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Introduction to Artificial Intelligence

Kaan Orhan and Rohan Jagtap

What s Al?

Artificial intelligence (Al) is a rapidly growing field of computer science that aims
to create intelligent machines capable of performing tasks that typically require
human intelligence. These tasks can include recognizing speech, making decisions,
solving problems, playing games, and even translating languages. Al systems are
designed to mimic human cognition and behavior, making them powerful tools for
automating complex and repetitive tasks.

There are two main categories of Al: narrow or weak Al, and general or strong
Al Narrow Al is designed to perform a single task, such as playing chess or recog-
nizing speech, and has been widely adopted in various industries, including finance,
healthcare, and retail. On the other hand, general Al has the potential to perform any
intellectual task that a human can, but it is still in its early stages of development.

Al technologies are driven by algorithms, which consist of sets of instructions
that guide a computer’s actions. Some of the most widely used algorithms in Al
include decision trees, neural networks, and deep learning algorithms. Decision
trees are employed for decision-making, neural networks for pattern recognition,
and deep learning algorithms for tasks like image and speech recognition.
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Machine learning, a subset of Al, enables computers to learn from data and
improve their performance over time. This is achieved by utilizing algorithms to
analyze vast datasets, identify patterns, and make predictions or decisions without
explicit programming. Deep learning, another subset of machine learning, leverages
deep neural networks to process and analyze large datasets, enabling computers to
recognize intricate patterns and perform complex tasks.

Natural language processing (NLP) is another critical area of Al that centers
around teaching computers to understand and process human language. This encom-
passes tasks like speech recognition, sentiment analysis, and language translation
and is widely applied in virtual assistants and customer service chatbots.

Similarly, computer vision is another important field of Al that concentrates on
instructing computers to recognize and comprehend images and videos. This tech-
nology finds applications in object recognition, image classification, and even
autonomous vehicles.

Robotics is another significant area of Al that involves designing and construct-
ing robots capable of performing tasks that typically require human intelligence.
These robots can be programmed to carry out activities in industries such as manu-
facturing and logistics, automating repetitive tasks, and enhancing overall efficiency.

Al has the potential to revolutionize the way we live and work, and it is already
making a profound impact across numerous industries. However, like any technol-
ogy, Al raises ethical and societal concerns, including job displacement, privacy
issues, and bias in decision-making. It is essential for researchers, policymakers,
and the general public to carefully consider these issues and cultivate responsible Al
practices as the field continues to advance and mature.

How Does Al Work?

The term artificial intelligence (AI) describes the creation of computer systems
capable of performing activities that typically require human intellect, such as
speech recognition, visual perception, decision-making, and language translation.
Al programs can learn from data, discern patterns, and arrive at conclusions or pre-
dictions. Al comes in various forms, including:

Machine learning, a branch of artificial intelligence, focuses on teaching algo-
rithms to make predictions or judgments using data. Depending on the type of prob-
lem they are designed to address, machine learning algorithms can be supervised,
unsupervised, or semi-supervised.

Artificial neural networks, also known as “artificial neural networks,” are utilized
in deep learning and are designed to mimic the structure and operations of the
human brain. Deep learning algorithms, powered by these networks, have been suc-
cessfully applied to tasks such as image recognition.

Natural language processing (NLP) is another branch of Al that aims to provide
computers with the ability to understand and analyze human language. NLP algo-
rithms can handle various tasks, including machine translation, sentiment analysis,
and text categorization.
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Robotics is an area of artificial intelligence that concentrates on developing
robots capable of performing activities that would typically require human intellect.
To create robots that can interact with the real environment, robotics combines Al
with other technologies such as computer vision and mechanical engineering.

Computer vision is another branch of artificial intelligence that seeks to enable
machines to comprehend and analyze visual data from the outside world, including
images and videos. Computer vision algorithms can be employed for various tasks
such as object detection, scene comprehension, and image recognition.

Examples of predictive modeling for disease spread and resource allocation
include the use of machine learning algorithms to create models that predict the
spread of the virus. These models enable healthcare systems to allocate resources
more effectively and prepare for potential outbreaks. For instance, predictive mod-
els have been developed to estimate the number of hospital beds and intensive care
units needed for treatment.

Additionally, machine learning and artificial intelligence have been valuable in
rapidly and accurately tracking cases of the virus. These technologies assist in iden-
tifying hotspots and potential outbreaks. For example, machine learning algorithms
analyze data from various sources, such as news reports, social media, and official
health reports, to identify potential outbreaks and monitor the virus’s spread.

Machine learning algorithms have been utilized to analyze radiographical scans
and other imaging data quickly and accurately.

Drug discovery and repurposing using Al-assisted techniques: Machine learning
and artificial intelligence have been employed to identify potential drugs and repur-
pose existing drugs for treatment. For example, algorithms have been developed to
analyze vast datasets of chemical compounds to identify those with potential antivi-
ral properties and predict which existing drugs may be effective against the virus.

Providing chatbot and virtual assistants for answering common questions about
the virus and offering guidance on self-care: Machine learning and natural language
processing have been leveraged to develop chatbots and virtual assistants capable of
answering common questions about the virus and providing self-care guidance. For
instance, chatbots have been created to furnish information on symptoms, transmis-
sion, and treatments.

What Are the Different Approaches of Al?

There are several approaches to Al, mainly listed below:

Supervised learning: A supervised learning algorithm is one that has been pro-
vided with the correct answers, and it uses this knowledge to learn how to solve its
problem.

Unsupervised learning: An unsupervised learning algorithm learns without being
given any information about the data or its features. For example, if you want to
recognize images of cats in photos, an unsupervised machine-learning algorithm
could use similarities between images as the basis for recognizing patterns that
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might contain cats, without being told whether or not there are any actual cats within
each photo being classified.

Reinforcement learning: This form of machine intelligence combines both super-
vised and unsupervised techniques simultaneously, allowing it to improve its per-
formance through trial-and-error experimentation with new behaviors learned from
experience over time, if necessary. In other words, instead of having preprogrammed
rules guiding its actions (like those used by traditional computer programs), rein-
forcement learning allows for flexibility based on feedback from past experiences.
This means there won’t always be clear answers when attempting something new
because sometimes things will work out better than expected based on trial and
error rather than predetermined rulesets.

Why Is Al Important to Dental Professions?

Al has the potential to significantly advance dentistry and improve patient treat-
ment. In the dental field, artificial intelligence is applied in the following ways:

Precise diagnoses and treatment recommendations: Al systems can be trained
using vast amounts of dental data, including radiographs and patient histories, to
produce accurate diagnoses and treatment recommendations. This assists dental
practitioners in making informed judgments and offering their patients better treat-
ment options.

Predictive modeling for dental issues: Al systems can forecast the likelihood of
dental problems, such as tooth decay or gum disease, and suggest preventive treat-
ments using predictive modeling. This empowers dental practitioners to take pre-
ventive actions, enhancing patient outcomes and reducing the need for invasive
procedures.

Digital dental impressions: Al algorithms can process dental digital photos to
create precise digital imprints, which can be used for treatment planning, orthodon-
tics, and dental restorations. Compared to traditional impressions, digital impres-
sions are faster and more accurate, enhancing patient comfort and reducing the
number of required consultations.

Dental image analysis: Al algorithms can analyze radiographs and other dental
images to detect issues and provide accurate diagnoses. Dental experts can achieve
more precise diagnoses and deliver better treatment to their patients as a result.

Predictive maintenance: Al algorithms can be utilized to predict potential equip-
ment failures in dental tools, enabling dental professionals to take preventive mea-
sures and avoid equipment downtime. This ensures that patients receive the best
care possible without disruptions.

Why Is Al Important to Medical Professions?

Medical professionals value Al because of its potential to greatly enhance health-
care in various ways, including the following:
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Diagnosing and treatment: Al algorithms can analyze diverse patient data,
including medical records, images, and test results, to aid medical personnel in
diagnosing illnesses more reliably and quickly.

Predictive analytics: By analyzing data from various sources, such as wearables
and electronic health records, Al can assist medical personnel in identifying pat-
terns and predicting health outcomes. This can lead to cost savings in healthcare
while improving patient outcomes.

Personalized medicine: Al algorithms can create personalized treatment plans
for patients by considering their unique characteristics, such as genetics and
lifestyle.

Clinical decision support: Al algorithms can provide real-time guidance to medi-
cal experts during diagnosis and treatment, helping them make optimal decisions.

Drug research and discovery: Al systems can evaluate vast amounts of data and
efficiently identify potential new medications, accelerating the drug discovery
process.

Clinical trials: By examining data from earlier studies and patient records, Al
algorithms may assist medical practitioners in designing and carrying out clinical
trials that are more successful and efficient. Al has the potential to revolutionize
healthcare by enhancing the precision, effectiveness, and timeliness of diagnoses
and treatments, as well as by offering patients individualized care. Medical practi-
tioners can improve patient outcomes and develop medicine by harnessing the
potential of AL

Image analysis: Al algorithms are capable of analyzing medical images such as
X-rays, MRIs, and CT scans to find patterns and anomalies that could indicate the
presence of a disease. This can aid doctors in making more accurate diagnoses,
particularly when manually interpreting images is challenging.

Predictive modeling using Al algorithms trained on a vast amount of patient data
can forecast a patient’s likelihood of developing a certain ailment, such as cancer or
heart disease. This ability allows medical practitioners to adopt preventative actions
and make early diagnoses, potentially leading to better patient outcomes.

Diagnoses made in real time: Al algorithms can assist doctors in diagnosing and
treating patients in real time. For instance, Al systems can assess patient data and
offer healthcare providers instant suggestions for the best course of action based on
the most recent evidence-based research.

Treatment planning: By taking into consideration a patient’s unique traits, such
as genetics and lifestyle, Al algorithms may be utilized to create individualized
treatment plans. This can aid healthcare practitioners in choosing the optimal course
of action for each patient, improving results, and lowering the chance of adverse
consequences.

Clinical decision support: Al algorithms can provide real-time guidance to medi-
cal professionals during diagnosis and treatment, helping to ensure that they make
the best decisions for their patients. For example, Al algorithms can analyze patient
data and provide medical professionals with recommendations for the best course of
action based on the latest evidence-based research.
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Predictive modeling: Al algorithms can be trained on large amounts of patient
data, such as electronic health records, to predict the likelihood of a patient develop-
ing a certain condition, such as heart disease or cancer. This can help medical pro-
fessionals take preventive measures and make earlier diagnoses, leading to better
patient outcomes.

Al algorithms can be used to predict when medical equipment is likely to fail,
enabling medical professionals to take preventive measures to avoid equipment
downtime and ensure that patients receive the best possible care.

Moreover, Al algorithms can analyze large amounts of data from various sources,
such as electronic health records, wearables, and social media, to predict population
health trends and identify populations at risk of certain conditions. This can help
medical professionals implement preventive measures to improve population health.

Additionally, Al algorithms can provide real-time guidance to medical profes-
sionals during diagnosis and treatment by analyzing patient data and predicting the
best course of action based on the latest evidence-based research. Predictive analyt-
ics has the potential to significantly improve healthcare by allowing medical profes-
sionals to make predictions about future health outcomes and take preventive
measures to enhance patient outcomes. By leveraging the power of Al, medical
professionals can advance the field of medicine and provide better care for patients.

Conclusions

In general, Al systems work by processing large amounts of data, identifying pat-
terns and relationships within the data, and using this information to make predic-
tions or decisions. Al systems can improve over time as they are exposed to more
data and experience, allowing them to make better predictions and decisions. Al has
the potential to significantly improve the field of dentistry by enabling dental pro-
fessionals to make more accurate diagnoses, provide better care for their patients,
and improve overall efficiency. By leveraging the power of Al, dental professionals
can advance the field of dentistry and provide better care for their patients.
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Understanding of Al in Dental Field
with Technical Aspects

Nurullah Akkaya, Giirkan Unsal, and Kaan Orhan

Introduction

For diagnostic radiologists, deciphering and interpreting medical images is a critical
cognitive task. It has historically been difficult to automate these tasks effectively,
despite numerous advances in the field of computer vision, which entails teaching
computer programs to interpret and comprehend the visual world.

A branch of Al known as DL has recently made substantial advancements in
challenging tasks such as image classification, object identification, speech recogni-
tion, language translation, and natural language processing. This breakthrough is
particularly important as DL with convolutional neural networks (CNNs) has
entirely transformed pattern recognition.

The extraordinary achievement of DL using CNNs in nonmedical fields has cre-
ated considerable excitement and research interest in changing the computerized
processing of medical images. This development has also highlighted how urgent it
is for radiology specialists to become familiar with this quickly developing technol-
ogy. Al researchers have hypothesized that DL algorithms may soon exceed radi-
ologists in some radiological reports. Recent advances in DL algorithms have been
made in the field of diagnostic imaging, including the detection of breast cancer on
mammograms, the segmentation of liver metastases using CT, the segmentation of
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brain tumors using MRI, and the classification of interstitial lung disease using a
high-resolution chest CT.

By defining important Al terms and outlining the background that led to the
development of DL systems, this chapter reviews the potential of DL. CNN archi-
tecture and the basic structure of neural networks (NNs) will be outlined and vari-
ous emerging clinical applications will be explored. A summary of the technical and
data requirements for DL will be provided and the field’s current limitations and
potential future perspectives will be discussed.

Artificial Intelligence

The goal of Al is to create computer systems that can carry out activities that tradi-
tionally require human intelligence. This is a comprehensive phrase that covers a
wide variety of approaches and subfields. ML, which includes learning algorithms
to recognize patterns and make predictions based on data, is one of the most well-
known subdisciplines of Al. As a result, tremendous progress has been made in
fields including autonomous cars, computer vision, and natural language process-
ing. Robotics is a crucial topic that deals with building intelligent devices that can
communicate with the real world. Manufacturing, healthcare, and space exploration
are just a few industries where robotics is used. Expert systems, which are computer
programs created to overcome complicated issues in specialized disciplines, and
evolutionary computation, which simulates natural selection to address optimiza-
tion issues, are other subfields of Al. Overall, as scientists continue to create new
approaches and technology to create intelligent systems, the area of Al is continu-
ally growing and evolving (Fig. 2.1).

Fig. 2.1 The link between
Al, ML, representation
learning, and DL is shown
by a Venn diagram
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Machine Learning

ML is a branch of Al that includes teaching algorithms to carry out tasks by infer-
ring patterns from data rather than having them programmed directly. In traditional
ML statistical techniques are used to categorize or separate the data based on fea-
tures, where human specialists discover and encode features that are singular in the
data (Fig. 2.2). For instance, a specialist in image processing could develop an algo-
rithm to deconstruct incoming images into its fundamental elements, such as edges,
gradients, and textures, in order to analyze them. To categorize or interpret an
image, one can statistically examine the presence of certain features in the image.

Complex computer vision tasks often lack a clear definition of optimal image
features for ML algorithms, even for experts in the field. For instance, teaching a
computer to recognize an anatomic landmark based solely on pixel brightness
(Fig. 2.3) might not be immediately obvious. Consequently, it may be preferable for
computer systems to learn and optimize feature combinations themselves, in addi-
tion to learning the mappings of features to desired outputs.

One type of ML that doesn’t involve feature engineering is representation learn-
ing. Instead, the algorithm decides which attributes are most important for catego-
rizing the input data on its own. A representation learning-based system has the
ability to produce better classification outcomes than one that depends on manually
engineered features when there are enough training examples available. The chal-
lenge is allowing an ML system to learn complex structures directly from raw data.

In this chapter, we will focus on DL, a kind of representation learning that
involves the algorithm learning a series of features that capture a hierarchy of struc-
tures within the data. The representations become progressively more complex by
being built up from simpler representations. These DL systems take an end-to-end
approach, where they learn basic features such as signal intensity, edges, and tex-
tures as building blocks for more intricate features like shapes, lesions, or organs.
This enables DL systems to exploit the compositional nature of images.

Ritle-trased «|  Explicit computer program |,
systems
Classic machine =p| Human-engineer=d |, Mapping from : w»| o
learning i features Il features. =
7 3 N, - \, ﬂ.
b
g E. - 5 ¢ S
Representation L | : Mapping from
learning - [ Features |+ [ ]""‘
S - - W
Deep learning ) > m}[mm‘“‘ - Mapging from ]-b
. g B 9

Fig. 2.2 Evolution of various Al systems. From classical rule-based systems to DL
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Fig. 2.3 Comparison between how a human interprets the image versus how a machine sees
the image

Artificial Neural Networks

Many of the earliest known learning algorithms were developed as computer mod-
els of biological learning; that is, they were intended to mimic how learning could
or might not occur in the brain.

NNs, which are also referred to as ANNSs or neural nets, are a subfield of ML and
play a central role in DL algorithms. These networks derive their name and structure
from the human brain, emulating how biological neurons communicate with
each other.

Synapses, which can be electrical or chemical, are what allow neurons in the
brain to communicate with one another. Dendrites carry electrochemical signals
from the synaptic area to the cell’s soma, which is its body (Fig. 2.4). The cell sends
an activation signal along its axon to interact with nearby neurons after a particular
excitation threshold has been met. This idea underlies the ability of NNs to encode
complicated signals. For example, a hierarchy of neurons in the visual cortex can
identify edges by combining signals from various visual receptors.

ANNSs are influenced by these biological processes that occur in the human brain.
The fundamental component of an ANN is the artificial neuron or node, which is a
simplified model designed to imitate the basic mechanism of a biological neuron.

When an artificial neuron receives a set of values representing features, each
feature is multiplied by a corresponding weight. The resulting weighted features are
then added together and passed through a nonlinear activation function. This pro-
cess enables an artificial neuron to make decisions by evaluating a set of evidence.
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Fig. 2.4 Comparison between biological and artificial neurons

The design of a neural network can be quite complicated, as opposed to the sim-
plicity of a single artificial neuron. Multilayer perceptrons, for example, are com-
posed of hundreds of neurons and can express nonlinear functions. These multilayer
perceptrons are built by stacking layers created by numerous neurons connected in
series, with the input of one layer feeding into the output of the next.

Deep Learning

The multilayer architecture of a perceptron with more than one hidden layer is
regarded as “deep” in DL. The output layer of the network generates goal values,
such as a target value for classification, whereas the input layer corresponds to the
input data, which can be individual pixel intensities, like the first layer. The interme-
diate layers, frequently referred to as hidden layers, calculate intermediate represen-
tations of the input characteristics that are beneficial to the inference procedure
instead than producing visible outputs immediately.
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A neural network may successfully simulate increasing degrees of abstraction in
the data by stacking numerous layers to generate a hierarchy of features that repre-
sents a progressively more sophisticated composition of low-level input informa-
tion. Deep architectures’ compositional strength enables NNs to make judgments
based on intangible ideas.

By using a neural network, it is necessary to successively calculate the activation
of each node of each layer, starting from the input layer and working your way up
to the output layer, in order to derive a prediction from a sample observation, such
as an image. Forward propagation is the name of this procedure.

The activation of the output layer is frequently sent via the SoftMax function, a
normalized “squashing” function that converts a vector of real values to a probabil-
ity distribution, while performing classification tasks. The output layer’s raw activa-
tion signals are converted into target class probabilities via the SoftMax algorithm.

The weights and biases of each node, which together make up millions of param-
eters in current architectures, must be changed in order to train a neural network.
Gradient descent is an optimization procedure that is used to find a set of parameters
that perform well on a training dataset. The process begins with a random initial
configuration. Predictions are created for a specific data sample during forward
propagation, and the network’s performance is assessed using a loss function that
gauges forecast inaccuracy. The network’s parameters are then individually small-
adjusted via back-propagation in the direction that minimizes loss.

A random portion of the training data is chosen at each cycle to alter the param-
eters according to memory constraints and the benefits of specific techniques. This
strategy is a common optimization method known as stochastic gradient descent.
The variables will move toward values that maximize the model’s accuracy as it is
trained repeatedly on each sample in the training dataset.

Deep Convolutional Neural Networks

Since local properties and regularities frequently predominate in natural pictures,
deep NNs are able to build features as a result. This makes it possible to build com-
plex pieces from tiny local characteristics. This characteristic enables CNNs to pro-
cess bigger and more complex inputs than multilayer perceptrons. Nevertheless,
since they must store redundant representations for all conceivable feature combina-
tions, multilayer perceptrons typically perform badly on pictures where the object
of interest fluctuates in shape, location, or orientation.

However, a CNN deals with those variances by performing a convolution opera-
tion and running each kernel across the whole image. This is appropriate for natural
pictures because it enables each feature detector to find local features in its immedi-
ate input. Deep CNNss take advantage of this compositional structure of real pictures
to continue to perform well even when objects in the images shift or change shape.
Using a simplified model architecture that contains convolutions, activation func-
tions, pooling, and SoftMax function, they are able to complete challenging tasks
like image classification.
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Convolutions

This particular network utilizes convolution operations which involve applying a
filter or kernel linearly to local areas of points in an input. Such as in PACS worksta-
tions, typical image filters, such as those for image smoothing and sharpening, oper-
ate through such operations. These filters generally represent features and are
defined by a grid of small weights, typically 3 x 3 x 3. If the input comprises of n
channels (e.g., different color channels), then the filter size would be n x 3 x 3 x 3.

The weights of the filters are distributed throughout all image positions to enable
accurate modeling of features that could exist anywhere in an image. By using this
method, the model is more effective, and less parameters are needed to model pic-
ture features. For each layer, typically several convolutional filters are learned, pro-
ducing a variety of feature maps. The locations where various characteristics of the
input image or the previous hidden layer have been recognized are highlighted on
these maps.

Activation Function

The activation function is a crucial element in deep NNs. It is a nonlinear function
that is applied to the outputs of linear operations like convolutions. By stacking
these functions, the input can be transformed into a representation that is linearly
separable by a linear classifier. The activation function is inspired by biological
neurons and typically acts as a selection function in a neural network layer. It
enables some features to be propagated to the output.

Previously, activation functions such as sigmoidal or hyperbolic tangent were
popular as they were believed to be biologically plausible. However, today, most
CNNs employ the rectified linear unit (ReLU) activation function in their hidden
layers. This function is linear for positive inputs, transmitting them as is, while
blocking negative inputs. This activation function has been proven to be effective in
various computer vision applications.

Downsampling

CNNs employ downsampling (or pooling) operation as an additional component.
This operation groups activations of feature maps into a lower-resolution feature
map. Downsampling enhances the effective scope, also known as the receptive field,
of subsequent filters. Furthermore, in conjunction with convolutions, this operation
minimizes the model’s sensitivity to small shifts of objects. This is because deeper
layers depend increasingly on spatially low resolution yet contextually rich
information.

In addition to its effectiveness in increasing the receptive field, downsampling
also reduces the memory footprint of the model. For example, every time a 2 x 2
pooling operator is used, the size of each feature map will decrease by 4.
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Max pooling is a commonly used form of downsampling. It works by transmit-
ting the maximum activation within a region transforming it into a lower-resolution
feature map. By repeating this process successively, we obtain maps that have
increasingly lower resolution yet represent richer information on the region of
interest.

Convolutional Neural Networks (CNN)

Early back-propagation CNNs were created for the purpose of reading handwritten
digits. The Neocognitron, an early network architecture that could recognize visual
patterns by layering simple and complex cells, served as an inspiration for the ini-
tially developed CNNs. The study of Hubel and Wiesel, which won them the 1981
Nobel Prize in Physiology or Medicine, on the two distinct cell types found in the
primary visual cortex served as the foundation for the creation of the Neocognitron.

CNNs may combine characteristics to acquire progressively more spatial infor-
mation. Only local characteristics collected by convolutional kernels are significant
at the input layer, whereas weak interactions exist between distant pixels. Each layer
of representation in the network maintains this pattern. The kernels analyze features
over bigger and larger spatial scales as we go further into the network, which leads
to downsampling and pooling layers that produce a coarser definition of the fea-
ture’s geographical location. The downsampling and pooling layers diminish spatial
resolution while the convolutional layers and activation functions alter the feature
maps. A standard network that has been trained for classification often transforms
the coarse feature representation close to the output into a vector form through fully
connected layers, where each neuron is linked to every neuron in the layer before it.
Layers that are fully linked allow for inference about the entire image’s content. In
classification tasks, the output nodes of a model can be thought of as a vector of log
probabilities for each target class. The output of a neural network may be normal-
ized using a SoftMax function at the final layer to parameterize a categorical distri-
bution for class probabilities (Fig. 2.5).

With their sophistication and capacity for learning characteristics, NNs are
sometimes referred to as opaque “black boxes.” Yet, there are several techniques
that may be used to enhance comprehension of the thought process that goes into a
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Fig. 2.5 How building blocks outlined in this chapter is organized into deep neural architectures
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trained CNN. Examining the related receptive field in the image that resulted in the
maximum activation for a particular feature map is one such technique that can
provide light on the function that the map serves. One might observe, for instance,
that low-level feature maps are activated when their receptive field overlaps with
different kinds of edges and corners, whereas mid-level feature maps are activated
on organ parts, and high-level feature maps contain information about whole organs
and large structures.

An alternative method for gaining insight into a CNN is to examine the pre-
SoftMax layer, which precedes the final classification layer. This layer represents
the image as an N-dimensional feature vector, which can be difficult to visualize
directly. To overcome this challenge, dimensionality-reduction techniques, such as
t-stochastic neighborembedding (t-SNE), can be applied to project the N-dimensional
vectors onto a 2D space that is easier to visualize. t-SNE is a common technique that
tends to preserve the Euclidean distances, meaning that close vectors in the high-
dimensional space are projected to be close to each other in the 2D projection.

Recurrent Neural Networks

Recurrent neural networks (RNNs) are a type of ANN that has the ability to process
sequential data by utilizing feedback loops. This allows RNNss to take into account
past information when making predictions or classifications, making them particu-
larly useful in tasks such as natural language processing, speech recognition, and
time series analysis. In the field of dentistry, RNNs have been applied to tasks such
as dental diagnosis, treatment planning, and prediction of treatment outcomes. For
example, RNNs have been used to analyze dental images and predict the risk of car-
ies or periodontitis as well as to identify features of tooth morphology for orthodon-
tic treatment planning. Additionally, RNNs have been employed to analyze
electronic dental records and predict the success of dental implants or the outcome
of orthognathic surgery. The ability of RNNs to handle sequential data and incorpo-
rate past information makes them a valuable tool in the field of dentistry for improv-
ing diagnosis, treatment planning, and patient outcomes.

Generative Adversarial Networks (GANSs)

A type of DL technique known as GANs creates new data that closely resembles a
given dataset using two NNs: a discriminator and a generator. When the discrimina-
tor network determines whether the samples are genuine, the generator network
creates fabricated samples. In a two-player minimax game, these two networks are
trained concurrently to maximize their individual goals. GANs have demonstrated
promise in a number of dental applications. For instance, they can create fake
images of dental components like teeth and gums to train and evaluate dental imag-
ing algorithms. GANs can also be used to generate patient-specific dental models
for use in treatment planning, such as in the design of dental implants or orthodontic
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appliances. Additionally, GANs have been used to generate realistic simulations of
dental procedures, which can be used to train dental students or assist in virtual
dental surgeries. Overall, the use of GANs in dentistry has the potential to enhance
the accuracy and efficiency of dental procedures and training, ultimately improving
patient outcomes. However, further research is needed to fully explore the potential
of GANSs in this field and to address any ethical considerations related to the genera-
tion of synthetic patient data.

Training the Model
Data

Data is necessary to create an ML model. Unsupervised learning and supervised
learning are two categories of ML methodologies that differ in the kind of data uti-
lized for training. Each instance in the dataset is given a matching output label in
supervised learning. For instance, a particular tumor picture can be tagged with the
appropriate tumor kind, such as “oncocytoma,” in an ML system made to categorize
kidney malignancies.

Unsupervised learning doesn’t employ annotated data in the dataset, in contrast
to supervised learning. Conversely, the algorithm looks for commonalities or pat-
terns among the data points before clustering them. While the generated structure
could help with some problems, such tumor segmentation or classification, it is still
difficult to implement totally unsupervised learning in real-world applications.
Semi-supervised learning, which trains the model using both labeled and unlabeled
data, is a more practical method that often employs more unlabeled data than
labeled data.

The complexity and nature of the job at hand define the ideal amount of a dataset
for training DL models, which might vary. Larger datasets tend to improve the per-
formance of DL models, allowing them to learn more intricate features and correla-
tions. To get high-quality labeled data, though, may be a difficult and expensive
operation. Two specialists may need to labor full time for a month to annotate 1000
medical photos for a 20-min image segmentation assignment, for instance.
Notwithstanding these difficulties, having a bigger dataset frequently has advan-
tages over disadvantages, particularly when it comes to doing well on challeng-
ing tasks.

Data augmentation is a technique which can be used to increase the size of a
dataset by applying random transformations to the data while maintaining the valid-
ity of the label assignments. This approach is useful when a limited amount of good-
quality data is available. Examples of transformations that can be used on images
include rotation, flipping, zooming, translation, skewing, and elastic deformation.
By generating image variants using data augmentation, the size of the training data-
set can be increased, which improves the performance of DL models.

Three subsets of the available data are frequently used in ML: training, valida-
tion, and test sets. By continuously analyzing the training images and modifying the



2 Understanding of Al in Dental Field with Technical Aspects 19

weights of the network connections depending on the errors, the training set is used
to optimize the parameters of the neural network. For doing model selection and
keeping track of the model’s performance throughout training, the validation set is
used. It is also the best proxy for estimating how well the model will perform on the
test set. Finally, the test set is used only at the end of the study to report the final
model performance after all parameters have been fixed. It is important to note that
using a separate test set ensures an unbiased evaluation of the model’s performance
on unseen data.

Learning

Hyperparameters, or parameters that are defined by the user rather than learned by
the model, are crucial for building efficient neural network architectures. The net-
work architecture, the number of filters used in each layer, and the optimization
parameters are a few examples of hyperparameters. In order to find the optimum
performing architecture, many configurations are tried and trained before being
used to pick the hyperparameters. While time-consuming, this procedure is essen-
tial to ensuring the model performs at its best.

After obtaining an appropriate dataset and neural network architecture, the next
step is to learn the model parameters. However, it is important to avoid overfitting,
which occurs when the model learns unique statistical variations in the training set
rather than generalizable patterns for the given task. Overfitting can be detected by
analyzing the accuracy of the model on both the training and validation sets. If the
model scores high accuracy on the training set but scores poorly on the validation
set, it is said to have overfit the training data.

The risk of overfitting the training and validation sets, which would result in the
model performing well on these sets but scores poorly on the test set, exists if we
thoroughly test the model on the validation data. A model that has too many param-
eters overfits itself by memorizing the training data while failing to adapt to new
data. We can think about reducing the model’s capacity or flexibility, like by decreas-
ing the amount of parameters, or adding additional data by using more rigorous data
augmentation, to solve overfitting.

Technical Requirements
Hardware

Modern DL models frequently require a substantial amount of computing to train
from beginning to conclusion. Deep CNNs have proven successful in part due to the
introduction of inexpensive parallel computing capability in the form of graphical
processing units (GPUs). Although GPUs were primarily intended for gaming, they
have proven to be efficient for parallel processing of operations on matrices and are
frequently seen as essential for quickly training huge, complicated DL models. In
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comparison to traditional central processing units, GPUs may dramatically speed up
performance, enabling the training of complicated models containing billions of
trainable parameters to be finished in a matter of days compared to several months
or weeks it would take for CPU-based training.

