 
of palate alone are rarely visualized on ultrasound. The majority of the cases of 
orofacial clefts are detected antenatally [122].
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The challenges of investigating the influence of environmental factors on cleft 
susceptibility are mainly related to data collection and analysis. However, advances 
in artificial intelligences resulted in increasing medical data digitization and docu-
mentation. These advances improved generation, maintaining and processing large 
amount of data that can be used to provide the clinicians not only diagnostic or 
predictive data but also help improve decision-making. Furthermore, advances in 
the technology of the artificial intelligences including different software specially 
for molecular medicine including DNA sequencing, RNA sequencing, and bioinfor-
matics have revolutionized the data collection and information analysis to study the 
impact of the environmental factors on the gene expression. For example, a very 
recent study, conducted by Young et al., in 2021, tries to examine the epigenetic 
effect on the DNA methylation of the monozygotic (MZ) twins’ DNA as a risk fac-
tor of non-syndromic orofacial cleating [123]. The study found that differences in 
certain genes in MZ twin pairs could explain the discordant NSCLP phenotype and 
show the effect of the environmental factor on the gene expression in patients with 
NSCLP [123].

Artificial intelligence-based technology has been used successfully to not just 
predict risk factors but also to diagnose and identify CL/P in patients. A study con-
ducted by Agarwal et al., in 2018, using convolutional neural network (CNN) to 
analyze camera digital image succeeded in diagnosing, identifying, and classifying 
cleft lip and palate in infants [124]. Two studies conducted by the same authors, 
Alam and Alfawzan, in 2020 using AI-based software analyzed the radiographic 
characteristics of patients with oral clefts and compared the radiographic character-
istic to normal individuals [125, 126]. They showed that using AI-based software 
was successful to find a significant difference related to skeletal and dental charac-
teristics related to CL/P between normal individuals and individuals with CL/P.

Recently, artificial intelligence played an important role in treating oral clefts 
helping the clinicians for the appropriate surgical decision minimizing the errors 
and variations in the surgical outcomes due to different clinicians’ experiences. A 
recent study conducted by Li et al., in 2019, used a novel robotic surgery assistant 
that is based on deep learning machines to analyze frontal photographs of the infants 
with oral clefts in order to identify the surgical markers and incisions during surgi-
cal corrections of the clefts [127]. However, other two studies used AI- based tech-
nology to analyze cephalometric parameters to predict early if the infants will need 
orthognathic surgery later [128, 129]. Another interesting study by Schiebl, Bauer, 
Grill, and Loeffelbein in 2020 showed that AI-based technology can even be used 
before the surgery to minimize the severity of oral clefts [130]. In this study, the 
authors succeeded to virtually study the growth of the maxillary arch with clefts and 
by using the technology of 3D printing to design and fabricate successive plates to 
close the gaps due to oral clefts. This approach succeeded to minimize the severity 
of cleft lip and palate in infants who are required nasoalveolar molding [130].

• Interdisciplinary Care of the Cleft Patient [131]

Prenatal
Diagnosis and parental counseling
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0–6 months
General assessment for associated anomalies
ENT evaluation—breathing, feeding, swallowing, and hearing
Presurgical orthopedics (0–3 months)
Primary lip repair (3–4 months)

6 months–2 years
Speech and oral sensory motor assessment Grommets/ear tubes (as needed)
Primary palate repair (9–12 months)

Preschool: 3–5 years
Dental care
Speech assessment and therapy (continue as needed)
Assess need for lip revision

Childhood: 6–12 years
Correction of velopharyngeal dysfunction (as needed)
Orthodontic treatment—phase I
Alveolar cleft repair (8–11 years)

Adolescence: 13–18 years
Orthodontic treatment—phase II
Orthognathic surgery (if needed)—14–16 years (female)
16–18 years (male)
Revision cheilo-rhinoplasty
Replacement of missing teeth (as needed)

Conclusion
The repair of cleft lip and palate is both challenging and rewarding. Most of the 
existing literature is practice-centered with retrospective data. Furthermore, there is 
a shift toward patient-reported outcomes regarding satisfaction and quality of life. 
Cleft care has evolved steadily over the past decade and research has advanced our 
understanding of the sequelae of these anomalies and the implications of various 
treatment options.

3.3  Overview of Oral Manifestations of Systemic Disease

On examination, the oral cavity may exhibit manifestations of underlying systemic 
disease and serve as an indicator of overall health and allow for early diagnosis and 
treatment. Systemic diseases with oral findings include autoimmune, hematologic, 
endocrine, and neoplastic processes. Autoimmune disease may manifest as oral 
ulcerations, changes in the salivary and parotid glands, and changes in the tongue. 
Patients with hematologic illnesses may present with gingival bleeding or tongue 
changes such as glossitis, depending on the etiology. Oral changes associated with 
endocrine illness are variable and depend on the underlying condition. Neoplastic 
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changes include metastatic lesions to the bony and soft tissues of the oral cavity. 
Patients with chronic diseases such as gastroesophageal reflux and eating disorders 
may present with dental erosions that cause oral pain or halitosis. In the pediatric 
population, oral changes can be related to rare cancers, such as Langerhans cell 
histiocytosis, or infectious etiologies, such as Kawasaki disease. In both adults and 
pediatric patients, poor oral health has been linked to poorer health outcomes over-
all. Thorough history taking and physical examination by dentists may aid in deter-
mining the underlying etiology of oral changes and allow for earlier intervention by 
medical colleagues [132].

It has been well known for a long time that the oral cavity acts as the diagnostic 
zone of the human body that contributes to a great extent in detection of several 
local and/or systemic diseases [133]. The US Surgeon General’s report Oral Health 
in America in 2000 highlighted the importance of oral examination in diagnosing 
immunologic diseases, endocrinopathies, hematologic conditions, systemic infec-
tions, and nutritional disorders [134].

3.3.1  Oral Mucosal Manifestations

• Autoimmune Diseases: Sjogren’s Syndrome

Sjogren’s syndrome (SS) is an autoimmune condition predominantly seen in women 
aged 50  years or older, affecting the major salivary glands (parotid gland) with 
female is to male ratio as 9:1 [135]. Sjogren’s syndrome (SS) is classified into two: 
primary Sjogren’s comprising of xerophthalmia and xerostomia and secondary 
Sjogren’s associated with rheumatoid arthritis or systemic lupus erythematosus 
[136]. The most observed oral lesions in patients diagnosed with SS were found to 
be in association with xerostomia: angular cheilitis, atrophic glossitis, fungal infes-
tation with Candida albicans, recurrent ulcerations, fissuration of the tongue, and 
increased susceptibility to dental caries [137]. SS is reported to have a malignant 
transformation rate of 4.3% [137], recognizing the oral manifestations at an early 
stage can prevent the formation of low-grade marginal zone lymphoma (MALT), 
diffuse B-cell lymphoma (DBCL), or lymphoplasmacytoid lymphoma [137].

• Pemphigus Vulgaris

Pemphigus vulgaris (PV) is a chronic autoimmune mucocutaneous disorder 
which affects patients in the fourth and sixth decade of life with female predomi-
nance. In PV IgG autoantibodies are directed against glycoproteins, desmoglein 1 
(Dsg 1), and desmoglein 3 (Dsg 3) present in the desmosomes of epithelial tissue 
leading to acantholysis and concomitant occurrence of intraepithelial vesicles and 
bullae [138]. Oral lesions precede skin lesions and are the earliest manifestation of 
the disease in 50–90% of the cases [139]. In the early stages of the disease, blisters 
are predominantly seen in relation to the buccal mucosa, lower lip, gingiva, ventral 
tongue, and soft palate which burst leaving behind eroded or ulcerated areas 
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followed by desquamative gingivitis observed in the advanced stages of the dis-
ease [138].

• Hematologic Diseases: Iron Deficiency Anemia

Iron deficiency anemia (IDA) is the most common type of anemia where the 
hemoglobin content of blood is lower than the normal. It is seen particularly among 
preschool children and women in developing countries [140]. Iron deficiency ane-
mia could occur due to improper dietary intake of folic acid, iron, and vitamin B12 
[141]. A few leading oral manifestations of IDA include pallor of the oral mucosa, 
dry mouth, burning sensation, atrophic glossitis, angular cheilitis, fissured tongue, 
oral lichen planus, oral pigmentations, and recurrent oral ulcerations [142]. 
According to WHO, the key to reduce the incidence of anemia is timely screening 
and the availability of nutrient supplements for the treatment of anemic women [143].

• Pernicious Anemia

Pernicious anemia (PA) is a rare autoimmune disorder characterized by the 
absence of intrinsic factor in the stomach leading to the impairment of vitamin B12 
absorption [144]. Several oral manifestations such as glossitis, glossodynia, recur-
rent ulcers, cheilitis, dysgeusia, lingual paresthesia, and burning sensation are 
observed [145]. One needs to understand that not all patients who are diagnosed 
with vitamin B12 deficiency will develop PA [145].

• Leukemia

Leukemia is a true malignant neoplasm characterized by progressive overpro-
duction of immature white blood cells in the circulating blood that can be presented 
as acute or chronic conditions [146]. Presence of oral manifestations in leukemic 
patients may indicate an initial evidence or recurrence of the disease. Oral manifes-
tations can be seen in both acute and chronic leukemia [147]. One of the earliest oral 
manifestations seen in acute monocytic, lymphocytic, and myelocytic leukemia is 
generalized gingival enlargement [147]. Other oral manifestations such as ulcers, 
gingival bleeding, ecchymosis, and bluish or pale oral mucosal changes accompa-
nied with tissue necrosis are also observed [148].

• Langerhans Cell Histiocytosis (Histiocytosis X)

Langerhans cell histiocytosis (LCH) is a rare disorder predominantly seen in 
males and characterized by intense and abnormal proliferation of bone marrow- 
derived histiocytes (Langerhans cells) [149]. Oral manifestations such as ulcer-
ations, gingival bleeding, odontalgia, dental hypermobility, and premature loss of 
teeth are commonly seen in patients diagnosed with LCH [150]. The most common 
site involved is the hard palate mucosa [150]. LCH should always be considered as 
a differential diagnosis for advanced periodontal diseases [151].

• Metabolic Disorders: Diabetes Mellitus

Diabetes mellitus (DM) is a chronic metabolic disorder caused due to the defi-
ciency of insulin secretion or resistance to insulin or both and is characterized by 
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hyperglycemia [152]. According to transversal and longitudinal studies, DM is 
associated with periodontal disease-causing bacteremia and systemic inflammation 
[153]. Patients with uncontrolled glycemic index also demonstrate a higher preva-
lence rate of periapical lesions, xerostomia, dental caries, oral lichen planus, geo-
graphic tongue, and taste disturbances. A few studies enlist the association between 
DM and oral candidiasis which is still a controversy [153–155], although fungal 
infections such as mucormycosis are well documented [155].

It is very clear that there are similarities and overlaps between several oral mani-
festations due to systemic diseases. For example, aphthous ulcer can occur due to 
multiple factors and reasons such as genetic backgrounds and dietary intake, and 
also it can follow several systemic conditions. Therefore, diagnosis of such multi-
factorial conditions by excluding other factors is very important for formulating the 
treatment plan and improving the treatment outcome. Recently, AI-based technol-
ogy such as artificial neural networks (ANNs) started to play an important role for 
diagnosis such as multifactorial oral lesions, for example, a study conducted by 
Dar-Odeh et al., in 2010, who used artificial neural networks (ANN) [156]. In this 
study, the authors used input data from 86 participants including predisposing fac-
tors to construct and train the artificial neural networks’ machine. The study showed 
that ANNs succeeded to accurately predict recurrent aphthous ulcers identifying the 
most important factors that can be related to aphthous ulceration including gender, 
hemoglobin, serum vitamin B12, serum ferritin, red cell folate, salivary candida 
colony count, frequency of tooth brushing, and the number of fruits or vegetables 
consumed daily [156].

3.4  Global Epidemiological Overview of Oral Diseases

Globally, oral diseases are the most prevalent category of diseases that have an 
adverse impact on life of those whom affected causing major economic and health 
burdens [157]. Worldwide, oral diseases are considered and representing a major 
public health burden; however, it is frequently neglected till date. For example, 
Noma, which is an aggressive ulcerative oral disease due to neglection, has an inci-
dence around 30,000–140,000 of new cases per year, globally [109].

Interestingly, it has been observed that 90% of the world’s population at some 
point in their life have been affected by some forms of oral diseases [158]. In one of 
its reports published in 2005, WHO emphasized that oral diseases persisted particu-
larly in the underprivileged groups in both developed and developing countries 
despite the advances in treatment modalities [159]. It is imperative to understand 
that oral health is integral to general health which has been proven time and again 
with evidence [159].

Dental caries (tooth decay), periodontal (gum) diseases, and oral cancers have 
been considered historically as the key clinical conditions of global public health 
[158, 160]. According to the data extracted from Global Burden of Diseases (GBD) 
in 2016, an average of 45.6% increase in dental caries (tooth decay), periodontal 
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(gum) diseases, and oral cancers was observed from 1990 to 2010 [158]. Global 
epidemiological data in accordance with GBD in 2015 reported around 3.5 billion 
people worldwide who are affected with dental conditions predominantly severe 
periodontal diseases, untreated dental caries, and edentulism. On the contrary in 
2018, oral cavity cancers were among the top 15 common cancers as per the 
International Agency for Research on Cancer (IARC) [157]. Last on the list is oro- 
dental trauma due to the unavailability of reliable data in most of the developing 
countries [160]. In addition, cleft lip and cleft palate have been ranked the second 
most common orofacial abnormalities at birth that add more challenges and present 
as a major oral health condition contributing to the global burden of oral disease that 
require a complete rehabilitation treatment [161].

It is now evident that oral disorders are highly prevalent and that a dental epide-
miologic transition is underway at the global level. The sizable burden of oral disor-
ders (measured as disability-adjusted life years (DALYs)) and their socioeconomic 
impact make them an important global public health issue. Improving our under-
standing of the contribution of behavioral and physiologic risk factors, social and 
economic determinants, and health delivery systems to oral health and well-being at 
the population level may not be an easy task, but untangling this complex web will 
help reduce disease burden and enhance life. Although there are many challenges 
affecting oral health research, there are opportunities. We should not forget the “3.5 
billion” statistic; we should remember that we have a responsibility to continue to 
learn, to improve, and to measure on [162].
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Chapter 4
Oral Health in Global Health

4.1  What Is Global Health?

Macfarlane et al. describe global health as being the “worldwide improvement of 
health, reduction of disparities, and protection against global threats that disregard 
national borders” [1].

• Proposed Definition

Proposed definition for global health is collaborative transnational research and 
action for promoting health for all.

The term global health is used rather than global public health to avoid the per-
ception that our endeavors are focused only on classical, and nationally based, pub-
lic health actions. Global health builds on national public health efforts and 
institutions. In many countries, public health is equated primarily with population- 
wide interventions; global health is concerned with all strategies for health improve-
ment, whether population-wide or individually based health-care actions, and across 
all sectors, not just the health sector [2].

• Global Health: A High-Income Country Concern?

Although the burden of preventable disease is in middle- and, especially, low- 
income countries, most global health centers are in high-income countries. There 
are several explanations for this anomaly including the following [2]:

 – Centers in low- and middle-income countries are engaged in global health issues 
but under other labels. For example, several centers in low- and middle-income 
countries have recently been funded by the National Heart, Lung, and Blood 
Institute to undertake chronic disease prevention activities, though the focus is 
on national programs of work.

 – Global health builds on international health interests stemming from institutions 
in high-income countries over a century ago.
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 – Global health may be seen to be divorced from the health needs of low- and 
middle-income countries which are grappling with a range of pressing and chal-
lenging health issues.

 – An interest in global health stems from strong national public health institutions 
which are usually not a feature of low- and middle-income countries.

Whatever the explanation, encouraging and supporting the establishment of global 
health centers in low- and middle-income countries, and south-south collaborations, 
are essential if countries with the greatest burden of diseases are to have the best 
opportunity to respond appropriately. Development agencies, foundations, and 
national ministries of health could do much more to build public health capacity at 
the national level. By doing so, they will also strengthen research and policy inter-
ests in global health and its evaluation [2].

4.2  Oral Health in Global Health

As we mentioned in the previous chapters, though largely preventable, dental caries 
and periodontal disease are the two biggest threats to oral health and are among the 
most common chronic diseases. Dental caries is the most common chronic disease 
in children: it is about five times as common as asthma and seven times as common 
as hay fever. The most common cause of tooth loss among adults is untreated peri-
odontal disease. Fifty-three million people live with untreated tooth decay in their 
permanent teeth. Strikingly, one-quarter of adults aged 65 years and older have lost 
all of their teeth due to untreated oral disease [3].

Despite these statistics, the majority of the population often take oral health for 
granted. Unknown to many are the complications associated with untreated dental 
caries and periodontal disease. If left untreated, they may cause pain, dysfunction, 
poor appearance, loss of self-esteem, absence from school or work, and difficulty 
concentrating on daily tasks [3].

The health disparities surrounding access to proper dental care add another layer 
of complexity. The silent epidemic of oral diseases disproportionately affects disad-
vantaged communities, especially children, the elderly, and racial/ethnic minority 
groups. Oral health disparities are exacerbated by the fact that a cavity continues to 
enlarge and become more complex to repair the longer it remains untreated. Only 
one in five school-aged children from low- income families receives dental sealants 
to prevent dental caries [3].

Oral diseases are being the most prevalent diseases globally and have serious 
health and economic burdens, greatly reducing quality of life for those affected. 
Oral diseases persist with high prevalence, reflecting widespread social and eco-
nomic inequalities and inadequate funding for prevention and treatment, particu-
larly in low-income and middle-income countries (LMICs). As with most 
noncommunicable diseases (NCDs), oral conditions are chronic and strongly 
socially patterned. Children living in poverty, socially marginalized groups, and 
older people are the most affected by oral diseases and have poor access to dental 
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care. In many LMICs, oral diseases remain largely untreated because the treatment 
costs exceed available resources. The personal consequences of chronic untreated 
oral diseases are often severe and can include unremitting pain, sepsis, reduced 
quality of life, lost school days, disruption to family life, and decreased work pro-
ductivity. The costs of treating oral diseases impose large economic burdens to 
families and health-care systems. All these factors make oral diseases undoubtedly 
a global public health problem, with particular concern over their rising prevalence 
in many LMICs linked to wider social, economic, and commercial changes. Oral 
conditions disproportionally affect impoverished and socially disadvantaged mem-
bers of society. A strong and consistent social gradient exists between socioeco-
nomic status and the prevalence and severity of oral diseases [4].

However, oral health is rarely seen as a priority in health policy. Oral health and 
the dental profession have become somewhat isolated and marginalized from main-
stream developments in health policy and health-care systems. The current model of 
dental care delivery and clinical preventive policy does not tackle the global burden 
of oral diseases. The so-called westernized model of modern dentistry (high tech-
nology and treatment focused) is unaffordable and inappropriate in many LMICs. 
Even in settings with resources, dentistry is not meeting the needs of large segments 
of the national population and is increasingly focusing on the provision of aesthetic 
treatments, largely driven by profit motives and consumerism. A radically different 
approach is needed to tackle the global challenge of oral diseases.

Also, an important first step in combating the two leading causes of poor oral 
health—dental caries and periodontal disease—is understanding that tooth loss is 
often the result of disease or injury, rather than an inevitable consequence of aging. 
Educational programs emphasizing the importance of oral health promotion/disease 
prevention are also necessary to raise awareness and discourage the lack of concern 
regarding oral health. Proper oral health is vital to a productive and healthy life [3].

Global health is about reaching beyond borders, disciplines, and cultures to 
tackle health inequalities but also about preparing the health workforce and health 
systems to the effects of these threats of global dimension [1]. Within this context, 
the dental profession has a role in addressing the high prevalence of oral conditions 
and the inequalities in the distribution of and access to dental care, as well as in 
preparing the workforce and systems for the impact of future threats that aligns with 
the goals of global health [5].

4.3  Challenges in Global Oral Health

4.3.1  Oral Health Inequalities

Oral diseases disproportionally affect the poor and socially disadvantaged members 
of society. There is a very strong and consistent association between socioeconomic 
status (income, occupation, and educational level) and the prevalence and severity 
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of oral diseases. This association exists from early childhood to older age, and 
across populations in high-, middle-, and low-income countries [6].

• Prevention

The burden of oral diseases and other noncommunicable diseases can be reduced 
through public health interventions by addressing common risk factors [6].

These include:

 –  Promoting a well-balanced diet low in free sugars and high in fruit and 
vegetables, and favoring water as the main drink.

 – Stopping use of all forms of tobacco, including chewing of areca nuts.
 – Reducing alcohol consumption.
 – Encouraging use of protective equipment when doing sports and traveling 

on bicycles and motorcycles (to reduce the risk of facial injuries).

Adequate exposure to fluoride is an essential factor in the prevention of dental caries.
An optimal level of fluoride can be obtained from different sources such as fluo-

ridated drinking water, salt, milk, and toothpaste. Twice-daily tooth brushing with 
fluoride-containing toothpaste (1000–1500 ppm) should be encouraged along with 
flossing.