Software

Convolutional networks and other multilayer NNs may now be constructed and
trained using a variety of software frameworks. Popular frameworks like Theano,
Torch, and TensorFlow provide developers with effective low-level functions that
can define neural network designs with just a few lines of code. As contrast to
becoming mired down in low-level minutiae, this enables developers to concentrate
on higher-level architectural challenges. Moreover, these libraries give researchers
quick access to processing tools like GPUs. Also, a majority of these software tools
are open-source and free, making it possible for anybody to see and edit their code-
bases. The academic and industry research groups are working together on ML
issues at an accelerating rate because to the open nature of these technologies,
exchanging code, models, data, and papers without restriction.

Benefits of Artificial Intelligence

As it has the potential to revolutionize several industries, including dentistry, Al has
drawn a lot of interest. Al is capable of carrying out jobs that were previously han-
dled by humans, but more accurately, quickly, and effectively. We will examine
some of the possible advantages of Al for dentists in this setting, such as its capacity
to automate workflows, lessen human error, and enhance decision-making. These
advantages could enhance patient results and general dentistry practice effective-
ness. Some of these advantages include but not limited to the following:

* Automation: Al has the capacity to function freely from a human team, auto-
mate workflows. This can lower labor expenses, boost productivity, and enhance
accuracy while doing routine activities. Aspects of dental treatment that may be
automated include appointment scheduling, reminding patients of their visits,
and processing insurance claims. Digital imaging and 3D printing technology
may be utilized to design and create dental restorations such as crowns or
implants.

e Reduce human error: Al may improve decision-making, increase safety, and
improve outcomes by removing manual errors from data processing, analytics,
industrial assembly, and other processes. Algorithms that consistently adhere to
pre-programmed procedures can aid in lowering the possibility of human error.
By giving dentists real-time feedback while doing operations, Al can assist lower
human error. For instance, Al can examine photos taken during dental operations
and notify clinicians of any potential problems or places that need further
attention.
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Eliminate repetitive tasks: Al may be used to automate monotonous operations,
freeing up human resources to concentrate on issues with a bigger impact.
Productivity, job happiness, and general workplace effectiveness may all benefit
from this. Data input, appointment scheduling, and patient reminders are all
repetitive processes that Al may automate in dental clinics.

Fast and accurate: Al is capable of processing more data more quickly than a
person, seeing links and patterns in data that a human could overlook. This can
help improve decision-making and enable organizations to respond more quickly
to changes in their environment. Al can process large amounts of patient data
quickly and accurately, allowing dentists to make informed decisions about
patient care. For example, Al can analyze patient data to identify risk factors for
oral diseases and develop personalized treatment plans.

Infinite availability: Al is not limited by the hours of the day, the requirement
for breaks, or other human limitations. Al and ML can be “always on” and work-
ing on their assigned duties when operating in the cloud. By virtual consultations
and remote monitoring, Al can give patients access to dental treatment around
the clock. Patients who reside in rural places or have trouble getting to the den-
tist’s office may find this to be extremely helpful.

Accelerated research and development: Research and development break-
throughs can happen more quickly if huge amounts of data can be promptly
analyzed. Al has been used, for example, to measure the human genome or to
anticipate potential new medicinal treatments. To find trends and patterns rele-
vant to oral health, Al can be used to examine big datasets. For instance, Al can
examine patient records to find oral disease risk factors or genetic data to find
possible targets for novel dental treatments.

Personalization: Al can be used to personalize experiences, from recommend-
ing products or services based on customer data to tailoring educational content
based on an individual’s learning style. Al can be used to personalize treatment
plans based on individual patient needs and preferences. For example, Al can
analyze patient data to determine the most effective treatment options for a par-
ticular patient based on factors such as age, medical history, lifestyle, and
genetic makeup.

Cost savings: Savings: By automating repetitive processes, removing the need
for human data input, and boosting efficiency, Al can help lower the cost of den-
tal treatment. For instance, by evaluating consumption trends and placing orders
for supplies automatically as needed, Al may assist dentists in streamlining their
supply chain.

Improved decision-making: By analyzing large amounts of data and identify-
ing patterns and trends, Al can help organizations make better decisions, reduce
risk, and optimize performance. Al can be used to support decision-making in
various industries by providing data-driven insights and recommendations. For
example, in finance, Al can be used to analyze market data and provide invest-
ment recommendations to financial advisors.

Increased efficiency: Al may assist businesses in streamlining operations and
reducing inefficiencies, which leads to cost savings, increased productivity, and
higher client happiness. By automating repetitive procedures and offering
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real-time data insights, Al can increase productivity in dentistry clinics. For
instance, Al may use data on patient flow to assess appointment scheduling,
resulting in shorter wait times and more patient satisfaction.

Enhanced safety: Al can be used to monitor and respond to potential safety
risks, such as detecting and alerting to hazards in the workplace or predicting and
preventing equipment failures. Al can be used to enhance safety in various indus-
tries, such as manufacturing and transportation, by identifying potential safety
hazards, and providing real-time alerts to workers. For example, Al can be used
to analyze sensor data from machinery in a factory to identify potential safety
risks and alert workers to take action.

Improved customer service: Al can help improve customer service by automat-
ing responses to simple inquiries, providing personalized recommendations, and
identifying and resolving customer issues in real time. Al can be used to improve
customer service by providing personalized recommendations, answering cus-
tomer questions, and resolving customer issues quickly and efficiently. For
example, Al-powered chatbots and voice assistants can help dental practices
communicate with patients and provide support 24/7. These tools can help
patients schedule appointments, ask questions about procedures, and receive
reminders about their treatment plans.

Sustainability: Al can be used to optimize resource usage, reduce waste, and
promote sustainability, such as by optimizing energy usage in buildings or pre-
dicting crop yields in agriculture.

Predictive maintenance: Al can be used to predict when equipment or machin-
ery is likely to fail, allowing for preventative maintenance and reducing down-
time and maintenance costs. Al can be used to provide predictive analytics to
dentists, helping them to identify patients at high risk for oral diseases and
develop preventative treatment plans. For example, Al can analyze patient data
to identify risk factors for oral diseases such as periodontal disease and develop
personalized treatment plans to prevent the onset of the disease.

Fraud detection: By examining data trends and spotting probable anomalies or
suspicious activity, Al can be used to both detect and prevent fraud. Al can be
used to identify and stop dental insurance claim fraud. Al, for instance, can
examine claims data to spot patterns of fraud or abuse, assisting insurance com-
panies in identifying and preventing false claims.

Improved medical diagnosis and treatment: Al can assist healthcare profes-
sionals in making more accurate diagnoses and treatment plans by analyzing
medical images, patient data, and other relevant information. Al can analyze den-
tal X-rays or scans to help dentists accurately diagnose and develop treatment
plans for oral diseases or conditions. For example, Al can analyze images to
detect cavities or bone loss that may not be visible to the naked eye.

Language translation: AI may be used to translate text or speech from one lan-
guage to another automatically, facilitating cross-cultural interaction and col-
laboration. Al can assist dentists in communicating with clients that are
linguistically diverse. For instance, Al-powered language translation
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technologies may assist dentists in communicating with clients who speak a dif-
ferent language and making sure they comprehend the steps and instructions.

e Improved supply chain management: Al can be used to optimize supply chain
management by analyzing data on inventory levels, transportation routes, and
demand patterns, resulting in cost savings and improved efficiency. Al can help
dental practices optimize their supply chain by analyzing inventory levels, order-
ing patterns, and demanding patterns to ensure that necessary supplies are always
available.

e Improved education and learning: Al may be used to customize educational
content and give students real-time feedback and support, which can help to
enhance learning results. Dental students can benefit from personalized learning
experiences that employ Al to adapt the learning materials and feedback to their
particular requirements and learning preferences.

e Improved cybersecurity: Al can be used to detect and respond to potential
cybersecurity threats, such as identifying and blocking malicious activity or ana-
lyzing data for potential vulnerabilities. Al can be used to protect patient data
and prevent cyberattacks on dental practices. For example, Al-powered cyberse-
curity tools can monitor network traffic and detect and respond to potential
threats in real-time.

Al Methods in Dental Field

The clinical use of DL has demonstrated outstanding performance, especially for
jobs using real imagery like pictures. This has prompted the medical image process-
ing community to quickly adopt it. The latest uses of DL for classification, semantic
segmentation, object identification, clustering, prediction modeling, and anomaly
detection tasks will be the main emphasis of this section.

Classification

Predicting the class or category of an input is the goal of the supervised ML process
known as classification. In radiology, classification tasks may entail predicting
lesion type or condition given a patient image. This method can be used to deter-
mine the kind of cancer or to determine the existence of a disease, among many
other issues. Convolutional neural networks (CNNs), in particular, are frequently
utilized in DL to handle classification problems in radiology. After forward propa-
gation of the input images, the softmax layer generates a vector of class probabili-
ties, where the predicted class is represented by the greatest value. DL methods are
more data-hungry than conventional computer vision and ML techniques. The lack
of labeled medical imaging datasets, however, is a serious problem for the commu-
nity. Millions of nature photographs can be tagged via crowdsourcing, but precisely
categorizing medical images is difficult and costly. A balanced and representative
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Fig. 2.6 Classification of two oral lesions. Squamous cell carcinoma (left) is classified as malig-
nant, and frictional keratosis of the tongue (right) is classified as benign by the algorithm

training dataset might be difficult to put together given the large range of pathologic
states seen in clinical practice.

Transfer learning is a popular method for dealing with the shortage of labeled
pictures. This method entails pre-training a CNN on a job for which there is ample
data before fine-tuning the network’s final layers to match a relatively small and
specialized dataset. Numerous authors have obtained a high performance by reusing
pre-trained generic architectures since algorithms pre-trained on the well-known
ImageNet challenge dataset are freely accessible. Accuracy, which is the proportion
of properly predicted samples over all predictions, is often used to evaluate these
models’ performance. In image classification contests, top-five accuracy is a fre-
quent criterion used for problems with several target classes. This measure evaluates
whether the right label falls among the five classes with the greatest expected prob-
ability. By providing anticipated and true labels, a confusion matrix is a common
method used to visualize the model performance.

For instance, ML algorithms can be taught to categorize dental radiographs as
healthy or affected to help with early identification and treatment or to diagnose oral
lesions as either benign or malignant based on criteria such as size, shape, and tex-
ture (Fig. 2.6).

Semantic Segmentation

Semantic segmentation is a subfield of computer vision that involves dividing an
image into different regions or segments and assigning each segment a semantic
label. The goal of semantic segmentation is to extract a rich and meaningful under-
standing of the visual content of an image. It is an important problem in many fields,
including autonomous driving, medical imaging, and robotics. In recent years,
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semantic segmentation has also become increasingly important in dentistry, where
it is used to analyze and diagnose various oral diseases. One of the key challenges
in semantic segmentation is the accurate delineation of object boundaries. This
requires not only identifying the object in question but also being able to separate it
from its surrounding background. To achieve this, researchers have developed vari-
ous DL models based on CNNs, which have proven highly effective for semantic
segmentation tasks.

As the majority of pixels do not correspond to the target class, segmentation
quality cannot be determined by pixel-wise classification accuracy. Metrics such as
intersection over union (IoU) or Dice score are frequently used these metrics mea-
sure the overlap between ground truth and segmentation mask. Their values range
from O for no overlap to 1 complete overlap.

One popular approach to semantic segmentation is the fully convolutional net-
work (FCN) architecture. FCN is a CNN that replaces the fully connected layers of
a traditional CNN with convolutional layers, enabling it to produce a dense pixel-
wise output. FCN is trained end to end on large datasets of annotated images,
enabling it to learn the complex relationships between image features and their cor-
responding semantic labels. Another popular approach to semantic segmentation is
the U-Net architecture, which was developed specifically for biomedical image seg-
mentation. The U-Net architecture consists of an encoder network that downsam-
ples the input image and a decoder network that upsamples the feature maps to
produce a pixel-wise segmentation map. The U-Net architecture has been shown to
be highly effective for segmenting a wide range of biomedical images, including
dental radiographs and 3D dental scans.

In dentistry, semantic segmentation is used for a variety of applications, includ-
ing the diagnosis and treatment planning of dental diseases. For example, in the case
of periodontitis, a common oral disease that affects the supporting tissues of the
teeth, semantic segmentation can be used to segment the periodontal ligament, alve-
olar bone, and gingival tissues. This segmentation can then be used to measure the
thickness of the periodontal ligament, which is a key indicator of the severity of the
disease. Semantic segmentation can also be used in the diagnosis of dental caries, a
common dental disease caused by bacterial infection. By segmenting the teeth and
the carious lesions, dentists can accurately assess the extent of the caries and plan
the appropriate treatment. Additionally, semantic segmentation can be used to seg-
ment dental implants and surrounding tissues, enabling the assessment of the
implant stability and the diagnosis of implant-related complications. In Figs. 2.7
and 2.8, automatic segmentation of crown/bridge restorations and automatic seg-
mentation of lichen planus are seen, respectively.

Object Detection

Object detection is the process of finding possible lesions or abnormalities in
images, e.g., lung nodules. This is frequently accomplished by projecting these
lesions’ locations as bounding boxes. Sampling potential patches near areas of
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Fig.2.7 Automatic
segmentation of the crown/
bridge restorations on an
OPG. Manual
segmentations of the
clinicians (above) and
automatic segmentation of
the algorithm (below) have
a high spatial overlap that
shows that algorithm is
successful in that task

Fig. 2.8 Automatic segmentation of the reticular lichen planus lesion on an intraoral photograph.
Manual segmentations of the clinicians (left) and automatic segmentation of the algorithm (right)
have a high spatial overlap that shows that algorithm is successful in that task

interest and categorizing them as positive or negative samples is one method for
finding lesions. Another strategy is to execute segmentation directly, with detection
implicit in the linked sections that arise. A third strategy involves directly deriving
the bounding box coordinates surrounding the target items from the input image. In
medical imaging, the first method is often applied.

The fact that the target class often has fewer instances than the background class,
which might have more examples and be more variable, is a frequent problem when
training a network for detection or segmentation. In order to overcome this, patches
from the target and background classes are sampled in an equal amount to create a
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Fig.2.9 Squamous cell
carcinoma (malignant
lesion) of the oral
commissure is
automatically detected by
the algorithm in a red
square box

surrogate dataset. This lessens the normally existing class imbalance in detec-
tion tasks.

As most of the images often comprises normal tissue (true negative), relying on
accuracy as the primary performance metric is not very instructive for detection
tasks and may obscure missed lesions (false negative). Instead, other assessment
criteria such as sensitivity, precision, and F1 score are frequently provided, which
do not take real negatives into consideration.

Using object detection, it is possible to detect oral lesions, including oral can-
cers. Dental practitioners can use this technology to enhance patient outcomes by
utilizing earlier diagnosis and treatment by teaching ML models to distinguish the
distinct visual features of these lesions (Fig. 2.9).

Clustering

An ML technique called clustering involves assembling related data points into
clusters based on their characteristics. Clustering can be used in dentistry for a vari-
ety of tasks, including locating patient groups who share similar oral health issues,
classifying teeth according to their properties, and grouping radiographic pictures
according to their attributes. The selection of appropriate features or attributes that
can capture the similarities or contrasts between data points is part of the clustering
training pipeline in dentistry. Clustering methods can be used to organize the data
points into clusters after the features have been retrieved. K-means clustering, hier-
archical clustering, and DBSCAN are examples of clustering techniques frequently
used in dentistry.
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Fig.2.10 Comparison of mean apparent diffusion coefficient (ADC) values for benign (red dots)
and malignant lesions (blue dots), showing a clear separation between the two groups based on
Al-powered clustering algorithm

Dental clustering methods are evaluated using criteria such the Davies-Bouldin
index, Dunn index, and silhouette score. Based on the similarity and dissimilarity of
the clusters, these metrics rate the quality of the clusters. Patient stratification for
individualized treatment plans, tooth grouping for orthodontic treatment planning,
and radiographic image clustering for diagnostic and treatment planning are all
examples of clustering’s dental applications (Fig. 2.10). Using clustering in den-
tistry research can help discover groupings of patients or teeth based on their fea-
tures, which could help create novel technologies and treatment plans.

Prediction Modeling

A subset of ML known as predictive modeling makes predictions about the future
based on historical data. In order to forecast new, unforeseen data, a model based on
known inputs and outputs must be constructed. Predictive modeling can be used in
dentistry to examine huge databases of patient records, including clinical and imag-
ing data, to spot trends and forecast the course of a disease or the success of a ther-
apy. There are various steps in the training pipeline for predictive modeling. To
guarantee that the data is correct, comprehensive, and in a format that the model can
use, it must first be gathered and preprocessed. Next, features are selected based on
their relevance to the prediction task, and the model is trained using various algo-
rithms, such as linear regression, decision trees, or NNs. The trained model is then
evaluated using a test dataset to measure its accuracy and generalizability. Finally,
the model can be deployed for use on new data.
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The performance of a predictive model can be evaluated using various metrics,
including accuracy, precision, recall, F1 score, and area under the curve (AUC).
These metrics help to measure the model’s ability to correctly predict outcomes and
to balance false positives and false negatives. In dentistry, these metrics can be used
to evaluate the performance of models for predicting disease progression, treatment
outcomes, or the likelihood of developing certain conditions. Predicting the results
of orthodontic or prosthodontic procedures is just one use of predictive modeling in
dentistry. Moreover, imaging data may be analyzed to identify potential problems of
certain treatments or to forecast the chance of acquiring caries. Predictive modeling
may also be used to examine huge datasets of medical records in order to spot pat-
terns and trends that can help guide clinical decision-making and enhance patient
outcomes.

Anomaly Detection

Anomaly detection, commonly referred to as the outlier detection, is a method for
locating data patterns that deviate from predicted behavior. It is especially helpful in
finding uncommon or rare situations that might be a sign of abnormal or flawed
circumstances. Building a model that can distinguish between normal and abnormal
data points is the aim of anomaly detection. The process of training a model for
anomaly detection entails locating and gathering pertinent data, choosing pertinent
features, and training the model with a suitable algorithm. Unsupervised learning
techniques like clustering or density estimation are frequently used to find patterns
in the data.

Evaluation metrics for anomaly detection depend on the specific application and the
nature of the data. Common metrics include precision, recall, and F1-score. Precision
measures the proportion of detected anomalies that are truly anomalous, while recall
measures the proportion of true anomalies that are detected. F1-score is a weighted
average of precision and recall. Anomaly detection has a wide range of applications in
dentistry, including identifying rare or unusual cases of disease or abnormal conditions
in radiographic images, detecting outliers in patient data, and identifying patterns of
drug interactions or adverse events that may be indicative of an underlying problem.
Anomaly detection can also be used to identify fraudulent or malicious behavior, such
as unauthorized access to patient records or other security breaches.
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to Dentistry

Kaan Orhan and Hakan Amasya

Introduction

In 2020, global spending on healthcare reached to a high of US$ 9 trillion, or 10.8%
of global gross domestic product (GDP), according to the Global Health Expenditure
Report 2022 released by the World Health Organization (WHO) (Organization WH
2022). According to RBC Capital Market, approximately 30% of the data volume
produced today is health data, and this ratio is expected to reach 36% by 2025
(Wiederrecht et al. n.d.).

Healthcare providers around the globe often have one common challenge:
increasing patient benefits at an affordable cost. With the digital transformation in
healthcare, the amount of data produced per patient is increasing day by day.
Analyzing large medical data with the machine learning (ML) tools can contribute
to increase the patient experience and service quality while reducing the costs
(Gopal et al. 2019).

Gopal et al. reported four maturity stages of digitalization in a healthcare pro-
vider setting, as paper-based (patient data is recorded on papers), digitized (paper-
based recordings are digitized), intelligent (fully implemented), and value-based
healthcare (payment based on patient health outcome). The higher the stage of digi-
tal transformation, the greater the integration potential and effectiveness of ML
tools (Gopal et al. 2019).

The beginning of artificial intelligence (AI) technologies with its modern defini-
tion begins in the early 1950s. This section of the book contains information about
some of the milestones in the development of Al and their uses in medicine and
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dentistry. Although there is no definite information about the start and end dates of
the projects realized in some periods, it would be appropriate to consider it as an
example reflecting the technology of the relevant period, reminding that there may
be slight deviations in the given years.

Al in the 1950s

In 1943, Warren S. McCulloch and Walter Pitts suggested that neural events and the
relations among them can be processed by means of propositional logic, because of
the “all-or-none” characteristics of nervous activity. The researchers developed a
logical calculus model to imitate the working mechanism of the neurons (McCulloch
and Pitts 1943). The proposed concept can be considered as a pioneering element of
the modern architecture of artificial neural network (ANN) or deep learning
(DL) models.

British mathematician and computer scientist Alan Turing considered the ques-
tion “Can machines think?” and introduced “The Imitation Game” in 1950 (Fig. 3.1).
The Turing test evaluates a machine’s ability to imitate human and involves three
components, a human interrogator, a machine, and a human. The interrogator is in
an isolated environment and can only communicate the others by sending or receiv-
ing texts. A machine competes with a human to convince an interrogator that it is
human. In this sense, if the interrogator decides who is machine and who is human
mistakenly, the machine can be considered to surpass the human intelligence.
Machines not only imitate the highly intelligent functions of humans to pass the test
but also mimics the human behavioral patterns such as delaying the responses or
making intended mistakes. Hence, the claim of “machines cannot make mistakes”
is questioned. Turing test is often considered as the beginning of Al; however, the
exact term “artificial intelligence” is not defined yet (Turing 1950).

American computer scientist John McCarthy used the term “artificial intelli-
gence” during the Dartmouth Summer Research Project in 1956. In this project,
features of human learning and intelligence were studied to be described precisely,
so that the answers for how a machine can simulate the human intelligence were

Fig. 3.1 “The Imitation
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searched. Al problems are discussed on topics such as automated computers or how
to make machines use language, and this project is often attributed as the beginning
of Al as a research discipline. The choice of the terms “artificial” and “intelligence”
to describe such technologies is still controversial. It is interesting to speculate on
the possible effects on the field if another label such as “computer intelligence” was
adopted at that time (McCarthy et al. 2006; Moor 2006).

In 1958, Canadian-born psychologist and computer scientist Franck Rosenblatt
from Cornell Aeronautical Laboratory developed the theory of “perceptron” by
questioning how information is perceived, stored, remembered, or influenced
behavior in the biological systems (Fig. 3.2). The proposed hypothetical nervous
system was demonstrated by photo-perception analogy, and predicting learning
curves from neurological variables became possible (Rosenblatt 1958). The concept
of perceptron and further improvements are contributed to the development of the
ANNSs and other machine learning (ML) techniques.

In 1959, Robert S. Ledley and Lee B. Lusted released an article in Nature and
analyzed the steps of reasoning in medical diagnosis with the disciplines of sym-
bolic logic, probability, and value theory. In their article, the symbolic logic was
described as each “feature” of patient, such as a sign of “swelling” or a disease of
“osteoporosis” is represented by symbols such as x, y, ... The symbols of X + Y
represent that the patient has feature x and/or y, while the symbols of X — Y repre-
sent that if the patient has feature X, then the feature y is present. Symbolic logic
provides a fundamental framework for logical reasoning. Probabilistic concepts
emphasize that the statement of “there is a chance” instead of “it must” in the sen-
tence of “if the patient has feature x, then ‘it must/there is a change’ that the patient
has feature y” may be used in assessing the likelihood of different diagnoses or
patient outcomes. “Value theory” contributes to optimizing the treatment options by
analyzing parameters such as therapeutic, moral, ethical, social, and economic sta-
tus of the patient. Medical professionals may enhance their diagnostic reasoning
and decision-making abilities employing such techniques (Ledley and Lusted 1959).

Fig.3.2 A simple model
for the perceptron concept
defined by Franck
Rosenblatt, similar to
human neural elements
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Al in the 1960s

In 1962, Frank Rosenblatt described the design of a multilayer perceptron, with
three layers: an input layer, a hidden layer with randomized weights that do not
learn, and an output layer with learning connections (Rosenblatt 1962). The pro-
posed system was not a “deep learning” model; however, it was defined as “extreme
machine learning” in the future.

Unimate was invented by George Devol as the first industrial robotic arm in 1962
and marketed by Joseph Engelberger. The first product was installed at an assembly
line at General Motors plant in Terstedt, New Jersey, and performed automated die
casting (Moran 2007). Just as the other humanoid robots described previously, like
the “mechanical knight” of the Leonardo da Vinci in 1495, the Unimate was a fore-
runner and a source of inspiration for today’s more advanced machines like da
Vinci’s robotic arm (Bogue 2020).

In 1965, Edward Feigenbaum and his team began the DENDRAL project in the
Stanford University to develop an automated system to identify the unknown
organic molecules, by analyzing their mass spectra of amino acids and knowledge
of chemistry (Lederberg 1966). The project was conducted as two main programs,
Heuristic DENDRAL and Meta-DENDRAL. The Heuristic DENDRAL use algo-
rithms and rules in the system to analyze the mass spectrometry data and determine
the structure of organic molecules. Meta-DENDRAL was published in 1978, with
the aim of improving the system by knowledge directly from electronic libraries of
mass spectral data (Feigenbaum and Buchanan 1993; Buchanan and Feigenbaum
1978; Buchanan et al. 1969).

Joseph Weizenbaum from Massachusetts Institute of Technology (MIT) devel-
oped an early example of a natural language conversation program, named ELIZA,
to mimic human conversation in 1966. Input texts are analyzed on the basis of
decomposition rules and the keywords to generate a response by reassembly rules
using the pattern matching technique. The limitations for this early chatbot example
were reported as the definition of keywords, the discovery of minimal context, the
choice of appropriate transformation technique, the generation of keyword-
independent responses, and the capacity to edit ELIZA “texts” (Weizenbaum 1966).
ELIZA suggests that a machine can produce conversations in the sense of human-
computer interaction, although it is limited in generating unique responses to
its user.

Al in the 1970s

British researchers of the Artificial Intelligence Center at Stanford Research Institute
conducted a project to develop a mobile automation system with the name “Shakey,”
from 1966 through 1972. The research was focused to develop a mobile machine to
be used in dangerous missions such as military purposes or planetary exploration,
with automation features. The first Shakey was introduced in 1969. Keywords of the
project were reported as robot, robot system, visual processing, problem-solving,
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question answering, theorem proving, models of the world, planning, scene analy-
sis, and mobile automation. The three primary required abilities for the system were
reported as problem-solving, modelling, and perception. The first version of the
Shakey was completed in 1969. The main parts of the device were an all radio-
controlled SDS-940 time-shared computer system, TV, camera, and other sensors.
The basic workflow of the device was to process the sensory data, store the per-
ceived environment, and plan the sequence of motor actions accordingly. Pushing
an object was a typical task for Shakey (Nilsson 1969; Nilsson 1984). In 1971, the
development of an improved version of the Shakey was completed. In this version,
the SDS-940 was replaced with a Digital Equipment Corporation PDP-10/PDP-15
facility, and seven tactile sensors, called “cat-whiskers,” are used to perceive if the
Shakey bumps into something, with other improvements. The Shakey is one of the
pioneering research projects containing visual, tactile, and acoustic sensors, signal
processing and pattern-recognition equipment, and computer programming for
automated robotics (Nilsson 1984).

WABOT-1 (WAseda roBOT) was a pioneering humanoid robot developed in
Japan at Waseda University between 1970 and 1973. The system features bipedal
walking for mobility, stereovision, speech recognition, artificial ears and mouth,
distance, and tactile sensors. An improved version of the first humanoid, WABOT-2
was produced in 1984, with the ability of playing musical instrument (Bogue 2020).

SUMEX-AIM (Stanford University Medical Experimental Computer for
Artificial Intelligence in Medicine) was established in 1974. The project was based
on a nationally shared computing resource for developing Al applications in bio-
medical science, using nationwide networks like ARPANET or TYMNET. In 1980,
16 research and three pilot projects were active on SUMEX-AIM, such as
DENDRAL, INTERNIST, MYCIN, CASNET, EXPERT, MOLGEN, PUFF, and
more (Freiherr 1980).

In 1970s, INTERNIST was developed by Jack D. Myers and Harry E. Pople as a
consultative diagnostic program in internal medicine. About 3,000 different mani-
festations of the diseases were assigned to 400 disease entities with an “importance”
from 1 to 5, and the system suggested the “evoking strength” and “frequency” of a
disease, with a value from 1 to 5. The physicians were able to enter the manifesta-
tions of a clinical problem as present or absent, and the system confirm or deny the
diseases and provide expert diagnostic consultative aid (Myers and Pople 1977).

MYCIN was a rule-based expert system for selecting the proper antimicrobial
therapy for patients with bacterial infections. The system was running on a DEC
PDP-10 computer and programmed with INTERLISP, a dialect of the LISP lan-
guage. The MYCIN system consisted of consultation, explanation, and knowledge-
acquisition subprograms and developed with some 350 rules, each intended to be a
single, modular chunk of medical knowledge (Van Melle 1978). The consultation
system used the knowledge database, the consultation system produced a therapeu-
tic suggestion based on the patient data and knowledge base, and the explanation
system was a question-answerer and explained the reasoning behind the sugges-
tions, and the knowledge-acquisition system enabled experts to update MYCIN’s
static knowledge base without requiring the knowledge of computer programming
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(Shortliffe 1977). The system was also used for educational purposes (Van
Melle 1978).

Causal-associational network (CASNET) was an expert system for consulting
the diagnosis, prognosis, and therapy of glaucoma. The system was developed using
time-shared PDP-10 computers at Rutgers University and SUMEX-AIM project of
Stanford University. In the development, experts from Mt. Sinai School of Medicine,
Johns Hopkins University, Washington University, the University of Illinois at
Chicago, and the University of Miami accessed to the SUMEX-AIM through a
nationwide computer communication system. The decision-making strategy of the
system was based on three main components: observations, states, and classifica-
tion. Observations of patients are associated with the pathophysiological states and
patterns of states in the network indicated an appropriate disease classification
(Weiss et al. 1977). The major new features of CASNET system were reported as
making generalizations from the disease qualitative model, reasoning the follow-up
management, suggesting alternative expert opinions on subjects under debate and
its testing and updating by glaucoma researchers using computed-based network
(Weiss et al. 1978).

Expert systems developed at that time were generally limited to a specific field.
Some systems, such as CASNET or MYCIN, have been further updated into a more
generalizable model. EXPERT was developed as a general system for developing
and testing such expert systems, independent of the specific application. The con-
sultation system was an improved version of the CASNET/Glaucoma model and
was used to develop new models in endocrinology (thyroid diseases), rheumatol-
ogy, and ophthalmology, employing CASNET-like rules. The main motivation for
the development of EXPERT was reported as expanding access to consultation of
specialists, which was in shortage at that time (Weiss 1979).

Stephen G. Pauker et al. developed a computer program in MIT to study the
clinical cognition of the patients with edema, named Present Illness Program (PIP)
around 1975. The cognitive insights of the clinician’s decisions were used to develop
a computer program, and then the program was tested with a series of prototypical
cases to be refined by analyzing the discrepancies between the results of the pro-
gram and the clinicians. The authors stated that their study was possible by the
advancements in the field of Al and computer science, such as “goal-directed” pro-
gramming, pattern-matching and a large associative memory. The system was
described as a program which uses knowledge of diseases and pathophysiology,
along with the “common sense,” to reach its goals (Pauker et al. 1976).