• Access to Oral Health Services

Unequal distribution of oral health professionals and a lack of appropriate health 
facilities in most countries mean that access to primary oral health services is often 
low. Moreover, even in high-income settings, dental treatment is costly, averaging 
5% of total health expenditure and 20% of out-of-pocket health expenditure [6].

• WHO Response

The World Health Assembly approved a Resolution on oral health in 2021 at the 
74th World Health Assembly. The Resolution recommends a shift from the tradi-
tional curative approach toward a preventive approach that includes promotion of 
oral health within the family, schools, and workplaces and includes timely, compre-
hensive, and inclusive care within the primary health-care system. The Resolution 
affirms that oral health should be firmly embedded within the noncommunicable 
disease agenda and that oral health-care interventions should be included in univer-
sal health coverage programs.

The World Health Assembly delegates asked WHO to develop a draft global 
strategy on tackling oral diseases for consideration by WHO governing bodies in 
2022 and by 2023 to translate the global strategy into an action plan for oral health, 
to develop “best-buy” interventions on oral health, and to explore the inclusion of 
Noma within the roadmap for neglected tropical diseases 2021–2030. WHO was 
asked to report back on progress and results until 2031 as part of the consolidated 
report on noncommunicable diseases.

Much work is needed to bridge the gap between dental research and global health 
and to get oral health recognized as a population health priority worldwide. The 
GBD study showed that oral health has not significantly improved over the last three 
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decades throughout the world and remains a major global public health challenge. 
Clearly, greater efforts and potentially different approaches are needed to promote 
global oral health. Conventional dental care is characterized by high cost, which 
may explain why there are 3.5 billion cases of oral conditions worldwide needing 
attention, why oral health has been neglected, and why dental care has not been 
included in many health policies. We argue that a global health network for oral 
health must be harnessed to drive health system reform. The complexity of develop-
ing a new cost-effective oral health system, reducing oral health inequities, and 
integrating oral health into the health agenda requires a broader participation. The 
WHO may lead the way forward, build coalitions with relevant external actors, and 
create an inclusive and unifying global oral health network consisting of dental and 
nondental members with good representation from all parts of society to reach con-
sensus on how to address the problem. The inclusion of multi-institutional dental 
health organizations, such as the International Association for Dental Research and 
World Dental Federation, and influential external actors in dentistry, is crucial for 
this effort to be successful. Such a network can approve and update (if needed) the 
research strategies proposed here. The GBD should independently monitor prog-
ress. The major indicator of success would be a reduction of the number of cases of 
untreated dental conditions. Oral health policies and dental care should be solidly 
based on scientific evidence. Health services must continue carrying out and 
improving the quality of oral health surveys and surveillance to ensure that timely, 
relevant, and current data are available for compilation and analyses. Oral health 
researchers must carry out rigorous assessment of evidence for equity in prevention 
and management of oral conditions. Finally, oral health care needs to move toward 
more cost-effective approaches to deliver care to all [7].

4.4  Oral Health, General Health, and Quality of Life

The compartmentalization involved in viewing the mouth separately from the rest of 
the body must cease because oral health affects general health by causing consider-
able pain and suffering and by changing what people eat, their speech, and their 
quality of life and well-being. Oral health also has an effect on other chronic dis-
eases. Because of the failure to tackle social and material determinants and incorpo-
rate oral health into general health promotion, millions suffer intractable toothache 
and poor quality of life and end up with few teeth [8].

Health policies should be reoriented to incorporate oral health using sociodental 
approaches to assessing needs and the common risk factor approach for health pro-
motion. The determinants of oral diseases are known—they are the risk factors 
common to a number of chronic diseases: diet and dirt (hygiene), smoking, alcohol, 
risky behaviors causing injuries, and stress—and effective public health methods 
are available to prevent oral diseases.

In some countries, oral diseases are the fourth most expensive diseases to treat. 
Treating caries, estimated at US$ 3513 per 1000 children, would exceed the total 
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health budget for children of most low-income countries. The situation for adults in 
developing countries is worse, as they suffer from the accumulation of untreated 
oral diseases. There are few efficient dental care systems to cope with their prob-
lems, and where there are, the cost is beyond most people’s means. Millions with 
untreated caries have cavities and suppuration, yet planners continue to overlook 
oral diseases, despite their significant impact on cost and quality of life. This over-
sight will lead to more decay and expensive, ineffective clinical interventions [8].

Contemporary concepts of health suggest that oral health should be defined in 
general physical, psychological, and social well-being terms in relation to oral sta-
tus. Cohen and Jago consider the greatest contribution of dentistry is to improve 
quality of life. Disruptions in physical, psychological, and social functioning are 
therefore important in assessing oral health. Traditional measures use mainly clini-
cal indices, though there are alternatives using measures of oral health-related qual-
ity of life in sociodental approaches to assessing need [8].

Chronic diseases such as obesity, diabetes, and caries are increasing in develop-
ing countries, with the implication that quality of life related to oral health, as well 
as general quality of life, may deteriorate. Because oral and other chronic diseases 
have determinants in common, more emphasis should be on the common risk factor 
approach. The key concept underlying future oral health strategies is integration 
with this approach, a major benefit being the focus on improving health conditions 
in general for the whole population and for groups at high risk, thereby reducing 
social inequities.

By integrating oral health into strategies for promoting general health and by 
assessing oral needs in sociodental ways, health planners can greatly enhance both 
general and oral health [8].

4.5  Ending the Neglect of Global Oral Health: Time 
for Radical Action

Oral diseases are a major global public health problem affecting over 3.5 billion 
people. However, dentistry has so far been unable to tackle this problem. A funda-
mentally different approach is now needed. The urgent need for system reform is 
ineludible. In high-income countries, the current treatment-dominated, increasingly 
high-technology, interventionist, and specialized approach is not tackling the under-
lying causes of disease and is not addressing inequalities in oral health. In low- 
income and middle-income countries (LMICs), the limitations of so- called 
westernized dentistry are at their most acute; dentistry is often unavailable, unaf-
fordable, and inappropriate for the majority of these populations, but particularly 
the rural poor. Rather than being isolated and separated from the mainstream health- 
care system, dentistry needs to be more integrated, in particular with primary care 
services. The global drive for universal health coverage provides an ideal opportu-
nity for this integration. Dental care systems should focus more on promoting and 
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maintaining oral health and achieving greater oral health equity. Sugar, alcohol, and 
tobacco consumption, and their underlying social and commercial determinants, are 
common risk factors shared with a range of other noncommunicable diseases 
(NCDs). Coherent and comprehensive regulation and legislation are needed to 
tackle these shared risk factors. We have to focus on the need to reduce sugar con-
sumption and describe how this can be achieved through the adoption of a range of 
upstream policies designed to combat the corporate strategies used by the global 
sugar industry to promote sugar consumption and profits. Combating the commer-
cial determinants of oral diseases and other NCDs should be a major policy pri-
ority [9].

4.5.1  Key Recommendations for the New WHO Global 
Strategy for Oral Health [10]

 1. Inclusion and community engagement

Include the diverse voices of people living with oral diseases in policy dialogues, 
program planning, and evaluations to ensure that needs and views of disadvantaged 
populations are addressed when designing inclusive, accessible, and affordable oral 
health-care systems.

 2. Place equity and social justice at the core

Addressing oral health inequalities and their root causes must be central in all poli-
cies and future initiatives, fully aligned with the goals of primary health care 
and UHC.

 3. Tackle sugars as a major common risk factor

The evidence of the negative impact of sugars on oral health provides an additional 
framing option to strengthen upstream population-wide measures, together with 
limiting the risks from other unhealthy foods and commodities as well as countering 
industry interference with oral health and NCD strategies.

 4. Embrace major system reforms

The integration of oral health care within UHC requires essential, cost-effective 
intervention packages, integrative delivery and financing models, and adaptations in 
educating oral health professionals.

 5. Better data for decision-making

Data-driven and evidence-informed policy decision-making on oral health needs 
functioning monitoring and evaluation systems that are fully integrated with exist-
ing health monitoring and surveillance approaches.

4.5  Ending the Neglect of Global Oral Health: Time for Radical Action
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 6. Close financing gaps

Oral health-care financing needs to be addressed as part of the overall NCD financ-
ing agenda, with special focus on increased public investments in low-income and 
middle-income countries, combined with reallocation of spending toward cost- 
effective best-buy interventions.

UHC = universal health coverage, NCD = noncommunicable disease [10].
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Chapter 5
Advancements in Dentistry

Digital technologies are now integral to daily life, and the world’s population has 
never been more interconnected. Innovation, particularly in the digital sphere, is 
happening at unprecedented scale. Even so, its application to improve the health of 
populations remains largely untapped, and there is immense scope for use of digital 
health solutions.

WHO is harnessing the power of digital technologies and health innovation to 
accelerate global attainment of health and the well-being. The WHO Global Strategy 
on Digital Health, adopted in 2020 by the World Health Assembly, presents a road-
map to link the latest developments in innovation and digital health and put these 
tools to action in order to improve health outcomes.

Part of WHO’s strategic vision is for digital health to be supportive of equitable 
and universal access to quality health services. Digital health can help make health 
systems more efficient and sustainable, enabling them to deliver good quality, 
affordable, and equitable care.

These high ideals are challenging to attain, especially for low- and middle- 
income countries. The purpose of WHO’s Global Strategy on Digital Health is to 
support countries in strengthening their health systems through the application of 
digital health technologies and achieve the vision of health for all. The strategy is 
designed to be fit for purpose and for use by all Member States, including those with 
limited access to digital technologies, goods, and services [1].

5.1  Importance of Technological Advancements in Dentistry

People are still apprehensive to go to the dentist in spite of the fact that everyone 
knows how crucial oral health is and how strongly it is connected to our overall 
health. But an armada of new technologies from virtual reality through artificial 
intelligence (AI) to CRISPR will revolutionize dentistry and our whole attitude 
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toward oral health in the future. The quest for advancements in dentistry is never 
ending, and it is important to embrace new technologies and be educated on the 
associated risks and benefits when used in dentistry. The realization that new and 
emerging technological innovations may provide alternative treatments to patients 
while enhancing workflow, increasing production, and improving the quality of care 
is on the horizon. Like any other health-care sector, dentistry also has entirely trans-
formed due to the establishment of computer-based advanced technologies, new 
preventive disease measures, and improved diagnostic techniques in the last few 
years. Digitalization, cloud technology, and new generations of smartphones and 
other devices with integrated apps help patients track their diseases continuously. 
Activity trackers, smart watches, glucose monitors, and other wearable biosensor 
technology have become a part of our lives [2].

5.2  Technologies That Shape the Future of Dentistry

• Artificial Intelligence

Applications of AI are becoming a reality that is run-of-the-mill in all areas of mod-
ern human life with the exponential rise in health data and the maturing of health- 
care AI. Dentistry is entering a new stage of its digitization. Such smart algorithms 
can be integrated within the health-care system to analyze health data, research 
findings, and treatment techniques to offer diagnostic and therapeutic recommenda-
tions for individual patients. Currently, the use of AI is rapidly advancing beyond 
text-based, image-based dental practice.

Dentists employ software to get insights in clinical decision-making. Also, 
patient care is becoming more mobile-oriented, and AI-based devices are instru-
mental in letting the patients oversee their health while easily sharing this data with 
their dental practitioners. On top of churning health data, AI-based algorithms can 
help specialists better tend to dental conditions. Researchers in 2019 developed a 
machine learning method to accurately quantify immune cells in the vicinity of oral 
cancer cells. This gives better insights into the spread of and resistance to cancer, 
thereby helping in determining chances of survival. Others are using neural net-
works to better detect dental decay and periodontal disease from radiographs. Such 
approaches can become standard practice in the near future. AI applications in 
health care are boundless [2].

• Smart Toothbrush

Smart toothbrushes come embedded with a plethora of technologies such as 
cameras, pressure sensors, and much more to track the brushing activity and repli-
cate an oral examination procedure during the routine brushing procedure. The den-
tist can thereby examine the individual’s teeth from the camera’s data during the 
brushing activity. Additionally, pressure sensors attached can be utilized to deter-
mine if the brushing process is carried out correctly.

5 Advancements in Dentistry
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All the data can be shared with the dentist in real time, thus increasing the pre-
ventive care process.

The smart brush would even take intraoral images, which are then sent over to 
the server. Artificial intelligence algorithms would analyze these images and scan 
them for signs of cracks, caries, or any other abnormalities which require a special-
ist’s attention. If the preliminary scans show anything of concern, both the patient 
and the clinician would be notified via mobile apps, and the suggestion to make an 
appointment at the dental clinic would be made to the patient [2, 3].

• Augmented Reality

Augmentation reality technology offers virtual information in addition to that of 
the real environment and thus opens new possibilities in various fields. Augmentation 
reality technology is also widely used in medical education and training. In den-
tistry, oral and maxillofacial surgery is the primary area of use, where dental implant 
placement and orthognathic surgery are the most frequent applications. Recent 
technological advancements are enabling new applications of restorative dentistry, 
orthodontics, and endodontics.

AR can be paired with a mannequin on which students can perform procedures 
while receiving immediate feedback as their movements are tracked. This helps 
them identify faster where they should improve and develop their skills in the pro-
cess. It can also be used in dental reconstructive and aesthetic procedures in order to 
help patients know what they will look like after the treatment. Such AR apps use 
their phone or tablet’s camera to overlay virtual depictions of the improved set of 
teeth prior to the procedure. This allows patients and dentists to configure features 
of their teeth such as height and spacing to their liking before they even enter the 
surgery room [2].

• Virtual Reality

Not to be confused with AR, virtual reality (VR) completely closes off the out-
side world with a dedicated headset and immerses the user in a virtual environment. 
By slipping such a headset on their head, students and aspiring dental surgeons can 
be transported to the OR from their couch, while patients can visualize a calming 
landscape while seated at the dreaded dentist’s chair to improve their experience.

Today, only a few students can peek over the shoulder of the surgeon during an 
operation, and it is challenging to learn the tricks of the trade like that. With a virtual 
reality camera, surgeons can stream operations globally and allow medical students 
to actually be there in the OR using their VR goggles. Dentistry even outpaced other 
fields of medicine in adopting this method. The technology can further be used to 
help dentists build on their empathy skills through simulations putting them in the 
shoes of their patients or in challenging situations.

On the patient side, VR might be the solution to our dentist’s office anxiety as VR 
can be used as an effective distraction tool in dentistry. Patients wore goggles which 
displayed calming natural scenes, and remembered the treatments more positively 
afterward [2].

5.2 Technologies That Shape the Future of Dentistry
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As tools of digital technology, augmented reality and virtual reality have been 
adopted in all disciplines of dentistry and dental education. In particular, virtual 
articulators have allowed for a full analysis of occlusion with dental models that can 
simulate all mandibular movements in static and dynamic positions. When com-
bined with additional software, virtual articulators can also enhance education and 
practice, allow for quicker and more precise individualized diagnoses, and enable 
discussions of dental treatment planning options with patients during their first 
appointment [4].

• Virtual Patients

Training in medicine and dentistry has evolved to embed technology. This has 
led to increased opportunities to practice clinical skills in simulated environments 
before undertaking procedures on patients and to improved precision of skills 
involving dexterity and hand coordination. This is particularly important in areas 
such as dentistry. This technology allows the user to explore and manipulate 
computer- generated real or artificial 3D multimedia sensory environments in real 
time and can be used to gain practical skills. In comparison with traditional, non- 
technological teaching methods, this could result in more economical, engaging, 
and reliable training [5].

The use of virtual patients in dental education is gaining acceptance as an adjunc-
tive method to live patient interactions for training dental students. Use of virtual 
patients can provide an excellent method for learning and honing patient interview-
ing skills, medical history taking, recordkeeping, and patient treatment planning. 
Through the use of virtual patient interactive audio/video elements, the student can 
experience interaction with his or her virtual patients during a more realistic simula-
tion encounter [6].

• Teledentistry

Going to hospitals can be cumbersome for patients with special needs or elderly 
in nursing homes. Another issue is distance: people living in rural areas rarely get 
access to a dentist, and almost never have the possibility of choice. This can change 
significantly with the spread of teledentistry.

Teledentistry services provide easier access to oral and dental care, are signifi-
cantly cheaper for patients, shift toward more reasonable prevention practices, and 
allow patients to consult otherwise unavailable medical professionals. It also offers 
an all-in-one teledentistry platform enabling patients to capture images, send rele-
vant information to a dentist remotely, and do a live consult. The dentist might start 
a video chat with the patient and the caregiver so that the medical professional can 
see and talk to the patient, build rapport, help connect them, and bring them into the 
office (if necessary) [2].

The field of dentistry has seen extensive technologic innovations in recent years. 
Advances have been made in the use of computers, telecommunication technology, 
digital diagnostic imaging services, devices, and software for analysis and follow-
 up. Using advanced information technology, the science of dentistry, today, has 
crossed much longer distances than it was ever able to. New information technology 
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not only has improved the quality of management of dental patients but also has 
made possible their partial or complete management at distances of thousands of 
kilometers away from health-care centers or qualified dentists. The entire process of 
networking, sharing digital information, distant consultations, workup, and analysis 
is dealt with by a segment of the science of telemedicine concerned with dentistry 
known as “teledentistry” [7].

• Smart Teeth

Implantation of advanced chips within the prosthesis or chipping off part of the 
existing tooth to implant the chip could monitor numerous factors. These implants 
would help create “smart teeth” that can detect saliva’s pH, food intake, the quantity 
of acidic beverages and food consumed, blood alcohol level, etc. and analyze the 
data via artificial intelligence and big data analytics to develop patterns and associa-
tions. This could result in a rise in preventive dentistry based on individual patients’ 
recommendations [3].

• Computer-Assisted Design and 3D Printing

Computer-aided design (CAD) and computer-aided manufacturing (CAM) have 
become an increasingly popular part of dentistry over the past 25 years. The tech-
nology, which is used in both the dental laboratory and the dental office, can be 
applied to inlays, onlays, veneers, crowns, fixed partial dentures, implant abutments, 
and even full-mouth reconstruction. CAD/CAM is also being used in orthodontics.

CAD/CAM technology was developed to solve three challenges. The first chal-
lenge was to ensure adequate strength of the restoration, especially for posterior 
teeth. The second challenge was to create restorations with a natural appearance. 
The third challenge was to make tooth restoration easier, faster, and more accurate. 
In some cases, CAD/CAM technology provides patients with same-day restora-
tions [8].

• Intraoral Camera and Scanners

Intraoral cameras (IOC) are digital imaging tools used by dentists to create 
images of the teeth and mouth. The cameras are small enough to fit comfortably into 
the mouth on the tip of an intraoral wand that can be moved over and around the 
teeth. Intraoral (inside the mouth) cameras take high-resolution images of the teeth 
and mouth using a small camera. In most cases, after the images are captured, an 
imaging software (such as computer-aided design or computer-aided manufacturing 
(CAD/CAM) applications) is used to piece hundreds of images together to create a 
digital 3D model of the intraoral cavity.

IOC helps in the revelation of the hidden and overlooked defects in teeth and 
other parts of the cavity. Dental world constitutes of microstructures that have to be 
recorded in a detailed manner to perform patient education, documentation of 
records and treatment, illustration of lectures, publication, and web connectivity of 
complicated cases. Also, the compliance of the patient can be increased by the use 
of IOCs in diagnosis, treatment planning, goal setting, oral hygiene instructions, 
and maintenance [9].

5.2 Technologies That Shape the Future of Dentistry
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• Regenerative Dentistry

Regenerative dentistry focuses on the regeneration of soft and hard tissues by 
incorporating tissue engineering approaches. It has been defined as “an interdisci-
plinary field that applies the principles of both engineering and life sciences, toward 
the development of biological substitutes that restore, maintain, or improve tissue 
function” [10].

The field of regenerative dentistry challenges the preconceived idea of shedding 
of teeth with age or with damage and have them replaced by prostheses, with devel-
opments that can lead to self-healing teeth and biological therapy for damaged teeth.

Regenerative medicine typically aims to promote and improve the healing of tis-
sues and organs of the human body, to restore the physiological architecture and the 
main functions lost. The combination of several scientific fields, including tissue 
engineering and cell biology, has led to the development of novel regenerative ther-
apies that claim to obtain a better repairing, regenerating, and replacing of tissues 
and organs damaged by chronic and acute diseases, or by severe traumatic injuries. 
In this landscape, the mesenchymal stem cells (MSCs) have been widely reported to 
self-regenerate and differentiate toward different tissues, under specific conditions 
and stimuli. Nowadays, MSCs are routinely used in autologous transplantation: the 
use of specific molecular effectors and biomimetic scaffolds populated with such 
MSCs has shown promising results both in vitro and in vivo experiments aimed to 
achieve a time-effective tissue reconstruction and a functional regeneration of com-
plex organs [11].

• CRISPR

CRISPR is an acronym that stands for clustered regularly interspaced short pal-
indromic repeats. It is a groundbreaking genome editing method offered by Mother 
Nature herself, but researchers have discovered its immense potential only recently. 
It might become the ultimate weapon against cancer or, more controversially, help 
design babies in the future. And the field of dentistry will also benefit from the tech-
nology [2].

It has a mechanism of correcting genome errors and turning on/off genes in cells 
and organisms. Most importantly, it plays a crucial function in bacterial defense by 
identifying and destroying deoxyribonucleic acid (DNA) segments during bacterio-
phage invasions since the CRISPR-associated protein 9 (Cas9) enzyme recognizes 
and cleaves invasive DNA sequences complementary to CRISPR. Therefore, 
researchers employ this biological device to manipulate the genes to develop new 
therapies to combat systemic diseases. Currently, the most significant advance at the 
laboratory level is the generation of cell and animal models, functional genomic 
screens, live images of the cell genome, and defective DNA repairs to find the cure 
for genetic disorders [12].

• Robotics in Navigational Surgery

Advancements in technology and computer science have led to an increase in the 
use of robotics in navigational surgery for multiple medical specialties. Robotic 
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surgery is constantly evolving, and its applications are continuously expanding. 
Recently, robot-assisted surgery has been used for dental implant placement. In the 
United States, the first robotic dental surgery system was cleared by the Food and 
Drug Administration for dental implant procedures in 2017. At the end of 2017, the 
world’s first autonomous dental implant placement system was developed by Zhao 
and colleagues in China. This so-called intelligent robot has a high degree of auton-
omy, can automatically adjust during intraoperative procedures, and can execute 
surgical tasks directly on patients without any apparent control by a surgeon [13].

• Nanodentistry

Nanodentistry is defined as the application of nanotechnology to diagnose, treat, 
and prevent oral and dental disease. These approaches intend to preserve and 
improve the dental health. Nanotechnology deals with structures in the range of 
1–100 nm and focuses on the development of materials with novel properties often 
not present in nature. As a result, it is considered as a key technology of the twenty- 
first century and promised to deliver innovative methods to medicine in general and 
to dentistry in particular. Clinical studies already deal with nanotechnology-based 
tooth treatments and innovative nanocontainers for local drug delivery for more 
efficient treatments. Nanotechnology has already started to have a significant impact 
in dentistry, namely, in periodontology, implantology, prosthetic dentistry, ortho-
dontics, and endodontics. Nanotechnology will offer sophisticated methods for 
diagnosis, therapy, and prevention, so that a new era in medicine becomes reality, 
often termed nanomedicine. These tools will also create the field of nanodentistry, 
which finally results in an interdisciplinary challenge to efficiently educate and train 
all specialists in dentistry and related materials science [14].

References

1. WHO.  Health topics. Digital health. https://www.who.int/health- topics/digital- 
health#tab=tab_3. Accessed on 23 May 2022

2. The Medical Futurist. The amazing future of dentistry and oral health. https://medicalfuturist.
com/the- amazing-  future- of- dentistry- and- oral- health/. Accessed on 23 May 2022

3. What Next Global. The internet of teeth: dentistry the smart way. https://www.whatnextglobal.
com/post/the-  internet- of- teeth- dentistry- the- smart- way. Accessed on 23 May 2022

4. Özdemir G, Albayrak B, Yüzbaşioğlu E, Ölçer Us Y (2021) Virtual articulators, virtual occlu-
sal records and virtual patients in dentistry. J Exp Clin Med 38(S2):129–135. https://doi.
org/10.52142/omujecm.38.si.dent.9

5. Wanyonyi K, Sivabalan J.  On medicine, using virtual reality to train dental profession-
als. https://blogs.biomedcentral.com/on- medicine/2021/03/11/virtual- reality- train- dental- 
professionals- isrctn/. Accessed on 23 May 2022

6. Cederberg RA, Bentley DA, Halpin R, Valenza JA (2012) Use of virtual patients in dental 
education: a survey of U.S. and Canadian dental schools. J Dent Educ 76:1358–1364. https://
doi.org/10.1002/j.0022- 0337.2012.76.10.tb05391.x

7. Jampani ND et al (2011) Applications of teledentistry: a literature review and update. J Int Soc 
Prev Community Dent 1(2):37–44. https://doi.org/10.4103/2231- 0762.97695

References

https://www.who.int/health-topics/digital-health#tab=tab_3
https://www.who.int/health-topics/digital-health#tab=tab_3
https://medicalfuturist.com/the-amazing-future-of-dentistry-and-oral-health/
https://medicalfuturist.com/the-amazing-future-of-dentistry-and-oral-health/
https://medicalfuturist.com/the-amazing-future-of-dentistry-and-oral-health/
https://www.whatnextglobal.com/post/the-internet-of-teeth-dentistry-the-smart-way
https://www.whatnextglobal.com/post/the-internet-of-teeth-dentistry-the-smart-way
https://www.whatnextglobal.com/post/the-internet-of-teeth-dentistry-the-smart-way
https://doi.org/10.52142/omujecm.38.si.dent.9
https://doi.org/10.52142/omujecm.38.si.dent.9
https://blogs.biomedcentral.com/on-medicine/2021/03/11/virtual-reality-train-dental-professionals-isrctn/
https://blogs.biomedcentral.com/on-medicine/2021/03/11/virtual-reality-train-dental-professionals-isrctn/
https://doi.org/10.1002/j.0022-0337.2012.76.10.tb05391.x
https://doi.org/10.1002/j.0022-0337.2012.76.10.tb05391.x
https://doi.org/10.4103/2231-0762.97695


130

8. Davidowitz G, Kotick PG.  The use of CAD/CAM in dentistry. Dent Clin N Am 2011 
July;55(3):559–70, ix. https://doi.org/10.1016/j.cden.2011.02.011. PMID: 21726690

9. Pentapati KC, Siddiq H (2019) Clinical applications of intraoral camera to increase patient 
compliance  – current perspectives. Clin Cosmet Investig Dent 11:267–278. https://doi.
org/10.2147/CCIDE.S192847

10. Jamal H, Elhussein M (2020 Nov 10) Integration of regenerative dentistry into the dental 
undergraduate curriculum. https://doi.org/10.3389/fdmed.2020.596189

11. Tatullo M (2020 Apr 18) The regenerative dentistry: current approaches and future insights. 
Cumhuriyet Dent J 23. https://doi.org/10.7126/cumudj.705652

12. Chavez-Granados PA et al (2022) CRISPR/Cas gene-editing technology and its advances in 
dentistry. Biochimie 194:96–107. https://doi.org/10.1016/j.biochi.2021.12.012

13. Wu Y et  al (2019) Robotics in dental implantology. Oral Maxillofac Surg Clin North Am 
31(3):513–518. https://doi.org/10.1016/j.coms.2019.03.013

14. Hieber S, Müller B (2012 Nov 1) NanoScience and technology. In Nanodentistry, vol 61. 
https://doi.org/10.1007/978- 3- 642- 24181- 9_5. 978-3-642-24180-2

5 Advancements in Dentistry

https://doi.org/10.1016/j.cden.2011.02.011
https://doi.org/10.2147/CCIDE.S192847
https://doi.org/10.2147/CCIDE.S192847
https://doi.org/10.3389/fdmed.2020.596189
https://doi.org/10.7126/cumudj.705652
https://doi.org/10.1016/j.biochi.2021.12.012
https://doi.org/10.1016/j.coms.2019.03.013
https://doi.org/10.1007/978-3-642-24181-9_5


131

Chapter 6
Artificial Intelligence and Learning 
Algorithms

6.1  Artificial Intelligence

Artificial intelligence (AI) is a broad field of computer science that focuses on creat-
ing intelligent machines that can accomplish tasks that would normally require 
human intelligence and is a method of programming a computer, robot, or other 
object to think like a smart human [34]. AI is the study of how the human brain 
thinks, learns, makes decisions, and works to solve problems. The goal of artificial 
intelligence is to improve computer functions that are linked to human understand-
ing, such as reasoning, learning, and problem-solving [41], although capable of 
intelligently executing things without being expressly directed.

The emergence of artificial intelligence, which is increasingly grabbing the 
attention of researchers all over the world, has highlighted the last decade as a 
watershed moment in technological advancement. Every field has embraced artifi-
cial intelligence with fervor, and dental science is no exception [33]. With the mas-
sive increase in patient-documented information and data, sophisticated software to 
gather and save this data is becoming increasingly important. Artificial intelligence 
has several uses in dental and medical science, from taking a patient’s history to 
data processing and then extracting information from the data for diagnosis. While 
artificial intelligence will never be able to take the place of a dental surgeon, it is 
crucial to be aware of the possibilities for combining this breakthrough in technol-
ogy in the future to improve dental practice.

The purpose of artificial intelligence is to simplify human effort and assist us in 
making better judgments. Artificial intelligence has also been called “our Final 
Invention,” a development that will create actionable products and services that will 
transform how we live our lives.
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6.1.1  The Types of Artificial Intelligence

• Reactive Machines

Reactive machines are designed to complete only a limited number of special-
ized duties (they will react the same way to the same stimuli every time) [30]. Deep 
Blue, IBM’s chess-playing supercomputer, which beat international grandmaster 
Garry Kasparov in the late 1990s, is a famous example of this type [19]. Deep Blue 
can recognize all of the pieces on a chessboard and understand how they move. It is 
capable of predicting what moves it and its opponent will make next. It can also 
determine the best course of action from a variety of options. It has no sense of the 
past and no recall of what has occurred previously. Deep Blue skips everything 
before the present moment [19, 30].

These techniques help AI systems perform better in certain games, but they can’t 
be readily adjusted or transferred to other circumstances. These programmed minds 
have no idea of the outside world, which means they can’t operate outside of the 
duties they’re given and are easily deceived. They can’t interact with the environ-
ment the way we imagine AI systems doing in the future. Instead, these machines 
will react in the same way each time they come across a similar event.

Reactive machines cannot build memories or use knowledge learned to impact 
future judgments; they can only respond to current conditions [19, 30]. Because it is 
a lacks memory, it cannot depend on prior experiences to influence real-time 
decision- making. It sees the world immediately, only capable of doing a limited 
number of specialized tasks. However, intentionally reducing a reactive machine’s 
worldview is not a cost-cutting technique; rather, it implies that this form of AI will 
be more trustworthy and dependable—it will respond consistently to the same 
stimuli.

• Limited Memory

Artificial intelligence with limited memory can store previous data and predic-
tions, looking into the past for hints on what may happen next. Artificial intelligence 
with limited memory is more complicated and has more options than reactive 
machines [26].

Six steps must be followed when using limited memory.

 1. Training data must be created.
 2. The machine learning model must be created.
 3. The model must be able to make predictions.
 4. The model must be able to receive human or environmental feedback.
 5. That feedback must be stored as data.
 6. These stages must be repeated in a cycle.

Reinforcement learning, long short-term memory (LSTM), and evolutionary 
generative adversarial networks (E-GAN) are the three models that use the limited 
memory type.

Virtual voice assistants, chatbots, and self-driving cars use this form of AI [22].

6 Artificial Intelligence and Learning Algorithms
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• Theory of Mind

Until now, theoretically, the technology and scientific capabilities required to 
advance artificial intelligence to the next level have not yet been developed. This 
would imply that AI will be able to grasp how people, animals, and other machines 
feel and make decisions based on self-reflection and determination and then use that 
knowledge to make their own judgments. In order to create two-way communica-
tion between people and artificial intelligence, computers would need to be able to 
comprehend and process notions such as “mind,” “emotional swings in decision- 
making,” and a slew of other psychological concepts in real time. Sophia, the world- 
renowned robot, is a famous but yet extremely basic example of this technology. 
While Sophia cannot recognize or interpret human emotion, she can have basic 
conversations, has picture recognition, and has the capacity to respond to human 
interactions with the right facial expression, in addition to having an exceptionally 
humanlike look[9, 14].

So that theory of mind divides between the AI in the present and AI in the future.

• Self-Awareness

The ultimate stage for AI to become self-aware will be to build a theory of mind 
in artificial intelligence, which will happen sometime in the future. This type of 
artificial intelligence is conscious on a human level and is aware of its own presence 
in the environment as well as the presence and emotional condition of others. It 
would be able to deduce what others may require based on not just what they say to 
them, but also how they say it [27].

In artificial intelligence, self-awareness requires both human and machine 
researchers to grasp the concept of consciousness and then discover how to repro-
duce it so that it can be implemented into machines.

Machines with human-level awareness are included in self-aware AI. This type 
of AI does not exist right now, but it would be the most sophisticated artificial intel-
ligence ever devised by man.

Self-aware AI has the capacity to think for itself, have wants, and comprehend its 
feelings, in addition to recognizing and replicating humanlike activities [27]. In 
essence, self-aware AI is a development and extension of theory of mind AI. Self- 
aware AI takes it a step further by stating that it can and will have self-guided 
thoughts and reactions, whereas theory of mind primarily concentrates on the fea-
tures of understanding and reproduction of human behaviors.

6.1.2  How Artificial Intelligence (AI) Works?

AI systems, in general, function by consuming huge volumes of labeled training 
data, evaluating the data for correlations and patterns, and then using these patterns 
to forecast future states. By examining millions of instances, a chatbot given 
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examples of text chats may learn to have lifelike dialogues with humans, and an 
image recognition program can learn to recognize and describe items in photo-
graphs [14, 19].

Learning, thinking, and self-correction are the three basic functions that AI 
works on. Learning function of AI programming is concerned with gathering data 
and formulating rules for turning it into useful knowledge. Algorithms are rules that 
give computer equipment step-by-step instructions for completing a certain task.

Thinking or reasoning is concerned with selecting the best algorithm to achieve 
a given result. Self-correction function of this element of AI programming aims to 
fine-tune algorithms on a regular basis to guarantee that they provide the most accu-
rate results feasible. Building an AI system entails reversing human qualities and 
skills in a computer and leveraging its computational prowess to outperform the 
talented.

To understand how artificial intelligence works, it is necessary to understand the 
various subdomains of artificial intelligence and understand how those domains 
could be applied to the various fields of the industry based on the data we have. Each 
domain should use an algorithm to process the data and generate output [32].

The common subdomains of AI are:

Ar�ficial Intelligence

Machine learning

Deep

learning

 

• Machine Learning (ML)

It is a popular subdomain of AI; it learns how a machine make a decision based 
on historical experience and identifies pattern to get the conclusion by evaluating 
data [13].

• Deep Learning

It is a subset of AI, and it is an ML technique. It teaches a machine to process 
inputs through layers to predict the outcome [32].

6 Artificial Intelligence and Learning Algorithms
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The benefits of AIIt is good at detail-oriented work, saves time on data-intensive 
chores, and consistently produces results, and AI-powered virtual agents are con-
stantly accessible.

6.2  Machine Learning

Machine learning is a subset of artificial intelligence (AI) that encompasses one of 
AI’s key tenets: the potential to learn from experience rather than simply com-
mands. By learning from their output, machine learning algorithms automatically 
learn and improve, and to generate the desired result, they do not require specific 
instructions [32]. They learn by observing and comparing their available datasets to 
examples of the final result, look for patterns in the final output, and attempt to 
reverse-engineer the facets to generate an output, or in simple words, the process of 
making machines learn from data to predicting the future output or results and to 
classify information to try making a right decision, so that machine learning algo-
rithms are trained over instances or examples through which they learn from past 
experiences and also analyze the historical data.

Machine learning provides data to a computer and uses statistical approaches to 
help it “learn” how to grow better at a task without being specially programmed for 
it, obviating the need for algorithms [32]. Machine learning may be used to con-
struct intelligent systems that can make decisions on their own, as well as to improve 
system efficiency and machine design. These algorithms learn from past data 
instances through statistical analysis and pattern matching. Then, depending on the 
learned facts, it tells us the anticipated results. Data is a big part of machine learning 
algorithms. By training these machine learning algorithms with previous data, we 
may be able to generate more data [32].

For designing and training machine learning algorithms, AI requires a founda-
tion of specialized hardware and software. Although no one programming language 
is synonymous with AI, a handful stand out, including Python.

6.2.1  Why Machine Learning?

We can use machine learning to create intelligent systems that can make decisions 
on their own. Through statistical analysis and pattern matching, these algorithms 
learn from previous data examples. It then gives us the projected results based on 
the learned data. The algorithms rely heavily on data. We can produce additional 
data with the use of past data by training these machine learning algorithms.

Medicine, health care, manufacturing, banking, and a variety of other industries 
have all been transformed by machine learning. As a result, machine learning has 
become an important aspect of modern business [12, 48].

6.2 Machine Learning
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Fig. 6.1 The process of machine learning

Machine learning has introduced another dimension to the way we see informa-
tion in order to capture the potential of this data, which has been enhanced by the 
huge rise in processing capacity [44].

6.2.2  How Does Machine Learning Work?

As shown in Fig. 6.1, the first step of machine learning is to input data, which is 
collected depending on the goals of the project. This step is very important because 
without data, there is no machine learning, and we have to be sure that the data is 
complete and correct to avoid any error in the output.

The second step is to analyze the data which involves preparing, cleaning, and 
manipulating the data. Real-world data are often found unstructured with missing 
and noisy aspects. Therefore, it has to be cleaned and manipulated to be ready for 
analysis. This is a crucial step of the machine learning process, and people generally 
spend most of the time at this step. After data preparation, it needs to be transformed 
into suitable formats to be aligned with the machine learning platform. Then you 
divide your data into two sets: training and testing.

In the following stage, the training set is used to train the model.
The third step is to find pattern or train model; the magic happens in this step. 

The dataset is linked to an algorithm, which develops predictions by utilizing com-
plex mathematical modeling. The fourth step is the prediction of future results. 
Machine learning algorithms forecast the future based on the patterns seen in the 
training data. When the ML model receives a new input, it applies its learned pat-
terns to the new data to create future predictions. Various standardized procedures 
may be used to optimize models based on the end accuracy. After prediction, the 
result is tested to evaluate ML model performance and also identify bugs and find 
areas of improvement. We check the model’s accuracy. If the results are not satisfac-
tory, you need to improve and retrain your ML model. The last step is to store the 
result. This result could be used as input in another model or program or can be used 
in many applications [44].

To make the study of machine learning easy to understand, it is broken out into 
three main parts.

 1. Decision Process: Machine learning algorithms are used to create predictions or 
classifications in general. Your algorithm will provide an estimate of the pattern 
in the data based on some input data, which can be labeled or unlabeled.

6 Artificial Intelligence and Learning Algorithms
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 2. Error Function: The model’s prediction is evaluated using an error function. If 
there are known instances, an error function may be used to compare the model’s 
accuracy.

 3. Model Optimization Process: If the model can fit better to the data points in the 
training set, then weights are adjusted to reduce the discrepancy between the 
known example and the model estimate. This assessed and optimized procedure 
will be repeated by the algorithm, which will update weights on its own until a 
certain level of accuracy is reached.

Machine learning methods employ the same set of characteristics to describe 
every occurrence in every dataset. The characteristics might be continuous, categor-
ical, or binary [44].

6.2.3  What Factors Should You Consider While Selecting 
a Machine Learning Model?

If not done on purpose, the process of selecting the correct machine learning model 
to tackle a problem may be time consuming [39].

Step 1: Align the problem with potential data inputs that should be considered for 
the solution. This phase needs the assistance of data scientists and specialists 
with in-depth knowledge of the problem.

Step 2: Gather data, prepare it, and label it as needed. Typically, data scientists lead 
this process, with assistance from data wranglers.

Step 3: Select the algorithm(s) to be used and evaluate their performance. Data sci-
entists are generally in charge of this stage.

Step 4: Continue to fine-tune the outputs until they are sufficiently accurate. This 
process is often carried out by data scientists with input from professionals with 
in-depth knowledge of the topic.

Types of Machine Learning Algorithms Supervised learning.

• Unsupervised learning.
• Reinforcement learning.

6.2.4  Supervised Learning

Supervised learning or supervised learning machine is one of the popular methods 
used in machine learning; it uses labeled datasets to train algorithms that properly 
identify data or predict outcomes [8]. As more data is introduced into the model, the 
weights are adjusted until the model is well fitted. This happens throughout the 
cross-validation process to verify that the model does not overfit or underfit. 
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Organizations may use supervised learning to tackle a range of real-world chal-
lenges at scale. Neural networks, naive Bayesian (NB) network, linear regression, 
logistic regression, random forest, support vector machine (SVM), and other 
approaches are used in supervised learning [8].

Supervised learning uses labeled examples to apply what they’ve learned in the 
past to refresh data in order to anticipate future occurrences [28]. The learning algo-
rithm creates an inferred function to generate predictions about the output values 
based on the examination of a known training dataset. After enough training, the 
system can offer objectives for any new input. The learning algorithm may also 
compare its output to the proper, intended output and detect faults, allowing the 
model to be modified as needed [28]. The input and output are both provided for the 
supervised learning algorithms and the program looking for connection between it.

The supervised learning algorithm is given a set of inputs and the proper outputs, 
and it learns by comparing its actual output to the correct outputs in order to detect 
mistakes. It then makes the necessary changes to the model. Supervised learning 
employs patterns to predict the values of the label on further unlabeled data using 
methods like classification, regression, prediction, and gradient boosting. The past 
data predicts expected future events [8, 28] (Fig. 6.2).