In 1976, Tomas Lozano-Perez at MIT published a paper describing the develop-
ment of a simple LISP program for medical diagnosis, named PSUDOC. The
required features of a good baseline program were listed as simplicity, flexibility,
and effectiveness, while the three primary strategies to reach these goals were
reported as Bayesian decision analysis, feature intersection, and tree traversal strate-
gies. Bayesian decision analysis was defined to be working well on well-constrained
problems, but more general problems violate the rules, and the explanation of the
results is lacking. Feature intersection was described as finding the matches in the
set of diseases with the present symptoms; however, the method reported to be not
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favorable for medical diagnosis because of the complexity. Tree traversal strategies
were suggested as the simplest of the three and described as a tree whose internal
nodes are test/questions and linked until a leaf (diagnosis) is reached, similar to the
decision tree algorithms (Lozano-Perez 1976).

The Association for the Advancement of Artificial Intelligence was established
as a nonprofit scientific society with the name, American Association for Artificial
Intelligence, in 1979 (About the Association for the Advancement of Artificial
Intelligence (AAAI) Member Organization n.d.).

Al in the 1980s

EMYCIN was described as “MYCIN without infectious disease diagnosis” by
Edward A. Feigenbaum in the 1980s. The idea was to remove the knowledge base
of MYCIN and configure new rules for another task. EMYCIN was not an expert
system for an end user, but a software tool for developing expert systems
(Feigenbaum 1981). For example, PUFF was developed using the EMYCIN tool, to
analyze the laboratory measurements of pulmonary function to evaluate the pulmo-
nary disease of the patient. Just as the MYCIN or EMYCIN, PUFF was written in
INTERLISP language and runs on a DEC KI-10 at the SUMEX-AIM facility. The
authors developed a second version of PUFF to run on a PDP-11 at the Pacific
Medical Center, using BASIC language. The expert system analyzed about 50 quan-
titative parameters and generated an automatic report for three types of pulmonary
disease, following the knowledge-based rules (Feigenbaum 1981; Aikins et al. 1983).

In 1986, Fikret Ulug developed the EMYCIN-Prolog expert system shell. In their
study, the interference engine of MYCIN was translated into PROLOG language,
and built-in pattern matching and backtracking ability were reported to be two
important features of the system. The idea was to produce a tool for developing
expert systems, and two different concepts are studied. One system (CAR) was
developed for diagnosing engine problems in a car, while the other (FINANCE
analysis system) was giving financial advices. The authors reported that it was pos-
sible to build an expert system with the developed shell quickly (Ulug 1986).

In 1986, David E. Rumelhart et al. defined a new learning procedure with the
name back-propagation, for networks of neurone-like units. The procedure was
defined as minimizing the variance in the desired and the actual output, by adjusting
the weights of the hidden units. Hidden units are in the layers independent of the
input and the output and play an important role in the learning process (Rumelhart
et al. 1986). The origins of this technique go back to the 1960s, and the concept has
been partially described in different ways by a few researchers such as Franck
Rosenblatt, Paul Werbos, or Seppo Linnainmaa (Werbos 1990; Linnainmaa 1970).

In 1987, DXplain was developed as a computer-based diagnostic decision-
support system for physicians with no computer expertise. The developed system
was distributed through AMA/NET, a nationwide computer network, and the physi-
cians interacted with the system by answering the questions regarding the patient
data and the medical terms. The system reported the results separately as common
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and rare diseases. The authors suggested six important criteria for a decision-support
system such as ease of use without computer knowledge, based on comprehensive
medical information, provide correct and accurate results, justify the results, easy
access from different locations such as home and hospital, and evolve and improve
with the user interactions (Barnett et al. 1987).

Introduction of the Deep Learning Models

In 1998, Yann Lecun et al. developed the LeNet-5, the convolutional neural network
(CNN) architecture, a multilayer neural network trained with the back-propagation
algorithm using gradient-based learning technique. The system was developed for
classifying the patterns in handwritten characters and suggested to provide adequate
record accuracy on business and personal checks (LeCun et al. 1998). LeNet-5
achieved a high accuracy in recognizing handwritten digits and played a pivotal role
in the development of deep learning for image classification tasks.

In 2009, the ImageNet was introduced as a large-scale dataset designed for train-
ing and evaluating computer vision models. It consists of millions of labeled images,
with a wide range of object classes, including animals, objects, vehicles, and more.
The dataset was created with the goal of promoting the experiments of training the
deep neural networks with supervised learning, to lead significant improvements in
object recognition and image classification (Deng et al. 2009).

In 2012, a CNN model was developed by Alex Krizhevsky, Ilya Sutskever, and
Geoftrey Hinton named AlexNet. The system consisted of eight layers, including
five convolutional layers and three fully connected layers, and introduced innova-
tive features such as ReLU activation functions, overlapping pooling, local response
normalization, and dropout regularization (Krizhevsky et al. 2017). AlexNet won
the ImageNet LSVRC-2012 competition.

In 2015, Olaf Ronneberger, Philipp Fischer, and Thomas Brox presented the
U-Net, a convolutional neural network architecture designed for biomedical image
segmentation tasks. The U-shaped structure of the algorithm consists of an encoder
path and a decoder path and enables efficient feature extraction and accurate local-
ization. Numerous medical imaging applications, including tumor segmentation,
cell identification, and organ segmentation, make extensive use of U-Net.

AlphaGo, developed by DeepMind, made history in 2016 by defeating the world
champion Go player, Lee Sedol, in a five-game match. This victory marked a sig-
nificant milestone in the field of artificial intelligence and demonstrated the power
of deep learning and reinforcement learning techniques. AlphaGo’s success show-
cased its ability to analyze complex board positions and make strategic moves that
surpassed human expertise (Wang et al. 2016). This is not the first time a machine
has surpassed a human, but it is one of the pioneering events that has made a world-
wide impact.
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Al's Past and Future

In this section, information about the origin and development of Al systems in the
modern sense and their pioneering use in the medical field have been compiled.
Especially with DL and advanced automation features, AI or ML has reached an
incredible place from its original point of view. However, we would like to empha-
size that at the beginning of such systems, the goal was to transfer the human mind
and decision-making process to a machine. While trying to define the human intel-
ligence and decision-making process mathematically, data about biological pro-
cesses were obtained; on the other hand, the concept of transferring the obtained
data to a machine led to the development of robotic systems. Today, although DL
models are providing marvelous results with their outstanding achievements, their
inadequacies in matters such as the explainability of the results contradict the prin-
ciples of the period when the systems in question emerged.
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Introduction

Dave Waters said, “Predicting the future is not magic, its artificial intelligence.”

What is ‘artificial intelligence’? The field of computer science known as artificial
intelligence (AI) is focused on creating intelligent machines that can think and
behave like humans. Examples of Al applications include speech recognition,
problem-solving, learning, and planning. Artificial intelligence (Al) is demonstrated
by machines, as opposed to the natural intelligence displayed by humans. At its
core, Al comprises computer-trained algorithms that aim to mimic human intelli-
gence (HI). HI refers to the biologically formed congenital intelligence capability of
humans, which includes various skills such as perception, learning, problem-
solving, decision-making, language comprehension, and social interaction. Human
intelligence can be improved through experience and learning over the lifespan.
Artificial intelligence (Al) is the field of computer science that focuses on produc-
ing machines capable of performing tasks that typically require human intelligence.
Al can be trained by analyzing enormous amounts of data, which results in better
and more accurate outcomes for medical diagnosis and treatment. Machine learning
(ML) is a subset of Al that involves the development of algorithms capable of learn-
ing and improving from experience without explicit programming. ML algorithms
are designed to identify patterns and relationships in large datasets, making them
useful in various applications such as image recognition, natural language process-
ing, and predictive analytics. Deep learning (DL) is a type of ML that utilizes artifi-
cial neural networks (ANN), inspired by the structure and function of the human
brain. DL algorithms are designed to learn and improve from experience by analyz-
ing massive amounts of data, enabling them to perform complex tasks (Shan et al.
2021; Khanagar et al. 2021a; Schwendicke et al. 2020b; Carrillo-Perez et al. 2022;
Park and Park 2018; Hung et al. 2020b) (Fig. 4.1).

Al has been developed in three phases. In the 1980s and 1990s, the first genera-
tion of Al utilized predefined rules to process data and generate outputs. The second
generation, in the 2000s, introduced the concept of “learning,” where computers
could autonomously establish rules based on human-provided input and data and
apply those rules to produce outputs. Currently, we are in the third generation of Al,
which focuses on “deep learning.” Deep learning enables computers to automati-
cally analyze new data, learn new rules, and generate outputs without the need for
human interaction (https://www.impactfund.org/legal-practitioner-blog/
ai-civilrights n.d.). The first chatbot computer program, ELIZA, was created in the

Fig.4.1 Illustration Get Data Train Model Improve
showing the development
of Al software

Clean, Prepare
& Manipulate Data
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1960s, while in 1977, IBM’s custom-built supercomputer, Deep Blue, made history
by defeating a world chess champion. Apple’s Siri, introduced as a feature in the
iPhone 4S in October 2011, and Amazon’s Alexa are examples of Al applications
that have become part of our daily lives. Today, Al is pervasive across various indus-
tries, including self-driving cars, marketing chatbots, social media monitoring,
manufacturing robots, healthcare management, and even dentistry. Al plays a sig-
nificant role in the medical industry, including areas such as electronic health
records, robotic surgery, and now, dentistry. According to Forbes, key Al areas in
healthcare include administrative workflows, image analysis, robotic surgery, and
clinical decision support (Marr 2018).

Although dentistry initially lagged behind in integrating Al, the advancements in
dental technology have rapidly positioned Al as one of the essential tools in dental
diagnosis and treatment. Dentistry heavily relies on digital workflows, and Al is
increasingly being incorporated into the field. Al finds applications in dentistry such
as diagnosis and treatment planning, image analysis, patient management, predic-
tive analytics, and robotics. The potential impact of Al in dentistry is substantial, as
it can improve diagnosis accuracy, reduce treatment time, and enhance patient care.
This chapter focuses on the current use of Al in diagnosis and treatment planning in
dentistry.

Applications of Al in Dentistry
Normal Anatomy

“Normal anatomy identification and segmentation are now possible with
Al-generated algorithms. Today, Al successfully assists dentists in automatically
detecting and segmenting anatomical structures in dental radiographs, particularly
cone beam computed tomography (CBCT). In addition to the tooth and its struc-
tures, the successful segmentation of maxillofacial bones and other anatomical
structures such as the maxillary sinus, pharyngeal airway, mandibular canal, and
incisive canals provides dentists with significant advantages in making faster and
more accurate decisions in the diagnosis and treatment planning processes (Fig. 4.2).
With the help of Al-assisted software, both 2D radiographs and 3D CBCT volumes

Fig. 4.2 Al-generated
anatomic structure
segmentation on panoramic
radiograph. (Courtesy by
CranioCatch Al software)
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can now be segmented and separated for better viewing (Fig. 4.3). This allows clini-
cians to study the anatomy accurately and precisely (Lahoud et al. 2021; Hung et al.
2020a; Mohaideen et al. 2022; Hung et al. 2023; Orhan et al. 2022).

Reporting of Dental Status/Electronic Dental Record

Al can report the patient’s status by performing tasks such as detecting and number-
ing teeth, identifying dental restorations, and detecting pathologies in dental radio-
graphs and other images, including intraoral photographs and intraoral scanning
images (Figs. 4.4, 4.5, and 4.6) (Bilgir et al. 2021; Goriirgoz et al. 2022; Kilic et al.
2021; Yasa et al. 2021). This automation of determining the patient’s current state
before treatment greatly facilitates workflow and improves efficiency (Shan et al.
2021; Khanagar et al. 2021a; Schwendicke et al. 2020b; Carrillo-Perez et al. 2022;
Park and Park 2018).
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Fig. 4.3 Al-generated 3D Virtual Model. (Courtesy by Relu Al software)

Fig. 4.4 Al-generated
teeth segmentation on
panoramic radiograph.
(Courtesy by CranioCatch
Al software)
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Fig. 4.5 Al system detecting teeth and caries on panoramic radiograph for dental status/record.
(Courtesy by Velmeni Al software)

Fig. 4.6 Automatic segmentation of bitewing radiograph showing root canal treated teeth, resto-
ration, and bone loss. (Courtesy by Velmeni Al software)

Cariology

Dental caries is one of the most common diseases in humans. Early and accurate
detection of dental caries is crucial for appropriate treatment and prevention of fur-
ther complications. Radiographic examination plays a vital role in identifying den-
tal caries. Intraoral radiographs are particularly important for detecting early
non-cavitated caries. While several diagnostic methods exist for dental caries detec-
tion, such as near-infrared-light transillumination (NILT), digital imaging
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fiber-optic transillumination (DIFOTI), quantitative light-induced fluorescence
(QLF), and laser fluorescence, radiographic evaluation remains essential in caries
detection. Numerous deep learning-based Al models have been developed to assist
dentists in detecting and classifying dental caries in panoramic, periapical, bite-
wing, and CBCT images. Using Al for dental caries detection offers several poten-
tial benefits, including improved accuracy, faster diagnosis, and reduced reliance on
human interpretation. The integration of Al in dental caries detection can enhance
dental care and reduce the prevalence of dental diseases by enabling earlier and
more accurate diagnoses (Shan et al. 2021; Khanagar et al. 2021a; Schwendicke
et al. 2020b; Carrillo-Perez et al. 2022; Park and Park 2018; Hung et al. 2020b;
Hung et al. 2023; Revilla-Le6n et al. 2022; Schwendicke et al. 2023; Ezhov et al.
2021) (Figs. 4.7 and 4.8).

Al models have shown success in assessing the presence or absence of dental
caries in radiographic images. According to various studies, Al models achieved
caries diagnosis accuracy ranging from 76% to 88.3%, sensitivity ranging from
73% to 90%, and specificity ranging from 61.5% to 93%. For instance, Valizadeh
et al. analyzed an Al model for diagnosing proximal caries from periapical radio-
graphs, which achieved a 97% accuracy in diagnosing dentin caries but only 60%
accuracy in diagnosing enamel caries (Valizadeh et al. 2015). Similarly, Devito
et al. evaluated an Al model for diagnosing proximal caries from bitewing

Fig. 4.7 Al-generated caries segmentation on dental bitewing radiograph. (Courtesy by
CranioCatch Al software)
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Fig. 4.8 Teeth identification and caries segmentation on panoramic radiograph. (Courtesy by
Velmeni Al software)

radiographs, and Al showed better performance than the most accurate human
examiner (Devito et al. 2008).

Lee et al. (2018a) evaluated the success of a pre-trained GoogleNet Inception v3
CNN model in detecting dental caries on periapical images. The accuracy rates for
detecting dental caries in premolar, molar, and premolar-molar teeth were found to
be 89.0%, 88.0%, and 82.0%, respectively. The premolar caries detection model
achieved the highest AUC value and outperformed other caries detection models.

Srivastava et al. (2017) developed a CNN model for detecting dental caries on
bitewing radiographs, which achieved a significantly higher sensitivity (81%) com-
pared to three general dentists (34—48%) (Srivastava et al. 2017). Cantu et al. devel-
oped a deep learning-based Al model for segmenting dental caries on bitewing
radiographs, achieving an accuracy, sensitivity, specificity, and F1 score of 0.80,
0.75, 0.83, and 0.73, respectively. The sensitivity rate of 0.75 surpassed that of the
dentists (0.36) (Cantu et al. 2020).

Bayrakdar et al. developed Al models for dental caries, which demonstrated bet-
ter performance than a 2-year-experienced resident of dento-maxillofacial radiol-
ogy and a 3-year-experienced resident of restorative dentistry. Additionally, various
Al models, including regression analysis, decision tree learning, and artificial neu-
ral networks, have been developed to diagnose dental caries using intraoral photo-
graphs. These Al models achieved diagnosis accuracy ranging from 80% to 86.3%,
specificity ranging from 95.6% to 98.3%, and sensitivity ranging from 80% to 100%
(Bayrakdar et al. 2022a).

Furthermore, Casalegno et al. developed a deep CNN model for the classification
of dental caries as presence or absence using near-infrared-light transillumination
(NILT) images, which achieved ROC (receiver operating characteristic) values of
83.6% and 85.6% for occlusal and interproximal dental caries, respectively
(Casalegno et al. 2019). Schwendicke et al. employed deep CNN methods, includ-
ing Resnet18 and Resnext50, to detect dental caries in NILT images, with Resnext50



50 P.P. Jaju et al.

architecture achieving the best AUC value. The mean AUC was found to be 0.74 at
a 95% confidence interval (CI). Sensitivity and specificity were determined as 0.59
and 0.76, respectively (Schwendicke et al. 2020a).

Periodontics

Periodontal diseases are a prevalent group of diseases worldwide and can lead to the
loss of alveolar bone and periodontal attachment, resulting in tooth loss. In the field
of periodontal evaluation, Al is still in its early stages and has not been fully uti-
lized. However, it has been employed in various areas such as detecting and evaluat-
ing alveolar bone loss and periodontally compromised teeth on dental radiographs,
assessing gingivitis using intraoral images, and estimating the progression of peri-
odontal disease using biomarker data (Fig. 4.9).

Al models have been utilized to detect alveolar bone loss, changes in bone den-
sity, and the classification of periodontitis stages on dental radiographs in periodon-
tal evaluation (Fig. 4.10) (Scott et al. 2023). Studies that employed deep learning
(DL) for detecting bone loss on radiographs in periodontics revealed F1 scores
ranging from 0.75 to 0.93 on panoramic radiographs and 0.47 to 0.83 on periapical
radiographs. The DL model developed by Chang et al. (2020) using the Mask
R-CNN architecture achieved the best performance for diagnosing and staging peri-
odontal disease on panoramic radiographs. Moran et al. (2021) employed an
Inception transfer learning model to classify regions as either healthy or displaying
periodontal bone loss on periapical radiographs. Lee et al. developed a CNN model
that identified periodontally compromised posterior teeth on periapical images and
estimated tooth prognosis, achieving an accuracy rate of 78.9%. The model showed
a higher accuracy for premolars (>80%) than molars (Lee et al. 2018b).

Kurt Bayrakdar et al. developed a GoogleNet Inception v3-based CNN model to
detect alveolar bone loss from dental panoramic radiographs, achieving an accuracy
value of 0.9 for classifying panoramic radiographs as either showing alveolar bone
loss or not (Kurt Bayrakdar et al. 2020). Thanathornwong and Suebnukarn devel-
oped a CNN model to identify periodontally compromised teeth on panoramic
images (Thanathornwong and Suebnukarn 2020). Kim et al. and Krois et al. also

Fig. 4.9 Al-generated
periodontal bone loss on
panoramic radiograph.
(Courtesy by CranioCatch
Al software)
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Fig. 4.10 Periodontal bone loss detection by Al software on bitewing radiographs. (Courtesy by
Velmeni Al software)

developed CNN models that automatically detected periodontal bone loss on dental
panoramic radiographs, with AUC values of 0.89-0.95, surpassing the performance
of several general dentists (AUCs of 0.77-0.85). Furthermore, stages of alveolar
bone loss were automatically classified using CNN models on periapical and pan-
oramic radiographs (Kim et al. 2019; Krois et al. 2019).

Regarding intraoral photographs, DL models achieved accuracies ranging from
0.77 to 0.94 in detecting gingivitis, with the model developed by Liu et al. (2020)
using Mask R-CNN as an object detector demonstrating the best performance. In
terms of biomarker data, DL models achieved accuracies ranging from 0.73 to
0.98 in classifying periodontal disease. Papantonopoulos et al. (2014) employed a
multilayer perceptron model based on immunological and clinical parameters,
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achieving an accuracy value of 0.98 in differentiating aggressive and chronic peri-
odontitis. Additionally, Nakano et al. developed a multilayer perceptron that esti-
mated oral malodors with an accuracy of 0.96 using saliva microbiota (Nakano
et al. 2018).

Endodontics

Al has made significant advancements in the detection and prediction of various
aspects in endodontics. In terms of detection, Al has been utilized for identifying
periapical lesions, crown and root fractures, working length determination, and
detecting root and canal morphology (Fig. 4.11). Prediction tasks include the esti-
mation of retreatment need. Periapical lesions are common and pose challenges in
diagnosis and treatment planning for dentists. Early identification of these lesions
can improve treatment outcomes by preventing the spread of the disease to sur-
rounding tissues (Shan et al. 2021; Khanagar et al. 2021a; Schwendicke et al. 2020b;
Carrillo-Perez et al. 2022; Park and Park 2018; Hung et al. 2020b; Hung et al. 2023;
Aminoshariae et al. 2021).

Endres et al. conducted a study comparing the performance of a DL. model with
24 oral and maxillofacial surgeons in detecting periapical lesions on panoramic
radiographs. The study concluded that DL-based Al algorithms outperformed some
of the surgeons (Endres et al. 2020). Similarly, another study demonstrated that
CNN models performed better than three oral and maxillofacial radiologists in
detecting simulated periapical lesions on intraoral radiographs. Orhan et al. used
109 CBCT scans to test an Al system and reported high detection accuracy, with no
significant differences in the lesion volumes measured by the software compared to
a radiologist (Orhan et al. 2020). The integration of Al systems in clinical practice
for detecting periapical lesions from dental radiographs can enhance reliability and

Fig.4.11 Al-generated root canal morphology, anatomic structures, restorations, and pathologies
on panoramic radiograph (courtesy by CranioCatch Al software)
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accuracy, similar to experienced specialists. Additionally, it can save assessment
time and assist in automated recording (Aminoshariae et al. 2021; Endres et al.
2020; Orhan et al. 2020; Bayrakdar et al. 2022b).

The diagnosis of horizontal and vertical root fractures is a challenging task that
requires experience. CNN models have been developed to automatically detect root
fractures on 2D and 3D dental radiographic images. Fukuda et al. demonstrated that
CNNs can be a promising tool for diagnosing vertical root fractures on panoramic
radiographs (Fukuda et al. 2020). Another study by Johari et al. used probabilistic
neural network (PNN) for the detection of vertical root fractures and showed excel-
lent performance with an accuracy rate of 96.6%. These evaluations indicate that Al
algorithms can be highly effective in detecting vertical root fractures on CBCT
images and panoramic radiographs (Johari et al. 2017).

Accurate determination of the working length is a critical step for successful root
canal treatment. Studies have shown that artificial neural networks (ANNs) can be
used for the accurate determination of the working length. Saghiri et al. reported
that ANNSs can be used as a supplementary tool for localizing the apical foramen on
dental radiographs. They demonstrated no differences in root length measurements
when comparing an ANN with actual measurements after extraction (Saghiri
etal. 2012).

Al algorithms based on CNNs have shown high success rates in automatic tooth
detection and segmentation on 2D and 3D dental radiographs. Al performs at a high
level, comparable to human observers, but with much faster processing times.
Determining root and canal morphology is crucial for the success of root canal treat-
ment, and Al applications have the potential to contribute to these tasks. Hiraiwa
et al. developed a DL system that exhibited high accuracy in detecting radix ento-
molaris in mandibular first molars (Hiraiwa et al. 2019).

Fig. 4.12 Automatic MB2 segmentation on axial slices of CBCT images using the YOLOv5x
based AI model. (Courtesy by CranioCatch Al software)
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Automatic detection and classification of root canals, including the identification
of canal numbers and variations such as C-shaped canals and mesio-buccal canals,
have emerged as another area of Al application in endodontics (Fig. 4.12). Several
CNN models have been developed for the automatic detection, segmentation, and
classification of root canals on 2D and 3D dental radiographs. Additionally, Al has
been applied for the detection of taurodont teeth. The success of these Al models
has been demonstrated to be similar to or even superior to that of dentists (Lahoud
etal. 2021; Leite et al. 2021; Hiraiwa et al. 2019; Zhang et al. 2022; Sherwood et al.
2021a; Jeon et al. 2021; Yang et al. 2022; Sherwood et al. 2021b; Duman et al.
2023). Regarding the estimation part, there have been studies highlighting the
potential use of Al for retreatment predictions. However, further research is needed
in this area (Aminoshariae et al. 2021).

Oral and Maxillofacial Surgery

In the field of oral and maxillofacial surgery, Al algorithms can be utilized for deci-
sion support in diagnosis, treatment, prediction of outcomes, and preoperative sur-
gical planning. Impacted tooth detection and assessment of the relationship with
surrounding anatomical structures such as the maxillary sinus, nasal fossa, and
mandibular canal can be performed using Al algorithms with a high success rate
(Fig. 4.13). Al technology has also been employed for predicting postoperative
facial swelling following tooth extraction. Zhang et al. (2018) developed an Al
model for predicting postoperative facial swelling after impacted mandibular third
molar extraction, which demonstrated excellent predictive performance. In another
study, the extraction difficulty of third molars was evaluated using a deep CNN
model on panoramic radiographs with the Pederson Difficulty Score (PDS). The
model achieved success rates of 82.03%, 90.23%, and 78.91% for determining the
relationship with the ramus, angulation, and depth, respectively (Yoo et al. 2021).
Various Al tools have been developed to improve the diagnostic accuracy of den-
tists for different maxillofacial pathologies, thereby enhancing overall performance.
CNN-based DL models for the detection and classification of ameloblastomas,
odontogenic keratocysts, dentigerous cysts, and radicular cysts on panoramic radio-
graphs have demonstrated high performance (Bispo et al. 2021; Yang et al. 2020).

Fig.4.13 Al-generated
anatomic structures,
restorations, and
pathologies on panoramic
radiograph. (Courtesy by
CranioCatch Al software)




4 Applications of Artificial Intelligence in Dentistry 55

Additionally, Lee et al. developed CNN models for detecting, segmenting, and clas-
sifying odontogenic keratocysts, dentigerous cysts, and radicular cysts on pan-
oramic and CBCT images, with the CBCT model showing better performance (Lee
et al. 2020). A CNN-based Al model also exhibited superior performance compared
to two radiologists in identifying metastatic cervical lymph nodes on contrast-
enhanced CT images in patients with oral cancer (Ariji et al. 2022).

Al tools have proven effective in detecting and segmenting maxillofacial and
dental fractures on panoramic and CBCT images as well as in automatically diag-
nosing TMJ osteoarthritis, measuring cortical thickness of the mandibular condyle
head, and diagnosing mandibular condyle fractures (Fukuda et al. 2020; Johari et al.
2017; Rasteau et al. 2022; Eschert et al. 2022; Bianchi et al. 2021; Warin et al. 2023;
Nishiyama et al. 2021).

Furthermore, automatic detection and segmentation tools for the maxillary sinus
and pathologies using CNN-based Al models have been developed for panoramic
and CBCT images. These Al tools have shown positive performance in aiding den-
tists in the diagnosis of maxillary sinus diseases, such as maxillary sinusitis, mucous
retention cysts, and mucosal thickening (Hung et al. 2022a; Choi et al. 2022;
Kuwana et al. 2021; Ha et al. 2023; Mori et al. 2021).

In the field of orthognathic surgery, the use of Al algorithms is rapidly expand-
ing. Various Al models have been developed to assess facial asymmetry in patients
and determine the need for orthognathic surgery using cephalometric radiographs
and clinical photos (Fig. 4.14). CNN models have demonstrated clinically accept-
able success rates in detecting cephalometric landmarks across different stages of
orthognathic surgery, including initial, pre-surgery, post-surgery, and debonding
phases. Additionally, neural network models have shown accurate estimation of
postoperative infections following orthognathic surgery, achieving a success rate of
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Fig. 4.14 Al-generated 3D virtual model + orthogonal CBCT slices. (Courtesy by Relu Al
software)
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98.7% (Mohaideen et al. 2022; Hung et al. 2023; Hung et al. 2022b; Shujaat et al.
2021; Rokhshad et al. 2023).

Al has proven to be valuable in the detection of oral cancers. CNN-based models
have demonstrated the capability to automatically detect oral cancer in photographs
and confocal laser microscopy images. These studies highlight the potential of Al
models in facilitating early diagnosis of oral cancer, which can greatly improve
patient outcomes (Mohaideen et al. 2022; Hung et al. 2023; Hung et al. 2022b;
Khanagar et al. 2021b; Patil et al. 2022; Patcas et al. 2022).

Dental Implantology

CNN-based Al models have been utilized for the detection and analysis of various
aspects related to dental implants. These models have shown high performance in
detecting dental implants, implant fractures, and peri-implant bone loss on dental

Fig. 4.15 Automatic implant detection on 2D imaging. (Courtesy by Velmeni Al software)
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radiographs. They have also demonstrated proficiency in classifying dental implants
based on various criteria (Revilla-Leodn et al. 2023; Hadj Said et al. 2020; Liu et al.
2022; Cha et al. 2021; Lee et al. 2021; Kurt Bayrakdar et al. 2021; Mangano et al.
2023) (Fig. 4.15).

For instance, Liu et al. developed an Al algorithm that performed similarly to
two general dentists in automatically detecting peri-implant bone loss on periapical
images. Another CNN algorithm developed on dental periapical images exhibited
high performance in measuring peri-implant bone loss and classifying its severity
into categories such as normal, early, moderate, and severe (Liu et al. 2022; Cha
et al. 2021).

CNN models have also been employed to detect implant fractures and classify
them as horizontal or vertical fractures (Lee et al. 2021). In the realm of dental
implant planning, CNN models have demonstrated the ability to automatically
detect edentulous sites, nasal fossa, maxillary sinus, and mandibular canal as well
as measure the heights and widths of residual alveolar bone at the edentulous sites
using CBCT images (Kurt Bayrakdar et al. 2021).

Furthermore, a novel protocol combining Al and augmented reality (AR) was
proposed for three-dimensional (3D) implant planning. The integration of Al and
AR technologies has the potential to revolutionize modern guided implant surgery,
potentially replacing conventional guided surgery software (Mangano et al. 2023).

Orthodontics

Al has tremendous potential in the field of orthodontics, with applications ranging
from automated anatomical landmark detection and cephalometric analyses to diag-
nosis and treatment planning, growth and development assessment, and evaluation
of treatment outcomes.

One of the most common areas of Al use in orthodontics is automatic cephalo-
metric landmark detection and analysis, which holds great value for orthodontic
diagnosis and treatment. Al-generated cephalometric tracings on both 2D and 3D
radiographs are available, and the accuracy of these software tools is within an
acceptable range, accurately predicting overall skeletal and dental growth in
patients. CNN-based Al tools have been used with high accuracy rates compared to
human observers. Studies in the literature have demonstrated that Al-generated
measurements and angles in cephalometric analysis do not have statistically signifi-
cant differences from manually traced analyses. This automation reduces human
effort and time involved in the analysis process (Hung et al. 2020a; Hung et al.
2023; Bichu et al. 2021; Mohammad-Rahimi et al. 2021; Arsiwala-Scheppach et al.
2023; Ugurlu 2022).

Diagnosis and treatment planning are critical components of orthodontic treat-
ments, and they involve subjectivity and complexity. Al-based clinical decision sup-
port systems help reduce these challenges by assisting clinicians. For example, the
decision to extract teeth is an important one in orthodontics, and it can vary among
physicians. Decision support systems based on artificial neural networks (ANNSs)
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have demonstrated high accuracy in estimating tooth extraction decisions, achiev-
ing an accuracy rate of 94%. These tools can also be used to evaluate orthodontic
treatment needs and estimate treatment outcomes. Al models have been developed
for classifying skeletal patterns on radiographs and photographs, achieving excel-
lent results with accuracy rates over 93% (Li et al. 2019; Lin et al. 2021).

Furthermore, AI models have been developed to assess facial symmetry before
and after orthognathic surgery on CBCT images, reporting high accuracy rates of
90%. Al can also assist in predicting the location, orientation, and position of
impacted teeth, such as canines, providing orthodontists with a 3D perspective of
the clinical scenario and aiding in formulating a treatment plan (Chen et al. 2020)
(Fig. 4.16).

The integration of Al in orthodontics holds great promise for improving diagnos-
tic accuracy, treatment planning, and overall treatment outcomes, while also reduc-
ing the subjectivity and complexity associated with traditional approaches.

The advancements in intraoral scanners and aligner technology have paved the
way for the development of Al-predicted software for orthodontic treatment. These
digital treatment planning tools are intuitive and accurate, providing orthodontists
with a more precise approach to treatment. Al-based software can accurately simu-
late and predict teeth movements during orthodontic treatment, allowing orthodon-
tists to visualize the expected outcomes and plan treatment accordingly. This
technology is also beneficial for patient education, as it provides a clear demonstra-
tion of the treatment process and potential results.

In addition to treatment planning, Al-assisted software plays a role in airway
assessment in orthodontics. It can help determine airway patterns, identify anatomi-
cal variations, and calculate airway volume. The software utilizes color coding to
provide easy visualization of the airspace and its structures (Figs. 4.17 and 4.18).
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Fig.4.16 Al-generated 3D perspective of teeth. (Courtesy by CranioCatch Al software)
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Fig.4.17 3D airway
assessment on cone beam
computed tomography by
an Al model. (Courtesy by
Velmeni Al software)

Fig. 4.18 Al-generated
pharyngeal airway on
CBCT-generated lateral
cephalogram. (Courtesy by
CranioCatch Al software)

This enables orthodontists to assess the airway more effectively and incorporate
airway considerations into treatment planning (Fig. 4.19).

In the evaluation of growth and development and orthodontic treatment out-
comes, Al algorithms have shown promising results in automated skeletal bone age
assessment, cervical vertebrae maturation evaluation, classification of skeletal pat-
terns, and assessing the effects of orthognathic surgery on facial appearance (Li
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Fig. 4.19 Al-generated close-up of 3D teeth models + auto-segmentation on axial CBCT slice.
(Courtesy by Relu Al software)

etal. 2019; Lin et al. 2021; Chen et al. 2020; Yu et al. 2020; Kok et al. 2019; Amasya
et al. 2020b; Amasya et al. 2020a).

Prosthodontics

Prosthodontics is a specialized field of dentistry that focuses on treatments such as
dentures, dental implants, crowns, and bridges. In recent years, Al has made signifi-
cant contributions to various aspects of prosthodontics, including CAD/CAM tech-
nology, implant surgery template designing, esthetic dentistry, shade matching, and
debonding predictions for CAD/CAM restorations. These Al technologies offer
immense capabilities in producing occlusal surface designs for crowns, automatic
setup designers for complete dentures, determining the emergence profile in dental
implantology, and automatic framework designs for removable partial dentures
(Figs. 4.20 and 4.21).

The integration of Al with intraoral scanners has revolutionized prosthodontics
by enabling the prediction and design of prostheses within minutes with remarkable
accuracy. This has greatly reduced the laboratory time required by dental techni-
cians and has resulted in more predictable treatment outcomes (Bernauer et al.
2021; Lerner et al. 2020).

Pedodontics
Al has found applications in pedodontics, contributing to accurate diagnosis, clini-

cal decision-making, preventive measures, and treatment planning, much like in
other fields of dentistry. AI models have been developed for various clinical
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Fig.4.20 Tool for registration of IOS crowns on CBCT roots. (Courtesy by Relu Al software)

Fig.4.21 Detection of crown and restoration by CNN-based Al model. (Courtesy by Velmeni Al
software)

applications in pedodontics, including dental plaque detection on deciduous teeth
and categorization of fissure sealants using intraoral photographs. Additionally, AI
models have been used for the detection and numbering of deciduous and perma-
nent teeth, identification of supernumerary teeth such as mesiodens, and assessment
of ectopic eruption and submerged teeth in radiographs. Deep learning-based CNN
models have been employed to classify tooth development stages and assess chron-
ological age based on radiographs.

Furthermore, machine learning-based Al toolkits have been designed to evaluate
children’s oral health. These toolkits can aid dentists, parents, and even children
themselves in understanding individual oral health needs and treatment
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requirements. Additionally, machine learning algorithms can be employed for pre-
dicting early childhood caries, enabling early intervention and preventive measures
(Vishwanathaiah et al. 2023).

Teledentistry

Teledentistry refers to the provision of dental care and education through telecom-
munication platforms such as phones, computers, email, instant messengers, and
television, enabling remote diagnosis and treatment advice. With the integration of
Al teledentistry is becoming increasingly intelligent and powerful. Al-supported
teledentistry can be utilized for various purposes, including screening, triaging,
diagnosing, follow-ups, and feedback mechanisms. This technology is experiencing
significant growth and has the potential to replace traditional face-to-face consulta-
tions in certain cases (Batra et al. 2022).

The combination of teledentistry and Al offers numerous benefits, such as
improved accessibility to dental care, especially in underserved areas or remote
locations. Al algorithms can assist in remote screening and triaging, helping to pri-
oritize patients and identify urgent cases. Al-based systems can also aid in diagnos-
ing dental conditions remotely by analyzing images, radiographs, and patient data,
providing valuable insights to dentists for treatment planning. Additionally, Al can
support remote follow-up care, monitor treatment progress, and offer feedback to
patients.

As technology continues to advance, Al-supported teledentistry has the potential
to revolutionize the dental care landscape, providing efficient and effective remote
dental services, reducing barriers to access, and improving overall oral health out-
comes for patients.

Future of Artificial Intelligence in Dentistry

There is little doubt that Al has been a help in many industries, including dentistry.
It acts as a link between patients and dentists. Al is being used in all dentistry disci-
plines, although it still has a wide range of scope.

Dentures, implant prostheses, and surgical templates are frequently fabricated
using CBCT and 3D printing. However, in addition to CBCT and 3D printing, the
use of Al to forecast bone quality and create surgical templates will significantly
improve the accuracy of the templates and prostheses. Virtual smile designing and
predictive esthetic outcomes will be the key areas of development in the Al world.
Future training in the field of endodontics will be necessary for AI models to effec-
tively predict the specificity of apical radiolucency and determine lamina dura wid-
ening. Al in orthodontics should aid in accurate diagnosis and the provision of the
treatment plan. This would help reduce manual work, save patients time, provide
proper care, and assist dentists in reducing human error. Future technology will
enable dentists to educate their patients better and provide proper care by alleviating
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the discomfort associated with frequent dental appointments and assisting in the
development of the best treatment strategy. Dental technology advancements are
advantageous for patients and clinicians alike.

With the acceptance of Al-based technology, the question also arises: are humans
being replaced by robots? But we must look at Al as our additional supportive col-
league in the dental office, whose role is to simplify and efficiently predict the
diagnosis and treatment planning, thereby improving the overall oral healthcare of
the patients. There will always be the importance of human touch and emotions in
dental treatment, which is irreplaceable. Al will play an important role in areas
where there is a lack of accessibility to quality dentists or specialists. In the long
term, Al and automation are going to be taking over so much of what gives humans
a feeling of purpose” — Mat Bellamy.

In conclusion, Al is a valuable tool that simplifies diagnosis, treatment planning,
oral health care, and overall well-being. It supports and enhances the capabilities of
dentists and specialists, ultimately benefiting both patients and clinicians.
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Introduction

The landscape of healthcare, characterized by its continuous evolution, has been
significantly shaped by innovation and technological advancements. Of these, arti-
ficial intelligence (AI), with its various manifestations such as machine learning
algorithms and deep learning networks, has emerged as a transformative force. The
potential of Al to revolutionize healthcare delivery is vast, with dentistry represent-
ing one of the many fields impacted by this technological evolution.

Endodontics and restorative dentistry, two fundamental domains within dental
care, have experienced substantial influence from AI technologies. Endodontics,
which concentrates on the study and treatment of dental pulp and periradicular tis-
sues, and restorative dentistry, which focuses on the restoration and maintenance of
oral functionality and aesthetics, have both witnessed significant enhancements
through the integration of Al

The objective of this chapter is to illuminate the diverse applications of Al within
these critical fields of dentistry. Initially, we provide a foundational understanding
of Al tracing its evolution and explaining its relevance within the dental profession.
This forms the basis for subsequent detailed exploration of AI’s specific applica-
tions within endodontics and restorative dentistry.
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We then examine the role of Al in endodontics, discussing its utility in diagnostic
processes, treatment planning, and procedural aspects. Similarly, the influence of Al
in restorative dentistry is explored, including its application in diagnosing dental
conditions, planning restorative treatments, and facilitating restorative procedures.

In acknowledging the transformative potential of Al, we also evaluate its broader
impact on dental practice. This includes a discussion of the benefits, limitations, and
ethical considerations associated with integrating Al in dental care, as well as poten-
tial legal implications. The chapter concludes with a forward-looking perspective,
discussing emerging trends, potential new applications, and the possible future tra-
jectory of Al within endodontics and restorative dentistry.

Our aspiration is that this chapter contributes substantively to the current dis-
course on Al in dentistry, offering a comprehensive understanding of its role within
the fields of endodontics and restorative dentistry, and grounding the discussion in
contemporary research and professional practice.

Background

The advent of Al dates back to the mid-twentieth century—a period marked by the
inception of the idea of machine-based humanlike intelligence. This concept evolved
over subsequent decades, weathering periods of skepticism and progressing through
moments of significant advancement. Al has transformed from its rudimentary
beginnings with rule-based systems to its current state, characterized by sophisti-
cated machine learning and deep learning algorithms.

As Al matured, its applications proliferated across numerous fields, with den-
tistry being one of them. Initially, Al was employed in dentistry to perform simple
tasks such as data analysis and image recognition. However, as the technology
evolved, its role within dental practice expanded to encompass diagnostics, treat-
ment planning, procedural assistance, and patient management.

The impact of Al has been particularly notable within the fields of endodontics
and restorative dentistry. In endodontics, Al has enhanced diagnostic processes tra-
ditionally dependent on radiographic interpretation, a task often affected by subjec-
tivity and variability. Al algorithms have improved the accuracy and consistency of
these processes. Additionally, Al has facilitated the identification of root canal
anomalies and improved treatment planning through its predictive capabilities
(Figs. 5.1 and 5.2).

In restorative dentistry, Al has revolutionized caries detection by transforming it
from a subjective process into an objective and reliable one. Al has also transformed
the design and fabrication of restorations, leading to personalized, accurate, and
efficient restorative outcomes. Furthermore, Al aids in the selection of restorative
materials and techniques, enhancing the quality of treatment outcomes.

In essence, the significance of Al within endodontics and restorative dentistry
lies in its ability to improve accuracy, efficiency, and personalization of dental care.
Al has initiated a new era—an era marked by precision, predictability, and
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Fig.5.1 Automatic
segmentation of the teeth.
Manual segmentation
(upper image) and
automatic segmentation
(lower image) can be seen
above. Each tooth has a
unique label according to
the FDI World Dental
Federation notation

Fig.5.2 Automatic
segmentation of root-canal
fillings. Manual
segmentation (upper
image), automatic
segmentation (lower
image) can be seen above

personalization. As we stand on the threshold of this exciting epoch, it is evident
that the influence of Al will continue to grow.

Al in Endodontics
Al Models for Assessing Root Morphology

In the realm of endodontics and restorative dentistry, the assessment of root mor-
phology plays a pivotal role in diagnosis, treatment planning, and prognosis deter-
mination. The complexity of root canal anatomy, particularly in cases of variations
like C-shaped canals, poses significant challenges to clinicians. Traditionally, the
evaluation of root morphology has relied on two-dimensional radiographic images,
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which often fall short in accurately representing the three-dimensional intricacies of
root canal systems. This limitation can lead to suboptimal treatment outcomes,
highlighting the need for more advanced, reliable, and precise assessment tools.
Artificial intelligence (Al), with its ability to analyze complex data and identify pat-
terns, offers a promising solution to this challenge.

One notable study, conducted by Hiraiwa et al. (2019), focused on evaluating the
diagnostic performance of a deep learning system in classifying the root morphol-
ogy of mandibular first molars using panoramic radiographs. To establish a reliable
gold standard, dental cone-beam CT (CBCT) images were utilized for comparison.
The results showed that a diagnostic accuracy of 86.9% was achieved by the deep
learning system in determining whether distal roots were single or had extra roots.
The conclusion was drawn by the authors that high accuracy was shown by the deep
learning system in the differential diagnosis of a single or extra root in the distal
roots of mandibular first molars. It was also suggested that the interpretation of
images could be assisted by the deep learning system for inexperienced doctors.

Another study by Sherwood et al. (2021) presents a study that aims to develop a
deep learning model to classify C-shaped canal anatomy in mandibular second
molars from cone-beam computed tomographic (CBCT) volumes (Sherwood et al.
2021). The conclusion drawn from the study was that the detection and classifica-
tion of C-shaped canal anatomy could potentially be aided by deep learning. It was
suggested that an understanding of C-shaped canal morphologies could be enhanced
by an automated segmentation tool for CBCT images, thereby improving the safety
and efficiency of patient treatment.

Jeon et al. (2021) conducted a study (Jeon et al. 2021) to assess the effectiveness
of a convolutional neural network (CNN) system in predicting C-shaped canals in
panoramic radiographs of mandibular second molars. The findings indicated that
the CNN model achieved impressive performance metrics, with accuracy, sensitiv-
ity, specificity, and precision values of 95.1%, 92.7%, 97.0%, and 95.9%, respec-
tively. As a result, the authors concluded that the deep-learning system exhibited
significant accuracy in predicting C-shaped canals in mandibular second molars on
panoramic radiographs.

Yang et al. (2022) recently conducted a study (Yang et al. 2022) where they cre-
ated and validated a visually interpretable deep learning model to classify C-shaped
canals in periapical and panoramic radiographs of mandibular second molars. The
study aimed to assess the diagnostic capabilities of the deep learning system in
determining whether the second mandibular molar exhibited a C-shaped canal con-
figuration, using CBCT as the reference standard. The findings revealed that the
deep convolutional neural network algorithm model demonstrated excellent accu-
racy in predicting the presence of C-shaped canal variations in mandibular second
molars, regardless of whether periapical or panoramic images were used.

These studies collectively suggest that Al models can significantly aid in the
assessment of root morphology, specifically C-shaped canals in mandibular molars,
potentially improving clinical practice and education in endodontics. However, they
also highlight the need for further research and development to fully realize the
potential of Al in this field.
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Al in Predicting Case Difficulty

The application of artificial intelligence (Al) in endodontics has shown promising
results, particularly in predicting case difficulty. This is a crucial aspect of endodon-
tic treatment planning, as it allows for more accurate diagnosis, better patient com-
munication, and more effective treatment outcomes.

One of the innovative approaches in this area is the use of machine learning algo-
rithms to predict the difficulty level of endodontic cases. A study by Mallishery
et al. (2020) demonstrated the potential of such an approach. The researchers used
the standard American Society of Endodontists Endodontic Case Difficulty
Assessment Form (American Association of Endodontists n.d.) to diagnose 500
potential root canal patients. Two pre-calibrated endodontists evaluated the com-
pleted forms, seeking a third endodontist’s input in the event of differing opinions.
Utilizing an artificial neural network, an algorithm was generated.

The results of the study were encouraging, with the machine learning algorithm
achieving a sensitivity of 94.96%. This high sensitivity indicates the potential of
machine learning algorithms in accurately predicting case difficulty in endodontics.
In their conclusion, the authors found that the machine learning algorithm offers an
alternative to the traditional approach of predicting case complexity. This innova-
tion enables faster decision-making and potential referrals, introducing automation
into the process.

Qu et al. (2023) endeavored to construct and authenticate machine learning mod-
els with the objective of forecasting the complexity of cases in endodontic microsur-
gery, thereby providing a tool for clinicians to conduct preoperative evaluations.

The investigators gathered cone-beam computed tomographic images from a
sample of 261 patients, encompassing 341 teeth, which were subjected to radio-
graphic examination and measurement. Four distinct models were established, uti-
lizing a variety of machine learning algorithms, namely, linear regression (LR),
support vector regression (SVR), and extreme gradient boosting (XGBoost). These
models underwent validation through a process of five-fold cross-validation.

The efficacy of the models was assessed through a range of metrics, which
included the mean absolute error (MAE), coefficient of determination (R2),
explained variance score (EVS), mean squared error (MSE), and median absolute
error (MedAE). The XGBoost model demonstrated superior performance across all
evaluation metrics, thereby indicating its potential utility in assisting clinicians in
preoperative analysis.

The research also identified a number of factors that could serve as predictors of
case difficulty in endodontic microsurgery. These factors, arranged in the order of
their relative importance, encompassed lesion size, the distance between the apex
and adjacent important anatomical structures, tooth type, root canal curvature, root
apex diameter, root filling density, root resorption, tooth length, root filling length,
and the number of root canals.

In their conclusion, the authors posited that the XGBoost model surpassed the
LR and SVR models in its ability to predict case difficulty in endodontic microsur-
gery. They proposed that the relative importance of features could serve as a
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reference for the development of a scoring system for case difficulty assessment in
endodontic microsurgery. They further recommended the execution of a larger-scale
multicenter study involving experienced endodontists who were not part of the
algorithm development team for the purpose of further optimization of the models.

While the results are promising, the application of Al in predicting case difficulty
in endodontics is not without challenges. The algorithm’s performance can vary
depending on the complexity of the case and the quality of the input data. Therefore,
further research and development are needed to improve the accuracy and reliability
of these Al models.

In conclusion, Al models, particularly machine learning algorithms, have shown
significant potential in predicting case difficulty in endodontics. These models can
enhance the speed and accuracy of decision-making, potentially improving patient
outcomes. However, further research and development are needed to fully realize
the potential of Al in this field.

Al in Detecting Pulpal Diseases

Artificial intelligence (Al) has shown promising results in the field of the detection
of pulpal diseases. Deep learning models, specifically convolutional neural net-
works (CNNs), have been used to diagnose deep caries and pulpitis with high
accuracy.

Tumbelaka et al. (2014) demonstrated the potential of Al in diagnosing pulpitis.
The researchers utilized ten tooth radiographs and applied edge detection, texture
description, and artificial neural networks (ANNS) to identify pulpitis. The model
was particularly efficient in diagnosing reversible and irreversible pulpitis, provid-
ing valuable insights for pulp interpretation. However, the authors suggested that
direct reading radiography should be digitized for better diagnosis validation.

A recent study conducted by Zheng et al. (2021) embarked on an exploration of
deep learning, a subset of artificial intelligence, to detect and diagnose deep caries
and pulpitis. They employed a specific type of deep learning model known as a
convolutional neural network (CNN), which has shown remarkable success in
image recognition tasks. To test the performance of their models, Zheng and his
team used a total of 844 radiographs. They allocated 85% of these images for train-
ing the models and reserved the remaining 15% for testing. The results were impres-
sive. Their model outperformed its counterparts and even the experienced clinicians.
However, it’s important to note that this study had its limitations. The focus was
solely on teeth with single carious lesions, leaving out cases with multiple carious
lesions. This suggests that while the study provides a promising direction, there is
still a need for further research.
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Al in Detecting Periapical Lesions

In the rapidly evolving field of Al application in detecting periapical lesions, several
promising strides have been made to improve the accuracy and efficiency of diag-
noses. Periapical lesions, which are often a consequence of pulpal diseases, can be
challenging to detect accurately using traditional methods. However, the advent of
Al has brought forward models that can assist in this task.

As an example of such advancements, the study by Ekert et al. (2019) developed
a deep learning model for detecting apical lesions using panoramic radiographs.
While the model showed promise with an AUC of 0.85, the authors pointed out
room for improvement, particularly in sensitivity. Moving from this point, it is clear
that while the potential for Al in lesion detection is high, there is still a need for
further fine-tuning in model performance.

Taking a different approach, another study (Endres et al. 2020) used a deep learn-
ing model to aid oral and maxillofacial (OMF) surgeons in detecting periapical
radiolucencies on panoramic radiographs. Highlighting the variability in dental pro-
fessionals’ abilities to read panoramic radiographs, the study pointed to the poten-
tial of Al to reduce the rate of misdiagnosis and improve patient outcomes.

Next, in the realm of CBCT images, Orhan et al. (2020) used an artificial intel-
ligence system based on deep convolutional neural network methods to detect peri-
apical pathosis. Their Al system showed a high reliability of 92.8% in correctly
detecting a periapical lesion, hinting at the usefulness of Al in the diagnosis and
treatment of periapical diseases.

Building upon the application of Al in CBCT images, Setzer et al. (2020) used a
deep learning (DL) algorithm for the automated segmentation of CBCT images and
the detection of periapical lesions. Their findings underscored the potential for Al to
improve the accuracy of periapical lesion detection in CBCT images.

On the other hand, Li et al. (2021) employed a convolutional neural network
(CNN) to detect dental apical lesions using periapical radiographs. While they
found that their model performed better than other methods, they also recognized
the need for future development in the field.

In a comparative study by Pauwels et al. (2021), the diagnostic performance of
convolutional neural networks (CNNs) was compared with human observers for the
detection of simulated periapical lesions. With CNNs showing diagnostic perfor-
mance comparable to or better than human observers, the potential for Al in clinical
applications becomes more apparent.

Transitioning from detection to segmentation of lesions, Bayrakdar et al. (2022)
used a deep-convolutional neural network (D-CNN) model to segment apical lesions
on dental panoramic radiographs. The results suggested that Al systems might over-
come certain clinical challenges, facilitating the assessment of periapical pathology
based on panoramic radiographs.

Making significant strides in the field, Calazans et al. (2022) developed an auto-
matic classification system for the detection of endodontic lesions in pairs of cone-
beam computed tomography sections. The success of the system highlighted the
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potential for Al as a useful tool in lesion detection, albeit with noted challenges in
detecting very small lesions.

In a unique two-step approach, Kirnbauer et al. (2022) developed a deep convo-
Iutional neuronal network for the automated detection of osteolytic periapical
lesions in CBCT data sets. The success of this approach showcased the potential of
Al even in the face of variability in lesion appearance, size, and shape.

Finally, a study by Moidu et al. (2022) demonstrated the potential for Al in scor-
ing periapical lesions. Their CNN model trained to score periapical lesions based on
the periapical index (PAI) scoring system showed promising results. This suggests
the potential application of Al not only in detection but also in the severity assess-
ment of periapical lesions.

To summarize, these studies represent the tremendous strides made in the appli-
cation of Al for the detection of periapical lesions. However, they also highlight the
ongoing need for improvements in model performance, as well as the potential for
future development in the field.

Al in Segmentation of the Pulp Cavity

The utilization of artificial intelligence (Al) in segmenting the pulp cavity has gar-
nered increasing attention within the field of endodontics. In a study conducted by
Lin et al. (2021), a fresh data pipeline was introduced, utilizing micro-computed
tomographic (micro-CT) data to train the U-Net network. The aim was to achieve
automatic and precise segmentation of the pulp cavity and tooth structures in cone-
beam computed tomographic (CBCT) images. This groundbreaking approach has
paved the way for exciting possibilities in applying Al to the field of endodontics.

In order to carry out this process, the scientists gathered data from 30 teeth,
including both CBCT and micro-CT scans. The CBCT data underwent processing
and were converted into high-resolution, small field-of-view images for each tooth.
Out of the 30 sets, 25 were randomly chosen for the training set, while the remain-
ing five sets were designated as the test set. This collection and processing of data
formed the foundation of the study, establishing the groundwork for the subse-
quent stages.

Building on this, two data pipelines were used for U-Net network training: one
manually labeled by an endodontic specialist as the control group and one pro-
cessed from the micro-CT data as the experimental group. This dual approach
allowed for a comprehensive comparison of the effectiveness of manual labeling
versus Al-based segmentation.

The 3-dimensional models constructed using micro-CT data in the test set were
taken as the ground truth. The Dice similarity coefficient, Hausdorff distance, recall
rate, precision rate, average symmetric surface distance, and morphologic analysis
were used for performance evaluation. The results of this evaluation were pivotal in
determining the effectiveness of the Al-based approach.
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The segmentation accuracy of the experimental group measured by these metrics
were significantly better than the control group. These findings underscored the
potential of Al in enhancing the accuracy of pulp cavity segmentation.

To conclude, this study suggests that the proposed approach for segmenting teeth
and pulp cavities in CBCT images has potential applications in both research and
clinical settings. It offers precise training samples for neural networks, enabling
accurate labeling even for small root canals that may pose challenges for specialists
when interpreting CBCT images. This method mitigates differences in individual
image recognition and ensures reliable training samples for neural networks.

However, the study also emphasizes the need for further research in this domain
of dental research. With the advent of Al researchers are striving to develop increas-
ingly advanced models for tooth segmentation to achieve precise results.
Nevertheless, the focus on providing high-quality training samples for Al segmenta-
tion models has been comparatively limited. This serves as a reminder that despite
the promising prospects of Al in endodontics, there are still unresolved challenges
that must be addressed to fully harness its potential.

Al in Determining Working Length

The determination of working length in endodontics is a critical step in ensuring
successful root canal treatment. Accurate working length determination is essential
to avoid over-instrumentation, which can lead to posttreatment complications such
as pain and infection, or under-instrumentation, which can leave residual bacteria
and debris in the canal. Traditionally, working length determination has been
achieved through a combination of tactile sensation, radiographic interpretation,
and electronic apex locators. However, these methods have their limitations, includ-
ing operator subjectivity, radiation exposure, and inaccuracies due to anatomical
variations or the presence of electrolytes in the canal.

In this context, the application of artificial intelligence (Al) in determining the
working length has emerged as a promising avenue of research. Al, with its ability
to learn from data and make predictions, has the potential to overcome the limita-
tions of traditional methods and improve the accuracy and consistency of working
length determination. A study by Qiao et al. (2020) explored this potential, specifi-
cally focusing on a multifrequency impedance method based on a neural network
for root canal length measurement. This method combines the principles of elec-
tronic length determination with the power of Al to provide a more accurate and
reliable method for working length determination. The study proposed that the neu-
ral network-based multifrequency method can be used to determine the working
length in endodontics. It provides a more accurate and robust method compared to
the traditional dual-impedance ratio method. However, the study also highlighted
that further improvements in accuracy can be considered, such as improving the
neural network structure, using different judgment strategies, using different opti-
mization methods, and most importantly, expanding the data set.
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Al in Diagnosing Vertical Root Fracture

Vertical root fracture (VRF) is a challenging diagnosis in endodontics and restor-
ative dentistry. Traditional diagnostic methods, such as clinical examination and
radiographic imaging, have limitations in detecting VRFs. However, recent advances
in artificial intelligence (AI) have shown promise in improving the accuracy of VRF
diagnosis.

In a recent study by Fukuda et al. (2020), a convolutional neural network (CNN)
system was developed to detect VRFs on panoramic radiography. The CNN model
was trained on a dataset of 1000 panoramic radiographs and achieved a recall of
0.75, precision of 0.93, and an F measure of 0.83. These results suggest that Al-based
systems have the potential to improve the accuracy of VRF diagnosis on panoramic
radiography.

While this study focused on panoramic radiography, other imaging modalities
such as cone-beam computed tomography (CBCT) have also been investigated for
VRF diagnosis using Al. A systematic review and meta-analysis by Ma et al. (2016)
found that CBCT had high detection accuracy for root fractures, with a sensitivity
of 0.91 and specificity of 0.98. Al-based systems could potentially improve the
accuracy of VRF diagnosis on CBCT as well.

In conclusion, Al-based systems have shown promise in improving the accuracy
of VRF diagnosis in endodontics and restorative dentistry. While further research is
needed to validate these findings and optimize the performance of Al models, the
potential benefits of Al in VRF diagnosis are promising.

Al in Restorative Dentistry

Artificial intelligence (AI) has been making significant strides in various fields,
including dentistry. In the realm of restorative dentistry, Al has shown promising
potential in enhancing diagnosis, treatment planning, and prediction of treatment
outcomes.

Al models have been increasingly used to diagnose dental caries, detect tooth
preparation margins, and predict restoration failure. The use of these models has
grown substantially since 2019, indicating a rising trend in the integration of Al in
restorative dentistry (Revilla-Leon et al. 2022).

Al models can provide a powerful tool to assist in the diagnosis of dental caries
(Fig. 5.3). These models can analyze complex patterns in dental images, enabling
more accurate and early detection of these conditions. This can lead to timely inter-
ventions and improved patient outcomes.

Furthermore, Al can be used to detect the tooth finishing line, an essential step in
restorative procedures such as crown placement. This can improve the precision of
restorations, leading to better fit and longevity of the dental prosthesis.

Al models can also predict the failure of dental restorations. By analyzing vari-
ous factors such as the type of restoration, patient characteristics, and oral health
status, these models can provide valuable insights into the likelihood of restoration
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Fig.5.3 Automatic segmentation of the carious lesions at the lower-right second and third molar.
Manual segmentation (left) as well as automatic segmentation (right) can be seen above

failure. This can guide dentists in choosing the most suitable restorative materials
and techniques for each patient, potentially reducing the need for future
re-treatments.

However, it’s important to note that the dental applications of Al models are still
under development. Further studies are required to assess the clinical performance
of AI models in restorative dentistry. The standardization and benchmarking of
datasets might increase the accuracy of Al models in diagnosing dental conditions
and predicting failures of dental restorations. The availability of open datasets will
facilitate the development of Al models.

In conclusion, Al has the potential to revolutionize restorative dentistry by
enhancing diagnostic accuracy, improving treatment planning, and predicting treat-
ment outcomes. As Al models continue to evolve and improve, they are expected to
play an increasingly important role in restorative dentistry.
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Artificial Neural Networks for the Design 6
Optimization of Implants

Jason A. Griggs

Challenges of Al Use in Engineering Design

Al is commonly used in the health sciences for object recognition (Vujanovic and
Jagtap 2023) or diagnosis (Yamaguchi et al. 2019) because it lends itself to easy use
for those applications. The portion of the protocol that the Al takes over is the
majority of the total protocol, leaving little remaining work for the operator to do.
However, engineering design presents some additional challenges because the oper-
ator is required to define design parameters and constraints in advance of the Al
contribution. This includes determining which measurements or design features can
be varied, over what range each of them can be varied, and how to best define design
parameters so they are independent of each other and do not impinge on each other
as a result of variation. These definitions require substantial effort on the part of the
operator without the aid of Al. The Al is then trained to predict a numerical perfor-
mance metric, and it saves a lot of time following training because it is capable of
predicting the performance of a design in a fraction of a second. In engineering
design, the data for training are not existing images paired with expert human inter-
pretation. The training and validation data are either from physical testing of proto-
types (requiring days for the operator to acquire each data point) or more commonly
from finite element analysis software (requiring hours for each data point). In either
case, acquiring the data to create the Al is effort-intensive. After training and valida-
tion, the operator is often required to guide the Al or use a genetic algorithm because
the performance predictions output by the Al often form a complex response surface
that contains many local maxima and minima. The gratuitous number of designs
corresponding to these points in the design space thwarts many algorithms from
finding the globally optimum design. Thus, current Al technology saves a smaller
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proportion of human effort for engineering design problems compared to the effort
that it saves in object recognition and medical diagnosis. Nevertheless, Al has been
a valuable tool for engineers both inside and outside the health sciences as illus-
trated by the examples below. Before describing the projects that successfully used
Al for design optimization, it will be useful to provide an overview of the design
optimization process.