6.2.5  Unsupervised Learning

Unsupervised learning is used when the information utilized to teach isn’t classified 
or labeled. Unsupervised learning investigates how computers might predict a pat-
tern from unlabeled data to describe a hidden structure. The system doesn’t figure 

Fig. 6.2 Supervised learning
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Fig. 6.3 Unsupervised learning

out the proper output, but it examines the data and can predict hidden structures 
from unlabeled data using datasets [11].

It is used to analyze data that hasn’t been labeled previously. The “correct 
answer” is not given to the system. The algorithm must determine what is being 
displayed. The idea is to look over the data and see if there is any structure there. On 
transactional data, unsupervised learning performs effectively. Self-organizing 
maps, nearest-neighbor mapping, k-means clustering, and singular value decompo-
sition are all popular methods used in unsupervised learning [11]. These methods 
are also employed in the segmentation of text subjects, the recommendation of 
items, and the detection of data outliers (Fig. 6.3)

6.2.6  Reinforcement Learning

Reinforcement learning is a type of learning that interacts with its surroundings by 
performing activities and detecting faults or rewards [1, 46]. The most important 
elements of reinforcement learning are trial and error search and delayed reward. 
This technology enables machines and software agents to automatically select the 
best behavior in a given situation in order to improve their efficiency. For the agent 
to learn which action is better, simple reward feedback is necessary; this is known 
as the reinforcement signal [1, 46].

Robotics, games, and navigation all employ reinforcement learning. The pro-
gram uses reinforcement learning to figure out which activities result in the most 
rewards through trial and error. The agent (the learner or decision-maker), the envi-
ronment (everything the agent interacts with), and actions are the three main com-
ponents of this type of learning (what the agent can do). The agent’s goal is to select 
activities that maximize the predicted reward over a set period of time. By following 
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a good policy, the agent will be able to achieve the goal much more quickly [4]. In 
reinforcement learning, the aim is to learn the optimum policy.

Reinforcement learning guides you through the process of learning a real-world 
problem by using rewards and penalties as reinforcements. In an ideal world, there 
is a job or activity that must be taught or done. If the model completes the task, it is 
rewarded; if it fails, it is penalized. The challenge with reinforcement learning is 
determining which kind of rewards and punishment are appropriate for the 
model [45].

6.3  Supervised Learning Algorithms

Supervised learning is a subcategory of machine learning (ML) where training algo-
rithms are given labeled sample inputs with the labels indicating the intended result. 
Supervised machine learning (SML) looks for algorithms that produce general 
hypotheses to solve a specific problem and that make predictions about future situ-
ations [35].

Supervised learning generates a function that maps inputs to desired outputs. As 
input data is given into the model, the weights are adjusted until the model is well 
fitted, which occurs as part of the cross-validation process. Supervised learning 
assists enterprises in solving a wide range of real-world issues on a large scale, such 
as categorizing spam in a distinct folder from your email [35]. Labeling an email as 
spam or not spam is a famous example of this. A multiclass challenge occurs when 
multiple classes must be learned.

Supervised learning algorithms measure accuracy through the loss function, 
adjusting until the error has been sufficiently minimized to solve a problem with 
label data to get the output. The learning algorithm can also compare its output with 
the correct, intended output and find errors in order to modify the model accord-
ingly. The aim is to make sense of data within the context of a specific question. In 
other words, supervised learning focuses on creating a compact model of the distri-
bution of class labels based on predictive characteristics [35].

The supervised learning process or how to solve a real-world problem is shown 
in Fig. 6.4.

After defining the problem, the first step is to collect data, and it’s always better 
to have too much data than too little.

To collect a good and useful data, some questions should be answered to suggest 
which fields (attributes, features) are the most informative:

 1. Do we have a label data?
 2. What objectives do I hope to achieve with the use of SML?
 3. Do I need the system to be able to forecast anything or only detect patterns?

The second step is to prepare, process, and clean the data according to what the 
model needs and according to the expected result.
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Fig. 6.4 The process of supervised machine learning

After data processing, training data comes which is extremely large label dataset 
that is used to teach supervised learning and to train a model for prediction or clas-
sification of values that are known. The critical step in supervised learning process 
is to select or choose the specific learning algorithm. The classifier (which maps 
unlabeled examples to classes) becomes accessible for normal usage once prelimi-
nary testing is deemed adequate. Prediction accuracy (the proportion of right pre-
dictions divided by the total number of predictions) is frequently used to evaluate 
the classifier. At least three methods exist for calculating the accuracy of a classifier. 
One method is to divide the training set in half and use two-thirds for training and 
the other third for performance estimation. Cross-validation is a technique in which 
the training set is partitioned into mutually exclusive and equal-sized subsets, and 
the classifier is trained on the union of all the other subsets for each subset [35]. As 
a result, the average of each subset’s error rate is used to estimate the classifier’s 
error rate. Cross-validation with a single exception is known as leave-one-out vali-
dation. There is just one case in each of the test subsets. Of course, this method of 
validation is more computationally expensive, but it is beneficial when the most 
exact estimate of a classifier’s error rate is necessary.
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We must return to an earlier step of the supervised ML process if the error rate 
evaluation is inadequate (as detailed in Fig. 6.1). A number of things must be con-
sidered: if important characteristics for the problem aren’t being used, a larger train-
ing set is required, the problem’s dimensionality is too high, the method used is 
ineffective, or parameter adjustment is required. Another issue could be that the data 
is unbalanced.

Statistical comparisons of the accuracy of trained classifiers on specific datasets 
are a frequent way of comparing supervised ML systems. We may sample a number 
of training sets of size N, run the two learning algorithms on each of them, and then 
assess the difference in accuracy for each pair of classifiers on a big test set if we 
have a significant quantity of data. This differences’ average is an estimate of the 
predicted difference in generalization error across all potential training sets of size 
N, and their variance is an estimate of the classifier’s variance in the entire set [8, 28].

The paired t-test is then used as the next step to test the null hypothesis that the 
mean difference between the classifiers is zero. This test has the potential to gener-
ate two sorts of mistakes. A type I error occurs when the test mistakenly rejects the 
null hypothesis (i.e., it finds a “significant” difference when there is none). The 
likelihood that the null hypothesis is not rejected when there is a difference is 
referred to as a type II error. Type I error of the test will be close to the specified 
significance threshold.

In fact, we frequently have just one dataset of size N, from which all estimations 
must be produced. Subsampling is used to create different training sets, and the 
instances that were not sampled for training are utilized for testing. Regrettably, this 
contradicts the independence assumption, which is required for adequate signifi-
cance testing. As a result of this, type I errors exceed the significance level. This is 
troublesome since it is critical for the researcher to be able to limit type I mistakes 
and understand the likelihood of rejecting the null hypothesis mistakenly. To address 
this issue, several heuristic variations of the t-test have been devised.

We’d like the test’s result to be independent of the precise partitioning that comes 
from the randomization procedure because it would make it much easier to dupli-
cate published experimental results. However, there is always some sensitivity to 
the partitioning employed in practice. To determine replicability, we must run the 
same test on the same data numerous times with various random partitioning —gen-
erally ten times—and count how many times the result is the same.

The main types of supervised learning problems are regression where the output 
is numerical and classification where the output is categorical.

6.3.1  Classification

A classification problem when the output is category such as “yes” or “no,” “black” 
or “white,” “danger” or “no danger,” and “happy” or “sad” or “angry” so that clas-
sification algorithms used for binary classifications and categorizing. Because the 
aim is to frequently encourage the computer to learn a classification system that was 
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built, supervised learning is popular in classification challenges. Depending on the 
labeled data that is trained on supervised learning algorithm, the inputs sort into a 
given number of categories or classes. By looking at multiple input-output examples 
of the function, the learner must learn a function that translates a vector into one of 
several classes.

Classification uses an algorithm to accurately assign test data into specific cate-
gories. Common classification algorithms are linear classifiers, support vector 
machines (SVM), decision trees (DT), k-nearest neighbor (kNN), and random for-
est [35, 38].

6.3.2  Regression

A regression problem is where the model predicts the output as a continuous numer-
ical or real value, such as “dollars” or “weight” and “price.” Both input characteris-
tics and output labels are used to train the algorithm. By estimating how one variable 
influences the other, it aids in the establishment of a link between the variables. It is 
utilized to figure out how dependent and independent variables interact. It’s widely 
used to produce forecasts, such as for a company’s sales revenue. Popular regression 
techniques include linear regression, logistical regression, and polynomial regres-
sion [5].

The most famous algorithms used to solve the two problems in supervised learn-
ing are the following:

• Liner Classifiers

One of the most popular algorithms used in solving classification problems, lin-
ear classification models use linear (hyperplane) decision boundaries to divide input 
vectors into classes. The purpose of classification in machine learning with linear 
classifiers is to arrange objects with comparable feature values into groups. A linear 
classifier achieves this purpose by producing a classification judgment based on the 
value of the linear combination of characteristics, according to the statement. 
Because it is the quickest classifier, a linear classifier is frequently employed in 
cases where classification speed is a concern.

When the number of dimensions is enormous, such as in document classifica-
tion, where each element is often the number of counts of a word in a document, 
linear classifiers frequently perform well. The rate of convergence between dataset 
variables, on the other hand, is determined by the margin. The margin, in a nutshell, 
measures how linearly separable a dataset is and hence how simple it is to solve a 
specific classification issue [16].

• Support Vector Machines (SVMs)

These are the most modern techniques for supervised machine learning. SVM 
models are similar to multilayer perceptron neural networks. SVMs are based on the 
concept of a margin, which is the distance between two data classes on each side of 
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a hyperplane. It has been demonstrated that increasing the margin and therefore 
providing the greatest feasible space between the separating hyperplane and the 
instances on either side of it reduces the predicted generalization error [42].

• Decision Tree

Decision trees (DT) are classification trees that order instances based on feature 
values. Each branch in a decision tree indicates a value that the node might adopt, 
and each node represents a feature in an instance to be categorized. Starting at the 
root node, instances are categorized and arranged depending on their feature val-
ues [15].

A decision tree is a prediction model that translates observations about an object 
into inferences about the item’s target value in decision tree learning, which is used 
in data mining and machine learning. Classification trees or regression trees are 
more descriptive names for such tree models. Post-pruning approaches are com-
monly used in decision tree classifiers to evaluate the performance of decision trees 
after they have been pruned using a validation set. Any node can be deleted, and the 
most common class of the training instances is sorted to be assigned to it [15].

The decision tree models may be used with any data that has both numerical and 
categorical properties. Nonlinear interactions between features and the goal vari-
able are well captured by decision trees. Because decision trees resemble human 
thought patterns, understanding the data is simple. The advantages of DT are visu-
ally intuitive and simple to understand and analyze. It has the ability to operate with 
both numerical and categorical data. There is no requirement for one-hot encoding, 
error terms, or any data preparation. The disadvantage is that any change in data 
causes a big difference in the structure, which needs changing the implementation.

• Neural Networks

A neural network is a set of algorithms that attempt to detect underlying relation-
ships in a batch of data using a method that mimics how the human brain works. 
Neural networks, in this context, refer to systems of neurons that can be organic or 
artificial in nature [47].

Multiple neural networks (NN) can execute many regression and/or classifica-
tion tasks at the same time, despite the fact that most networks can only do one at a 
time. In the great majority of situations, the network will have only one output vari-
able, albeit this may equate to a number of output units in the case of many state 
classification issues (the post-processing stage takes care of the mapping from out-
put units to output variables). The input and activation functions of the unit, the 
network design, and the weight of each input link are all important features of the 
artificial neural network (ANN) [5].

Given that the first two features are constant, the ANN’s behavior is determined 
by the weights’ present values. The training net’s weights are set to random values 
at first, and then instances of the training set are regularly exposed to the net. The 
values for an instance’s input are placed on the input units, and the net output is 
compared to the instance’s desired output. The weights in the net are then modified 
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slightly in the direction of bringing the net’s output values closer to the intended 
output values. A network may be taught using a variety of algorithms [5].

The benefits of artificial neural networks are they are easy to comprehend for 
professionals who do not wish to go into sophisticated machine learning techniques 
using arithmetic, are simple to comprehend, are able to recognize all possible inter-
actions between predictor variables, and have the capacity to detect complicated 
nonlinear interactions between independent and dependent variables in a subtle 
manner and it’s simple to include past information into the model [5, 47].

Artificial neural networks have disadvantages also, i.e., they are extremely diffi-
cult to reverse-engineer; artificial neural network methods are not probabilistic, 
which means that converting a continuous value into a probability is challenging; 
and artificial neural network techniques with several layers are difficult to train and 
need a lot of parameter adjustment.

Figure 6.5 shows a simple neural network component.

• Naive Bayesian (NB) Networks

This is a typical Bayes’ theorem-based probabilistic classifier. Depending on the 
structure of the probability model, the NB classifier can be trained relatively effi-
ciently in a supervised learning context. When there is no reliance between a single 
characteristic and other features, given the class, it is considered an optimum clas-
sifier. It has been shown to be a good classifier in a broad range of areas despite its 
simplicity.

Fig. 6.5 Simple neural network
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These are very basic Bayesian networks made up of directed acyclic graphs with 
just one parent (representing the unseen node) and multiple children (representing 
observed nodes) with a strong assumption of child node independence in the context 
of their parent [5].

• Multilayer Perceptron

Instead of addressing a non-convex, unconstrained minimization problem as in 
traditional neural network training, the weights of the network are discovered by 
solving a quadratic programming problem with linear constraints [40]. Perceptron 
is also used in other well-known algorithms. The perceptron algorithm is used to 
learn from a batch of training examples by repeatedly running it over the training set 
until it finds a prediction vector that is correct across the board. The labels on the 
test set are then predicted using this prediction rule [40].

• K-Means

The k-means method is one of the most basic unsupervised learning techniques 
for resolving the well-known clustering issue [3]. The approach employs a basic and 
straightforward method for classifying a given dataset using a predetermined num-
ber of clusters (assuming k clusters). When labeled data is not available, the k-means 
method is used. A general method for converting sloppy guesses into highly precise 
prediction rules. With enough data and a weak learning algorithm that can consis-
tently find classifiers (rules of thumb) that are at least somewhat better than random, 
say, accuracy, at 55%, a boosting algorithm may generate a single classifier with 
extremely high accuracy, say, 95% [3].

• Logistic Regression

This is a classification function that employs a single multinomial logistic regres-
sion model with a single estimator and builds on class. In a specific technique, 
logistic regression generally describes where the border between the classes occurs, 
as well as how the class probabilities depend on distance from the boundary.

When the dataset is larger, it goes closer to the extremes (0 and 1) more quickly. 
Because of these probabilistic claims, logistic regression is more than just a classi-
fier. It can fit in a different way and generate stronger, more specific predictions. 
Nevertheless, such powerful forecasts might be inaccurate. Ordinary least squares 
(OLS) regression is a kind of logistic regression. However, using logistic regression, 
prediction yields a binary result. One of the most frequently used methods for 
applied statistics and discrete data analysis is logistic regression. Linear interpola-
tion is a technique used in logistic regression [5].

The image below shows the comparison between the algorithms mentions in this 
section. (**** stars represent the best and * star the worst performance) (Fig. 6.6).
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Accuracy in general
Speed of learning with
respect to number of
attributes and the number of
instances

Speed of classification
Tolerance to missing values

Tolerance to irrelevant
attributes

Tolerance to redundant
attributes

Tolerance to highly
interdependent attributes (e.g.
parity problems)

Dealing with
discrete/binary/continuous
attributes

Tolerance to noise
Dealing with danger of
overfitting
Attempts for incremental
learning

Explanation
ability/transparency of
knowledge/classifications

Model parameter handling

Decision
Trees

Neural
Networks

Naïve
Bayes

kNN SVM Rule-
learners

∗∗ ∗∗ ∗∗∗∗ ∗∗∗∗∗ ∗
∗∗∗ ∗∗∗∗ ∗ ∗∗∗ ∗∗∗∗

∗∗∗∗ ∗ ∗∗∗∗ ∗∗∗∗∗∗∗∗ ∗∗∗∗
∗∗∗ ∗ ∗∗ ∗∗∗ ∗∗∗∗
∗∗∗ ∗∗ ∗∗∗∗ ∗∗∗ ∗∗

∗∗ ∗∗ ∗∗∗ ∗∗∗∗ ∗

∗∗ ∗ ∗∗∗ ∗∗∗∗∗ ∗

∗∗ ∗ ∗∗ ∗∗∗ ∗∗∗
∗∗ ∗∗∗ ∗∗ ∗∗∗ ∗∗∗

∗∗ ∗∗∗∗ ∗∗ ∗∗∗∗ ∗∗∗∗

∗∗∗∗

∗∗∗∗ ∗∗∗(not
discrete)

∗∗∗(not
continuous)

∗∗∗(not
directly
discrete)

∗∗(not
discrete)

∗∗∗(not
directly
continuous)

∗∗ ∗ ∗∗∗∗∗ ∗∗∗∗

∗∗∗ ∗∗∗ ∗ ∗∗∗∗ ∗∗∗∗

Fig. 6.6 Comparing learning algorithms. (**** stars represent the best and * star the worst 
performance)

6.4  Unsupervised Learning Algorithms

Unsupervised learning is a subcategory of machine learning (ML) where there is 
input data and no corresponding output variables [6]. It uses algorithms to discover 
hidden patterns in data without human intervention. It is unlike supervised learning, 
where there is no correct answer, no label data, an unknown output, and no teacher. 
This is particularly useful when subject matter experts don’t know what to look for 
in the data and when they are unsure of common properties within a dataset [7].

Unsupervised learning algorithms attempt to mine for rules, recognize patterns, 
summarize, and aggregate data points in order to derive meaningful insights and 
better represent the data to consumers using techniques applied to the input data. 
Unsupervised learning’s purpose is to model the data’s underlying structure or dis-
tribution in order to learn more about it. Algorithms organize data into clusters to 
represent its structure and make complicated data appear simple and well-organized 
for examination. It is used for data that hasn’t been labeled previously. The “correct 
answer” is never given to the computer. What is being presented must be determined 
by the algorithm. The objective is to look at the data and see whether there is any 
structure there. On transactional data, unsupervised learning excels [6].

The advantages of using unsupervised algorithm are there is no one goal for 
output and the unlabeled data are more than the labeled data. Unsupervised learning 
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algorithms used k-means, hierarchical agglomerative, and the algorithm based on 
self-organization map (SOM) neural networks to solve the problem [36].

The main types of unsupervised learning problems are clustering, association, 
and dimensionality reduction.

6.4.1  Clustering

Cluster analysis is the technique of putting “similar” items together to form “natu-
ral” groupings. It is an approach for classifying unlabeled data into groups based on 
similarities or differences and is the greatest illustration of categorization. Clustering 
brings together comparable items or data to form distinct clusters and also aids in 
the detection of dataset biases. Biases are dataset dependencies that connect the 
occurrence of values in some way. The purpose is to locate homogenous subgroups 
within the data, with grouping based on the distance between observations [43].

A clustering problem is one in which you wish to uncover the data’s inherent 
groups, such as categorizing clients based on their shopping habits. The general 
procedure is as follows: given the number of clusters k, an initial partition is created; 
the clustering solution is then refined repeatedly by transferring documents from 
one cluster to another. The most prominent partitional method, k-means, and its ver-
sion, bisecting k-means, have been demonstrated to outperform agglomerative hier-
archical algorithms when employed to cluster texts. Clustering algorithms can be 
categorized into exclusive and overlapping clustering, hierarchical, and probabilis-
tic. The k-means algorithm is generally the most known and used clustering 
method [31].

• Exclusive and Overlapping Clustering

Exclusive clustering is a type of grouping in which a data point can only be found 
in one cluster at a time. This type of clustering is often known as “hard” clustering. 
Exclusive clustering is demonstrated via the k-means clustering technique [31].

K-means clustering is a popular example of an exclusive clustering approach in 
which data points are assigned to k groups based on the distance from each group’s 
centroid [25]. The data points that are closest to a specific centroid will be grouped 
together. Smaller groups with greater granularity are indicated by a higher k value, 
whereas bigger groupings with less granularity are indicated by a lower k value. 
Market segmentation, document clustering, picture segmentation, and image com-
pression all employ k-means clustering[25].

The method uses a predetermined number of clusters, k, to process a given data-
set. The k-means method produces k groups, each with input data partitioned 
among them.

The k-means algorithm is broken down into the following steps:

 1. Enter k for the number of clusters.
 2. Pick k data points at random and allocate them to the clusters.
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 3. Cluster centroids will be determined later.
 4. Repeat steps 1–3 until you discover the ideal centroid, after which the numbers 

will not change.

The k-means clustering ML algorithm has a number of advantages.

• K-means provides tighter clusters than hierarchical clustering in the case of glob-
ular clusters.

• For a high number of variables, k-means clustering computes quicker than hier-
archical clustering when k is less.

• Hierarchical Clustering

Hierarchical clustering, commonly known as hierarchical cluster analysis 
(HCA), is an unsupervised clustering technique that may be divided into two types: 
agglomerative and divisive clustering. Agglomerative clustering is a “bottoms-up” 
technique to clustering. Its data points are first isolated as independent groups and 
then blended together repeatedly based on similarity until a single cluster is created 
[29]. Commonly, different methods are used to measure similarity and to find the 
distance between two clusters like Ward’s linkage, average linkage, complete link-
age, and single linkage [29].

• Probabilistic Clustering

A probabilistic model aids density estimation by clustering data points based on 
their likelihood of belonging to a given distribution. One of the most often used 
probabilistic clustering algorithms is the Gaussian mixture model (GMM) [10].

Gaussian mixture models are classed as mixture models, which are composed of 
an unknown number of probability distribution functions. GMMs are most com-
monly used to figure out which Gaussian or normal probability distribution a par-
ticular data point belongs to. We can tell which distribution a particular data point 
belongs to if we know the mean or variance. However, because these factors are 
unknown in GMMs, we presume that a latent, or hidden, variable exists to correctly 
cluster data points. While the expectation-maximization (EM) technique is not 
needed, it is frequently used to estimate the assignment probability for a given data 
point to a certain data cluster [10].

6.4.2  Association

It is a form of unsupervised learning technique that uses several rules to discover 
correlations between variables in a dataset. It’s a rule-based approach to discovering 
correlations between variables in a dataset. These techniques are commonly 
employed in market basket analysis, helping businesses to better understand the 
linkages between various items [7]. It is where you want to discover rules that 
describe large portions of your data, such as people that buy X also tend to buy 
Y. Businesses may build stronger cross-selling tactics and recommendation engines 
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by understanding their consumers’ consumption patterns. The Apriori method is the 
most extensively used of several algorithms for generating association rules, includ-
ing Apriori, Eclat, and FP-Growth [7].

• Apriori Algorithms

Market basket analyses popularized Apriori algorithms, resulting in a variety of 
recommendation engines for music platforms and online stores. They are used to 
find frequent itemsets, or groups of items, in transactional datasets to determine the 
chance of consuming a product based on the consumption of another product. This 
is based on both my own and others’ past listening patterns. Apriori methods count 
itemsets using a hash tree and navigate over the dataset in a breadth-first way [50].

To understand how the Apriori algorithms work, first we must comprehend a few 
crucial terminologies. The term “itemset” refers to a grouping of objects. The term 
“n itemset” refers to a collection of n objects. Simply said, it is the collection of 
items that customers have purchased. Support: It is the proportion of all transactions 
in which X and Y occur together. Confidence is defined as the degree of assurance 
that any found rule has. It’s the percentage of transactions that have both X and Y 
out of all transactions that have both X and Y. Lift: It is a measurement of how X and 
Y are connected rather than how they happen to happen at the same time. It calcu-
lates how many times more frequently X and Y occur together than would be pre-
dicted if they were statistically independent. When analyzing the algorithm’s 
outcomes, we’ll pay special attention to this metric [17].

The rule’s minimal number of elements is called minlen. The maximum number 
of elements in the rule is called maxlen. The term “target” refers to the sort of rela-
tionship that was discovered. Frequent itemsets generation: Using specified support 
and minimum and maximum item values, get the most frequent itemsets from the 
data. This stage entails producing all of the rules from frequently used itemsets. 
Controlling support, confidence, or lift can help us limit the number of rules created. 
LHS > RHS: The terms “left-hand side” and “right-hand side” are commonly used 
to describe how frequently item A and item B appear together. If we want to know 
how often consumers visit store A after visiting store B, LHS would be Store A, 
while RHS would be Store B. Similarly, if we want to know which stores customers 
normally go to before going to store A, we may put Store A on the RHS and the 
other businesses on the LHS [17].

6.4.3  Dimensionality Reduction

It’s a learning strategy that’s employed when a dataset’s number of features (or 
dimensions) is too large [20]. It keeps the data integrity while reducing the amount 
of data inputs to a tolerable size. When autoencoders remove noise from visual data 
to enhance picture quality, this approach is frequently utilized in the preprocessing 
data stage, with the purpose of identifying patterns in the data’s characteristics. 
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Dimensionality reduction is frequently used as a preprocessing strategy before 
supervised learning to make data easier to see [20].

While more data typically gives more accurate findings, it can also have an influ-
ence on the performance of machine learning algorithms (e.g., overfitting) and 
make dataset visualization more challenging. When the number of characteristics, 
or dimensions, in a dataset is too large, dimensionality reduction is performed. It 
minimizes the quantity of data inputs to a reasonable level while maintaining the 
dataset’s integrity to the greatest extent feasible [20]. It’s often employed at the data 
preprocessing step, and there are a variety of dimensionality reduction algorithms to 
choose from, including the following:

• Principal component analysis

Principal component analysis (PCA) is a dimensionality reduction approach that 
uses feature extraction to eliminate redundancies and compress datasets [18]. This 
approach creates a new data representation via a linear transformation, resulting in 
a collection of “principal components.” The direction that maximizes the dataset’s 
variance is the first principal component. While the second main component simi-
larly finds the largest variance in the data, it is entirely unrelated to the first, provid-
ing a direction that is perpendicular to the first. This process is repeated for as many 
dimensions as there are, with the next main component being the direction orthogo-
nal to the previous components with the largest variation [18].

• Singular value decomposition

Similar to PCA, singular value decomposition (SVD) is a technique for reducing 
noise and compressing data, such as picture files [20].

• Autoencoders

Autoencoders use neural networks to compress data before recreating a new rep-
resentation of the input data. “Encoding” refers to the stage from the input layer to 
the hidden layer, whereas “decoding” refers to the stage from the hidden layer to the 
output layer[20].

6.5  Reinforcement Learning Algorithms

Reinforcement learning (RL) is a machine learning discipline that deals with 
decision- making and motor control. It investigates how an agent may learn to attain 
objectives in a complicated and unpredictable environment [2]. The computer uses 
trial and error to find a solution to the problem. Artificial intelligence is given either 
incentives or penalties for the actions it takes in order to accomplish what the pro-
grammer desires. Its purpose is to increase the overall prize as much as possible [2].

Despite the fact that the designer establishes the reward policy—that is, the 
game’s rules—he provides the model with no tips or ideas for how to complete the 
game. Starting with completely random trials and progressing to complex strategies 
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and superhuman abilities, it’s up to the model to find out how to do the job in order 
to maximize the reward. Reinforcement learning is currently the most effective 
technique to hint machine creativity by utilizing the power of search and numer-
ous trials.

The advantages of using RL are as follows:

 1. It is a broad term that covers any problem that requires a series of decisions, such 
as operating a robot’s motors so that it may run and leap, making business deci-
sions such as pricing and inventory management, or playing video games and 
board games.

 2. It concentrates on the entire issue. Machine learning algorithms are typically 
built to excel at certain subtasks, with little regard for the overall picture. RL, on 
the other hand, does not break the problem down into subproblems; instead, it 
focuses on maximizing the long-term payoff. It has a clear objective, under-
stands how to achieve it, and can trade short-term gains for long-term gains.

 3. It is not necessary to do a separate data collecting process. In RL, training data 
is gathered by the agent’s direct contact with the environment. The learning 
agent’s experience is the training data, not a separate set of data that must be 
provided to the algorithm. This relieves the supervisor in charge of the training 
process of a large amount of work.

 4. It works in a fast-paced, unpredictable setting. Inherently adaptable, RL algo-
rithms are designed to respond to changes in the environment. Unlike typical 
machine learning techniques, time is important in RL, and the experience that 
the agent gathers is not dispersed independently and identically. The learning is 
intrinsically adaptable since the dimension of time is firmly buried in the mechan-
ics of RL.

Reinforcement learning is often employed in robots, gaming, and navigation. 
The program uses reinforcement learning to figure out which activities result in the 
most rewards through trial and error [24].

The agent (the learner or decision-maker), the environment (everything the agent 
interacts with), and actions are the three main components of this sort of learning 
(what the agent can do). The agent’s goal is to select activities that maximize the 
predicted reward over a set period of time. By adhering to a sound policy, the agent 
will be able to achieve the goal much more quickly. There is a task or an activity that 
must be taught or mastered. If the model successfully completes the task, it is 
rewarded; if it fails, it is penalized. The challenge with reinforcement learning is 
determining what kinds of rewards and punishments are appropriate for the model. 
Based on each data point, these algorithms take an action and then learn how well 
the decision was. The algorithm adapts its method over time in order to improve its 
learning and attain the greatest reward.

The computer interacts with its surroundings in reinforcement learning by per-
forming actions a1, a2, and so on. These activities have an impact on the environ-
ment, which leads to the machine obtaining scalar rewards (or penalties) r1 and r2. 
The machine’s purpose is to learn to operate in such a manner that it maximizes 
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Fig. 6.7 The scenario of reinforcement learning

future rewards (and minimizes future penalties) throughout the course of its 
existence.

Although distinct elements of the issue and solution are frequently emphasized, 
the basic problems investigated in these domains are often theoretically similar, and 
the answers are the same.

Based on each data point, these algorithms take an action and then learn how 
well the decision was (Fig. 6.7).

• Agent: A supposed being that performs acts in a given environment in exchange 
for a monetary payment.

• Environment (e) is a situation that agent must deal with.
• Reward (R): An instant monetary reward provided to an agent for completing a 

specified activity or assignment.
• State (s): Current situation returned by the environment.
• Policy (P): A technique that the agent employs to choose the next action depend-

ing on the present condition.
• Value (V): This is the predicted long-term return, discounted from the short- 

term gain.
• Value function: This function defines the overall amount of reward for a certain 

state. Beginning with that state, it is an agent to be expected.
• Environmental model: This simulates environmental behavior. It assists you in 

drawing conclusions and predicting how the environment will react.
• Model-based techniques: Model-based methods are a type of method for tack-

ling reinforcement learning challenges.
• Action value (Q) or Q value: The terms value and Q value are pretty similar. The 

only distinction is that as a current action, it accepts an extra argument.

The agent continues to do the three things (take action, change state or remain in 
the same state, and receive feedback) and, as a result of the activities, learns and 
explores the world.

By using the Markov decision process, the problem in RL will be formulated and 
presented.

A finite number of states and actions are assumed in Markov decision process 
problems (MDPs). Each time the agent observes a state and takes a step, it incurs 
intermediate costs that must be kept to a minimum (or, in the inverse scenario, 
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rewards to be maximized). The cost and successor state are solely determined by the 
present condition and the action taken. Based on the uncertainty we have about the 
environment in which the search takes place, successor generation might be proba-
bilistic. An action, for example, may occasionally fail to produce the desired target 
state, thus remaining in the present state with a tiny probability.

Reinforcement learning characteristics:

• There is no supervisor, but simply a number or a signal of reward.
• Making decisions in a sequential order.
• In reinforcement issues, time is critical.
• Feedback is never immediate; it is always delayed.
• The data that the agent gets is determined by its activities.

Reinforcement learning types.
There are two sorts of reinforcement learning methods: positive and negative.

• Positive

It is described as an occurrence that occurs as a result of certain actions. It 
improves the strength and frequency of the behavior and has a beneficial influence 
on the agent’s actions.

This sort of reinforcement aids in maximizing performance and maintaining 
change for a longer length of time. However, too much reinforcement might lead to 
state over-optimization, which can have an impact on the outcome.

• Negative

Negative reinforcement is defined as behavior strengthening that happens as a 
result of a negative circumstance that should have been avoided or halted. It assists 
you in determining the minimal level of performance. The disadvantage of this 
strategy is that it just gives enough to fulfill the basic behavior requirements.

A reinforcement learning algorithm may be implemented in three ways:

 1. Value-based: The value-based method is concerned with determining the opti-
mal value function, or the maximum value at a given state under any policy. As 
a result, the agent anticipates a long-term return in any of the policy’s states.

 2. Policy-based: Without employing the value function, a policy-based method is 
used to discover the best policy for maximal future benefits. In this technique, 
the agent strives to implement a policy in which each step’s activity contributes 
to the future reward being maximized.

There are two sorts of policies in the policy-based approach: The first one is 
deterministic strategy, in which the policy produces the same action in any state, and 
the second one is stochastic strategy, in which the resulting action is determined 
by chance.

 3. Model-based: A virtual model of the world is generated for the model-based 
method, and the agent explores it to understand it. Because each environment’s 
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model representation is distinct, there is no specific solution or methodology for 
this method.

RL algorithms are divided into two categories: model-based and model-free.
The fundamental advantage of having a model is that it allows the agent to plan 

by thinking ahead, visualizing what would happen if they made a variety of different 
choices, and openly choosing among them. Agents can then synthesize the out-
comes of their foresight into a learned policy.

The fundamental disadvantage is that the agent rarely has access to a ground- 
truth representation of the environment. In this instance, if an agent wishes to utilize 
a model, it must learn it entirely via experience, which presents a number of diffi-
culties. The most significant difficulty is that the agent can exploit model bias, 
resulting in an agent that performs well in the learned model but acts sub-optimally 
(or horribly) in the actual world. Model learning is essentially difficult, so even put-
ting in a lot of effort, putting in a lot of time, and computing power might not 
be enough.

• Model-based (algorithms which use a model): An algorithm that estimates the 
best policy using the transition function (and the reward function).

• Model-free (algorithms which don’t use a model): An algorithm that calculates 
the best policy without utilizing or predicting the environment’s dynamics (tran-
sition and reward functions).

One of the most famous model-free algorithms used in reinforcement learning is 
Q-learning.

• Q-Learning

The Q in Q-learning stands for quality; it is a type of reinforcement learning that 
does not need the use of a model [21]. It may also be thought of as an asynchronous 
dynamic programming technique (DP). It enables agents to learn how to operate 
optimally in Markovian domains by exposing them to consequences of actions 
rather than forcing them to develop domain mappings [21]. Q-learning is a learner 
who does not follow the rules. That is, it learns the value of the best policy without 
relying on the agent’s behaviors. An on-policy learner, on the other hand, learns the 
value of the policy being carried out by the agent, including the exploration phases, 
and it will choose the best policy possible, taking into consideration the policy’s 
exploration.

6.6  Deep Learning

Deep learning is a technique and subset of machine learning that trains computers 
to do what people do naturally: learn by doing [32]. Deep learning is a critical com-
ponent of self-driving automobiles, allowing them to recognize a stop sign or dis-
criminate between a pedestrian and a lamppost. It enables voice control in consumer 
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electronics such as phones, tablets, televisions, and hands-free speakers. Deep 
learning has gotten a lot of press recently, and for good cause. It’s accomplishing 
accomplishments that were previously unattainable [32].

A computer model learns to execute categorization tasks directly from pictures, 
text, or sound in deep learning. Deep learning models can attain state-of-the-art 
accuracy, even surpassing human performance in some cases. Models are trained 
utilizing a huge quantity of labeled data and multilayer neural network topologies.

Deep learning achieves better recognition accuracy than ever before. This enables 
consumer electronics to satisfy user expectations, which is vital for safety-sensitive 
applications such as self-driving cars. Deep learning has progressed to the point that 
it now surpasses humans in some tasks, such as categorizing objects in photographs 
[32, 44].

Large volumes of labeled data are required for deep learning. It also needs a 
significant amount of computational power. The parallel design of high- performance 
graphical user interface is ideal for deep learning. When used in conjunction with 
clusters or cloud computing, this allows development teams to cut deep learning 
network training time from weeks to hours or less [32].

Deep learning models are sometimes referred to as deep neural networks since 
most deep learning approaches employ neural network designs [23].The number of 
hidden layers in a neural network is commonly referred to as “deep.” Deep neural 
networks can have up to 150 hidden layers, whereas traditional neural networks 
only have 2–3.

Large amounts of labeled data and neural network topologies that learn features 
directly from the data without the requirement for manual feature extraction are 
used to train deep learning models.

Figure 6.8 demonstrates deep neural networks.

Fig. 6.8 Deep neural network
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Convolutional neural networks are one of the most often used deep neural net-
work types (CNN or ConvNet) which learns directly from data, eliminating the need 
for manual feature extraction. A CNN employs 2D convolutional layers to combine 
learned characteristics with incoming data, making it well-suited to processing 2D 
data like images. CNNs are very effective for recognizing objects, people, and scen-
eries in photos by looking for patterns. Nonimage data, such as audio, time series, 
and signal data, may also be classified using them. CNNs are used extensively in 
applications that need object identification and computer vision, including as self- 
driving cars and facial recognition [37].

The use of CNNs for deep learning is common for three reasons:

 1. CNNs eliminate the requirement for manual feature extraction since the CNN 
learns the features directly.

 2. CNNs yield very accurate recognition results.
 3. CNNs may be retrained for new recognition tasks, allowing you to extend the 

capabilities of current networks.

CNNs are an important technology in medical imaging because they can visually 
discover image defects by examining hundreds of pathology reports. A convolu-
tional neural network can include tens or hundreds of layers, each of which learns 
to recognize distinct picture characteristics. At various resolutions, filters are applied 
to each training image, and the result of each convolved image is utilized as the 
input to the next layer. The filters can start with very basic qualities like brightness 
and edges and progress to more complicated attributes that describe the item 
uniquely [49].

A CNN, like other neural networks, has an input layer, an output layer, but a huge 
number of hidden layers in between.

These layers conduct operations on the data with the goal of learning data- 
specific characteristics. Convolution, activation or ReLU, and pooling are three of 
the most popular layers.

• Convolution passes the input pictures through a series of convolutional filters, 
each of which activates different aspects of the image.

Fig. 6.9 Example of training image
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• Rectified linear unit (ReLU) or activation: By mapping negative values to zero 
and keeping positive values, it is possible to train quicker and more effectively. 
Because only the active characteristics are carried on into the next layer, this is 
frequently referred to as activation.

• Pooling reduces the number of parameters that the network must learn by con-
ducting nonlinear downsampling on the output.

These actions are performed several times over, with each layer learning to rec-
ognize distinct characteristics.

Figure 6.9 shows example of training image by a network with several convolu-
tional layers with the most three popular layers, and the result of each convolved 
image is utilized as the input to the next layer.

A CNN has neurons with weights and biases, just like a typical neural network. 
During the training phase, the model learns these values and updates them with each 
new training sample. In the case of CNNs, however, all hidden neurons in a layer 
have the identical weights and bias values. This suggests that all hidden neurons are 
detecting the same feature in various parts of the picture, such as an edge or a blob. 
As a result, the network is tolerant to picture object translation. A network trained 
to detect autos, for example, will be able to do so regardless of where the car appears 
in the image.

The design of a CNN turns to categorization after learning characteristics in 
several layers. The layer after that is a fully connected layer that produces a vector 
with N dimensions, where N is the number of classes that the network can predict. 
The probabilities for each class of every picture being categorized are contained in 
this vector. The classification output is provided by the last layer of the CNN design, 
which employs a classification layer.
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Chapter 7
AI in Oral Health and Oral Imaging

7.1  Impact of AI on the Global Health: Role of AI in Public 
Health Dentistry

Artificial intelligence is most likely to become a building block of future dentistry, 
promising order-of-magnitude improvements in disease detection and treatment. 
The extent to which our understanding of the impact the technology may have on 
people, systems, and societies is currently unknown, particularly regarding the 
domain of application of the technology in low-resource settings.

Artificial intelligence (AI) has proved a cutting-edge technology in detecting, 
diagnostics, and treating oral diseases. Topol [1] suggested that deep learning, a 
subset of artificial neural network-based machine learning, has enabled impressive 
performance consistent with trained practitioners’ interpretation of x-ray images, 
photos, symptoms, and habits [1].

Contemporaneous advances in IT in a large number of underdeveloped and 
developing countries (otherwise known as low- to middle-income countries) imply 
that artificial intelligence (AI) is likely to hold the key to future global health, given 
its capacity to cope with arising challenges and ensure sustainable success of devel-
opmental objectives in the fields of health and prevention.

We evidence a heated debate about emerging AI-governed health interventions, 
applications, and approaches compared to traditional procedures usually undertaken 
to achieve informed and ethical decision-making. Many health issues common to 
LMICs have been deployed lately, interventions primarily focusing on infectious 
diseases, such as tuberculosis and malaria. The artificial intelligence concept varies 
in types.

However, numerous forms of machine learning or signal processing are predom-
inantly applied, frequently in synergy with other methods, principally signal-to- 
process. It is reported that there are four AI-driven health interventions, classified in 
separate categories: (1) diagnostics, (2) patient mortality risk assessment, (3) 
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disease outbreak prediction and surveillance, and (4) health policy and planning. 
However, the majority of literature of global research into the AI-governed interven-
tion in the domain of global health does not account for diverse ethical, administra-
tive, or practical considerations required for large-scale use of AI in the realm of 
global health.

Although the project of AI-driven health interventions has taken off only recently, 
it is said to be a promising platform for achieving favorable results in LMICs. In 
their study of challenges relative to developing and deploying the AI-driven inter-
ventions, Nina S. and Brian W. (2020) suggest that AI-driven no matter how specific 
a particular setting for intervention is, there is a growing need to develop thorough 
methodological guidelines that will define the scope, the function, and the goals of 
an AI approach to the global health-care system, taking into consideration all ethical 
limitations and concerns that might further direct the research agenda in the field [2].