Process of Design Optimization

Figure 6.1 summarizes the steps of the engineering design optimization process.

Step 1 is to define the design factors and their limits. A design factor is an aspect
of the implant that can be controlled and that is expected to have an effect on the
performance of the implant. Examples include implant length, implant outer diam-
eter, and implant inner diameter. However, it is best to define geometrical factors in
terms of distances between landmarks on the product. Otherwise, the factors may
come into conflict when they are varied. For example, when the outer diameter is
decreased and the inner diameter is increased, it may result in an implant with no
wall thickness. Inner diameter and wall thickness would never come into conflict
with each other though. In addition, one should be careful to identify factors that are
not truly independent of each other and combine them into a single factor.

Step 2 is to define the design objectives. Design objectives are the performance
metrics for which the goal is either to maximize their value (strength, lifetime,
fatigue limit), minimize their value (variability in strength, cost, deflection), or tar-
get a moderate value (strain on bone within a healthy range without atrophy and
without microfracture). A desirability function may be constructed for each objec-
tive, which provides a quantitative and nonsubjective means for comparing compet-
ing product designs (Fig. 6.2). The desirability function ranges from d = 0
(undesirable) to d = 1 (desirable). If the design objective is to be maximized, then
d = 0 until the objective reaches the lower limit (L). From the lower limit to the
target value (T), d increases from 0 to 1. Above the target value, d = 1 because there
is no reward for increasing the objective higher than the target value. On the other
hand, if the objective is something that we wish to minimize, then d = 0 above the

Define Train
Design Neural
Parameters MNetwork

Guide ANN to
Optimal Design

Define Evaluate Physical Raobust
Design Performance Validation Design
Objectives of Designs

Fig. 6.1 Flowchart for the engineering design optimization process
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upper limit (U), and d = 1 below the target value. If an intermediate level is most
valuable for the objective, then the desirability function will contain both upper and
lower limits, and d will be penalized in either direction from the target value. In
cases where there is more than one design objective, it is unlikely that the same
combination of design factors will result in maximum d for every objective, and the
factors must be chosen to compromise between the various objectives to produce
the highest overall desirability (D). D is calculated as the harmonic mean of the
individual d values (Fig. 6.2).

Step 3 is to determine what level of desirability or objective results from each
combination of design factors. This could be done by milling or 3D-printing a pro-
totype for each design and physically testing them, but engineers usually employ
finite element analysis (FEA) software to save time in predicting the performance of
each design. A virtual “solid” model is created in the computer using a combination
of computed tomography (CT) scans and CAD software. Then, material properties
(Young’s modulus, Poisson’s ratio, etc.) are assigned to each component, and virtual
forces and supports are applied at appropriate locations on the device. FEA can
predict the direction and magnitude of stress and strain in an implant, stress and
strain in the adjacent bone, amount of deflection or micromotion, natural harmonic
frequency, fluid flow, and changes in temperature.

However, it is usually too labor intensive to test or predict the performance of
every possible combination of design factors. For an implant with 16 different fac-
tors, even if only three settings are considered for each factor the burden would be
316 =43,046,721 different designs! A common strategy is to use only two settings
per factor, but that is not advisable because the experiment will not be able to notice
nonlinear behavior and would overlook optimal designs that may exist at intermedi-
ate settings (Fig. 6.3). A better solution is to use fractional factorial experiments. A
half-factorial experiment cuts the number of designs by half (Fig. 6.4), and the only
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Fig. 6.3 Illustration of the
way in which a two-level
design (green) fails to
register a nonlinear
behavior, thereby missing
optimal designs (red)
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Fig. 6.4 Illustration of how fractional factorial experiments reduce the number designs to be
evaluated

loss is the ability to detect the highest-order interaction. For example, for three
design factors a half-factorial experiment would be able to detect the main effects of
the factors and their two-way interactions but not the possible three-way interac-
tions. According to the Pareto principle (also known as the sparsity of effects prin-
ciple or the 80/20 rule), 80% of the effects are controlled by 20% of the factors and
their low-order interactions. Experiments may be cut in half multiple times, and
they only lose one order of interaction with each halving. This leads to highly frac-
tional designs such as the popular Taguchi orthogonal arrays. By varying more than
one factor at a time in a strategic manner, orthogonal arrays allow later analysis with
either multiple regression or ANN to isolate the effect of each factor based on the
performance of only 8-27 designs for 7-16 factors (Fig. 6.5). A wide variety of
design of experiments (DOE) software packages are available to plan fractional
factorial experiments and create orthogonal arrays (Burnham 1998).

Step 4 is to fit a statistical model to the data or train an ANN on the data so that
the performance of additional hypothetical designs can be predicted without spend-
ing additional time on FEA or manufacturing prototypes. This is where ANNs excel.
A simple ANN with one hidden layer and two neurons (Fig. 6.6) is capable of learn-
ing the effects of a large number of design factors and their interactions. It is inad-
visable to use a single neuron because there are classes of problems that a single
neuron cannot solve, but a few neurons suffice for most engineering design prob-
lems. The ANN multiplies each design factor by a weighting factor (w) and sums all
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Fig. 6.5 Taguchi orthogonal array for measuring the main effects of seven design factors using
only eight designs
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Fig. 6.6 The structure and training of a simple artificial neural network with one hidden layer
containing two neurons

of the products to calculate the membrane potential of a neuron. For example, in
Fig. 6.6, thread pitch (TP), thread depth (TD), and shank diameter (SD) all contrib-
ute to the membrane potential (MP) or input of Neuron | in the hidden layer: TP
wii + TD e wy; + SD o w3, = MP,. The output or action potential (AP) of a neuron
can be any function based on its input. It is common to use a sigmoidal (S-shaped)
function where little action occurs up to a threshold input level (8) and the action
rapidly climbs after that threshold in reached.

1
AP =————.
" 1-exp(6-MP,)

The sigmoidal function aids in modeling nonlinear effects, and it also mimics the
action of biological neurons. The ANN is trained by the backpropagation of error.
For each design, the ANN’s prediction of performance or desirability is compared
to the data from prototype testing or the prediction of FEA. The discrepancy is
divided among the neurons according to the proportion of each neuron’s contribu-
tion, and the weighting factors are adjusted to reduce the discrepancy. Only a por-
tion of the error is corrected so that the ANN remembers all of its past training, and
the portion of error corrected is usually decreased over time to avoid the ANN from
trying to learn minute fluctuations in product performance. These fluctuations are
probably caused by stochastic variation instead of design effects. In lieu of using an
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ANN, multiple regression can be used to fit polynomials to the data. However,
ANNSs consistently outperform multiple regression.

Step 5 is to identify the combination of design factors that corresponds to maxi-
mum performance (maximum overall desirability, D). This step can be surprisingly
difficult. Although the trained ANN can predict the performance of any given design
in a fraction of a second, it lacks the ability to guide itself regarding which designs
to evaluate. The excellent ability of ANNS to fit data sets often results in a complex
response surface that contains many local maxima and minima. The gratuitous
number of designs corresponding to these points thwarts many algorithms from
finding the globally optimum design. A common starting point is to use a Latin
square, cube, or hypercube generator to create a list of designs that evenly span the
design space and then to submit that list to the ANN. Another strategy is sequential
minimal energy design (Dasgupta 2007), which treats the designs as charged parti-
cles and chooses the location of the next design to try by calculating which position
in the design space would minimize the total electrostatic repulsion between the
new design and all previous designs. Poorly performing designs are assigned large
charges, and designs that perform well are assigned small charges, so the algorithm
spends more time near the better performing designs. Another effective method for
locating the global performance maximum is the use of genetic algorithms. This
involves treating the designs as if they are genomes competing in a process of natu-
ral selection. The desirability function is the measure of fitness. A computer simula-
tion automatically queries the ANN about the predicted fitness of each design in the
population and breeds new generations of designs that inherit some design factors
from the superior designs in the previous generation while also including the occa-
sional design factor setting that occurs by mutation. MATLAB software can be used
both to construct ANNs and genetic algorithms, and the two features work together
well (MATLAB 2015, 2020).

Steps 6 and 7 are often neglected. They are, respectively, to validate the predicted
performance of the optimal design by physical tests on prototypes and optimization
for decreased variability using Taguchi robust design (Taguchi 1986). Robust design
traditionally adds an outer orthogonal array that consists of extraneous (nuisance)
factors. It locates the design that has close to optimal performance and also has
similar performance under all conditions (low technique sensitivity). A modern
approach to robust design is to include the standard deviation of the performance
among the objectives, assigning a separate desirability function to minimize the
standard deviation. The overall desirability will be the harmonic mean of the perfor-
mance with its standard deviation. Maximizing the overall desirability will identify
a design that reaches a compromise between performance and robustness.

Examples of Using Al for Design Optimization

Simple backpropagation artificial neural networks have been successfully used for
designing fluid impellers, radio antennae, and variable cross-section structural
beams among many other engineering applications outside the health sciences
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(Babiker et al. 2012; Kim et al. 2009; Mahouti 2019). However, there are only seven
cases of using ANN for medical implant design to date.

Dental Implants

Dental implant components. At first glance, a dental implant may appear similar
in design and function to an orthopedic screw. Dental implants do have external
screw threads, and those screw threads help dental implants to penetrate bone and
maintain stability within bone. However, the need for delayed loading and for angu-
lation require a much more complex design for dental implants than for bone screws.
The human jawbone will not tolerate even microscopic motion of the implant rela-
tive to the bone. Any such motion results in the formation of a fibrous capsule
around the implant and subsequent failure to osseointegrate. In order to avoid this
type of failure, dental implants usually consist of two segments: the implant body,
which is screwed into the bone and allowed sufficient time (sometimes months) to
fully osseointegrate, and the implant abutment that is installed onto the implant
body later (after osseointegration is complete). Another reason that this modular
design is used in most dental implants is there may be insufficient bone to anchor
the implant along the long-axis of the tooth that is being replaced. In that case, the
implant body is placed at an angle in the jaw to ensure contact with sufficient bone,
and it is necessary to install an implant abutment that is angled to the same degree
(and in the opposite direction) so that the prosthetic tooth that sits on the abutment
will be properly aligned with the other teeth in the mouth. The implant abutment
either slides into the implant body (internal connection) or sits atop the platform of
the implant body (external connection). Regardless of the connection type, a tiny
connector screw is required to penetrate and transfix both the implant abutment and
the implant body. These three components may experience micromotion between
them that creates a risk of loosening the connection, leading to fatigue fracture.
Connection loosening is currently the most common complication in dental implants
(Griggs 2017). Anti-rotation features such as a hexagonal or octagonal socket, cone-
shaped (Morse taper) socket, or a combination of these are implemented to decrease
loosening. The connector screw is also designed to take a heavy preload, which
protects the other two components and decreases the incidence of loosening. The
functions of the three components are so varied that it is increasingly common for
them to be made from different materials (grade 4 CP Ti for the implant body,
Ti-6Al-4 V alloy for the implant abutment, and 316 L stainless steel for the connec-
tor screw).

Fatigue fracture resistance. Reduced-diameter implants are used to replace
mandibular incisors and lateral maxillary incisors. Although fatigue fracture is rare
for standard diameter implants, reduced-diameter implants suffer from a greater
incidence of connector screw loosening and fatigue fracture (Griggs 2017). A proj-
ect was conducted to maximize the fatigue limit of reduced-diameter implants with-
out increasing the overall implant dimensions (Satpathy 2022). Fatigue testing of
physical specimens was conducted to develop more rapid methods of gathering
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fatigue resistance data from prototypes (Duan and Griggs 2018) and to validate the
accuracy of FEA to predict the fatigue lifetime of reduced-diameter implants (Duan
et al. 2018). In a preliminary study, four different commercially available implant
systems were subjected to physical accelerated lifetime testing (Gonzalez 2010).
The implant system with the best performance (3.25 x 15 mm parallel walled with
external hex connection, 3i T3, Biomet 3i Dental) was chosen as the reference
model for the subsequent design optimization study. Initially 26 design factors were
identified. It was later determined that several of the factors could not be varied
independently from each other, so a reduced set of 16 design factors was defined
(Table 6.1). Each design factor was varied by +20% from the reference setting, cre-
ating three settings for each factor. A Taguchi orthogonal array permitted exploring
the three settings for all 16 factors with only 27 implant designs. SOLIDWORKS
was used to construct a virtual solid model for each of the 27 designs, and the mod-
els were meshed and solved in ABAQUS. The fe-safe post-processor was used to
determine the fatigue limit for each design (Fig. 6.7). The fatigue limit was defined
as the maximum bite force that could be withstood for an infinite number of cycles.
The geometry of the holder material and the load application were defined accord-
ing to ISO 14801. Preliminary studies were conducted to determine the most accu-
rate methods for simulating the preload on the connector screw and the effect of
osseointegration on implant fatigue limit (Satpathy et al. 2022a,b). A simple ANN
with one hidden layer and two neurons was trained on the fatigue limit data with a
learning ratio that decreased from 100% to 0% over 1600 iterations. The ANN was
better at fitting the data (R* = 0.99) compared to a multiple regression model with

Table 6.1 Definition of 16 design parameters for a reduced-diameter dental implant
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With preload: Fatigue limit= 116,39 N Without preload: Fadgue limit = 28.12 N
Fatigue loading under 116.39 N external load; Fatigue loading under 116.39 N external load:
Lifedirna: 9,908,004 cycles Lifertime: 33,411 cyeles

Fig. 6.7 Effect of connector screw preload on fatigue lifetime as predicted by the FEA post-
processor (fe-safe). The heat shows the expected failure time for each location on the implant with
cool colors (blue) indicating short lifetime and hot colors (red) indicating long lifetime. With per-
mission from (Satpathy et al. 2022a,b)

quadratic and interaction terms (R?> = 0.95). A Latin hypercube generator was used
to create a list of 1000 implant designs that were spread across the 16-dimensional
design space. Manual searching of the response surface was also conducted. Both
the manual search and the multiple regression model predicted optimal designs in
the corner of the design space, and FEA models were constructed to validate the
fatigue limit at these locations. However, both the ANN and the multiple regression
model overestimated the fatigue limit of these designs because of a sparsity of train-
ing data in the corners of the design space. The ANN was retrained using the valida-
tion data, and new optimal designs were identified in an iterative loop. Ultimately,
the ANN identified a design that had 8.6% higher fatigue limit than the reference
model, whereas the best design identified by multiple regression had only 0.7%
higher fatigue limit than the reference model.

Bone microstrain. A combination of ANN and genetic algorithm was used to
optimize an endosseous dental implant with the goal of maintaining 2500 microstrain
in the bone adjacent to the implant (Roy et al. 2018). Since 1500-3000 microstrain
is the windows for healthy bone in Frost’s mechanostat (Frost 1987) with both lower
strains and higher strains leading to bone deterioration, a desirability function was
constructed with 1500 and 3000 microstrain as the limits. The desirability increased
from O to 1 as microstrain increased from 1500 to 2500, and the desirability
decreased from 1 to 0 as the microstrain increased from 2500 to 3000. FEA was
used to predict the microstrain in the adjacent bone. FE models were constructed for
180 cases in a full-factorial design. The design parameters were implant porosity
(0%, 10%, and 20%), implant length (9, 10, 11, and 12 mm), and implant diameter
(4,5, and 6 mm). The extraneous factor was bone quality (Young’s modulus = 1.872,
2.497,3.121, and 3.745 GPa). Bite force was assumed to be 120 N applied along the
long axis of the implant. A simple ANN with one hidden layer and 12 neurons was
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trained on the FEA predictions. Then, the top performing implant design for each
bone quality was optimized using a genetic algorithm over 500 generations with
500 designs per generation, 95% of the designs in each generation being the off-
spring of the fittest design (highest desirability function) from the previous genera-
tion, and a 1% rate of mutation. The optimal implant diameter was 5 mm and was
not dependent on bone quality. The optimal implant length was 10.5 mm for low-
quality bone and increased to 12 mm for high quality bone. The optimal implant
porosity was 16% for low-quality bone and increased to 20% for high-quality bone.
The ANN predicted that all optimal designs would achieve 100% desirability (being
within 1 microstrain of 2500). However, the ANN predictions for microstrain were
consistently low (199-400 microstrains lower than FEA predictions).

Basal implants. Basal implants are used in cases where the available bone in the
jaw is insufficient for a normal dental implant. Basal implants have a design similar
to that of a lag bolt, and the screw threads find purchase in the cortical bone farthest
from the occlusal surface. One study optimized the designs of basal implants in an
attempt to keep the strain in the adjacent bone within the adapted window of Frost’s
mechanostat (Choudhury et al. 2022). A Taguchi robust design was used to explore
five different levels for each of the three design factors (screw thread depth, screw
thread length, and screw thread pitch) and two extraneous factors (bone height and
bone width). The implants were assumed to be subjected to a 200 N axial load
applied to coronal aspect of the implant, which was shaped as if to mate with an
overdenture. FEA was used to predict the microstrain in the bone for each implant
design in each shape of bone, and a fitness function was calculated for each case as
the square of the difference between the desired and achieved bone microstrain. The
design objective was to minimize the fitness parameter. After the ANN was trained
the design space was explored using genetic algorithms to breed the best performing
designs while introducing a controlled amount of variation from mutations in each
generation of offspring. The optimal setting for each of the three design parameters
was dependent on the shape of the bone — with the optimal screw thread length rang-
ing from 4 mm to 6 mm, the optimal screw thread depth ranging from 3 mm to
5 mm, and the optimal screw thread pitch ranging from 0.5 mm to 1.5 mm.

Orthopedic Implants

Spinal fusion. ANN was successfully used to optimize the design of bone cages for
use in anterior lumbar interbody fusion (Nassau et al. 2012). The goal was to mini-
mize the von Mises stress on the bone adjacent to the implant because a common
mode of failure for this application is subsidence, where implant penetration induces
failure of the adjacent vertebral body. Six design factors were varied (the height,
width, and obliqueness of ridges on the surface of the implant; the surface area cov-
ered by ridges; the surface area of the implant; and the stiffness of the material). A
Taguchi orthogonal array was used to plan the minimum number of designs neces-
sary to elucidate the importance of each of the six design factors. The maximum
stress on the bone for each design was predicted using finite element analysis (FEA).
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A simple ANN having one hidden layer with three neurons was trained on the data
and achieved good accuracy, having 1% or lower error in predicting the maximum
von Mises stress as judged by the FEA predictions for the 18 original designs in the
orthogonal array. However, the optimal design was located in one corner of the six-
dimensional design space, which raises the question of whether a design with better
performance might be located outside of the boundaries of the design space. It also
raises the question of whether the ANN error would be low for predicting the per-
formance of this design if it were included in the validation set.

Femoral implant primary stability. Similarly to dental implants, it is desirable
to minimize micromotion at the bone-implant interface for femoral implants. A
combination of ANN and genetic algorithms was able to decrease the primary
mobility by 37% compared to that of a commercially available femoral implant
(Chanda et al. 2016). The training data for micromotion were provided by FEA. The
solid model was constructed from the medical records of one specific patient.
Young’s modulus, Poisson’s ratio, and density of bone were varied by location
according to radiolucency. The elastic constants for the implant were held constant
at the values commonly used for Ti-6Al-4 V alloy. The FE model was loaded with
forces that seven muscles are known to exert on the femur during normal walking
and during the climbing of stairs (Bergmann et al. 2001). The micromotion along
the bone-implant interface was integrated to provide an overall normalized Index of
Instability (Iol). The design objective was to minimize Iol by varying the design
parameters that control the cross-sectional shape of the implant at four locations
along its length. At each cross-section, the major axis, minor axis, and the degree of
chamfer were varied. A series of simple ANNs having one hidden layer and from
two to eight neurons in the hidden layer were trained on the Iol data, and it was
determined that four neurons along with a learning rate of 20% and a momentum
constant of 0.4 resulted in the best accuracy (R? = 0.82). Once the ANN was trained
on 160 implant designs and validated using 26 more implant designs, its predictions
were used to save time by eliminating the need for further use of FEA to predict Iol
for candidate designs. The 12-dimensional design space was explored using genetic
algorithms. The most rapid decrease in Iol was produced when the population size
(number of designs per generation) was 125 and 80% of the design factors were
inherited from the fittest design in the previous generation. The results converged
after only 40 generations on an implant design that was predicted to have 37% lower
Iol compared to the stock commercially available implant.

Tibial locking screws. Multiple regression models (linear, quadratic, and qua-
dratic with interactions) were compared with ANN for ability to minimize the stress
in tibial locking screws (Hsu et al. 2011). It was assumed that the screws would be
embedded in an equal amount of bone on either end and loaded laterally at the mid-
point. This would generate maximum tensile stress at the midpoint of the screw
length on the surface opposite the point of loading. The design objective was to
minimize the tensile stress as predicted by FEA at the location where it is greatest.
The design parameters that could be varied included the diameter including screw
threads (crest-to-crest), the diameter of the screw shank (root-to-root), screw thread
pitch, screw thread width, and the angle between the screw threads and the normal



94 J. A. Griggs

to the screw (angle to the long axis of the screw minus 90 °). A Taguchi orthogonal
array was prepared that contained five different levels for each design factor. This
provided 22 designs for training the ANN, and five designs were randomly selected
for validation. Three simple ANNs having one hidden layer with either one, two, or
three neurons were trained on the FEA predictions. The ANN with one neuron had
similar error (0.4%-14.0%, R*>=0.980) as the multiple linear regression (0.2%-9.5%,
R? =0.980), the multiple quadratic regression (0.3%—11.5%, R*> = 0.988), and the
regression with interaction terms (0.2%-8.8%, R*> = 0.990). The performances of
the ANN with two neurons (0.0%-8.9%, R> = 0.992) and the ANN with three neu-
rons (0.0%-4.0%, R* = 0.998) were both superior to all regression models. The
optimal design was one of the training designs and was close to a corner of the
design space, having either the maximum or minimum allowed value for every
design parameter other than screw thread angle. The fact that a search of the design
space beyond the original orthogonal array and validation points was not conducted
raises the question of whether another nearby design could have superior perfor-
mance. Given the location of the optimal design near the corner of the design space,
it seems likely that there could be better designs outside the allowed design space.

Spinal pedical screws. ANN was used to minimize the stress in spinal pedicle
screws (Hsu et al. 2011). These screws were modeled as being embedded in bone
along the complete length of the threaded portion with a lateral load applied to the
bone near the tip of the screw. The head of the screw was considered to be fixed
in location. The design objective was to minimize the tensile stress as predicted by
FEA at the location where it is greatest (the surface of the screw shank adjacent to
the screw head). The design parameters that could be varied included the diameter
of the screw shank, the screw thread width, the thread pitch, the angle of the thread
on the proximal side (screw head side), the radius of curvature at the root of the
screw thread, and the distance on the distal side between one screw thread and the
beginning of curvature for the next screw thread. A Taguchi orthogonal array was
prepared that contained five different levels for each design factor. This provided 22
designs for training the ANN, and five designs were randomly selected for valida-
tion. Three simple ANNs having one hidden layer with either one, two, or three
neurons were trained on the FEA predictions. The error for the ANN with one neu-
ron (0.2%-11.1%, R* = 0.979), the ANN with two neurons (0.0%—7.1%, R*>=0.997),
and the ANN with three neurons (0.0%-5.6%, R*> = 0.998) were all superior com-
pared to the multiple linear regression (2.0%-27.2%, R* = 0.857), the multiple qua-
dratic regression (1.3%-16.9%, R*> = 0.955), and the regression with interaction
terms (0.1%—-17.5%, R*> = 0.968).

Summary

Simple artificial neural networks having one hidden layer and only a few neurons
were able to achieve a good accuracy after training on the results of finite element
analysis for a variety of implant applications in dentistry and orthopedics. Taguchi
orthogonal arrays are frequently used to efficiently explore a large number of design
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factors. Genetic algorithms are useful in guiding a neural network toward the opti-
mal design.
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Introduction

Today, artificial intelligence (AI) refers to computer or machine systems that imitate
human intelligence, enabling them to think, learn, and evaluate like humans
(Khanagar et al. 2021). The term “AI” was officially coined and defined as “the sci-
ence and engineering of making intelligent machines” at a conference in 1956
(Ossowska et al. 2022; Hamet and Tremblay 2017). In the 1970s, concerns were
raised about how this technology could potentially harm the careers of professional
groups such as medicine and dentistry (Scott et al. 2023). However, despite these
initial apprehensions, Al has emerged as one of the most innovative technologies,
offering solutions to problems across various areas of healthcare today (Alami
et al. 2020).

Al has proven to be highly capable of handling the rapid increase in data and data
complexity within the medical field (Schwendicke et al. 2020). It can efficiently
analyze and interpret this data, providing a valuable decision-support mechanism to
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physicians (Amann et al. 2020). Due to these and similar benefits, Al-based research
in dentistry has grown in parallel with medicine (Mohammad-Rahimi et al. 2022),
leading to its adoption in numerous subfields of dentistry, including periodontics,
oral surgery, oral implantology, endodontics, orthodontics, and restorative dentistry
(Fatima et al. 2022). This study aims to explore the applications of Al in periodon-
tics and oral surgery, based on the current information available.

Aliin Oral Surgery

In surgical branches, accurate diagnosis and treatment planning are crucial to ensure
patient safety during the operation and to implement the most optimal solution
when faced with multiple options (Miladinovi¢ et al. 2017). Surgeons are required
to make complex decisions rapidly, considering various factors simultaneously
(Rasteau et al. 2022). However, factors such as fatigue, workload, mood, and differ-
ences in experience among physicians can hinder the idealization of these stages
(Rasteau et al. 2022; Park et al. 2020; Schwalbe and Wahl 2020; Kurt Bayrakdar
et al. 2021). To address these challenges and minimize errors, Al has emerged as an
innovative technology that provides decision-support mechanisms to healthcare
professionals (Miladinovi¢ et al. 2017; Vikram and Karjodkar 2009). Consequently,
Al systems and computer-assisted technologies have gained significant attention
across all areas of dentistry. Despite the increasing academic interest in Al technolo-
gies in oral and maxillofacial surgery, it is observed that oral surgeons have not fully
maximized the use of this technology yet (Rasteau et al. 2022).

The complex anatomical structure of the oral region makes radiographic diagno-
sis critical for surgical planning (Yan et al. 2021; Weiss 2nd and Read-Fuller 2019).
Successful execution of the process requires a detailed interpretation of patient
records, dental/medical histories, and other diagnostic images (Langdon et al.
2017). Al can utilize radiographic images, patient photos, medical histories, and
various health records as inputs and generate evaluations as outputs. This character-
istic makes it promising for automating processes such as diagnosis, treatment plan-
ning, estimation, and gene analysis in oral and maxillofacial surgery (Agrawal and
Nikhade 2022). Studies have indicated that the use of Al technologies in surgery can
achieve performance levels comparable to experts (Yan et al. 2021).

Currently, there are numerous Al studies in various aspects of oral surgery,
including routine protocols, orthognathic surgery, dental implantology, oral dis-
eases, and oral cancers (Yan et al. 2021). These studies have been systematically
categorized and summarized under different headings.

General Oral Surgery

Al has proven to be highly effective in the radiographic evaluation of critical anatomi-
cal structures in oral surgical procedures, such as sinuses, fossae, nerve canals, and
vascular bundles (Shujaat et al. 2023; Minnema et al. 2022). It has also demonstrated
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Fig. 7.1 Automatic
detection of maxillary
sinuses on panoramic
radiography. (Courtesy of
CranioCatch Al software)

Fig. 7.2 Detection of
maxillary sinus membrane
mucosal thickening with
artificial intelligence
software on CBCT image
section. (Courtesy of
CranioCatch Al software)

success in detecting variations, pathologies, and diseases in these anatomical regions
(Kim et al. 2019b; Agbaje et al. 2017; Lahoud et al. 2022) (Figs. 7.1 and 7.2).

For instance, Cha et al. (2021a) utilized the semantic segmentation method on
panoramic radiographs commonly used in dental clinics for their research. They
demonstrated that Al systems can easily detect anatomical formations, including the
sinus, maxilla, mandible, and mandibular canal. The segmentation performance of
their developed system achieved precision values ranging from 0.802 to 0.959 (Cha
et al. 2021a).

In another study, Morgan et al. (2022) focused on an Al model designed for the
automatic detection of maxillary sinuses using cone-beam computed tomography
(CBCT) images. Their model achieved a high Dice similarity coefficient value of
98.4%, indicating the model’s accuracy in detecting maxillary sinuses (Morgan
et al. 2022).

Additionally, several studies have reported the successful performance of Al sys-
tems in mandibular canal detection (Kurt Bayrakdar et al. 2021; Lahoud et al. 2022;
Jaskari et al. 2020). Existing research has demonstrated that these Al systems can
effectively detect canal variations, such as bifid mandibular canal, as well as certain
pathologies and variations in the sinuses. These variations include mucosal
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thickening, arterial localizations, the presence of maxillary sinusitis, mucous reten-
tion cysts, fungal ball presence, and concha bullosa, which can be easily detected
and segmented with the help of these Al systems (Lahoud et al. 2022; Huang et al.
2020a; Kim et al. 2022; Parmar et al. 2020; Hung et al. 2022a,b).

As it is widely recognized, impacted third molar tooth problems are among the
most commonly encountered situations by oral surgeons (Friedland et al. 2008; Yan
et al. 2021). Deciding whether extraction of these teeth is necessary and predicting
potential complications related to the extraction can be challenging for physicians.
However, Al systems offer a solution by automatically detecting the localizations
and positions of impacted teeth (Fig. 7.3).

For instance, Orhan et al. (2021) reported the successful development of a deep-
convolutional neural network (CNN) algorithm that accurately detected impacted
third molars in CBCT images (Orhan et al. 2021). Additionally, these Al technolo-
gies can be used to examine the relationship of the impacted tooth with the inferior
alveolar canal or other surrounding anatomical structures, thereby minimizing
potential complications associated with the extraction. Studies conducted by Choi
etal. (2022) and Zhu et al. (2021) demonstrated the application of Al in determining
the position of the third molar and its relationship with the mandibular canal (Choi
et al. 2022; Zhu et al. 2021). Likewise, these algorithms can be utilized to detect the
presence of impacted teeth, supernumerary teeth, residual roots, or ankylosed teeth
(Orhan et al. 2021; Mladenovic et al. 2023; Mine et al. 2022; Kuwada et al. 2020;
Basaran et al. 2022) (Figs. 7.3 and 7.4). There have been successful performances
reported in cases such as jaw fractures and tooth root fractures as well (Fukuda et al.
2020; Schramm et al. 2009; Hashem and Hassanein 2019). Fukuda et al. (2020)
confirmed that their CNN algorithm, based on 300 panoramic radiography images,
could identify teeth with root fractures with 0.75 recall, 0.93 precision, and
0.83 F-measure (Fukuda et al. 2020).