Generally, three application domains are related to AI-based health-care inter-
ventions in oral public health. The first one encompasses AI-driven tools used on 
smartphones or portables. Operated by nonspecialist community health workers 
(CHWs), based on off-site locations, these typically address traditional oral dis-
eases. As reported by Hosny and Aerts (2019), CHWs may follow AI recommenda-
tions to triage patients and identify those requiring immediate treatment [3]. This 
category of application involves the diagnostics of oral and labial cancer based on 
photographic images and peripheral blood samples. The advent of pocket diagnostic 
hardware (ultrasound probes and microscopes) also promises rapid improvements 
in this domain. Ubiquitous smartphones will allow patients to use AI to design their 
nutrition and daily routines.

The technology will also enable symptoms self-assessment and cover the advi-
sory aspect during pregnancy or recovery phases, eventually allowing patients to 
monitor their health, thus facilitating the operation of the health system.

The following application area centers on more specialized medical require-
ments to hold up decision-making in the clinical environment. AI may be useful 
among nonspecialized general dental practitioners for more specialized purposes, 
such as reading diagnostic radiology and pathology images, which will further 
ensure that specialists are consulted only if the necessity arises. Additionally, AI 
tools may also offer professional knowledge within a multitude of subspecialties, 
i.e., in oral oncology, the AI use may allow the oncologist to safely manage tumors 
in several anatomical sites. In radiotherapy, semi-automation may help provide 
some advantages. Treatment planning may hasten the delivery of treatment, enhance 
patient’s intake, or permit specialists to focus on other aspects of patient manage-
ment without additional human resources requirements. Although AI may not 
directly impact diagnostic tools and therapeutic equipment shortages, embedding 
AI into equipment planning may help nontechnical practitioners tackle specific 
issues lacking technical personnel. By chronologically analyzing maintenance data, 
AI may also preserve long-term operations plans, help professionals predict possi-
ble failures, and provide spare parts management.

Finally, AI-based application refers to the domain of population oral health and 
public agencies’ activities aimed at sensing cause-and-effect correlations, proper 
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resource allocating, and finally managing the progression of diseases in epidemics. 
Advancing data collection is the focus of these applications, i.e., AI-based design 
provides continuous maintenance of national cancer registries along with several 
operations that may help reduce operating costs.

AI-based applications in health care are still in the infancy phase, as the majority 
of the uses are currently in the proof-of-concept stage, necessitating clinical valida-
tion through specific procedures and trials. The methods used generally do not allow 
proper data interpretation, thus hindering the prediction of failures and critical 
assessment of the results. In addition, the adverse circumstance that data used to 
train AI models are gathered within high-income countries (HICs) is hampering the 
full implementation of AI. The models are limited to several elements, such as some 
disease demographics, etc. Nonuniform and unsteady statistical data analysis and 
quality control result in inconsistencies that allow for errors producing models that 
prevent establishing generalizations, etc. Apprehension exists regarding certain 
ethical concerns, e.g., patients’ data privacy breach as a third entity is introduced 
into the patient-doctor relationship. From the aspect of the regulation, possible med-
ical malpractices and liabilities arising from newly established algorithmic decision- 
making are yet to be formulated. Given that almost all AI tools in health care refer 
to single-task applications, these are not anticipated to fully substitute health profes-
sionals, which helps to lower the expectations.

Introducing AI tools in resource-limited environments poses challenges. Given 
the diverse needs, disease specificities, as well as those of demographics and stan-
dards across low- and middle-income countries (LMICs), specific AI application 
cases with the most prominent influence need to be identified and acknowledged 
accordingly.

Context-specific training and validation data are necessary, along with solutions 
required to be context-specific. The latter primarily refers to the requirement that an 
automated system be prevented from recommending treatments unaccessible locally 
or those that are unlawfully expensive. What is more, human factors need to be 
observed, i.e., competencies, education, and digital literacy of end users. The behav-
ioral aspect relative to raising awareness and confidence in AI systems should also 
be in focus, as this will let users recognize limitations and accurately read the 
results. Availability of devices supporting AI applications, e.g., continuous, and 
steady, Internet throughput, electricity, etc. also need to be assessed. Various digital 
initiatives have additionally improved the quality of health-care services in low- and 
middle-income countries. These involve health-care practices supporting technolo-
gies such as eHealth and telehealth platforms (telecommunication/mobile health 
(mHealth)). The highest- performance practices for scaling these digital initiatives 
in LMICs ambiance have been established based on hands-on experiences. These 
endeavors could enable a learning environment for related digital AI applications. 
Some challenging but still adverse factors, such as limited funding and inappropri-
ate and unreliable infrastructure, may stand in AI applications’ fast and proper 
implementation. Integration opportunities could also be considered: for instance, a 
proper mHealth application designed for patient-doctor distance communication 
can be upgraded with an AI chatbot to triage patients before the consultation.
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Some questions have been raised concerning the value of the implementation of 
AI in LMICs since it is primarily a basic infrastructure that necessitates investments 
[4]. AI-governed interventions should not be assessed in isolation, nor should they 
be attributed to cure-all capacities [4]. “Although sizable initial investments may be 
required, the marginal cost of providing an existing AI software service to one more 
user is minuscule, giving it economical scalability” [3] as the existing digital tech-
nologies may also offer to provide proper utilization of AI application [3]. Finally, 
the incentive for AI in health-care interventions within LMICs should be managed 
entirely by local stakeholders in charge of funding. At present, AI literacy is presup-
posed in global health educational programs, the trend that will undoubtedly con-
tinue in the future, aimed to raise awareness of its capacities and possible drawbacks. 
Promoting the AI concept locally will be of utmost importance, with the capability 
to be promoted through free educational online programs. The incorporation of AI 
will also need to rely on regulatory frameworks, which need to be adjusted to allow 
effective implementation of the concept, e.g., the training of local health profession-
als may be extended to involve screening and diagnosing noncommunicable dis-
eases (NCDs) [5]. Two crucial aspects to be identified to introduce AI into LMICs 
are investments and obtaining data on the impact of AI solutions. As the existing 
tensions between social groups (the rich-the poor) have been additionally increased 
by an uneven distribution of access to digital technologies, AI could be a mediator 
capable of mitigating the differences as a socially responsible technology available 
to all social classes.

7.2  Applications of Artificial Intelligence (AI) in Public 
Health Dentistry

• Dental AI Applications

AI in health care is booming, with the traditional dentistry sector evolving and 
being gradually transformed into digital dentistry. As AI technology rapidly 
advances every day, we are expected to witness a growing impact of AI in dentistry 
in the future as it allows enormous benefits for both dental clinics and patients. 
Furthermore, current research suggests that AI might seriously affect the job mar-
kets, as it will replace or repurpose certain professions [6]. The introduction of AI 
tools in dentistry reduces both human errors and costs.

Al in dentistry functions as a complementary tool that deals with vast amounts of 
health data (HD). Algorithms and IT applications approximate human cognition in 
analyzing complex data. The main goal is to analyze the arduous task that a human 
would otherwise be solved exclusively. AI solutions have been increasingly used to 
support doctors’ decisions in diagnostic suggestions, therapeutic protocols, person-
alized medicine, patient monitoring, and predicting and tracking epidemiological 
diseases’ expansion. The fields of AI application vary from health emergencies, 
prevention, and treatment techniques to the analytics of patient outcomes.
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In this context, AI is expected to provide additional support to practitioners by 
allowing the transfer of knowledge from basic and clinical research to health profes-
sionals and their attempts to search for the best approaches for their patients. The 
gap between in vitro findings and the straight way into (routine) clinical therapy 
needs to be overcome to benefit a larger patient population and be made accessible 
to underdeveloped countries [7]. In addition to this, AI is expected to bridge the 
gaps between medicine and dentistry to explore and interpret the influence of gen-
eral disease patterns on oral health.

Apart from generally accelerating the workflows, AI is constantly achieving 
breakthroughs, thus allowing practitioners to utilize novel and innovative solutions 
in several aspects of their work. For example, AI-driven custom-designed orthodon-
tic treatments are a recent innovation. However, advanced tools also focus on diag-
nostic records of virtual IOPAs/RVGs, 3D scans, and cone-beam computed 
tomography. The field of restorative and prosthetic medicine has made a step for-
ward with the application of computer-aided designs and computer-aided produc-
tion technology for a precision fit, which can have a vital impact on orofacial and 
craniofacial prosthetics. From that perspective, AI can have an essential role in all 
stages of the dental workflow, from endodontics to apex location dentistry. Apart 
from upgrading dentistry as a field, dental AI will significantly affect implantology 
for making precise surgical guides and determining cortical bone thickness.

As evidence suggests, AI-based virtual dental assistants can carry out tasks that 
would sometimes require an entire team of people with different skills and back-
grounds. Even though such tasks are various, AI applications perform many tasks 
with higher precision and efficiency than humans. It primarily refers to operational 
tasks such as booking or coordinating regular appointments, notification to patients 
and dentists about checkups, clinical diagnosis assistance, and treatment agenda. In 
addition, AI allows patients to participate in the global health-care system more 
personally, especially if they willingly provide data of their health habits and condi-
tions. Patients can also be actively involved in self-monitoring and self- management. 
As AI has an option to “learn” from the collected data, there are mechanisms to 
overcome the disadvantages of on-off medicine (e.g., periodontal disease).

If there is continuous AI supervision of a patient’s health record, a more compre-
hensive and accurate understanding of the patient’s health condition is available. 
With such an approach, both diagnostic and treatment costs can be decreased, thus 
making health-care systems less busy and overburdened. From a more global per-
spective, AI can also help solve the problem of workforce shortages, in that context 
complying with the World Health Organization (WHO) Sustainable 
Development Goals.

Since the 2000s, a global scientific focus has been shifted to various aspects of 
artificial intelligence. Even though there is unambiguous evidence that AI systems 
have brought success to various academic and business fields, much more needs to 
be done to prevent and promote the population’s health in terms of AI applications. 
In other words, we need to address how AI solutions can act as a social predictor 
that would have a more significant impact on the actual outcomes. As AI applica-
tions have been reported to match or outperform humans in various domains, it is 
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Fig. 7.1 Role of artificial intelligence in public health [8]

yet to be seen what essential benefits, on a global scale, AI brings, especially when 
compared to practical implications stemming from research studies coming from 
academic communities (Fig. 7.1).

One possible utilization of the artificial intelligence concept in health promotion 
is analyzing datasets for almost real-time surveillance and oral disease detection, 
e.g., screening and identifying suspected changed mucosa undergoing premalignant 
and malignant alterations or diagnosing and treating oral cavity lesions. AI has the 
potential to showcase images that document the slightest changes, measured in pix-
els, that would not be possible to notice by the traditional examination technique. 
When the dental health-care professional is unavailable, and there is a health emer-
gency, AI can assist by providing E-assistance (tele-assistance). Behavior patterns 
and risk profiles designed by AI algorithms can be utilized for individually tailored 
health advice. Recently, there has been an increased interest in computer-aided 
decision- making in this field, probably due to improved digital literacy in the gen-
eral population. For instance, it would be useful to alert a dental practitioner about 
any medical condition or oral habit that might predict genetic oral disease risk in a 
large population.

It is not an overstatement to say that artificial intelligence can significantly 
increase the efficiency of health services in numerous ways, some of the critical 
ones being as follows:

Using Machine Learning to Detect Abnormalities
Clinical decision support system may effectively provide valuable medical profes-
sionals valuable data, thus improving health outcomes for dual patients and the 
general population. Ultimately, AI has proven its usefulness in providing high- 
precision images in the field of medicine. There is evidence that AI-powered artifi-
cial neural networks can detect signs of oral cancer and other conditions with the 
same accuracy and reliability as human radiologists. In addition, AI proves support 
to a dentist to spot early signs of disease.
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Machine Learning-Facilitated Automated Evidence Synthesis
The traditional procedure of entering any structured information in the health sys-
tem appears to be a time-consuming work. However, the process has been drasti-
cally facilitated by the introduction of voice recognition and the application of AI 
programs to classify and excerpt information from the scanned paperwork. It should 
also be stressed that its interactive character allows health-care professionals to pro-
cess more data than human assistants would generally more efficiently and reli-
ably [8].

• AI and Dental Clinic Management

The roles of AI as a constative element in the public oral health upgrade and 
significance are best shown in dental clinics’ management or general operations. 
Scheduling patient appointments is one of such aspects, and newly appointed assis-
tants can be easily trained to perform such tasks more efficiently and productively.

Another aspect of AI smart scheduling appointments is best demonstrated in 
doctor-patient communication. To arrange systematic contacts of patients based on 
their appointment preference and match patients with an available position for 
arranging to schedule proprietary algorithms to identify the ideal patients, the pro-
gram automates scheduling existing patients with voice, text, or even video. It will 
also initiate the ideal marketing campaign to convert new patients. Another advanced 
aspect of AI in scheduling appointments is the possibility to track and optimize 
patient appointments so that it allows to “proactively schedule unfinished treatment 
and launch new-patient marketing campaigns based on profit maximization algo-
rithms” [9]. Such optimization is achieved by machine learning programs that can 
interface with dental practice software. As far as patient’s general queries are con-
cerned, all simple questions can be easily handled by AI. In contrast, more complex 
ones can be directed to the practitioner for further processing. The neural network 
can also mine data and detect periods of decreased productivity to help determine 
the most effective marketing campaign. The variety of possibilities within this algo-
rithm allows management officers to see cancellations or supervise the available 
appointments easily. In contrast, deep learning techniques allow searching patient 
records for the most profitable patient treatment. In that sense, assistants spend less 
time dealing with prescriptions post-op and can act more readily before the actual 
appointment if there is an emergency with a patient to be recognized. In addition to 
this, and for the more significant benefit of patients, AI can support the dental 
health-care professional in terms of any relevant medical history or allergies that the 
patient may have. Patients who are on tobacco or smoking cessation programs, for 
example, can utilize AI to set up necessary reminders.

In rare cases when a doctor is not available, AI can serve as a helping hand, as it 
can store different information related to a patient’s health conditions. Apart from 
documentation and scientific coding, it can hold and retain patient’s databases, help 
monitor patients’ orders, observe health situations in addition to preventive mea-
sures, etc.

With the big data, including electronic health records, digital radiographs, and 
longitudinal follow-up data, it will be possible to establish a reliable source for 
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training the Al system. Predictions will be significantly improved with a better 
understanding of the patient’s condition drawing upon vast data. This implies that 
the Al scientific data library will keep itself updated with the current literature 
knowledge in the field, as it can learn from the scientific database.

Unlike other (traditional) methods of operations in dental clinics, AI software 
enables us to design a comprehensive virtual database for every patient, which can 
be easily highlighted and accessible at the same time [10]. For example, voice rec-
ognition and interactive interphases enable the software to help the dentist perform 
different tasks effortlessly. As the AI software can retrieve all necessary data from 
the database and present it to the dentist much faster and more efficiently than a 
human counterpart (e.g., collecting all essential dental records, extraoral photo-
graphs, and radiographs necessary for diagnosing any dental condition), any dental 
intervention becomes more reliable. Because of its unique ability to learn, the AI 
system can be “trained” to perform many other functions. For instance, it can be 
integrated with imaging systems like MRI and CBCT to identify slight deviations 
from normalcy that could have gone unnoticed to the human eye.

On the other hand, however, artificial intelligence is still growing in the dental 
field. It is not yet that advanced that could duly replace human’s skills and compe-
tence. If perceived as a complementary technology, AI can assist in numerous dental 
operations or help raise more awareness of oral and maxillofacial diseases while 
encouraging patients to schedule for preliminary treatment. Even though at its 
infancy, AI has produced staggering solutions that might drastically change dental 
procedures in the future. Computer systems with human-level intelligence (or 
higher) will change the world as we know it, thus affecting our lives. What remains 
as a currently debatable issue is the general concern in what way and to what extent 
AI could be integrated into practice, as it is a general standpoint that AI cannot act 
as a complete substitute to a dentist, since the clinical trial is not only about diagno-
ses, but it also includes correlating with clinical findings and imparting personalized 
patient care. Although AI can be utilized as a handy and quick solution in many 
ways, some of which have been mentioned in the text, the final decisions need to be 
made exclusively by dentists, as dentistry is a multidisciplinary approach that needs 
to consider numerous specific elements related to human health.

• AI and the Financial Aspect of Dental Care

The financial aspect of dental care is another segment of dentistry in which AI 
proves to be highly beneficial. Dental AI makes the dental process more transparent 
for both payer and provider when dealing with the same documentation. In other 
words, dentists who practice the use of AI in their clinical workflow will be able to 
understand if there is proper, evidence-based documentation and whether it aligns 
with the insurer’s policies. For example, if there is a need to photograph broken cusp 
when it is not apparent in a radiograph, AI systems can make the necessity for a 
picture. In that way, misinterpretations of clinical guidelines are minimized, and 
care providers become quite aware of the objective measures used by payers. Of 
course, clinicians reviewing claims need to be consistent when applying standards. 
If inconsistency in claims review occurs, it is usually due to two factors: 
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inter- clinician variability and sampling of claims for review. As for inter-clinician 
variability, it is expectable that the more clinicians review the same claim or radio-
graph, the more potentially different viewpoints we get. Various providers might 
propose multiple treatment plans for a single patient. Different perspectives of the 
same situation may occur due to previous skills or training, experience, or even 
fatigue of the dental provider. As research suggests, AI can help provide reliable and 
precise measurements that support or recommend each claim without unnecessary 
subjective estimates, which may vary (i.e., whether the amount of missing tooth 
structure is 40% or 50%). In such cases, dental consultants will consider outputs 
from the AI analysis before making the final decision [11].

What can be done to prevent inconsistency in claims review? Indeed, as it can 
affect provider satisfaction, arouse tensions between payers and providers, and even 
influence the increase in appeal rates, inconsistency in claims review should be 
carefully dealt with, with significant AI assistance in that matter. Radiographs can 
be reviewed with standardized measurements on AI systems, and it can be docu-
mented that a tooth needs further intervention according to clinical guidelines.

Recent research suggests that AI-enhanced claims review will ultimately lower 
costs since every time an appeal is filed or a claim is resubmitted, it increases costs 
to both parties. Another reason inconsistency in claims adjudication occurs is the fact 
that only a small number get processed due to a shortage of dental consultants. In 
those cases, although two separate benefit claims for the same diagnosis can be sub-
mitted, payment will be received for only one share. The reason behind this is that a 
denial of benefit payment may have been warranted in both cases, however, if the 
approved claim was not assessed by clinical review and therefore benefited by 
default. Since this situation might obviously provoke a revolt in both providers and 
patients, AI support can be beneficial as it can process all reviewable claims signal-
ing those claims that do not meet the prescribed standards for the claims that can be 
approved. In both scenarios, the process is conducted consistently and efficiently [12].

This specific application of AI in claims review brings about numerous benefits 
for patients. As the system will bring fewer patient appeals and lessen the number 
of surprise denials, the system’s transparency will be improved. If used regularly, 
the AI system will ensure validity and confidence with patients for their prospective 
dental benefits and treatment plans. Consequently, the improved efficiency in 
reviewing claims will speed reimbursement and lessen the administrative costs from 
payers. This will reflect the slower growth of premiums for patients and employers.

Another significant benefit of the AI system in dental clinics in terms of financial 
aspect is instant predetermination, as nowadays, many dental payers offer predeter-
minations or pre-estimates. In costly procedures, payers prefer predetermination to 
identify contractual limitations or exclusions that apply to a proposed treatment 
plan, including certain exclusions or limitations to the proposed plan. Although 
some plan details can be offered on project player websites, additional time is 
needed to create and deliver a clinical review, so turnaround times for payers 
increase to 2 or 3 weeks. Dental AI is expected to transform this process soon.

AI adoption has already commenced for internal claims review and in provider 
offices. As the main goal for providers and payers is to provide the best experience 
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for patients, and AI potentially brings more clarity and reliability for patients, all 
parties involved in the process will rely on AI solutions. Finally, the AI paradigm 
reduces financial uncertainty for patients and helps general dentistry find solutions 
to resolving delays that can discourage medically necessary treatments.

7.3  AI in Preventive Dentistry

• Artificial Intelligence in Infection Surveillance and Prevention

Besides its application in dental diagnostics, treatment, and management, artifi-
cial intelligence has demonstrated tremendous potential in infection surveillance 
and prevention.