Machine learning technology enables the estimation of prognosis for teeth and
the prediction of potential complications (Vollmer et al. 2022; Kim et al. 2018;
Etemad et al. 2021). Real et al. (2022) demonstrated the creation of automatic orth-
odontic tooth extraction prediction models using a machine learning system (Real
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Fig. 7.3 Impacted tooth detection on panoramic radiography by CNN algorithm. (Courtesy of
CranioCatch Al software)
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Fig. 7.4 Automatic
detection of residual roots
that need to be extracted.
(Courtesy of CranioCatch
Al software)

et al. 2022). Furthermore, Lee et al. (2022) reported that Al systems can aid in esti-
mating the prognosis of teeth with periodontal damage (Lee et al. 2022). This
enhanced estimation facilitates more accurate extraction decisions and surgical
planning in oral surgery practice. Additionally, the literature contains studies in
which Al is used for purposes such as estimating tooth extraction difficulty (Yoo
et al. 2021) and predicting post-extraction swelling (Zhang et al. 2018). Another
study reported that panoramic radiographs can be analyzed, and oroantral fistula
that may occur after tooth extraction can be predicted using Al systems (Vollmer
et al. 2022).

Oral Diseases and Pathologies

New computer-assisted technologies and Al systems are proving to be valuable
tools in the diagnosis of oral lesions, cysts, and both benign and malignant tumors
(Keser et al. 2023; Poedjiastoeti and Suebnukarn 2018; Yang et al. 2020; Yilmaz
et al. 2017; Ariji et al. 2019, 2022; Kwon et al. 2020; Bispo et al. 2021; Lee et al.
2020). Early diagnosis of premalignant conditions is especially critical in oral sur-
gery practice, but it can be challenging for nonspecialists to identify such situations
(Rasteau et al. 2022). Al algorithms that can automatically determine oral diseases
offer promising solutions to aid practitioners in this aspect (Figs. 7.5 and 7.6).

A wide range of diagnostic materials can be utilized with Al for detecting oral
diseases. For instance, Keser et al. (2023) conducted a study on the automatic detec-
tion of oral lichen planus lesions using intraoral photographs. They employed a
classification method and reported that the developed algorithm achieved 100%
success in detecting the lesioned photographs (Keser et al. 2023). In various other
studies, Al technologies have been proven effective in detecting various oral can-
cers, such as carcinoma, using oral photographs (Fu et al. 2020; Warin et al. 2021;
Tanriver et al. 2021; Shamim et al. 2022; Jubair et al. 2022).

In another study, artificial neural networks (ANN) were utilized for the auto-
matic classification of autofluorescence spectra instead of intraoral photographs.
These algorithms demonstrated great success in interpreting autofluorescent spectra
and determining the tissue dysplasia level of oral leukoplakia (van Staveren et al.
2000). The related algorithm exhibited 86% sensitivity and 100% specificity in
detecting abnormal tissue, while also accurately analyzing homogeneous and non-
homogeneous tissues (van Staveren et al. 2000).
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Fig.7.5 Automatic
detection of mandibular
pathology. (Courtesy of
CranioCatch Al software)

Fig. 7.6 Automatic 3D
segmentation of cystic
lesion. (Courtesy of
Velmeni Al software)

It is known that oral diseases and oral cancers can be detected using Al systems
to analyze biological materials such as saliva (Kouznetsova et al. 2021; Romm et al.
2021). In a study, Kouznetsova et al. (2021) used an algorithm that automatically
examines salivary metabolites to evaluate the presence of cancer. They reported that
this system could detect oral cancer using saliva samples with an accuracy of
79.54% (Kouznetsova et al. 2021). Additionally, Romm et al. (2021) carried out a
similar study and demonstrated successful results of the system (Romm et al. 2021).

Several studies have shown that artificial intelligence systems could be utilized
in the detection and segmentation of ameloblastomas, odontogenic keratocyst, den-
tigerous cysts, radicular cysts, follicular cysts, and various oral tumors from radio-
graphs (Poedjiastoeti and Suebnukarn 2018; Yang et al. 2020; Yilmaz et al. 2017,
Ariji et al. 2019, 2022; Kwon et al. 2020; Bispo et al. 2021; Lee et al. 2020; Mikulka
et al. 2013; Nurtanio et al. 2013; Rana et al. 2015; Abdolali et al. 2016, 2017). Some
of these studies used two-dimensional (2D) radiography images, such as panoramic
radiography (Yang et al. 2020; Ariji et al. 2019; Mikulka et al. 2013; Nurtanio et al.
2013), while others employed three-dimensional (3D) radiography images, such as
computed tomography (CT) and CBCT (Yilmaz et al. 2017; Lee et al. 2020;
Abdolali et al. 2016, 2017).

Poedjiastoeti and Suebnukarn (2018) used 500 panoramic radiography images in
their study and developed a CNN system that automatically detects ameloblastomas.
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The accuracy rate of the system was found to be 83.09%, higher than that of the oral
and maxillofacial surgeon. The authors emphasized that artificial intelligence can
detect such pathologies in a shorter time and more effectively (Poedjiastoeti and
Suebnukarn 2018). Yilmaz et al. (2017), on the other hand, proposed an artificial
intelligence system that provides a decision support mechanism to the physician for
the classification of dental periapical cysts and keratocystic odontogenic tumors from
CBCT images. They demonstrated that this system, trained with 50 CBCT images,
classifies lesions with high accuracy (Yilmaz et al. 2017).

Ariji et al. (2022) studied a deep learning (DL) model aiming at lymph node
segmentation of oral cancer patients and analyzing possible metastases. In this
study, 158 metastatic and 514 nonmetastatic lymph nodes were segmented using
CT images, and artificial intelligence training was performed on this dataset.
The algorithm outperformed the radiologist, achieving a 0.950 AUC (Ariji
et al. 2022).

As shown, tools developed using intraoral photographs, autofluorescence spec-
tra, radiographs, and biological materials have been studied to determine oral dis-
eases. The use of these systems in the detection of diseases, where physicians face
real difficulty in diagnosis and where early diagnosis plays an essential role in
patient prognosis, has promising results for the coming years.

Overall, Al systems offer promising potential in improving the diagnostic capa-
bilities of practitioners and facilitating the early detection of oral diseases, leading
to better patient outcomes in oral surgery practice.

Orthognathic Surgery

Orthognathic surgery is the repositioning of the jaws for improved function and
aesthetics (Khechoyan 2013). Usually, this process is carried out in cooperation
with both a surgeon and an orthodontist (Luther et al. 2003). The use of artificial
intelligence systems for purposes such as diagnosis, treatment planning, and prog-
nosis estimation in cases requiring orthognathic surgery is increasing day by day.
Physicians must carefully examine clinical records, cephalometric radiographs, and
CBCT images throughout all stages of orthognathic surgery (Chaiprasittikul et al.
2023). Artificial intelligence systems allow clinicians to conduct a more efficient
treatment process by reducing the workload during these multiple analysis phases
(Chaiprasittikul et al. 2023; Mohaideen et al. 2022). However, studies in this area
are still in their early stages, and system efficiencies can be enhanced through more
comprehensive research, leading to modernized processes (Mohaideen et al. 2022).

When examining studies conducted in this field, it is evident that the majority
focus on diagnosis. These studies utilize datasets such as lateral/frontal cephalo-
grams (Choi et al. 2019; Kim et al. 2021; Shin et al. 2021), facial photography/
imaging (Jeong et al. 2020; Knoops et al. 2019), and CBCT and CT images (Seo
et al. 2021; Chung et al. 2020).
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Choi et al. (2019) developed an artificial intelligence model to determine the
decision for orthognathic surgery and tooth extraction, and they evaluated its perfor-
mance. In this study, they trained their model using 12 measurements from lateral
cephalograms and 6 additional indexes, based on data from 316 patients. The
reported success rate of the model was 96% for surgery decisions and 91% for tooth
extraction decisions (Choi et al. 2019).

Similarly, Kim et al. (2021) conducted a study on the same purpose and devel-
oped an artificial intelligence model. When evaluating the model’s performance,
they found that CNN models achieved a success rate ranging from 91.13% to
93.80% (Kim et al. 2021).

Jeong et al. (2020) assessed the detectability of facial models that would require
orthognathic surgery using artificial intelligence with facial photos. Their study,
which included data from 822 individuals, revealed that the CNN algorithm worked
with an accuracy rate of 89.3% (Jeong et al. 2020).

Seo et al. (2021) demonstrated that artificial intelligence systems can be utilized
to calculate soft tissue changes after surgery in patients with cleft lip and palate (Seo
et al. 2021). In a study by Chung et al. (2020), it was reported that artificial intelli-
gence can be employed to evaluate CBCT images for orthognathic surgery planning
(Chung et al. 2020). Shujaat et al. (2021) developed a CNN model using 103 CBCT
images and reported that the model could automatically detect the pharyngeal air-
way space, a critical aspect of orthognathic surgery, with high success rates (with
0.97 precision and 0.96 recall) (Shujaat et al. 2021).

Stehrer et al. (2019) evaluated the success of an Al system they developed in
calculating perioperative blood loss instead of directly diagnosing orthognathic sur-
gery. The study involved scanning a total of 1472 patients, and model training was
conducted with data from 950 patients. The researchers found a statistically signifi-
cant correlation between actual blood losses and the system’s calculations
(p <0.001). This study highlights the potential to create estimation sets using Al for
surgical planning and to make preliminary estimations of different parameters
(Stehrer et al. 2019). In another study attempting to estimate the blood transfusion
needed during surgery using 1243 patient data, the system achieved an f1 score
value of 0.91 when its performance was evaluated (Jalali et al. 2021).

As evident from the mentioned studies, there are numerous possibilities for
employing these technologies for various purposes at different stages of orthogna-
thic surgery practice. The number of such studies is expected to increase even fur-
ther in the coming years. Utilizing these models as assistive systems for physicians
in clinics can accelerate the orthognathic surgery workflow and potentially improve
success rates in surgeries (Fig. 7.7).
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Fig. 7.7 Automatic 3D model creation. (Courtesy of CranioCatch Al software)

Implant Surgery

Al holds a wide potential for use in the diagnosis, treatment planning, and patient
follow-up stages associated with oral implantology. Studies have shown that Al
models can automatically detect many conditions related to dental implants, such as
peri-implantitis and implant fracture, from dental radiographs (Liu et al. 2022; Cha
et al. 2021b; Lee et al. 2021).

Kurt Bayrakdar et al. (2021) evaluated the success of an Al model in determining
alveolar bone height and thickness. They reported that the system recognizes surround-
ing anatomical structures, such as the mandibular canal, sinus, and nasal fossa, which
are crucial for implant planning in CBCT images. This finding shows a promising
potential for the automatic measurement of bone thickness/width (Kurt Bayrakdar
et al. 2021). The development of these systems can lead to reduced complications
related to implant surgery and enable more detailed surgical planning. In another study,
Mangano et al. (2023) demonstrated that these systems can perform implant planning
with minimal deviations and achieve highly successful results (Mangano et al. 2023).

In addition to these, studies have been conducted to automatically detect implant
brands from radiographic images (Sukegawa et al. 2021, 2022; Lee and Jeong
2020). These studies offer an opportunity to prevent radical surgical decisions in
cases such as abutment fractures. Furthermore, there are studies on Al tools for
measuring implant site bone density, which can significantly enhance the success of
implant surgery (Xiao et al. 2022; Chen et al. 2022).

On the other hand, Sakai et al. (2022) developed an Al model that automatically
determines the drilling protocol during implant surgery using CBCT images
obtained from 60 patients. They reported that the AI model demonstrated high suc-
cess in decision-making at this critical stage, which is essential for establishing
primary stability (Sakai et al. 2022).
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Temporomandibular Joint (TMJ) Surgery

Al models have shown successful results in the automatic detection of TMJ-related
diseases and the radiographic examination of joint-related anatomical structures
(Bianchi et al. 2021; Nishiyama et al. 2021; Warin et al. 2023; Almasan et al. 2023).
These studies primarily focus on diagnostic applications and can assist surgeons in
making accurate diagnoses. However, further comprehensive research is required in
this area to expand the potential applications and enhance the efficacy of Al in TMJ-
related disease detection and evaluation.

Robotics and Virtual Reality

Robotics and virtual reality technologies are innovative technologies associated
with AI (Khanna and Dhaimade 2017) (Fig. 7.8). Robotic surgery applications were
first introduced in oral and maxillofacial surgery practice in 1999, and interest in
this field has been steadily increasing in recent years (De Ceulaer et al. 2012). This
technology holds revolutionary potential for the future of oral surgery.

Walvekar et al. (2011) demonstrated in their studies that robotic systems can be
used successfully in the excision of bilateral ranula. It has been reported that ana-
tomical structures such as nerves and canals are better preserved in robotic surgery,
leading to more successful outcomes compared to traditional surgery (Walvekar
etal. 2011). Additionally, studies have shown that robotic systems can be employed
in surgeries for tongue-related pathologies and diseases (Sayin et al. 2015; Vicini
et al. 2012). In a study related to a surgical robot system used in zygomatic implant
placement, it was stated that the use of surgical robot systems increased the accu-
racy of the operation (Cao et al. 2020). Although there have been only a limited
number of studies on the use of robotic technologies in dental implantology surgery,
ongoing research in this area continues (Wu et al. 2019).

Virtual and augmented reality can be utilized in the training stages of oral sur-
gery procedures and have the potential to significantly enhance the quality of educa-
tion (Ayoub and Pulijala 2019). Moreover, these technologies provide the possibility
of performing virtual planning in orthognathic surgery (Jandali and Barrera 2020).

Fig.7.8 Virtual reality
and robotic technology in
dentistry. (Courtesy of
Dentaverse Company)
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Al in Periodontics

Periodontal diseases are inflammatory diseases that affect the tissues supporting the
teeth (Di Benedetto et al. 2013; Papapanou et al. 2018). Gingivitis is a mild form of
periodontal disease characterized by limited reversible soft tissue inflammation
(Papapanou et al. 2018; Gasner and Schure 2023). On the other hand, periodontitis
is an irreversible disease where inflammation progresses and leads to the loss of
alveolar bone supporting the teeth (Papapanou et al. 2018; Gasner and Schure
2023). If left untreated, periodontal disease can result in tooth loss, tooth mobility,
and a decline in chewing and speech functions (Sroussi et al. 2017; Kuze et al. 2023).

Moreover, periodontal diseases are associated with various general health condi-
tions, such as heart disease, diabetes, pneumonia, and preeclampsia (Nazir 2017,
Bui et al. 2019). These associations can lead to the onset or exacerbation of diseases
and undesirable situations (Nazir 2017). Therefore, early diagnosis and correct
treatment planning are critical in managing periodontal diseases, which are among
the most common diseases worldwide (Scott et al. 2023).

During routine dental examinations, the first step involves questioning the
patient’s systemic and dental history (Vuorjoki-Ranta et al. 2016). Subsequently, a
detailed intraoral and extraoral examination should be conducted to ensure no con-
dition is overlooked (Al-Helou 2021). The periodontal examination comprises the
clinical and radiographic assessment of all teeth and supporting tissues, including
the gingiva, cementum, periodontal ligament, and alveolar bone, with the recording
of all findings (Tugnait et al. 2004). Clinical examination involves measurements
such as attachment loss, pocket depth, plaque index, gingival index, and bleeding
index during probing (Tugnait et al. 2004; Beltran-Aguilar et al. 2012). Furthermore,
a comprehensive periodontal assessment is essential to evaluate conditions such as
frenulum attachment, amount of attached gingiva, gingival enlargement, gingival
recession, tooth mobility, and furcation involvement (Beltran-Aguilar et al. 2012;
Miller Jr and Allen 1996; Lang and Bartold 2018). Radiographic evaluation includes
taking 2D radiographic images such as panoramic, bitewing, periapical, and 3D
radiographic images like CBCT, which are then meticulously examined (Mol 2004;
Xiang et al. 2010). The accurate execution of these steps is vital for a correct
diagnosis.

In 2017, a new periodontal disease classification system was introduced, based
on criteria set by the American Academy of Periodontology and the European
Federation of Periodontology (Papapanou et al. 2018). This system defines the
severity of periodontitis by stages and the rate of disease progression by grades
(Papapanou et al. 2018). To classify periodontal disease, various factors like clinical
attachment levels, existing bone loss, number of teeth lost, smoking habits, diabe-
tes, or other systemic diseases must be considered together (Papapanou et al. 2018).

Periodontal examination and determining the periodontal disease/condition are
multistage, time-consuming, and repetitive processes for dentists (Armitage 2004).
Density, fatigue, lack of experience, and patient compliance issues may lead to
overlooked details. Consequently, in recent years, focus has shifted toward decision-
support software and digitalized systems to assist dentists in some of these stages.
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These technologies can automatically determine patient information from diagnos-
tic images (Scott et al. 2023).

Deep learning, an Al technology, enables the recording and easy processing of
large patient data by using artificial neurons (Scott et al. 2023; Jiang et al. 2010).
Convolutional neural networks (CNN), a subset of DL, can discern patterns in
images and examine each pixel in detail (Scott et al. 2023; Le Cun et al. 1990).
These technologies facilitate automated radiographic and histopathological diagno-
ses and can identify anatomical structures from diagnostic images (Garland et al.
2021). Consequently, they have become a prominent topic in processing and inter-
preting diagnostic images in the healthcare field today (Zhang et al. 2021).

It can be observed that dentistry has entered a digitalization period with the
emergence of technologies like CAD-CAM systems, implant guide systems, and
intraoral scanners (Joda et al. 2019; Joda and Zitzmann 2022). However, some tra-
ditional practices have not been completely abandoned in certain dental specialties.
The use of some traditional methods in the diagnosis of periodontal diseases can
result in a serious lack of standardization and compliance (Scott et al. 2023). For
instance, variations in applied probe pressure and angulation can lead to inconsis-
tent and contradictory pocket depth measurements, which are crucial for clinical
evaluation (Scott et al. 2023; Leroy et al. 2010). Similarly, differences in radiation
dose and cone angulation during radiographic evaluations may hinder achieving
ideal results (Scott et al. 2023).

Fortunately, Al systems offer solutions to these challenges by enabling the digi-
tization of patient registration processes and achieving standardization with the aid
of computer systems (Cui and Zhang 2021; Wang et al. 2020). This reduces or
eliminates human errors, provides decision-support to physicians during diagnosis,
and facilitates more regular and efficient record-keeping of patient diagnostic data
(Scott et al. 2023; Park et al. 2020; Schwalbe and Wahl 2020; Kurt Bayrakdar et al.
2021; Cui and Zhang 2021; Wang et al. 2020).

Periodontal diseases are complex conditions, and various factors play a role in
their etiology (Cekici et al. 2014; Baelum and Loépez 2013; Scannapieco and
Gershovich 2020). Al systems are known for their success in analyzing and solving
complex and multivariate problems (Scott et al. 2023; Antonov 2011). This raises
the question of the usability of these technologies in conducting etiological studies
in the field of periodontics. It is well-established that dental bacterial plaque accu-
mulating on the tooth surface is the main etiological factor for this disease, and the
main inflammatory changes occur due to the host’s immune response (Preshaw
2008; Saini et al. 2009; Mallikarjun et al. 2014).

Academic studies have demonstrated that the healthy periodontal sulcus primar-
ily contains Gram-positive bacteria (Kesic et al. 2008). Conversely, the presence
and increase in the number of Gram-negative periopathogens have been linked to
periodontal disease (Ivanov and Webster 2017; Monterubbianesi et al. 2022). Some
bacteria already proven to cause the disease include Porphyromonas gingivalis
(P. gingivalis), Aggregatibacter actinomycetemcomitans (A. actinomycetemcomi-
tans), Tannerella forsythia (T. forsythia), and Treponema denticola (T. denticola)
(Kesic et al. 2008; Silva et al. 2015). However, research in the field of periodontics
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continues to explore the bacterial composition that is effective in the etiology (Kesic
et al. 2008; Belibasakis et al. 2023) since the oral flora contains a vast variety of
different bacterial species (Parahitiyawa et al. 2010). Consequently, microbiological
examinations in periodontology can be challenging and time-consuming. To address
these knowledge gaps, an increasing number of studies are utilizing new technolo-
gies supported by computer and machine systems (Wang et al. 2021; Aberin and de
Goma 2018).

These innovative systems can also be employed to determine the immune
response profiles of patients and investigate the role of different molecules, such as
cytokines, chemokines, and growth factors, in the disease (Kouznetsova et al. 2021;
Romm et al. 2021; Kim et al. 2020; Bezruk et al. 2017). This enables the analysis
and interpretation of numerous variables directly or indirectly involved in the peri-
odontal disease process and helps create risk profiles for patients (Kouznetsova
et al. 2021; Kim et al. 2020; Chapple 1997; Valko et al. 2007; Troiano et al. 2023;
Yoon et al. 2018; Sunmoo et al. 2018).

Despite the mentioned diagnostic advantages, the advancements related to artifi-
cial intelligence systems in periodontics are still in their early stages and have not
yet reached their full potential.

Radiography-Based Studies

Intraoral and extraoral dental radiographs play a significant role in determining
periodontal disease (Figs. 7.9, 7.10, and 7.11). Among the most preferred radio-
graphs in dentistry workflow are periapical, bitewing, and panoramic radiographs,
which provide 2D images (Feijo et al. 2012; Songa et al. 2014). Although these
radiographs offer general information to the physician, they have limitations and
disadvantages since they depict 3D structures as 2D images (Songa et al. 2014;
Theilade 1965). In contrast, cone beam computed tomography (CBCT) is a 3D

Fig. 7.9 Periodontal bone loss segmentation on panoramic radiograph using an Al software.
(Courtesy of CranioCatch Al software)
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Fig. 7.10 Periodontal bone loss-related conditions’ segmentation on periapical and bitewing
radiographs. (Courtesy of CranioCatch Al software)

Fig.7.11 Periodontal status labeling in CBCT images for use in an AI model training. (Courtesy
of CranioCatch Al software)

imaging method that provides more detailed information (Vandenberghe et al.
2007). All these radiographs are valuable for disease diagnosis, bone density assess-
ment, identifying periodontal defect types, patient follow-up, evaluating treatment
success, and assessing other periodontal conditions, such as periodontal space wid-
ening (Corbet et al. 2009).

Currently, over half of the Al-based studies conducted to facilitate diagnosis in
periodontics focus on image processing and automatic periodontal diagnosis from
dental radiographs (Scott et al. 2023). These studies aim to detect the periodontal
status from radiographs using Al systems and can be summarized as follows:
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Panoramic Radiograph-Based Studies

Kong et al. (2020) conducted a study in China to evaluate the performance of detect-
ing bone destruction using the segmentation method of the Al algorithm with 2602
panoramic radiography images. Their custom CNN demonstrated a high success
rate of 98%, outperforming the U-net and FCN-8 architectures (Kong et al. 2020).

Kim et al. (2019a) utilized the deep-CNN method and developed an Al system
with 12,179 panoramic radiographs to determine periodontal bone loss. The study
revealed that the Al system achieved a higher F1 score performance (75%) com-
pared to the average F1 score of the five participating clinicians (69%). The research-
ers suggested that future studies with more patient data could offer significant
benefits for clinical applications (Kim et al. 2019a).

In a study by Krois et al. in 2019, they used the CNN method to determine peri-
odontal bone resorption with 2001 panoramic radiographs. The results were com-
pared with those of 6 dentists, and the Al system achieved accuracy, sensitivity, and
specificity values of approximately 81%. The authors emphasized that the use of Al
systems for radiographic diagnosis could lead to more effective results and time-
saving benefits (Krois et al. 2019).

Chang et al. (2020) developed an algorithm based on the Feature Pyramid
Network (FPN) architecture using 340 panoramic radiographs to perform staging
according to the new periodontal disease classification. The study reported a 73%
correlation between the Al results and radiologists’ diagnosis of the periodontitis
stage. The authors suggested that such algorithms could be employed by dentists to
aid in making disease decisions and facilitate the implementation of the new clas-
sification (Chang et al. 2020).

Kurt Bayrakdar et al. (2020) conducted a study with 2276 panoramic radiographs
and developed an algorithm to automatically detect panoramic radiographs with
bone destruction. The Al system achieved a success rate of 94% sensitivity and 91%
accuracy in this regard (Kurt Bayrakdar et al. 2020).

Thanathornwong and Suebnukarn (2020) worked on an Al algorithm capable of
detecting periodontally damaged teeth in panoramic radiographs. Utilizing the
Faster R-CNN architecture, the study reported a successful detection rate of over
81% for damaged teeth. The authors highlighted the advantages of the system, such
as its speed, and suggested its use for diagnosis purposes (Thanathornwong and
Suebnukarn 2020).

Jiang et al. (2022) conducted an Al-based study in China using 640 panoramic
radiographs. The U-net and YOLOv4 architectures were used to determine the per-
centage of periodontal bone loss and furcation defects, following the 2017 peri-
odontal disease classification standards. The accuracy rate of the system was
reported to be 0.77 (Jiang et al. 2022).

Periapical Radiograph-Based Studies

Lee et al. (2018) conducted a study to evaluate the success of a CNN algorithm
(VGG-19 architecture-based) they developed to detect periodontally compromised
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teeth from periapical radiographs, rather than periodontal bone loss. The algorithm
achieved a success rate of 81% for premolars and 76.7% for molars in determining
periodontally compromised teeth (Lee et al. 2018).

Danks et al. (2021) reported that they analyzed the bone loss of single-, double-,
and triple-rooted teeth using an Al algorithm they developed, which utilized dental
landmarks on periapical radiographs (n = 340). They emphasized that the detection
of anatomical landmarks was automatic with a success rate of 73.9% or higher, and
the stage of periodontitis was estimated with a success rate of 68.3%. The research-
ers also suggested that much more successful algorithms could be developed with
larger datasets (Danks et al. 2021).

Moran et al. (2020) evaluated the success of an Al algorithm capable of detecting
bone resorption from periapical radiography in their study. They utilized ResNet
and inception architectures in training the system. In the study, which examined 467
periapical radiographs and 1079 periodontal spaces, the diagnostic accuracy and
specificity values of the system were reported as 0.817 and 0.762, respectively
(Moran et al. 2020).

Khan et al. (2021) developed a DL algorithm using 206 digital periapical radio-
graphs, based on the diagnosis and image labeling provided by three specialists (2
oral pathologists and 1 endodontist). They found that using radiographic images of
varying qualities reduced the success of the system. The authors emphasized the
importance of employing purpose-oriented architectures and conducting multi-
centered studies during the Al training stage to enhance the success of these systems
(Khan et al. 2021).

In a study by Chen et al. (2021), they examined the success of an Al system in
diagnosing not only periodontal findings but also different dental issues such as car-
ies and periapical lesions. The study involved 2900 digital periapical radiographs,
and the Al system aimed to analyze the severity of each dental problem as mild,
moderate, or severe. The researchers reported that the diagnostic success of the
system increased as the severity level of each dental problem increased (Chen
etal. 2021).

Chen et al. (2023) developed an Al algorithm based on the YOLOv5 model using
8000 periapical radiographs and detection/segmentation methods. In total, 27,964
teeth were evaluated. The study demonstrated that periodontal bone losses could be
determined at a rate of 97%, and the bone level could be determined at a rate of
92.61% using this algorithm (Chen et al. 2023).

Bitewing Radiograph-Based Studies

Hildebolt and Vannier (1988) conducted a pioneering Al-based diagnostic study
using a computer-controlled TV camera on bitewing radiographs. They reported
that this computer-based system could determine the degree of periodontal disease
with a success rate ranging from 78.8% to 91%. This study is a significant contribu-
tion, showcasing the early search for automated systems in the field, even in the
1990s (Hildebolt and Vannier 1988).
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Kearney et al. (2022) utilized a large image archive consisting of 80,326 bite-
wing radiographs in their research. In this study, they demonstrated that periodontal
bone destruction can be successfully detected from bitewing radiographs using arti-
ficial neural networks (ANN) (Kearney et al. 2022).

CBCT-Based Studies

CBCT is an imaging method used in dentistry for implant planning, orthodontic
treatment planning, jaw pathologies, facial trauma, sinuses, and bone examination,
allowing 3D imaging to be obtained (Macleod and Heath 2008). This imaging tech-
nique provides detailed information and high-quality images of the jawbones with a
limited radiation dose (Correa et al. 2014; Bornstein et al. 2015; Fokas et al. 2018).
Numerous studies in the literature have reported that CBCT images can be used to
determine periodontal bone defects and other periodontal problems (Feijo et al.
2012; de Faria Vasconcelos et al. 2012; Braun et al. 2014; Li et al. 2015; Anter et al.
2016; Haas et al. 2018; Ozcan and Sekerci 2017; Suphanantachat et al. 2017; Choi
et al. 2018; Jie and Ouyang 2016).

While there have been some studies aiming to automatically detect different ana-
tomical variations, such as alveolar bones and apical lesions, on CBCT images
using Al methods (Hung et al. 2022b; Ezhov et al. 2021; Orhan et al. 2022), as far
as we know, there is no Al-based study on CBCT images for periodontal diagnosis
yet. Filling this gap in the future could be revolutionary for periodontal diagnosis.

Photo-Based Studies

Photography was first used in dentistry in 1848 (Kalpana et al. 2018). Today, extra-
oral and intraoral photographs are widely used for dental diagnosis, treatment plan-
ning, and patient follow-up (Kalpana et al. 2018; Galante 2009; Vyas 2018). It has
become an indispensable part of the routine workflow, especially in fields such as
aesthetic dentistry, surgery, orthodontics, implantology, and periodontics (Ahmad
2009). There are academic studies exploring the use of Al systems to automatically
detect certain periodontal conditions, pathologies, and anatomical formations from
these images (Fig. 7.12). In the future, with the aid of these technologies,

Fig.7.12 Digital artificial oy i Y
intelligence model for ]
detection of periodontal
and mucosal conditions.
(Courtesy of CranioCatch
Al software)
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high-performance computer software can be developed to automatically perform
operations such as diagnosis, treatment planning, and monitoring of periodontics
patients.

Rana et al. (2017) conducted a study using 405 intraoral photographs and devel-
oped a CNN-based Al algorithm. This pixel-based system successfully identified
gingival inflammations through a segmentation method. They reported an area
under the receiver operating characteristic curve (AUC) value of 0.746 for the Al
algorithm in identifying healthy and inflamed gingiva (Rana et al. 2017).

Askarian et al. (2019) proposed a method of detecting periodontal disease with
Al using smartphones and image processing techniques. Their model, based on
images of 30 individuals, achieved a detection accuracy of 94.3%, sensitivity of
92.6%, and specificity of 93% for periodontal infection (Askarian et al. 2019).

Moriyama et al. (2019) utilized intraoral images and developed an Al model to
estimate pocket depth from these images. This deep learning model also had the
capability to assess the severity of pocket depths. Following the performance evalu-
ation, they concluded that the algorithm’s prediction accuracy ranged from 78.3%
to 84.5% (Moriyama et al. 2019).

Alalharith et al. (2020) planned to develop a CNN system that automatically
detects teeth and inflamed areas in intraoral photographs. This system was trained
with 134 intraoral photographs and achieved a 77.12% accuracy in detecting
inflamed gingival areas using the object detection method (Alalharith et al. 2020).

Chen and Chen (2020) developed an Al system using only 180 intraoral photo-
graphs in their study. The system was trained to automatically classify and diagnose
gingivitis or healthy conditions. The gingivitis detection performance of the system
(with the classification method) was evaluated, and the accuracy value was found to
be 71%—75.44% (Chen and Chen 2020).

You et al. (2020) used the CNN method to detect dental plaque around primary
teeth. They reported that this CNN algorithm, after being trained with 886 photo-
graphs, detected plaque at a higher accuracy rate than dentists. In this study, a
plaque-disclosing agent was used for diagnosing plaque, and the plaque determina-
tion by the system was performed using the object detection method. This study is
promising for the use of computer systems in oral hygiene monitoring (You
et al. 2020).

Khaleel and Aziz (2021) developed an Al algorithm using 120 intraoral photos
and reported an accuracy of 95% in gingival disease detection (Khaleel and
Aziz 2021).

Shang et al. (2021) worked on an Al system that can detect dental calculus, den-
tal caries, and gingivitis from photographs. The study, which used 7220 photo-
graphs, suggests that other conditions related to periodontics can also be detected by
these systems (Shang et al. 2021). Similarly, in two different studies, it was proven
that the diagnosis of gingivitis can be easily detected with Al systems through intra-
oral images (Li et al. 2021a,b).

Xu et al. (2022) designed an Al system that can be used for dental plaque detec-
tion. They reported that the system, trained using over 400 photographs by the
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GoogleNet model, could successfully detect dental plaque and debridements auto-
matically (Xu et al. 2022).

Shen et al. (2022) evaluated a product in which periodontal disease findings can
be detected with an Al system from intraoral images taken from smartphone cam-
eras. The study aimed to evaluate the effectiveness of periodontal treatment results
and follow up with patients. The 3-month periodontal parameters of the patients
whose treatments were completed through this system were collected and followed
up. They reported that this system will provide significant advantages in monitoring
and early diagnosis of periodontal diseases and can be used safely in the future
(Shen et al. 2022).

Ultrasound-Based Studies

In recent years, it has been accepted that ultrasound can be used as a complement to
CBCT or alone in the detection of some periodontal conditions (Pan et al. 2022;
Duong et al. 2019). Ultrasound provides a less traumatic and more comfortable
examination. It facilitates the work of the patient and the physician in cases such as
the presence of active wounds (Bains et al. 2008).

Duong et al. (2019) planned a study on an AI model that performs the automatic
determination of alveolar bone from high-frequency ultrasound images by the seg-
mentation method. As a result of the study, they reported that the algorithm devel-
oped with the U-net architecture had a high agreement (of 75% average decimetric)
with the measurements of 15 observers (Duong et al. 2019).

Pan et al. (2022) performed an Al study that automatically segmented soft tissue,
bone, and crown using the porcine model. They first evaluated 627 frames of ultra-
sound images of the maxilla and mandible premolar and molar tooth regions by
readers. The model showed a Dice similarity coefficient of 83.7%-90.0% for the
first test. They reported the high potential of using Al technologies for the evalua-
tion of periodontal tissues from ultrasound images (Pan et al. 2022).

Chifor et al. (2021) conducted a study on performing periodontal tissue analysis
by automatically processing ultrasound images with DL in a porcine model. They
reported that automated systems could be used for this purpose (Chifor et al. 2021).

Chifor et al. (2022) segmented images from 11 patients using a 3D ultrasound
scanner prototype and developed an algorithm using Mask R-CNN and U-Net
architecture. The algorithm could be used to detect periodontal tissues automati-
cally. The gingiva determination performance of the system was determined as the
average intersection over union range value of 75.6% (Chifor et al. 2022).

Nguyen et al. (2021) showed that CNNs can detect cementum-enamel junctions
with high performance on ultrasound images. The cementum-enamel junction
points determined by the Al system were in high agreement with manually deter-
mined points (R = 0.993, p < 0.001). This study, which questioned the performance
of Al systems in the automatic measurement of soft tissue height from ultrasound
images, showed that DL could be effectively used in the recognition and measure-
ment of periodontal structures (Nguyen et al. 2021).
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Microbiological-Based Studies

Although clinical and radiographic findings are currently used in periodontal diag-
nosis, the detection of the periodontal pathogen (type/amount) from subgingival
plaque is critical for disease detection. Therefore, in recent years, microbiology-
based Al studies have focused on the automatic detection of plaque content. This
field has the potential to accelerate the establishment of periodontal disease and
health pathogen profiles.

Aberin and de Goma (2018) worked on a CNN-based algorithm that could auto-
matically recognize dental plaque microscopy images. This system detected peri-
odontal disease and health status with a 75% success rate (Aberin and de Goma 2018).

Feres et al. (2018) worked on computer-aided systems that examine 40 bacteria
in dental plaque using checkerboard DNA-DNA hybridization and perform peri-
odontal status determination (chronic/aggressive periodontitis, healthy) with
machine learning. They stated that this system successfully detects periodontal dis-
ease in young individuals (AUC > 0.95) (Feres et al. 2018).

Na et al. (2020) found that Al was very successful in identifying potential oral
microbial markers and microorganisms in the diagnosis of periodontitis. They even
stated that possible disease-marking microorganisms, which are automatically
detected at an early stage, are promising for early diagnosis of the disease (Na
et al. 2020).

Similarly, there were some studies on the automatic microbiological evaluation
of peri-implantitis patients. In these studies, it was stated that the amount of patho-
gens thought to play a role in the disease profile of peri-implantitis patients increased,
and their automatic determination would provide a great advantage in disease diag-
nosis (Canullo et al. 2017).

Wang et al. (2021) reported that the microbial composition of the plaque could
be successfully detected automatically with the help of these systems (Wang et al.
2021). In this study, it was reported that the Al system performed the prediction of
the microbiological picture in peri-implantitis with a success rate of 82.7-97.5%. It
has been noted that qualitative and quantitative microbiology profiles could be eas-
ily determined with AI and that such studies should be strengthened for clinical
application (Wang et al. 2021).

Saliva/GCF/Plasma/Serum-Based Studies

Most of the biochemistry-based studies carried out in the field of periodontics are
focused on determining host antibody and cytokine profiles (Brito et al. 2022; Tang
et al. 2019). Consequently, one can infer the presence and severity of periodontal
disease by detecting the inflammatory condition (Brito et al. 2022; Tang et al. 2019).
This leads to practical and innovative diagnostic methods that automatically evalu-
ate the analysis results of biological samples, such as GCF/saliva/plasma and serum,
using Al
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Kim et al. (2020) examined the potential of an Al algorithm to automatically
evaluate biomarkers in the saliva of healthy individuals and those with periodontitis,
interpreting the presence and severity of the disease. They developed a machine
learning system that identifies nine different bacteria (Porphyromonas gingivalis,
Tannerella forsythia, Treponema denticola, Prevotella intermedia, Fusobacterium
nucleatum, Campylobacter rectus, Aggregatibacter actinomycetemcomitans,
Peptostreptococcus anaerobic, and Eikenella corrodens) from DNA samples iso-
lated using mouthwashes of 692 participants and interprets disease severity. The
system showed promising accuracy, ranging from 0.78 to 0.93, in diagnosing peri-
odontal diseases. They emphasized that determining bacterial combinations from
saliva can serve as a good marker for disease detection (Kim et al. 2020).

Kouznetsova et al. (2021) developed a system that automatically detects salivary
metabolites and evaluated whether it could be used to diagnose periodontitis or oral
cancer. They concluded that Al could detect oral cancer from saliva samples with
79.54% accuracy (Kouznetsova et al. 2021). Similarly, Romm et al. (2021) con-
ducted a similar study and obtained successful results (Romm et al. 2021).

Huang et al. (2020b) designed an algorithm that automatically evaluates anti-
body arrays and determines periodontal disease using GCF. The success of the sys-
tem in disease detection showed a high accuracy of 91-97.5% (Huang et al. 2020b).

It is known that reactive oxygen species, such as hydrogen peroxide and hypo-
chlorous acid produced by bacteria, cause indirect tissue destruction (Chapple 1997;
Valko et al. 2007). Based on this information, Bezruk et al. (2017) developed a CNN
model that automatically interprets the high lipid peroxide levels of 141 subjects.
Although the model was created successfully, no significant correlation could be
established between peroxidase levels and inflammation (Bezruk et al. 2017).

Patient Data-Based Studies

Studies have shown that multiple patient information can be interpreted with the
help of ANNs and used in stages such as disease diagnosis and classification.

Farhadian et al. (2020) recorded 11 different variables (age, sex, smoking, gingi-
val index, plaque index, etc.) of 300 patients and attempted automatic periodontal
disease classification using Al. When the performance of the system was evaluated,
it was found to be successful in disease classification with an accuracy of
88.7%—-91.2%. The study reported that these computer systems, which can process
multiple and complex data, can significantly assist physicians in making diagnosis
processes easier and faster (Farhadian et al. 2020).

It is evident that the new periodontal disease classification, especially, requires
evaluating many parameters together. Therefore, automated systems capable of
blending and interpreting multiple parameters, including clinical data, radiographic
data, and patient anamnesis information, may enable physicians to perform these
stages much more efficiently in the future.



118 S. Kurt-Bayrakdar et al.

Risk Estimation

Al can make predictions for future events and their consequences (Mesko 2017;
Subramanian et al. 2020). Al can identify possible situations with new data using
historical datasets to predict future events (Mesko 2017; Subramanian et al. 2020).
For this purpose, some Al models such as regression, classification, time series, and
DL models are used (Han et al. 2021). Although the estimation is not always com-
pletely accurate, physician judgment must be included in the evaluation.
Nevertheless, Al can increase the quality of periodontal treatment at many stages,
such as identifying risk groups, estimating prognosis, and determining patient
appointment follow-up frequencies. For example, with accurate prognosis estima-
tion, treatment costs can be reduced or the probability of less invasive treatment
being preferred is increased (Troiano et al. 2023).

Sunmoo et al. (2018) evaluated 78 variables and tried to predict tooth mobility
using a deep neural network in their study. In other words, they attempted to make
a risk estimation about the probability of mobility using a DL algorithm. As a result
of this study, they determined that the strongest markers affecting mobility are
aging, general health status, flossing, soda consumption, and financial stress. They
observed a significant correlation between aging and tooth mobility in this study,
which was conducted with 4623 patient data (Sunmoo et al. 2018).

Troiano et al. (2023) conducted a study on the estimation of survival percentages
and prognosis of teeth with periodontal damage. They used clinical and radiographic
data from 515 patients and 3157 molars to train the machine learning model they
developed. The best AUC value for estimation was found to be 0.724. They stated
that the widespread use of such technologies will enable successful prediction of
prognosis in multifactorial diseases (Troiano et al. 2023).

Lee et al. (2022) developed an Al algorithm to determine the prognosis of a tooth
using five scales ranging from hopeless to good for the long-term. In this study,
which used 94 cases and 2359 teeth, it was reported that determining the dental
prognosis with Al made a significant contribution to the treatment decision (Lee
et al. 2022).

Monsarrat et al. (2022) worked on an Al system that can predict periodontal situ-
ations using age, body mass index, smoking habits, systemic pathologies, diet, alco-
hol, education level, and hormonal status. They developed an Al system for this
purpose and reported that its performance was evaluated with an F-1 score of 0.74 in
predicting healthy periodontitis and 0.68 in predicting periodontitis (Monsarrat
et al. 2022).

Treatment Planning

Studies are showing that Al systems can be used for treatment planning for various
diseases in many fields of medicine (Bai and Xia 2021; Byrne et al. 2022). However,
when the literature is examined, it becomes apparent that there has not been com-
prehensive research on this subject for periodontal treatment planning. There is
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limited information about the usability of these systems in dental implant planning
(Kurt Bayrakdar et al. 2021; Mangano et al. 2023; Roongruangsilp and
Khongkhunthian 2021). A computer system that provides a periodontal treatment
plan by inquiring about the patient’s diagnosis, age, systemic condition, oral hygiene
habits, or interpreting radiology records will undoubtedly facilitate the physi-
cian’s work.

For example, Al systems can interpret patient information or diagnostic records
and generate reports on the need for specific surgeries such as regenerative surgery,
mucogingival periodontal treatment, and gingivectomy. The developed Al-supported
software may be integrated more effectively into treatment stages by utilizing it in
application areas such as robotic or virtual technology.

In short, concepts such as deep learning, machine learning, and artificial neural
networks (ANN) related to Al technologies are widely used in the field of periodon-
tics today. Researchers have conducted periodontics-based studies aiming for auto-
matic diagnosis and reporting from dental radiographs, ultrasound images, and
intraoral photographs by harnessing the image processing and interpretation capac-
ity of artificial neurons. Additionally, these Al systems have been employed to assist
in the analysis and interpretation of saliva, gingival groove fluid, serum, and plasma
samples, enabling a better understanding of the biological processes underlying
periodontal disease (Romm et al. 2021; Bezruk et al. 2017).

Machine learning technology has demonstrated its analytical prediction ability
and has found utility in stages such as periodontal disease estimation and determin-
ing patient risk groups (Liu et al. 2020). Already, Al systems are being used in
numerous application areas of dentistry, including the creation of digital patient
registration systems, automating secretariat operations, providing high-quality ser-
vices through virtual technologies, and facilitating teledentistry and quality den-
tistry education processes (Schwendicke et al. 2020; Deshmukh 2018). The potential
benefits, such as time-saving, enhanced patient and employee comfort, higher accu-
racy, reliability, and precise analysis of multiple and complex situations, predict that
Al will find even more extensive use in routine dental work in the future (Bindushree
et al. 2020). It is safe to say that these potential usage areas in the general workflow
of dentistry are also valid and promising for the field of periodontics.
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Introduction

The remnants of the Neanderthal man who lived in about 50,000 BC represent the
primal evidence for crooked teeth. The first written document regarding attempts to
correct the crooked teeth belongs to 3000 years ago. Archeological findings revealed
that in some of the Egyptian mummies, there were metal bands wrapped around
individual teeth. Considering the material options of that period, catgut was specu-
lated to be used for closing the gaps between teeth. Greek and Etruscan artifacts are
the examples of primitive orthodontic appliances, which were well designed consid-
ering their period. Celcus (25 BC—AD 50) proposed the removal of the retaining
deciduous teeth and using finger pressure to correct the position of the permanent
tooth. Over time, new techniques and tools such as brackets and appliances were
discovered that can be used to correct the teeth. While the early motivation for regu-
lating the teeth was a good smile, orthodontics became a scientific foundation with
the inclusion of occlusion in treatment planning. Nowadays, the expectation of the
patients stands out as a better facial aesthetics (Wahl 2005). As the expectations of
the patients have changed over time, there have also been major changes in the tools
that can be used to achieve such goals. With spread of the digital technologies in
practice of orthodontics, the volume of the digital data produced per patient is
increasing. Machine learning tools can provide clinicians’ patient-specific solu-
tions. In this chapter, common study topics regarding the use of Al or ML in ortho-
dontics is defined under four categories to provide information about the general
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concepts and how to implement such Al tools into the clinical practice of
orthodontics.

1. Diagnosis and Treatment Planning
(a) Image Analysis and Interpretation
(b) Computer-Aided Diagnosis
(c) Treatment Simulation and Outcome Prediction
2. Treatment Monitoring and Adjustment
(a) Remote Monitoring
(b) Intelligent Appliances and Devices
(c) Adaptive Treatment Planning
3. Predictive Analytics and Outcome Assessment
(a) Treatment Duration Prediction
(b) Treatment Success Assessment
(c) Long-term Stability Analysis
4. Patient Experience and Engagement
(a) Virtual Consultations and Follow-Ups
(b) Personalized Treatment Progress Tracking
(c) Gamification and AR/VR in Orthodontics

Diagnosis and Treatment Planning

Image Analysis and Interpretation

Developing machine learning tools and using them for patient-specific solutions
are possible only with the digital patient data. The system may analyze digital data
from a single source or may combine multiple sources to produce an output.
Information such as gender or chronological age can be available in text format. In
orthodontics, digital radiographic data may be obtained as lateral or frontal cepha-
lograms or orthopantomogram for plain imaging or cone-beam computed tomog-
raphy (CBCT) for volumetric imaging, commonly. In addition, volumetric optical
scanning technology provides a more precise information for both intraoral and
extraoral surfaces, with intraoral or extraoral scanning devices. Medical imaging
devices, such as CBCT and cephalometric, ultrasonic, and magnetic resonance
imaging, are compatible with digital imaging and communication in medicine
(DICOM) format defined in ISO 12052:2017, currently. Radiography provides
information regarding the internal structure of objects. Optical scanning is another
solution to obtain the surface data; however, the information is limited to the sur-
face of the total object volume and limited as the human visual system. Optical
scanners can be classified as intraoral and extraoral devices. Intraoral devices can
be used to record the status of the present teeth directly, which eliminates the need
for conventional dental impression or cast models. Extraoral devices may be used
to scan the cast models optically or scan the face profile of the patient. Some CBCT
devices may have integrated optical cameras to record the facial profile of the
patient during radiographic image acquisition. Most CBCT devices can digitize the
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physical cast models radiographically. Volumetric surface information can be in
several file formats such as .STL, .PLY, and .OBJ, awaiting to be combined with
such radiographic data.

As digital technologies became widespread, various machine learning tools
began to be used to process the patient data more efficiently. Such tools can be inte-
grated into the clinical workflow as fully automatic, or it can give partial or com-
plete control to its user. Thus, it is possible for the clinician to choose the system
most suitable for the clinical workflow and implement the system effectively. For
example, cephalometric analysis is based on identifying the anatomical landmarks
on radiographs and then measuring the distances, angles, and ratios to evaluate the
sagittal and vertical relationships of the anatomical structures. A system developed
for cephalometric analysis may require manual marking of the landmarks, or may
provide fully automatic landmark detection, or the user may validate or revise the
position of landmarks suggested by the system. An important issue here is that these
systems do not represent a superior decision that never makes mistakes, and they do
make mistakes just like the humans. It is clear that a fully automated workflow will
save time, but it is up to the user to decide how tolerable the mistakes made by the
system will be in the clinic. There are also variances among clinicians in determin-
ing the location of cephalometric points, and it may be wise to be skeptical about
this part of the system; however, it is possible to leave the work to the computer in
the calculations after the location of the points is determined, more confidently.
Computer-assisted cephalometric analysis of two-dimensional cephalometric
images and volumetric CBCT images has always attracted the attention of research-
ers, and today, it is possible to find various commercial software that can be used for
this task. Advances in cloud technology have made it possible to develop online-
based systems. The advantages of these systems are that they do not require a pow-
erful computer in the clinic as the analyses are calculated on a central computer and
can be accessed from different platforms such as personal computers and mobile
phones; however, it has some limitations such as internet access is required for its
use (Leonardi et al. 2008; Alsubai 2022).

Evaluation of skeletal bone development has a critical role in orthodontic treat-
ment planning. Skeletal maturity indicators can be found on various radiographic,
such as lateral cephalograms or hand-wrist radiographs. Radiographic bone age
assessment with machine learning is another popular subject for researchers. Similar
to cephalometric analysis, the maturation indicators can be segmented automati-
cally, or user-assisted, and the system generates an output according to the input
data and the established mathematical model. Such systems can analyze with a
single-image type as well as combine different images and data. The extent of trust
in these systems depends on the ability of the clinician to explain the final decisions
made, and combining more than one type of indicator for a final decision is always
suggested (Dallora et al. 2019; Amasya et al. 2020; Amasya et al. 2023).

Digital radiography provides a wide range of applications of machine learning
tools as the data is produced in numerical format, already. In theory, it is possible to
transfer all radiographic examinations to machine learning. Deep learning and con-
volutional neural network models have gained popularity with their superior
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performances in image processing over time; however, lack of the explainability of
the results should not be ignored. Systems for evaluating asymmetry or measuring
the sinus and airway volume can be developed for both two- or three-dimensional
imaging. Image processing applications are not limited to just radiographic data,
digital facial photos and surface scan data of intraoral or extraoral regions can be
processed for suggestions regarding the functional and aesthetic expectations.
While some repetitive work may be acceptable to be done by these systems, the
clinician plays an active role in the final decision phase, and it is the clinician’s
responsibility for how much of the analysis process is delegated to automation.
Parameters such as the margins of error of the systems and their effects in the clinic
should be well decided. It may be beneficial for the clinician to take control, espe-
cially in decisions that will have a major impact on the diagnosis, treatment, and
patient benefit (Orhan et al. 2022).

Computer-Aided Diagnosis

Computer-aided diagnosis (CAD) systems analyze the digital input data, which
may represent various features, and generate an output to aid the physician in clini-
cal decision-making process. Most CAD systems exploit radiographic data, but not
all CAD systems are dependent on it. For example, in orthodontic treatment plan-
ning, a suggestion can be produced by entering only manual measurements in text
format, without involving any radiographic procedure, in making the decision of
tooth extraction. CAD systems may accept data from a single source or can combine
several sources such as the gender, chronological age, geographic location, labora-
tory results, medical history, and more.

How reliable such CAD systems in determining diagnosis, treatment planning,
predicting the prognosis, monitoring the treatment, motivating the patient, and
improving the execution of orthodontics? Parameters such as the clinician’s training
and experience play a critical role in conventional clinical decision process; how-
ever, what is the role of CAD systems in final decision at current digital era? The
perception of an intelligent machine is limited to what was provided in the develop-
ing, and the resulting suggestions may represent what the clinicians’ been missing
or may be biased due to limited perception. Perhaps the ideal solution is neither to
hand over all the work entirely to the machines nor to ignore such improvements,
but ideally, it is to understand why the software came up with this suggestion and
how to implement it into the clinical setting for the patient’s benefit.

CAD systems can analyze large volumes of patient data at an incredible speed,
which can be turned into an advantage especially when time is limited. Thus, useful
suggestions for diagnosis and treatment can be generated, for example, from some
archival records that would not even be considered without CAD. In cases where the
training and experience of the clinician is insufficient, the recommendations of a
CAD system prepared by experts can guide the clinician. In this scenario, the final
decision about the accuracy and applicability of the suggestions of the CAD is again
with the practitioner. It may be rational for the clinician to consider the suggestions
that he can explain as primary, and what he cannot explain as secondary, in estab-
lishing a diagnosis and treatment plan. However, adding annotation modules to
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CAD systems is beneficial both for clinician understanding of recommendations
and for the postgraduate education concept (Alam et al. 2023; Baxi et al. 2022;
Gupta 2020).

Treatment Simulation and Outcome Prediction

Various tools can be used to digitize information such as teeth, jaws, or soft tissue
profile of a patient in the clinic, and Al tools can be involved to enhance the process.
The data sources can be text based, as well as planar and volumetric radiographic
and optical information, and more. Clinical recordings can be an example to text-
based data, may be automatically retrieved from a source as allowed, or may require
manual input. Virtual models and digital impressions, created through intraoral
scanners and 3D imaging, provide volumetric representations of the patient’s teeth
and oral structures in digital environment. Al algorithms combine different patient
data, such as digital models, facial scans, radiographs, and clinical records, to create
a comprehensive picture of the patient’s orthodontic state in a holistic view and sup-
port treatment planning decisions.

Electronic storage of virtual models and digital impressions allows for quick
access, retrieval, as well as improved communication and teamwork among orth-
odontic specialists. Moreover, alternative treatment scenarios can be simulated
using Al-based treatment planning tools, to decide the best treatment strategy
depending on the unique requirements and objectives of the patient by taking into
account variables like treatment time, complexity, and anticipated effects.
Algorithms may be used to analyze patient data to predict treatment duration, assess
treatment success, and evaluate long-term stability and pave the way for an indi-
vidualized treatment planning. With the use of these tools in the clinic, the patient
better understands the process that will take place in the orthodontic treatment jour-
ney and, in a sense, offers the opportunity to make shared decisions for more pre-
dictable results.

Each individual’s growth and development are unique and may not be predicted
definitely. Similarly, each patient’s reaction to treatment is different, influenced by
many factors. The use of such systems in determining the right treatment plan can
contribute to improving predictions, and it can make the results closer to patient
expectation. Indeed, it should be clarified that simulations in these systems are only
an estimate and may not reflect the final treatment outcomes definitely (Elnagar
et al. 2020).

Treatment Monitoring and Adjustment

Remote Monitoring

In a routine orthodontic treatment process, the changes caused by the treatments
applied to the individual are followed by consecutive examinations. Today, with the
spread of digital technologies in daily lives, cameras such as personal cell phones
are widely available to patients. Real-time data on treatment outcomes, such as
tooth movement, occlusal alterations, and patient compliance, can be collected
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using such devices remotely. Apparatuses such as a mouth opener or camera stabi-
lizer can be used to improve standardization in the images that the patient will pro-
duce at home. With various ML tools, the user can be guided in image acquisition,
and the changes in the produced images can be recorded.

Such systems are not a substitute for a detailed physical examination but can
contribute to the physician’s remote monitoring of changes in the patient. With
applications such as self-ligating brackets, its use may be beneficial in cases where
follow-up sessions need to be long. Also, remote monitoring makes it possible to
identify issues or anomalies early on, allowing orthodontists to take immediate
action and modify the treatment plan as needed. The variety of remote monitoring
instruments is increasing along with the developments in wearable orofacial and
tele-orthodontic technologies (Caruso et al. 2021).

Intelligent Appliances and Devices

The idea of monitoring the patient’s treatment compliance with wearable electronic
circuits and sensors started in 1970s. The primal studies focused on recording the
duration of the patients’ extraoral headgear usage with electronic timer and memory
circuits. It was reported that the patients who were reported to be followed up used
their appliances for a longer period of time. In a study using Aledyne timer, it was
learned that young patients used their appliances for a longer time. Due to the tech-
nology of that period, intraoral applications remained after the 1990s, and the use of
these circuits was uncomfortable due to their size and weight. Over time, microelec-
tronic sensors with the sizes enabling the embedded use in functional appliances,
retainers, and other intraoral applications have evolved. Most of the intraoral micro-
electronic sensors are temperature sensitive to monitor wear time. Also, the spatial
orientation/position can be recorded, and sensor readings can be received using
static stations or may be transferred via Bluetooth. As microelectronic sensors that
are even smaller, have longer battery lives, and are more reliable will be produced,
the use of these technologies in orthodontics will increase.

The diagnosis, treatment planning, and monitoring can be improved in obstruc-
tive sleep apnea (OSA), by combining all the available data from several sensors
such as the internal measuring unit in a mobile phone. Overnight polysomnography
is considered as the gold standard in diagnosis of OSA; however, such concepts
enable the tracking of more than just a night to improve the patient benefit. Real-
time monitoring systems can assess bite forces and occlusion, identifying imbal-
ances or abnormal patterns. Masticatory muscle forces can be monitored using
portable surface electromyography equipment, which can provide improvements in
the sleep bruxism diagnosis and treatment outcomes. Several sensor technologies
are studied to track the mandibular motion, such as mechanical, inertial, acoustic,
magnetic, optical, or radio frequency sensors. Among them, optical, inertial, and
magnetic sensors have been successfully used lab-based, hospital-based, home-
based, or ambulatory subjects (Prasad et al. 2023).

Digital data from the developed intraoral and extraoral sensors can be used to
develop ML tools. For example, a potential 3D sensor inside a bracket to monitor
orthodontic forces may provide data to optimize the forces. A sensor to detect pH
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changes in the mouth can give feedback to both the physician and the patient about
the risk of caries. Patients can track their treatment progress, and as a result, patient
engagement and motivation can be increased throughout the course of treatment.
Sensor fusion is the process of combining data from multiple sensors; thus, uncer-
tainty relative to data from an individual sensor can be reduced with ML tools. As
sensor technologies progress, different applications will develop in this area, so for
now, limitations such as sensor size and battery need to be overcome to be
used widely.

Adaptive Treatment Planning

Pretreatment simulations with digital systems may not be realized exactly. Treatment
progress can be evaluated considering changes in tooth positions, facial profile,
occlusal relationships, patient compliance, or tooth mobility, using ML tools to help
in identifying the need for treatment adjustments or modifications. Based on the
analysis of patient data and treatment progress, Al systems may provide personal-
ized treatment recommendations and modifications, which include adjustments in
appliance mechanics, treatment mechanics, or changes in treatment protocols.
Transferring the differences between the planned and the actual allows the early
predicted treatment output to be updated, and the treatment plan can be optimized
by the orthodontists’ decisions with data-driven suggestions to direct the treatment
outcomes towards the desired results.

Technologies such as adaptive treatment planning help achieve more predictable
treatment outcomes and improve physician-patient communication. However, these
tools are not available in all of the systems which contain Al elements. For example,
a system developed for simulating treatment and estimating treatment outcomes can
be used in adaptive treatment planning only if its developer includes it in the system;
otherwise, it will not be possible to transfer the data generated during the treatment
and analyze it. In adaptive treatment planning, the effect of new information given
to the system on the treatment plan and results should be well analyzed, the differ-
ences should be explained to the patient using an appropriate language, and it should
be reminded that the actual treatment results may differ from the simulated
outcomes.

Predictive Analytics and Outcome Assessment

Treatment Duration Prediction

Al tools can improve the process of treatment duration estimation. In addition to the
past treatment data, patient characteristics, and treatment plans, input data may con-
tain various elements, including patient compliance, intricacy of the treatment, and
tooth movement patterns, to make more precise predictions. Al tools can be used to
compare the patient’s predicted simulation and current status for the relevant exami-
nation date, to reveal the change in estimated treatment time earlier. This enables
orthodontists to identify any deviations earlier and make necessary adjustments to
keep treatment on track. In this way, the practitioner can take precautions earlier if
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there is a lack of information or motivation about the patient and may have the
opportunity to make a decision of changing treatment parameters earlier when
required.

Each individual’s response to treatment is different, and simulations can be
revised and improved with the new data obtained at consecutive examinations. In
cases where planned and actual are different, algorithms can analyze to the current
status and make recommendations that can shorten the treatment time while main-
taining the optimal outcomes. Thus, patient satisfaction can be increased as the
treatment time is shortened. Moreover, these simulations can be visualized, making
it easier for the patient to understand the variances.

Treatment Success Assessment

The success of an orthodontic treatment experience can be determined not by a
single criterion but by evaluating many factors together. When a treatment planned
with Al support in the digital workflow and carried out with the decisions taken by
the orthodontist within the doctor-patient relationship, the comparison of these with
the previously planned factors such as the resulting tooth position, occlusion, or
treatment duration can give an idea in determining the success of the applied treat-
ment. In Al-assisted orthodontic treatment process, the simulation is not expected to
realize exactly, and minor differences between the simulated and the actual out-
comes are acceptable. However, especially in cases where there are major devia-
tions, it is useful to analyze the reason for this by the clinician and to take the
necessary precautions for the future treatments. Predictive analytics can also incor-
porate patient feedback through surveys or questionnaires to evaluate subjective
criteria like patient contentment, changes in quality of life, and functional results.