The surveillance of health-care-associated infections (HAIs) can significantly 
improve the early detection of certain diseases, track the spread of illnesses, and 
generally help monitor and control the infections. In that way, successfully identify-
ing “weak spots” to satisfy practitioners apply adequate preventive measures and 
act accordingly. An HAI surveillance program deploys databases derived from vari-
ous sources to evaluate the emerging disease outbreaks to thoroughly analyze the 
patterns and indicators. In other words, an HAI program measures the incidence of 
HAIs and assesses the severity of diseases. In certain instances, it can help deter-
mine patient outcomes or measure the quality of care. Recent research suggests that 
HAI social networks of patients and caregivers, and data created from electronic 
health-care records (EHR) that are otherwise collected for other purposes, can suc-
cessfully generate probabilistic simulations of nosocomial outbreaks of methicillin- 
resistant Staphylococcus aureus and influenza [13]. Similarly, electronic health 
records using machine learning applications have proven invaluable for predicting 
the risks of nosocomial Clostridioides difficile infection (CDI) [14], thus preventing 
or mitigating severe complications. The advantage of the machine learning approach 
to conventional CDI risk grouping is that the AI program refers to processing the 
existing risk factors and utilizes a wide range of variables within the 
EHR.  Consequently, this technology can design different models to refer to the 
specific needs/activities of either patient or caregiver population. As the patient’s 
CDI risk is likely to change over time during their inpatient stay, the machine learn-
ing application used for surveillance purposes is reported to act flawlessly and warn 
the caregivers of the unanticipated changes accordingly. Such a tailored approach to 
patients at high risks of developing CDI needs to be given further practical evidence 
in clinical trials and other relevant research studies that focus on HAI. However, it 
is apparent that it shows strong potential of upgrading HAI surveillance and IPC 
(infection prevention and control) and that similar or more advanced AI solutions 
would be considered invaluable.

Readiness to accurately discern CDI high-risk patients and timely respond with 
an appropriate intervention can integrate IPC and antimicrobial stewardship 
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strategies and anti-CDI therapies [14]. Similarly, clinical trials of novel anti-SCI 
therapies and protocols developed for CDI high-risk patients could benefit from this 
approach.

AI data mining processes fulfill their purpose within the clinical microbiology 
lab to fulfill results, which could help uncover and forecast outbreaks of multidrug- 
resistant organism colonization and/or infection events. Observation of potential 
sources of the outbreaks, being generally considered a demanding segment of epi-
demiological investigation, could be accelerated by this kind of analysis. In that 
context, we witness more progressive use of the next-generation sequencing (NGS) 
for pathogen distinguishing, antimicrobial resistance (AMR) detection, and strain 
typing [15] as AI provides mechanisms for a more exhaustive analysis of NGS- 
generated information that would be created as an integrated segment of diverse 
HAI and AMR data merged from the available information collected throughout the 
health-care system. This could help track patients most at risk of HAI and AMR 
events, providing timely real-time insight into the interconnectedness of patients, 
clinics, and staff in molecular analysis of transmission events. Whereas our compre-
hension of cross-infection occurrence will thus be enhanced, other significant 
advances could also be made, such as timely diagnostic procedures and targeted IPC 
interventions.

On the other hand, certain major obstacles have been HAI surveillance reported 
for AI. It is a prerequisite that all the collected data should be of the highest quality 
to design precise and practically applicable models for each scenario/context. 
Recent research confirms that numerous studies in machine learning deal with too 
small datasets that they can neither grasp the potential nor evaluate the capability of 
AI programs and that a thorough authentication of predictions is necessary so that 
incorporation of findings into clinical practice is successfully implemented. What is 
more, as Fitzpatrick et al. (2020) observe, current databases might have been heav-
ily biased by general clinical practice, which might affect the treatment once they 
become an integrative part of a machine learning model [16]. Another downside of 
AI in HAI might be the potential generalization of machine learning models for 
HAI surveillance which could not be applicable in every health-care setting. For 
instance, one CDI model can feature risk factors for CDI in one context, but they 
might not work in the same way for other settings [17].

7.4  The Applications of AI in the Novel Coronavirus 
(COVID-19) Outbreak

More recently, the implementation of the AI platform in the newly evolving corona-
virus (COVID-19) environment has underlined its prospects of effective manage-
ment of public health in unexpected disease outbreaks. In cases of immediate danger 
arising from sudden disease outbreaks, the AI concept can ensure the fast and secure 
decision- making process, given its capacity to analyze the vast amount of data 
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inflow from various sources, such as government, social media, etc. AI-code identi-
fication may provide a more rapid contact identification across data and enable bet-
ter assessment and optimization of IPC strategies to prevent cross-infection. 
Similarly, some platforms relative to air travel data incorporate machine learning, 
among other procedures, to process amounts of uncategorized data across various 
languages aiming at tracking outbreaks among no fewer than 100 diseases. BlueDot, 
one of these platforms, was used for the first time during the COVID-19 outbreak in 
December 2019, pinpointing the occurrence of the disease outbreak an entire week 
before both the WHO and national disease surveillance centers registered the 
phenomenon.

The crucial superiority of the application on global-scale outbreaks is the fact 
that it can also be applied locally within IPC teams, which implies that AI-generated 
data analytics may help public health professionals address programs that will focus 
on minimizing cross-infections instead of collecting data and writing up the reports.

• Artificial Intelligence and Hand Hygiene

The infection prevention and control (IPC) program has hand hygiene as one of 
the critical aspects. Technology in hand hygiene may offer to augment and adjust 
IPC procedures through novel guidance procedures and surveys. The SureWash sys-
tem is commonly used as a widely accessible interactive booth with AR-powered 
surveillance to instruct and evaluate hygiene methods, gaining higher hygiene 
performance.

The very mobility of the booth facilitates its utilization by health-care staff, 
which can use it when needed, with immediate individual feedback on the quality of 
the hygiene performance.

It was only lately, the system was available through a smartphone application for 
similar purposes. “A pilot of an integrated hand hygiene digital framework that 
included the SureWash system and a hand hygiene auditing tool and an activity 
monitoring system demonstrated the feasibility of using AI without impairing clini-
cal workflow” [18].

“Risk status” management was illustrated to the staff within a substantial number 
of formats, encompassing activities intended for increasing the score. AI application 
could also be extended to ensure that this dataset is supplemented with the HAI 
observation data that enables foreseeing possible outbreaks in the future and mak-
ing recommendations of IPC interventions.

Computer vision deals with how humans perceive images and their content. In a 
virtual clinical ambiance, where persons are presented only as contours with no 
specific features, the AI system for monitoring hand hygiene detected more success-
fully hand alcohol dispersion than the subsequent hand rubbing [19]. As suggested 
by Lacey et al. (2020), the implementation of the real-time feedback for AI sensed 
a change in behavior patterns in specific situations had been attributed particular 
importance [20]. In their study of handwashing behavior recorded at clinical wards, 
sink surveillance was immensely helpful at improving both the quality and quantity 
of handwashing.
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However, in the absence of the video monitoring system, earlier patterns of 
behavior were regained, which suggests that the application of the AI monitoring 
system is necessary as an infection prevention measure [20].

In their analysis of other issues concerning vision-based systems, Haque et al. 
observed that video surveillance system also involves some privacy issues (limiting 
the visual data that can be used, challenges around hospital infrastructure). There 
also remains the unresolved issue of how best to take account of people traffic in 
real life rather than in the quieter simulation setting [21].

Wearable technologies aimed at hygiene improvement in the health-care envi-
ronment are given full attention. The potential for enhancing machine learning- 
based applications will positively ensure the maintenance of improved hygiene 
patterns of behavior among health-care staff. The study of sustainable improve-
ments in maintaining hand hygiene monitored by video surveillance systems is far 
from being achieved. The behavior monitored varied greatly (between 6 and 54%), 
as suggested by Meng et al. (2019) [22].

In conclusion, the continuous wearing of the apparatus may seriously affect the 
user’s attitude and hamper its functionality. For example, auditory or visual remind-
ers to the user may affect their operation, especially those in palliative care.

Finally, the aspects that remain to be observed are the device design, size, or 
weight, as these may be perceived as “shackles” in providing care to patients. One 
of the viable solutions to this problem is the wrist wearable design of the system.

• Artificial Intelligence and Oral Hygiene

The goal of oral hygiene is to regularly eliminate plaque that forms around the 
gingival margin and proximal tooth surface in order to prevent oral colonization, 
which presents itself as a crucial element in causing caries. The use of a mouthwash, 
toothbrush, or a combination of the two, along with suctioning secretions, should be 
the norm when it comes to cleaning teeth. People’s way of brushing teeth is con-
stantly being enhanced as newer electric toothbrushes are released into the market. 
Accuracy, duration, and frequency are just some parameters that smart toothbrushes 
analyze. They have integrated 3D sensors that are capable of noticing position and 
orientation in different brushing fields in real time.

Now, behaviors regarding oral hygiene are traced by usual indicators. These indi-
cators include dental plaque, periodontal inflammation, and caries, in addition to the 
patient being able to report their oral hygiene practices during a clinic visit. When 
major groups of people are involved, though, these tend to become exhausting; this 
is especially true if said people do not enjoy the privilege of regular access to dental 
services. The outcome, for example, plaque and dental disease, which is observed 
in-clinic visits, could be more thoroughly explained with the implementation of new 
systems that could show us the connection between oral hygiene behaviors and said 
outcome. Dental professionals are required to emphasize the importance of oral 
hygiene. This could be achieved by including real-time surveillance and feedback 
capacities which could then lead to better adherence of patients to oral practices. In 
addition, this would also show why people tend to or do not follow suggested oral 
hygiene practices. For quality patient-centered care to be provided, the use of smart 
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systems in a mix with oral hygiene practice measurement and feedback devices is 
suggested, in addition to them being back-ended by risk prediction and customized 
prevention algorithms. This would give a digitally involved patient more control 
over their oral health and subsequently make them more involved.

The device can track skipped places and offer custom suggestions in regard to 
oral care, thanks to artificial intelligence (AI) and machine learning algorithms. 
User application of too much pressure and teeth that require more attention and 
percentage of brushed surface are all shown on a tooth map. Suppose the person 
applies too many pressure tests possible to cause gingival damage; therefore, it’s 
important to prevent that. Thanks to AI-powered examinations, patients have no 
trouble getting a total and accurate mouth cleaning. This includes enhancing their 
technique, completion of brushing on missed surfaces, and maintaining not too 
harsh of a pressure. In no time, they will have a perfect oral hygiene routine without 
missing a tooth. Serious caries complications can be prevented by involving smart 
toothbrushes in a hygiene program. One issue that needs to be approached directly 
and further investigated for the implementation of these devices is their marginal 
markup in price in comparison to standard toothbrushes. They usually have a 
replaceable brush head but lack the ability to sterilize the fixed body.

7.5  Artificial Intelligence Algorithms and Nutrition 
in Preventive Dentistry

One of the most important segments of preventive dentistry is the observation of 
patient’s nutritional habits. Many oral diseases, primarily caries, are directly linked 
with the type of food we eat and the individual’s food intake frequency. Clinical 
nutrients research, which is being progressively conducted through advanced AI 
algorithms, finds its application in dietary activities support systems, food-related 
dental diseases risks, and general nutrient habits.

AI in dietary assessment mobile applications has found its significance in the 
field of prophylaxis. In a research study published in 2008, Sun et al. reported on a 
successful design of an electronic photographic method and associated image pro-
cessing algorithms to approximate food intake [23]. In a more recent publication, 
Lu et al. (2020) offered goFOODTM as an artificial dietary evaluation system based 
on AI, requiring input information through sample photographs taken by a smart-
phone [23]. This simple system calculates the calorie and macronutrient content of 
a meal, thus providing a reliable dietary assessment. Similarly, Yang et al. (2019) 
suggested a new methodological approach in nutritional epidemiology, Ontology 
for Nutritional Epidemiology (ONE), as an authentic tool utilized for easier integra-
tion, visibility, and connectedness of research findings in the field of nutritional 
epidemiology [24]. The research showcases a more objective dietary assessment. A 
group of researchers (Lo et al. 2018) designed a dietary evaluation system based on 
a specific neural network to calculate food volume [25]. A set of visual data was 
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utilized to develop a neural network by applying the deep learning approach. Mobile 
phone images of food portions were also the data input for another group of research-
ers [26], who approximated food energy based on images and the generative adver-
sarial network (GAN) architecture over a time span a week with a sample of 45 
respondents [26]. Another image-based research study [27] appraised the respective 
rationality of an image-based dietary evaluation app entitled Keenoa, designed 
through the food diary notes of a group of a hundred adults during a 3-day period 
[27]. The research showcased that the Keenoa app has demonstrated significant 
advantages if utilized for dietary assessment of the general population, whereas its 
use for personal assessment remains prone to errors. One similar research project 
[28] centered around the application of AI in nutrition deployed the fuzzy decision 
model for designing an online support system aiming to browse the available food 
constitution databases as a basis for calculating dietary intake [28]. The rationale 
behind this research project was the necessity of designing guidelines for Taiwanese 
dietary practitioners who are reported to have poor databases of Chinese menus and 
need a reliable decision-making tool.

As AI technology has obviously found its application assessing nutrition in terms 
of their quality and quantity, many research studies only confirmed that there might 
be room for designing AI apps and tools that deal with the amount of nutrients 
spent. The significance of these research findings could be best showcased in terms 
of the obesity epidemic the world has been facing at present. For instance, the 
Internet of Things (IoT) approach was deployed to develop a monitoring system that 
tracks personal activities through sensors on a smart-log patch, with the data later 
processed through a Bayesian deep learning network (EC-BDLN). Another study 
explored a similar approach to e-health applications related to cardio-metabolic car-
ies risk factors in the general population [29, 30]. Ramyaa et al. (2019) investigated 
to what extent AI technology can assist in determining a set of observable traits in 
female built if machine studying, support vector machine (SVM), neural network, 
and k-nearest neighbor (kNN) calculations are deployed.

However, despite of the fact that the application of AI is more on nutrient studies, 
there is a considerable lack of more complex algorithms that could be utilized for 
similar purposes. Based on the available studies, it can be concluded that one of the 
under-research AI contexts might be inadequate or lacking incorporation with 
research on the use of medical robotics. One of the suggested solutions to this issue 
may be requirements to change the mindset and skills of practitioners, which is in 
line with the demands of future research in both medical and food industries [31].

7.6  AI and Prevention of Dental Trauma

Although dental injuries seen in toddlers and teenagers occur on a regular basis and 
are a common health situation to be dealt with by dental practitioners, the incidence 
of these occurrences has increased in the last two decades. As per rule, dental inju-
ries are always regarded as an emergency, and they require instant action to help 
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lessen the pain and treat teeth displacement or injured tissue. Adequate diagnostic 
procedures and dental practitioner’s timely reactions can guarantee successful 
recovery. Clinical practice confirms that the more thorough the examination, the 
more successful the treatment. In addition to this, the proper reaction and detailed 
examination along with skills in traumatology can help patients overcome anxiety 
or stress and ease the dental team operations. A practical application system of AI is 
known as knowledge-based systems (KBS). This system provides significant assis-
tance to caregivers.

With the helping hand of AI, a widely known program (XpertRule, Attar, 
London) can be used to cross-analyze the input data and predict dental injuries with 
children. With the context given, such information can be further deployed to pre-
vent dental trauma or provide a summary of children’s behavior patterns when 
active. The prevention can be enhanced by using mouth guards and helmets during 
sports activities.

7.7  AI in Periodontal Risk Assessment

Periodontitis appears to be one of the most common dental diseases in the general 
adult population. Every second a person over 50 years of age suffers from this dis-
ease and thus is likely to become toothless during their lifetimes. According to the 
definition, periodontitis starts as a severe gum infection. Still, it develops in a com-
plex inflammatory disease that damages soft tissues, both the tissues anchoring the 
tooth root in its bone and the gingiva. When the disease progresses, it causes the 
increase of gingival crevices and the development of periodontal pockets, leading to 
loss of teeth [32]. In order to prevent complications, AI technology is believed to 
introduce solutions that might help cure this largely preventable disease. An innova-
tive machine-based learning analysis that included numerous medical and sociode-
mographic features of the general population showcased that periodontitis, like any 
chronic condition typical of an older population, bears linkage to a structural risk 
pattern contrary to belief not rooted in poor oral habits or other relevant stressors. 
As the database did not contain oral hygiene-related variables such as plaque index, 
which can make a difference between gingival inflammations caused by gingival 
inflammation and those not related to oral hygiene, the structural risk pattern could 
not be predicted at all [33]. The chosen variables included by the algorithm were 
generally known risk factors such as smoking, female hormones, or age.

The machine learning approach provides a risk score for periodontitis based on 
personalized characteristics, excluding local factors. AI technology can easily rec-
ognize individuals that are likely to develop periodontitis, provided a compound 
range of variables are deployed, including medical, sociodemographic, or genetic 
factors. If the machine learning findings are utilized as complementary data that 
support diagnostics of risk-prone patients, preventive measures may be better tai-
lored to achieve success.
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7.8  Artificial Intelligence and Caries Prevention

Dental caries or tooth decay is a common transmissible disease influenced by a 
combination of various environmental and genetic factors. Even though advanced 
tools for evaluating caries risks have been developed, no studies showcase models 
designed to predict caries risks that refer to new factors (i.e., human genetic factors). 
As recent research suggests, the most frequent chronic disease in 2016 across the 
globe was teeth caries. Globally, the treatment of caries skyrocketed in 2015, reach-
ing 540 billion dollars, thus overburdening dental clinics [34]. These statistics call 
for immediate measures in preventing caries risks.

Research studies have demonstrated shift in the distribution of caries, as it was 
mainly adolescents who were reported to be suffering from this disease in the gen-
eral population [35]. Recommendations of scholars who participated in the confer-
ence of National Institutes of Health Consensus Development (2001) aimed at 
emphasizing that much attention should be paid to individuals that are risk-prone to 
help prevent and control dental caries. As caries can be successfully prevented, the 
utilization of AI-based tools and applications for implementing risk prediction mod-
els in early diagnostics and precise examinations in adolescents likely to develop 
caries would be considered highly beneficial.

Caries risk predicting models (CRPMs) are reported to be significantly success-
ful in the improvement of patient’s care due to their being noninvasive treatment 
approaches. These models feature general flexibility to permit patients to decide on 
how deceptive intervention they choose [36]. In that context, it is currently adopted 
that four standardized caries risk evaluation models are generally used: ADA 
(American Dental Association), CAT (Caries-Risk Assessment Tool), CAMBRA 
(Caries Management by Risk Assessment), and Cariogram. All four models deal 
with the same variables that refer only to environmental indicators and behavioral 
factors, including plaque index, the number of Streptococcus mutans and 
Lactobacillus, saliva flow, and salivary buffer capacity. There is a consensus that the 
Cariogram seems to be the one more advance and accurate of all the mentioned 
CRPMs for certain tests. However, it fails to prove its efficiency in caries prediction. 
As evidenced in Cagetti et al. (2018), Cariogram demonstrates different sensitivity 
scopes, ranging from 41.0 to 75.0%, whereas the specificity ranged from 65.8 to 
88.0% [36].

What causes and develops dental caries is a systemic interconnection of genetic 
and environmental risk factors. As for the caries risk factors related to the environ-
ment, it is reported that dietary exposure to sugar, poor hygiene habits, features and 
flow of saliva, and dental plaque are the most common determining factors [37]. On 
the other hand, factors stemming from genetics also have a high ratio of impact, as 
it is reported that the genetic risk score variation is 49.1–62.7% [38]. Caries risk, 
being a specific genetical phenotype, is affected by various other factors that can 
contribute to individual conditions. Along with the genetic factors, there are addi-
tional variables that relate to food consumption habits, immune system quality, 
saliva characteristics, taste, or enamel formation [39]. The latter factor, as a group 
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of scholars found, adds to caries development risks, as a relationship between enam-
elin (ENAM) and high risk of caries. In addition to this, research studies confirm 
that “a relationship between the genetic variation of tuftelin (TUFT1) and caries 
could be observed only when the Streptococcus mutans levels were high” [40]. In 
that context, relying on CRPMs environmental-based factors only risks losing much 
useful information. Some research studies propose that if a combined risk predic-
tion model consisting of both genetic and environmental factors is designed and 
utilized, it provides a more precise prediction in tracking either of these two factors 
than when used solely.

This implies that CRPMs need to be explored and researched with practical 
implications related to both groups of factors so that predicting caries risk could be 
conducted with more accuracy. A CRPM showcased in the study of Geilleit et al. 
(2018) is an innovative caries risk prediction model that is the first one to be designed 
with both mentioned predictors. By utilizing ML algorithms, this model includes, 
among others, factors such as “cariostatic score,” “plaque index,” and “past caries 
experience,” the latter of which appeared to be one of the most significant predictors 
of individual risk. Interestingly, this CRPM model included a factor that confirms 
whether the patients “were only teenagers in the family” [41].

In a similar Cariogram model developed by Ramesh et  al. (2013), instead of 
“bacterial counts,” “cariostatic score” was utilized for assessment of the cariogenic 
ability of the dental plaque. Cariostat, in fact deploys “a colorimetric test to evaluate 
the acid produced by bacteria in the plaque” [42]. As demonstrated in Richards 
et al.’s (2017) research study, carious lesions’ development occurs due to bacterial 
acids affecting the dental tissues causing their demineralization [43]. The deminer-
alization process is triggered when the pH level on teeth surfaces drops to <5.5. In 
that sense, Cariostat as a model can successfully evaluate the microbiological qual-
ity of caries and, quite contrary to other cariogenic tests such as Dentocult SM, 
focuses on the bacteria assessment and not the saliva in plaque. This model prom-
ises to provide more precision in the evaluation as cariogenic bacteria develop in the 
plaque form. Overall, as these studies imply that CRPM models provide substantial 
informational support, legislators could bring more informed decisions on preven-
tion policies for high-risk groups in the general population.

With nearly 1.8 billion new cases every year across the globe, early globally, 
early childhood caries (ECC) have chronic childhood disease. To improve early 
childhood caries (ECC) detection and implement novel treatment strategies, AI can 
offer innovative and reliable solutions, mainly if combined with interactive oral 
health education delivered through smartphone applications. The main reason bio-
medical techniques in ECC control that are used presently have poor results is the 
fact that they mainly deal with individual cases in terms of treatment procedures and 
do not focus on the preventive aspects that would refer to the general population. In 
the early stages of caries development, when white lesions appear on the enamel 
surface, dental caries must be localized in order to prevent further tooth decay and 
its impact on dental hard tissues.
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7.9  AI in Detection of Early Childhood Caries

The disease of early childhood caries (ECC) has been the most significant health 
problem and an international health challenge for children and their caregivers 
across the globe.

It is reported that the disease develops as a complex condition influenced by poor 
health hygiene, unbalanced diet, bacteria, and other determining risk factors [44]. 
To tackle the issue, parents and dental practitioners must act accordingly to dimin-
ish the risk factors and decrease the disease occurrence by self-engagement. As one 
of the key factors to overcome the problem is the caregiver’s ignorance or poor 
knowledge of the possible emergence of this condition, it is necessary to develop 
strategies that deploy innovative artificial intelligence (AI)-powered smartphone 
applications, as they can be easily navigated by children or parents, especially if 
direct access to dental clinics is limited. Such a tool can additionally help raise 
awareness of the gravity of the problem and engage parents to reduce the caries risk 
in a more practical manner.

There is evidence that “managing individual behaviors conditions” by a smart-
phone application can result in positive outcomes such as weight loss, diminishing 
smoking habits, or Parkinson’s disease progression [45, 46]. Statistics confirm that 
a significant percentage of Americans in the general population nowadays possess a 
smartphone (77%). In contrast, there is 85% of those coming from poorer back-
grounds have access to smartphones [47]. This implies that, with such a high ratio 
of smartphone users, changes can be introduced in oral health interventions, making 
them more approachable and fun at the same time.

In the context of AI in dentistry, mobile dentistry as a growing scientific field has 
been introduced in academic communities to bring oral health issues to a broader 
focus of the general population. Unfortunately, the existing apps have certain limita-
tions and cannot reach wider audiences. Firstly, the number of available apps for 
oral hygiene is significantly smaller than those that deal with general health issues. 
Secondly, of those applications that are commercially available, the majority focuses 
on the practical aspects of dental hygiene or recognition of specific dental diseases. 
The market has not yet offered a solution to communicate directly with parents and 
provide AI support for early caries detection in children. This is surprising, espe-
cially if we consider that AI image technology has been successfully utilized to 
support many disease diagnoses in various fields such as oncology, ophthalmology, 
radiology, etc. [48]. Smartphone applications (AICaries), specifically designed for 
parents-users, allow taking high- precision photos of their children’s teeth. Thus, 
upon detection of ECC, children’s caregivers can contact dental practitioners for 
initial treatment. In addition to this, such a smart app can serve as a training tool for 
parents who need further education on preventing ECC and eventually reducing 
caries risks.
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Chapter 8
Artificial Intelligence-Based Dental 
Diseases Through X-Ray Images Using 
Entropy CNN-Based and Support Fusion 
Mating

8.1  Introduction

Dental caries is a chronic infectious oral disease that affects the majority of teenag-
ers and adults around the world. According to the National Health and Nutrition 
Examination Survey, dental caries affects 41% of children aged 2–11 years (in their 
primary teeth), 42% of children and adolescents aged 6–19 years, and 90% of peo-
ple aged 20 years (in their permanent teeth). The majority of research has found that 
socially and economically disadvantaged people, such as low-income minorities, 
those with lower levels of education, and people with disabilities, are more likely to 
develop dental caries [1]. Dental caries afflicted 621 million children globally in 
2017 [2]. With a 20.6% increase over a decade [3], the prevalence of permanent 
dental caries among 12-year-olds in China increased by 7.8% between 2007 and 
2017 [4]. Age, sex, social determinants (income and education), health-related hab-
its (smoking, food, alcohol consumption, and health-care attendance), and water 
fluoridation all play a role in dental caries [5].

Furthermore, various epidemiological and clinical research have shown that 
tooth loss caused by oral illness, such as dental caries, is linked to negative dietary 
changes as well as potentially modifiable risk factors or risk indicators for cardio-
vascular disease and cognitive impairment. Various retention and restoration strate-
gies for the treatment of dental cavities have been proposed and improved over the 
last few decades [6]. With the rapid advancement of technology, image processing 
techniques have seen tremendous success and appeal in a wide range of applica-
tions. Alternatively, dental caries is regarded as the most widespread and quickly 
spreading disease. The bacteria (found in plaque) break down the food in the teeth, 
generating acids that severely damage the hard tissues around the teeth, resulting in 
tooth decay or dental caries. Approximately 60–90 percent of schoolchildren are 
impacted by this widely distributed disease, which is still considered a serious 
health problem. Recently, image processing techniques have been used in dentistry 
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to aid in the early detection and diagnosis of dental caries and other oral illnesses. It 
simply defines and categorizes the many types of dental disease infections. Several 
studies have been conducted for the detection of dental caries in difficult situations, 
and multiple approaches for the classification of dental caries are advised. 
Nonetheless, no such system can accurately characterize caries layers. However, in 
recent years, several ML (machine learning) techniques have been used to identify 
and analyze image data. The ANN (artificial neural network) and DNN (deep neural 
network) models of the ML method stand out among them. Despite the multiple 
existing strategies for early caries diagnosis, it is critical to develop a precise caries 
detection technique that is advantageous to the dentist [7].

In clinical orthodontic diagnosis, dental models play a significant role. By 
extracting, moving, and rearranging the teeth from the dental models, they can truly 
demonstrate the 3D anatomy structure of patients with malocclusion, as well as the 
form and position distribution of the teeth, and assist dentists in designing an effec-
tive and precise dental treatment plan. As a result, tooth segmentation is an essential 
stage in many oral medical research processes, as well as the foundation for 
computer- assisted dental diagnosis and therapy [8]. Gingivitis is an inflammation of 
the gingiva all-around tooth that causes the gums to become sensitive and bleed. 
Gingivitis can proceed to periodontitis, which causes severe inflammation and 
infection in the teeth’s supporting tissues. Due to soft tissue inflammation and bone 
loss, periodontal disease is a leading cause of tooth loss in adults. Periodontal dis-
ease has been shown as a significant predictor of oral-systemic health [9].

The fissures in the occlusal surface of the tooth are often where dental caries 
begin. Visual inspection, tactile sense, and radiography are the mainstays of tradi-
tional caries examinations [10]. A panoramic radiograph is one of the most common 
dental radiographic examinations because it allows for the screening of a large ana-
tomical region while only using a little amount of radiation. Although panoramic 
radiographs have not previously been considered for tooth recognition and number-
ing, similar approaches have been investigated for other forms of radiographs such 
as medical computed tomography (CT) and bitewings [11]. As assumed, most indi-
viduals have 32 teeth in total (eight teeth on each side of the jaw), which means we 
have 32 dental positions to detect. Meanwhile, the medical x-ray image is poor due 
to patient privacy concerns, and we rarely have access to as much x-ray picture data 
as we would like. As a result, tooth recognition and classification based on a high 
number of classes vs. a small amount of visual data is difficult. Many researchers 
have used image processing and segmentation techniques to achieve automatic 
tooth recognition using x-ray image preprocessing and teeth segmentation [12]. 
Furthermore, some patients may be wearing dental accessories at the time of the 
radiology. Such foreign objects disrupt the feature distribution of each tooth, mak-
ing the segmentation job more difficult. Traditional geometry-based approaches are 
less suitable for teeth segmentation tasks in practice as a result of these limitations, 
as they are less robust to complicated tooth forms and tooth configurations [13].

Observers have major disagreements over whether caries lesions are visible even 
when using the same radiograph. The quality of the radiograph, how the dentist 
views it and the time it takes to perform each exam can all affect inter-rater 
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agreement. When 34 raters viewed the same bitewing radiographs in a previous 
study, the mean kappa values for the presence or absence of dental caries and their 
degree ranged from 0.30 to 0.72. Consistency is crucial, especially when it comes to 
detecting the early stages of dental caries [14]. Deep learning and convolutional 
neural networks (CNNs) have lately been actively researched for the interpretation 
of various types of medical pictures, with encouraging findings [15].

The following is how the paper is organized: The associated works are discussed 
in Sect. 8.2. The proposed methodology is explained in Sect. 8.3, and the findings 
and debate are covered in Sect. 8.4. The conclusion is followed by the reference 
section in Sect. 8.5.

8.2  Related Works

Various strategies for computer-aided image segmentation in dentistry have been 
reported in the literature [16, 17]. This study tried to evaluate whether VRF could be 
recognized using panoramic radiography and convolutional neural network (CNN) 
technology, as employed by Fukuda et al. [18]. In this procedure, 330 VRF teeth 
with clearly visible fracture lines were selected from 330 panoramic photos in the 
hospital imaging collection. The presence of VRF lines was confirmed by two radi-
ologists and an endodontist. A total of 240 photographs were assigned to a training 
set and 60 images to a test set out of the 300 total. To detect VRFs, DIGITS version 
5.01 was used to develop CNN-based deep learning models. The precision of the 
implemented method was 0.93, and the F-measure was 0.83. Even though many 
studies have been published on the recognition of objects of interest from dental 
X-ray pictures, there is still a need for an automated technique that can accurately 
and effectively detect the required objects.

Xuan Zhang et al. [19] introduced a deep learning method based on a convolu-
tional neural network (ConvNet) to detect dental caries from oral photos. For the 
construction and evaluation of the model, researchers used 3932 oral photos taken 
by 625 volunteers with consumer cameras. Adapting from Single Shot MultiBox 
Detector, a deep ConvNet was created. The model was automatically trained using 
the hard negative mining technique. The model was tested for (i) classification accu-
racy in detecting dental caries in photographs and (ii) localization accuracy in pre-
dicting the locations of anticipated dental caries. The deep learning model appears 
to be capable of detecting dental cavities in oral images taken with consumer cam-
eras. It has the potential to aid in the early and cost-effective detection of dental 
caries in huge populations.

In-Ae Kang et  al. [20] presented their findings. Dental caries is an infectious 
condition that causes tooth decay, with cavities being the most prevalent symptom. 
Dental caries are one of the most common oral health problems, and research has 
been conducted to improve early identification due to pain and treatment costs. 
Artificial intelligence has been used in recent years to develop models that can pre-
dict the risk of dental caries. Medical research in oral health care has shown 
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limitations such as significant funds and time required; therefore, artificial intelli-
gence has been used in recent years to develop models that can predict the risk of 
dental caries. The data for this study came from a survey of children’s dental health 
done by the Korean Center for Disease Control and Prevention in 2018. The accu-
racy, F1-score, precision, and recall of several machine learning methods were used 
to evaluate their performance on this data. With an accuracy of 92 percent, an F1 
score of 90 percent, a precision of 94 percent, and a recall of 87 percent, random 
forest has outperformed all other machine learning algorithms.

Rodolfo Reda et al. [21] addressed the existing evidence supporting the use of 
magnetic resonance imaging (MRI), a nonionizing radiation-free diagnostic scan, in 
several dental domains. Background: In today’s first- and second-level dental diag-
noses and treatment planning, radiographic imaging plays a critical role. The big-
gest downside is that patients are exposed to a lot of ionizing radiation. Methods: 
The PubMed electronic database was used to search for literature on dental MRI, 
and 37 research were found. Only the most relevant articles in the fields of endodon-
tics, conservative dentistry, implantology, and oral and craniofacial surgery were 
chosen. The findings of all of the articles included in this review demonstrated that 
MRI can produce well-defined pictures that can be used in surgical dentistry. 
Conclusions: The promise of MRI for diagnosis in dental clinical practice is high-
lighted in this review, with minimal danger of biological damage from constant 
ionizing radiation exposure.

8.3  Proposed Methodology

The dental imaging collection, which was obtained from Noor Medical Imaging 
Center in Qom, Iran, consists of unidentified and anonymized panoramic dental 
x-ray images of 116 patients. From healthy teeth to partial and total edentulous 
instances, this dataset covers a wide range of dental disorders. Two dentists manu-
ally segment all conditions of distinct situations [14]. The dataset can be obtained 
from the Kaggle website which is publicly available at https:// www.kaggle.com/
daverattan/dental- xrary- tfrecords.

8.3.1  Preprocessing

The multiclass classification will be performed using x-ray pictures of teeth in this 
study. There are three categories in this classification: “cavity,” “filling,” and 
“implant.” The suggested effort will enrich the data at the beginning and then pre-
process it. The data is then divided into training and validation sets. Consider ΔD is 
the x-ray image database, ΔD∈ {D1, D2, D3, .... Dn}, where “n” is the number of 
images and the vector function. For noise removal, the input images are first prepro-
cessed with a Gaussian filtering function. A linear filter is a Gaussian filter. Where 
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the underlying goal is to estimate the original image by suppressing noise from a 
noise-contaminated version of the image, filters are employed to increase. Equation 
[22] defines the Gaussian filter (8.1):
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where (a, b) is the current pixel of the image. Figure  8.1 shows the proposed 
flowchart.

8.3.1.1  Convolution Entropy-Based Feature Mapping

CNN can extract powerful features from input data by building several filters and 
using these filters to extract representative features layer by layer. There are three 
types of layers in the current CNN feature extraction stage. The neural network in 
modified entropy-based convolution has four layers, plus one extra layer to normal-
ize the structure, as shown in Fig. 8.2.

Fig. 8.1 The proposed flow diagram

8.3 Proposed Methodology
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Fig. 8.2 The structure of a 
convolutional neural 
network

Convolutional Layer

It consists of numerous learned weight matrices (filters) that slide across the input 
characteristics. The yield of previous layers is convolved with distinct learning 
weight matrices called filter masks in each convolutional layer. The result is then 
prepared using a nonlinear procedure to create the layer output. Using conditional 
logic, this layer performs the convolution of the input data with the kernel (8.1). The 
result of the convolution is also known as the feature map:
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where yn is the input features, ĥ  is a filter, and M is the number of components 
in y and the output vector is Ck. The weights and biases of the model are updated 
with condition (8.3) and condition (8.4) separately for all layers:
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where Wn denotes the weight, Bn denotes the bias, n denotes the layer number, λ 
denotes the regularization parameter, x denotes the learning rate, Nt denotes the total 
number of training samples, m denotes the momentum, t denotes the updating step, 
and C denotes the cost function.

Entropy-Based Normalization Layer Feature Mapping

The output of the convolution layer is subjected to an entropy-based normalizing 
layer. The entropy-based normalization in the neural network is used to reduce over-
fitting in the layers before the max-pooling layer. Enthalpy is a haphazardness 
assessment that is used to describe the texture of an input image. This entropy value 
is used to distinguish between the texture of an iris and non-iris parts such as the 
sclera and pupil. The entropy of the ith superpixel Ey

i  is calculated by condition 
(8.5) as

 
E C u v C u vy

i

u

m

v

m

k k� � � � � �� �� �
�

�

�

�

��
0

1

0

1

2, ,log
 

(8.5)

where u, v is the position value of Ck. The entropy of segmented contour-based fea-
tures such as color, texture, and brightness is examined here, and the entropy fea-
tures set is used as an input to the normalization procedure for effective clustering 
of the sclera, iris, and pupil segments separately.

 (a) Normalization

Normalization is the process of linearly transforming data to fit it into a specific 
range. The enthalpy value determines the specific range in this case. For data stan-
dardization, the Z-score normalization is used, which linearly changes the data.

Equation (8.5) is the formula for Z-score normalization:
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Here, Znorm is the normalized output, Ey
i  is the entropy value, μ is the mean value 

of the convolutional layer output image, andσ is the standard deviation of the values 
in the convolutional layer output image. The entropy measure is used to normalize 
the output image of the convolutional layer (8.5). The entropy-based normalized 
image produced by this layer is fed into the pooling layer.
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Pooling Layer

The downsampling layer is what it’s called. To reduce the computational intensity 
and avoid overfitting, the pooling mechanism reduces the dimension of result neu-
rons from the entropy-based normalization layer. The most extreme incentive in 
each element is chosen by max-pooling activity, which reduces the number of out-
put neurons. Furthermore, the pooling layers help to simplify the data in the convo-
lutional layer’s output.

Fully Connected Layer

Each activation in the previous layer is fully associated with this layer. That is, each 
neuron from the maximum pooled layer is connected to all of the output neurons 
through this layer. The activation function used in this research is as follows:

Softmax
The probability distribution of the k output classes is calculated using this activation 
function. As a result, the output layer employs the softmax function to forecast a 
class input that fits the terms “cavity,” “filling,” and “implant”:
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where x is the system input. Output feature mapping of CNN are “cavity,” “fill-
ing,” and “implant” segments. Convolutional neural networks have less difficulty to 
train convolution layers that are used to group images, feature map them by similar-
ity, and conduct x-ray image identification in scenes.

8.3.2  Classification of Support Value-Based Fusion 
Matching Process

In this part, a support value-based fusion matching technique is used to match rec-
ognized and non-recognized proficient validation information. First, the support 
esteem for the extracted features set is estimated using condition (8.8) and then a 
support value-based score is calculated using condition (8.9). Finally, the Euclidean 
distance between the training and testing score esteems is calculated to match the 
score. The data is recognized if the Euclidean distance assessment is less than the 
threshold; otherwise, the data is not recognized. Condition denotes value-based 
fusion support for the extracted features:
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where c(f) is the cavity-based feature, f(f) is the filling-based feature, and i (f) is 
the implant-based feature.

The score measure is depicted as, which is based on the support value, minimum 
and maximum value of all features.
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Matching Score
The Euclidean distance between the testing procedure score esteem and the training 
score esteem is calculated here. If the estimated distance is smaller than the thresh-
old value, the implant is classed as a “cavity,” “filling,” or “implant”:
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where ED

˜

 is the Euclidean distance between training and testing score mea-
sures, Straining is the score measure of the training set, and Stesting is the score measure 
of the testing set. At last, the framework decides “cavity,” “filling,” and “implant” by 
the matching score.

8.4  Result and Discussion

The Python programming language is used to carry out the tasks mentioned. The 
accuracy, precision, recall, and F-measure are the performance parameters used to 
validate the models. In comparison to the existing systems AlexNet [14], CNN [15], 
and NASNet [16], the proposed model has a precision of 99.7%. The graph of per-
formance measures is shown in Fig. 8.3. The suggested method’s MAE, MSE, and 
RMSE value graphs are also plotted and compared to the existing aproaches. The 
algorithms for calculating performance metrics are shown in Table  8.1. Fig.  8.4 
depicts the three classes of dentistry: cavity, filling, and implant.

8.4 Result and Discussion
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Fig. 8.3 Comparison of performance measures with the proposed and the existing methods

Figure 8.3 shows the graph of performance measures. The MAE, MSE, and 
RMSE value graphs are also plotted for the proposed and compared with the exist-
ing methods. Figure 8.3(a) shows the accuracy graph of comparison with the pro-
posed existing methods AlexNet [14], CNN [15], and NASNet [16]. The accuracy 
reached is 99.7%, which is far better when compared with the existing methods, i.e., 
96.4%, 94.4%, and 94.3%. Figure 8.3(b) shows the comparison of precision, recall, 
and F-measure proposed reaching 98% compared with the existing methods reach-
ing low values. Figure 8.3(c) shows the MAE (mean absolute error) comparison 
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Table 8.1 Calculation formulae of the performance measures

Performance measures formula

Accuracy 

TN TP

TN TP FN FP

�� �
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Precision 
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TP FP+

Recall 
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F-measure 
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Fig. 8.4 Classification of dentistry in three classes: cavity, filling, and implant

with the proposed existing methods AlexNet [14], CNN [15], and NASNet [16]. 
The MAE for the proposed system is as low as compared with the existing methods 
reaching high error rate. Figure 8.3(d) shows the MSE (mean square error) compari-
son with the proposed existing methods AlexNet [14], CNN [15], and NASNet [16]. 
The MSE for the proposed system is as low as compared with the existing methods 
reaching high error rate. Figure 8.3(e) shows the RMSE (root mean square error) 
comparison with the proposed existing methods AlexNet [14], CNN [15], and 
NASNet [16]. The RMSE for the proposed system is as low as compared with the 
existing methods reaching high error rate.

8.4 Result and Discussion
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8.5  Conclusion

This research presents an x-ray image-based multiclass classification algorithm. 
The work used an entropy-based feature mapping approach to create a convolu-
tional neural network. Fusion matching is based on support value classification. 
During the classification procedure, three different sorts of classes are used: cavity, 
filling, and implant. Multiple layers, dropout layers, and activation functions are 
used to apply image processing stages to neural networks. While the purpose of this 
research is to segment tooth instances, the technique shown here can be extended to 
other domains with similar issues, such as separating cell instances. When com-
pared to existing approaches, better overcome were generated in this research.
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