Long-Term Stability Analysis

Some relapse or instability may occur after terminating the application of the orth-
odontic forces in variable magnitude. The amount and pattern of this occurrence
may be predicted using ML tools, by analyzing the patients’ treatment recordings
and finding the elements causing treatment instability or relapse. This aids in creat-
ing individualized retention programs to improve in maintaining treatment results
over the long term. Risk of relapse can be predicted based on elements including
bone discrepancies, dental anomalies, and treatment features and enables orthodon-
tists to take preventative steps to lessen the chance of relapse. Al-powered remote
monitoring systems can track treated patients over an extended period of time to
gauge how consistently positive treatment outcomes are. This makes it easier to spot
any changes or prospective problems that might call for more assistance. These
technologies aid the orthodontists to optimize treatment process, develop personal-
ized retention strategies, and apply improved treatment strategies for the patient’s
benefit. Creating 3D virtual simulations of how the patient’s dentition and facial
appearance will change in case of relapse may enhance the awareness of the patient
to the possible scenarios and may enable early detection (Li et al. 2021).
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Patient Experience and Engagement

Virtual Consultations and Follow-Ups

Some of the communication systems that are especially designed for virtual follow-
ups and consultations can have integrated Al tools and provide user-friendly and
secure remote communication between the patient and the orthodontist. These tech-
nologies allow orthodontists and patients to collaborate effectively by enabling real-
time videoconferencing, messaging, and file sharing. Such tools can be used for
remote monitoring of patients, can be used to make personalized recommendations
according to the protocol chosen by the physician, and can be used to reduce the
number of clinical visits required. During virtual consultations, patient information
can be kept private and secure with various Al technologies. Sensitive data can be
protected by encryption and authentication systems, while Al algorithms may help
to discover and stop unwanted access or data breaches.

Personalized Treatment Progress Tracking

Patient portals or mobile applications where the patient can access the pre-planned
progress throughout the treatment are developed for some orthodontic applications.
With these mobile applications, the entire planned treatment process can be shown
to the patient with 3D virtual models, and the changes that will occur over time in
tooth alignment or occlusion can be visually presented to the patient to be compared
with the current situation. The patient can be reminded of their future visits or can
be informed when the milestones in the treatment are reached. Patients can visually
see their improvements, fostering motivation and engagement throughout the treat-
ment journey.

Gamification and AR/VR in Orthodontics

Gamification techniques, such as rewards or challenges, can be included in the
mobile orthodontics applications to increase the motivation and compliance of the
patients. Users can earn points or badges for following treatment guidelines, prac-
ticing good oral hygiene, or attending appointments, which makes their orthodontic
experience more enjoyable and motivating. It can be used to remind patients in a
game concept what they need to do routinely. These systems can be customized by
the user with cosmetic features and made more fun, but the system must stick to the
protocols determined by the practitioner.

Virtual reality (VR) and augmented reality (AR) technologies can be used for
both educational purposes or providing care to patients. In educational applications,
possible treatment scenarios can be experienced in a virtual space, this experience
can be advanced one step further implementing haptic devices, and education can be
reinforced with simulations based on real patient data. Patients can experience vir-
tual simulations in 3D and see the prediction for how their teeth alignment will
change over time and better comprehend their course of treatment. Orthodontic
practices improve patient experience and engagement by using virtual consulta-
tions, tailored treatment progress tracking, gamification, and virtual reality.
Moreover, such systems can be beneficial in pain and anxiety management
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(Gandedkar et al. 2021). Various medical products can be designed using the digital
volumetric data in this process and can be converted into physical products with
additive manufacturing technologies.

Of course, all these dazzling processes can be misleading, especially for patients.
The various possibilities and tools offered by the systems may lead to overconfi-
dence in the system, increased expectations for the predictability of treatment
results, and disappointment at the end of the process. It should be ensured that
patients understand well that the simulations offered by these systems are only an
estimate and the actual treatment experience may differ. Similarly, orthodontists
who make clinical decisions should not surrender themselves to the suggestions and
plans made by the systems and should not hesitate to intervene for the benefit of the
patient, when necessary, by analyzing the whole process well and being aware of
treatment-induced changes.
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Artificial Intelligence: Concepts and Terminology

In recent years, the application of deep machine learning, an artificial intelligence
discipline, has been a rising focus of interest in prognostic medicine (Alabi et al.
2021; Pai and Pai 2021; Hogarty et al. 2019). Artificial intelligence is an area of
computer science that deals with decision-making or classification in broad terms.
Al aspires to outperform human cognitive abilities so that automated decisions may
be made. Image identification frequently employs machine learning, an artificial
intelligence application. In general, a huge dataset exposes the machine, or algo-
rithm, to new information. The method may then be applied to previously unknown
data once it has been learned. The potential benefits of this technique in healthcare
are obvious: robots can learn from enormous datasets in a short amount of time and
apply what they’ve learned to fresh data without becoming fatigued or experiencing
intra-observer replication error (Wada et al. 2020; Saba et al. 2019).

Artificial Intelligence Terminologies

Al is described as “the scientific study of the concepts underlying cognition and
intelligent behavior and their application in computers.” In its most basic form, Al
is a discipline of computer science that involves developing systems with the
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objective of emulating human cognition and data processing operations (Quer et al.
2017; Hogarty et al. 2019; De et al. 2020; Schwendicke et al. 2020; Huang et al.
2017; Silver et al. 2016).

Machine Learning

It is challenging to exactly characterize Al. In Alan Turing’s landmark article
“Computing Machinery and Intelligence,” he developed the well-known Turing test,
according to which a computer is regarded intelligent if it is indistinguishable from
a person in conversation to an unbiased observer. In contemporary vernacular, arti-
ficial general intelligence refers to a machine’s capacity to communicate, think, and
act autonomously in both known and unfamiliar situations in a way comparable to
that of a person. This remains much beyond the capabilities of existing approaches
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Fig. 9.2 Graphic showing how a ML algorithm is trained on a big dataset in order to be able to
correlate data to label (supervised learning), after which its performance may be evaluated.
(Created with BioRender.com)

and is not what is typically referred to when the phrase “artificial intelligence” is
employed (Chartrand et al. 2017; Hogarty et al. 2020). Machine learning (ML)
refers to algorithms and statistical models that detect and infer patterns from train-
ing data that has been labeled (Fig. 9.1).

During the training of a ML model, a subset of the data is typically “kept back”
and later utilized to evaluate the model’s accuracy. On this test dataset, the accuracy
of the model is evaluated based on its ability to accurately match a picture with its
label, such as malign or benign (Fig. 9.2). In any classification system, there will be
a trade-off between sensitivity and specificity. For instance, an Al system may out-
put a probability score between 0 and 1 for a skin lesion requiring the operator to
specify a threshold for the decision border. At a low threshold, a greater proportion
of melanomas will be detected (high sensitivity), but there is a danger of misclas-
sifying benign lesion as cancerous (low specificity). As the threshold is raised, the
sensitivity will fall, while the specificity will increase (Du-Harpur et al. 2020). The
reaction of a ML classifier to a change in the threshold can be represented by a
receiver operating characteristic (ROC) curve (Fig. 9.3).

ML is a category of artificial intelligence in which computer systems learn organi-
cally from their experiences rather than being programmed (Chartrand et al. 2017).
ML can occur in supervised, semi-supervised, or unsupervised environments. In a
supervised setting, the computer is fed datasets containing questions and responses.
Machines learn to detect right responses through trial and error. In unsupervised
learning, machines analyze incoming data with no predefined answer. Semi-
supervised data analysis uses both labeled and unlabeled data (Hogarty et al. 2020).

Artificial Neural Network and Deep Learning

Artificial neural networks are multi-algorithm mathematical models that uncover
complicated nonlinear correlations in massive datasets (analytics) (Miller and
Brown 2018). The input layer feeds information into the artificial neural network,
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Fig. 9.3 ROC curve is a graphical representation of the sensitivity and specificity of a trained
model. ROC curves and measurements of the area under the curve (AUC or AUROC) are typically
employed to measure accuracy in machine learning research. The dashed line shows the optimal
performance where both sensitivity and specificity are 100%; in this case, the AUROC would equal
1.0. In practice, there is an exchange between sensitivity and specificity, resulting in a curve.
(Created with BioRender.com)

which is subsequently passed via numerous levels of hidden algorithmic operations.
The weights learned in the machine learning procedures are used to apply these
operations. Finally, the output layer produces the processed data. Artificial neural
networks assist the machine in deep learning. Deep learning is a sort of machine
learning in which artificial neural networks are used (Hogarty et al. 2020). It is a
subfield of artificial intelligence that extracts patterns from raw data by using com-
puter systems inspired by the human brain.

Neural networks route incoming information through a number of linked nodes
(analogous to biological neurons). Each node works as a mathematical operation
(addition, multiplication, etc.), and a set of interconnected nodes inside a network is
known as a “layer,” with the overall structure of the layers known as the “architec-
ture.” During training, every node is changed and refined by an iterative process
known as “backpropagation,” allowing the neural network’s classification accuracy
to improve (LeCun et al. 1990; LeCun et al. 2015).

Neural networks with several “hidden layers” of nodes are referred to as “deep”
neural networks and are capable of “deep learning.” Although the notion of deep
neural networks was introduced decades ago, the inability to train them properly was
hampered by the absence of inexpensive and efficient processing power. However, in
2013 it became apparent that graphical processing units (GPUs), which were initially
built for three-dimensional visuals in computer games, might be repurposed to power
the repeated training necessary for neural networks. Notably, convolutional neural
networks (CNNs) are a special type of deep learning architecture that has shown use-
ful for picture data categorization (Ciresan et al. 2010; Krizhevsky et al. 2012). After
the success of the GPU-powered CNN AlexNet in 2012, which won the ImageNet
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competition with a top 5 error rate of 15.3%, a stunning 10% improvement over the
next best competitor, CNNs have gained immense appeal as a technique for com-
puter-based image categorization (Krizhevsky et al. 2012).

Artificial intelligence-powered medical technology is fast becoming practical
clinical practice solutions. The increasing amounts of data generated by mobile
monitoring sensors found in wearables, smartphones, and other medical equipment
may be handled by deep learning algorithms. Machine learning models are used in
medicine to scan medical data and reveal insights to help enhance patient experi-
ences and health outcomes. Artificial intelligence (AI) has recently made significant
strides in computer science and informatics, and it is now becoming a crucial com-
ponent of contemporary healthcare. Medical practitioners are supported by Al algo-
rithms and other applications driven by Al in clinical settings and current research.

The Current State of Artificial Intelligence in Dermatology

The epidermis, dermis, and hypodermis make up the structure of the human skin.
Melanocytes in the epidermis can create melanin at an abnormally high rate when
exposed to, for example, intense UV light. Melanoma is the malignant tumor caused
by the aberrant development of melanocytes. As soon as pigmented lesions emerge on
the skin’s surface, melanoma can be identified by a clinical specialist through ade-
quate visual assessment (Li et al. 2019; Cullell-Dalmalu et al. 2020; Pai and Pai 2021).

Dermatology is a science that relies on morphological characteristics, and the
bulk of diagnoses are based on the detection of visual patterns. This branch of medi-
cine is ideally suited for aided diagnosis using Al image recognition skills. Presently,
dermoscopy, very high-frequency (VHF) ultrasound, and reflectance confocal
microscopy (RCM) constitute skin imaging technologies. Each skin imaging tech-
nique has its own advantages and disadvantages. Dermatologists must select several
imaging techniques based on the status of skin lesions. The worldwide acceptance
and application of skin imaging technology has elevated its significance for the
clinical diagnosis of skin disorders (Li et al. 2019; Masood and Al- Jumaily 2013).

Al in radiology has served as a model for dermatological Al. Early on, Al in
medicine did not gain a great deal of attention or application for a variety of reasons
(Mahmood et al. 2021). Due to a difficulty with data capture, there are insufficient
quantities of labeled data, and there are insufficient samples to match the parameters
of the complicated network model. Local extremum concerns, gradient dispersion
issues, and inadequate hardware requirements have hindered the development of
artificial intelligence in medicine (Polesie et al. 2020). In the last several decades,
artificial neural networks (ANNs) have been developed for a variety of medical
applications. However, its application in dermatology remains somewhat restricted.
Although many dermatologists and patients are optimistic about AI/ML algorithms,
these algorithms must be carefully evaluated to ensure that they are accurate, effec-
tive, cost-effective, and safe enough for clinical use and that increased access to skin
lesion assessment does not increase the biopsy burden on specialist care providers
or contribute to melanoma overdiagnosis (Jutzi et al. 2020; Welch et al. 2021).
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Modern classifiers based on machine learning are superior to human specialists
in the identification of pigmented skin lesions and should play a larger role in clini-
cal practice. Clinicians with years of experience require routine training. It is chal-
lenging to deliver high-quality medical services to a big population using the
traditional paradigm of medical care. There is a large gap between the supply and
demand of doctor resources and the high cost of medical expenses. Medical Al
technology relies on highly efficient computing ability and imitates through deep
learning to provide high-quality medical services and address the issue of the
uneven distribution of medical resources. In light of the aforementioned issues, it is
certain that dermatological Al will be developed extensively.

Al in Skin Malignancies

Melanoma is a dangerous skin cancer that is becoming more common in various
cultures. Since the mid-twentieth century, the incidence among white populations
has climbed by 3-5% each year, with rates today at 20-60 instances per 100,000
people per year. Nonmelanoma skin malignancies that are more frequent include
squamous cell carcinoma and basal cell carcinoma, which are increasingly consid-
ered as keratinocyte carcinomas. Nonetheless, earlier detection of skin cancer
results in better outcomes (Jones et al. 2022; Garbe et al. 2021; Karimkhani et al.
2015; Marka et al. 2019).

Researchers have been investigating the use of Al to improve or complement
current melanoma and nonmelanoma skin cancer (NMSC) screening techniques.
Nasr-Esfahani et al. (2016) were the first to train a neural network for melanoma
detection, with sensitivity and specificity of 0.81 and 0.80, respectively. A research
on deep learning of skin cancers was released in 2017 at Stanford University. They
used a single convolutional neural network that was trained end-to-end from photos,
with just pixels and disease labels as inputs, to classify skin lesions. The researchers
introduced a dataset of 129,450 clinical photos from 2032 various diseases to train
a convolutional neural network. They put it to the test on biopsy-proven clinical
pictures with two important binary classifications of cases: keratinocyte carcinomas
vs. benign seborrheic keratoses and malignant melanomas versus benign nevi. The
first example included identifying the most prevalent malignancies, while the sec-
ond involved identifying the worst skin cancer. In terms of recognizing and catego-
rizing skin cancer, the machine was found to be on par with board-certified
dermatologists. This was a pioneering study in the field of dermatological
Al However, because they did not incorporate demographic data, the external valid-
ity of their study is questionable. Another study limitation was that, while it was
widely acknowledged that applying deep learning technology to skin cancer clas-
sification could potentially improve the sensitivity and specificity of skin cancer
screening, it was widely portrayed that the number of training images required for
such a system would be enormous.

Fujisawa et al. (2019) released a research in which they investigated whether
deep learning technology might be utilized to construct a reliable skin cancer
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classification system using a limited dataset of clinical photos. They used a dataset
of 4867 clinical photos from 1842 patients diagnosed with skin cancers at the
University of Tsukuba Hospital from 2003 to 2016 to train a deep convolutional
neural network (DCNN). There were 14 diagnoses in all, including both malignant
and benign conditions. The trained DCNN’s total classification accuracy was 76.5%.
The DCNN has a sensitivity of 96.3% and a specificity of 89.5%. Although the
accuracy of malignant or benign categorization by board-certified dermatologists
was statistically higher than that of dermatology trainees (85.3% = 3.7% and
74.4% + 6.8%, p < 0.01, respectively), the DCNN obtained even greater accuracy,
reaching 92.4% + 2.1% (p < 0.001).

Another area where Al can help with skin cancer diagnosis is at the histological
level. Hekler et al. (2019) examined a total of 695 lesions that were categorized
according to current recommendations by an expert histopathologist (350 nevi/345
melanoma). A CNN was trained using 595 of the generated pictures, and a total of
100 H&E (hematoxylin and eosin) segment images were utilized to compare the
CNN’’s results to those of 11 histopathologists. To test for significance (p < 0.05),
three combined McNemar tests comparing the outcomes of the CNN test runs in
terms of sensitivity, specificity, and accuracy were established. Over 11 test cycles,
the CNN obtained a mean sensitivity/specificity/accuracy of 76%/60%/68%. The 11
pathologists, on the other hand, had a mean sensitivity, specificity, and accuracy of
51.8%, 66.5%, and 59.2%, respectively. As a result, they determined that CNN out-
performed 11 histopathologists in classifying histological melanoma images, indi-
cating that it has the potential to aid human melanoma diagnosis. Though the
application of artificial intelligence in the detection of skin cancer using clinical
images, dermatoscopic images, and histopatholgic images is still in its early stages
of development, it shows great potential.

Beginning in 1990, CAD systems and its components devoted to skin lesion
detection were released. Since then, a variety of techniques have been presented to
approach this difficult problem. Several algorithms employ a manual assessment
technique based on the ABCD principles provided by Nachbar et al. (1994). The
requirements for this technique include asymmetry (A), border (B), color (C), and
differential structure (D). For the correct integration of this rule-based technology
into a CAD system, a number of issues must be resolved.

The first and maybe most crucial stage is the exact segmentation of the skin lesion,
which serves as the foundation for the examination of asymmetry and the lesion’s
boundary. Regarding this job, several proposals are available, including thresholding,
region- and edge-based methods, soft computing techniques, and deformable models
(Nachbar et al. 1994; Kasmi and Mokrani 2016; Abbas et al. 2013).

The approaches suggested in papers by Celebi et al. (2007), Faziloglu et al.
(2003); and Hajdu et al. (2016) for classifying photos of skin lesions employ typical
handcrafted feature sets; nevertheless, the supremacy of self-extracted, strong, deep
convolutional neural network-based features is barely debatable at this time.
Twenty-two out of 23 participants in the 2017 ISBI Challenge on Skin Lesion
Analysis Towards Melanoma Detection considered deep neural network-based
methods for an image classification problem, which is a strong indicator of the
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current superiority of CNN-based approaches in the field of dermoscopy image
analysis (Codella et al. 2017).

Considering common measures, the classification accuracies of the different
solutions are nearly identical. The modest variation in performance is likely due to
the various sizes of picture sets used to train CNNSs.

In a work reported by Esteva et al. (2017), a GoogLeNet Inception V3 CNN
architecture was trained using 129,450 dermatologist-labeled clinical pictures. The
scientists demonstrated that if the training dataset was sufficiently big, a deep neural
network-based technique may surpass clinical specialists in terms of dermoscopy
picture categorization accuracy. In the majority of medical domains, a sufficient
quantity of humanly annotated training pictures is not currently available for a sin-
gle CNN to extract and learn all the discriminative texture-based descriptors neces-
sary for good classification accuracy.

In the previous decade, the development and implementation of deep learning
algorithms for image analysis, such as classification, segmentation, and restoration,
has increased. These methods have gradually been integrated into a variety of study
domains, offering up new possibilities for biomedical imaging analysis. Deep learn-
ing has recently showed considerable promise when used to dermatological photos.
In categorizing skin lesion photos into distinct skin cancer categories, deep learning
systems have exhibited performance equivalent to humans (Fig. 9.4). Deep learn-
ing’s potential therapeutic use necessitated the understanding of its basics by aca-
demics from fields other than computer science (Du-Harpur et al. 2020).
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Fig. 9.4 Schematic demonstrating the prospective application of a machine learning system to
assist nonexpert doctors in risk stratifying lesions and making clinical decisions. CNNs might
represent a new form of decision aid that could assist nonexpert doctors triage correctly and narrow
differential diagnoses. (Created with BioRender.com)
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Computer-based image analysis aids in the elimination of subjective inter- and
intra-observer variability, allowing for objective parameter assessment. In dermatol-
ogy, artificial intelligence is rapidly being employed as a diagnostic tool. Computer
technologies are being employed in dermatology to speed up data processing and
give better outcomes. Over the last three decades, much research has been con-
ducted on the use of machine learning models to assess and categorize data from
skin lesions (Tchandl et al. 2018; Goyal et al. 2020; Young et al. 2020).

Artificial Intelligence in Dermoscopic Images

Dermoscopy is the screening and evaluation of skin lesions using a dermatoscope
instrument comprised of a high-quality magnification lens and a (polarizable) light-
ing system (Tchandl et al. 2018; Goyal et al. 2020; Sadeghi et al. 2011; Stoecker et
al. 2005; Yu et al. 2017). Dermoscopic pictures are obtained using digital single-
lens reflex (DSLR) or smartphone camera attachments with high resolution
(Fig. 9.5). The use of dermoscopic pictures for Al algorithms is becoming an
increasingly popular area of research with the advent of several huge publically
accessible dermoscopic datasets containing various types of benign and malignant
skin diseases. There have been several Al experiments on lesion diagnosis with
dermoscopic skin lesion datasets (Table 9.1).

Dermoscopic images were included in a study by Codella et al. (2017) who cre-
ated an ensemble of deep learning algorithms using the ISIC-2016 dataset and com-
pared the results of this network to that of 8 dermatologists in classifying 100 skin
lesions as benign or malignant. The ensemble technique beats the average perfor-
mance of dermatologists with an accuracy of 76% and a specificity of 62%, com-
pared to 70.5% and 59%, respectively, for dermatologists.

/
7
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Fig. 9.5 Illustration of different types of dermoscopic skin lesions where (a) nevus, (b) mela-
noma, (c) basal cell carcinoma, (d) actinic keratosis, (e) benign keratosis, (f) dermatofibroma, (g)
vascular lesion, (h) squamous cell carcinoma. (Reproduced from Goyal et al. 2020). Abbreviations:
AK actinic keratosis, AUC area under the receiver operating characteristic curve, BCC basal cell
cancer, LPLK lichen planus-like keratosis, SCC squamous cell cancer, SK seborrheic keratosis
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Table 9.1 A summary of studies looking into the use of artificial intelligence on lesion diagnosis
with dermoscopic skin lesion datasets

Study
Codella

et al.
(2017)

Haenssle
et al.
(2018)

Brinker
et al.
(2019)

Tschandl
et al.
(2019a)

Maron
et al.
(2019)

Haenssle
et al.
(2020)

Location
USA

Germany

Germany

Austria,
Australia

Germany

Multiple
countries

Dataset

1279 images
(900 train and
379 test)

>100,000
dermoscopic
images

12,378
open-source
dermoscopic
images

Training set:
7895
dermoscopic and
5829 close-up
images

Test set: 2072
dermoscopic and
clinical close-up
images

11,444
dermoscopic
images from the
International
Skin Imaging
Collaboration
(ISIC) archive
Dermoscopic
images from
multiple sources

Classification
task
Melanoma
versus
melanocytic
nevi

Melanoma
versus benign
melanocytic
nevi

Melanoma
versus atypical
nevi

Malignant
versus benign
nonpigmented
skin lesions

Malignant
versus benign
skin lesions

Benign lesions
In situ
melanomas
Invasive
melanomas

Algorithm
performance
82%
sensitivity and
62%
specificity
AUC 0.84
AUC 0.86
(more difficult
test-set-100);
AUC

0.95
(test-set-300)
74.1%
sensitivity and
86.5%
specificity
80.5%
sensitivity and
51.3%
specificity
AUC 0.74

AUC 0.96
AUC 0.93 for
benign versus
malignant

95.0%
sensitivity,
80.4%
specificity for
benign versus
malignant

Abbreviations: AUC area under the receiver operating characteristic curve

Clinician
performance
82% sensitivity
and 59%
specificity, 8
expert
dermatologists
AUC 0.79,
international
group of 58
dermatologists

74.1% sensitivity
and 60%
specificity, 157
dermatologists
77.6% sensitivity
and 51.3%
specificity

AUC 0.70, 95
dermatologists

112
dermatologists;
performance was
below the
model’s average
performance

94.1% sensitivity,
80.4% specificity
by 96
dermatologists

Haenssle et al. (2018) constructed a deep learning technique (InceptionV4) on a
huge dermoscopic dataset comprising of over 100,000 benign lesions and mela-
noma pictures and compared its performance with that of 58 dermatologists. On the
test set of 100 cases (75 benign lesions and 25 melanoma cases), dermatologists had
a sensitivity of 86.6% and a specificity of 71.3%, whereas deep learning reached a
sensitivity of 95% and a specificity of 63.8%. In another study, Haenssle et al.
(2020) contrasted the deep learning architecture based on InceptionV4 (licensed as
a medical device by the European Union) with dermatologists on a 100-case
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dermoscopic test set (60 benign and 40 malignant lesions). This investigation was
conducted on two levels, namely, level I: dermoscopic image and level II: additional
clinical close-up photographs, dermoscopic image, and clinical data. The deep
learning method attained sensitivity and specificity scores of 95% and 76.7%,
respectively, whereas the average sensitivity and specificity scores for level I derma-
tologists were 89% and 80%, respectively. With additional level II information, the
average sensitivity of dermatologists climbed to 94.1%, but the average specificity
remained unchanged. As it is seen, dermatologists currently assess patients combin-
ing Al and the visual tool, dermoscopy.

Brinker et al. (2019) examined the performance of 157 board-certified derma-
tologists at 12 German university hospitals using a deep learning algorithm
(ResNet50) using 100 dermoscopic pictures with 80 nevi and 20 melanoma cases.
On the dermoscopic dataset, dermatologists obtained a sensitivity of 74.1% and a
specificity of 60%, whereas a deep learning approach produced a specificity of
69.2% and a sensitivity of 84.2%. In another study, Maron et al. (2019) compared
the sensitivity and specificity of a deep learning system (ResNet50) with those of
112 German doctors for multiclass categorization of skin diseases, including nevi,
melanoma, benign keratosis, basal cell carcinoma (BCC), and SCC (including solar
keratosis and intraepithelial carcinoma). Significantly (p < 0.001), the deep learning
technique beat dermatologists (Fig. 9.6). In addition, Tschandl et al. (2019a) dem-
onstrated the diagnosis accuracy of the most advanced machine learning algorithms
and human readers for all clinically significant benign and malignant pigmented
skin lesions.

Current findings have effectively proved the application of deep learning algo-
rithms for dermatologist-level categorization of questionable lesions using large pro-
prietary image datasets and a restricted number of dermatologists. The performance
of a deep learning algorithm trained only on open-source photos is compared to that
of a large number of dermatologists encompassing all levels of the clinical hierarchy.
Modern machine learning classifiers that outperformed human specialists in the
identification of pigmented skin lesions should play a larger role in clinical practice.

Artificial Intelligence in Clinical Imaging
A plentiful amount of datasets is required for deploying machine learning. Data can
relate to a range of inputs, including visuals such as clinical photos and radiographs,
as well as words such as patient data and symptoms information (Yang et al. 2018;
Adoeye et al. 2021; Tschandl et al. 2019b; Chan et al. 2020; Esteva et al. 2017;
Ferrer-Sanchez et al. 2022). Yang et al. (2018) diagnosed clinical skin lesions using
an ABCD-inspired representation on the dataset. They compared the performance
of the suggested techniques to those of deep learning techniques and dermatolo-
gists. It earned a score of 57.62% (accuracy) compared to ResNet’s 53.35%. In
comparison with other physicians, only senior clinicians with extensive expertise in
skin disease had an average accuracy of 83.29%.

Han et al. (2018) constructed a deep learning architecture (ResNet-152) to iden-
tify clinical photos of 12 skin disorders using an Asan training dataset, a MED-
NODE dataset, and atlas site images and then evaluated it using an Asan testing set
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Fig. 9.6 The majority of human raters and the majority of CNN tests performed disagreed on
some lesions. (Reproduced from Brinker et al. 2019a)

and an Edinburgh dataset (Dermofit). On 480 randomly selected photographs from
the Asan test dataset (260 images) and the Edinburgh dataset (220 images), the
algorithm performed similarly to the team of 16 dermatologists; however, the Al
system excelled dermatologists in the diagnosis of BCC. Brinker et al. (2019b)
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assessed the performance of 145 dermatologists and a deep learning approach
(ResNet50) on 100 clinical skin lesion photos (MClass-ND) comprised of 80 nevi
cases and 20 biopsy-verified melanoma cases. The dermatologists obtained a sensi-
tivity of 89.4%, a specificity of 64.4%, and an AUROC of 0.769, whereas a deep
learning technique acquired the same sensitivity but a specificity score of 69.2%.

When comparing the outcomes of several training runs, it is clear that the catego-
rization quality varies only little. Dermatologists’ performance, on the other hand,
varied greatly. Clinical contacts with live patients give more information than pho-
tographs alone can. It has previously been demonstrated that more clinical data
improves dermatologists’ sensitivity and specificity considerably. This information
may also be used by machine learning algorithms to make judgments. Even with
this tiny improvement, the CNN would still outperform the dermatologists.

Al in Pigmentary Skin Lesions

Several elements of psoriasis have been studied using artificial intelligence. Various
computer-aided diagnostic techniques for picture categorization and psoriasis clinical
risk have been developed (Shrivastava et al. 2016; Shrivastava et al. 2017). Machine
learning prediction models have also been developed to evaluate psoriasis response to
biologics and to distinguish psoriasis from psoriatic arthritis using genetic markers
(Guo et al. 2014). Correa da Rosa et al. (2017) demonstrated that gene expression
profiles of psoriasis skin lesions taken during the first 4 weeks of therapy with a bio-
logical agent can be used to correctly estimate (>80% area under the ROC curve) the
clinical endpoint at 12 weeks, lowering the assessment gap by 2 months.

Emam et al. (2020) examined data from 681 psoriasis patients in the Danish
registry cohort to see if machine learning might assist predict long-term biologic
responses in psoriasis. Patients with early diagnosis and treatment who did not have
psoriatic arthritis had a 90% likelihood of keeping on therapy, according to the
study. To summarize, researchers have recently used deep learning (DL) and convo-
lutional neural networks (CNNs) to analyze medical images from various fields,
including dermatology. Based on a modest collection of predictive characteristics,
machine learning algorithms estimate the probability of medication cessation and
treatment duration with an accuracy of more than 80%. This strategy may be used
to make decisions, communicate predicted results to patients, and produce evidence-
based guidelines.

The Current State of Artificial Intelligence in Oral Diseases

A medical history and physical examination are part of the diagnostic process. Oral
diseases demand a comprehensive understanding of lesions, their location, and
symmetry (McCarthy et al. 2011). Many techniques, such as histology or immuno-
fluorescence testing, rely on digital picture interpretation (Halicek et al 2019a, b).
The medical history, on the other hand, is typically obtained through a
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question-and-answer session with the patient and includes not only a general history
of the specific disorder but also the patient’s occupation, hobbies, routine household
duties, animal contact, and diet, as well as a variety of unrelated variables such as
seasonal variation of the disease, correlation with menstruation or pregnancy, con-
comitant disorders, medication information, and family history (Lloyd and Craig
2007; Davis and Murray 2016).

There is widespread consensus that new technologies have the potential to assist
doctors and patients make much better, more efficient healthcare decisions.
Developing a good diagnosis currently needs years of medical training, and even
then, diagnostics is typically a difficult and time-consuming process. Deep learning
algorithms, in particular, have made significant progress in autonomously identify-
ing pathologies (Chien et al. 2008; Chiesa-Estomba et al. 2022; Chu et al. 2021;
Keser et al. 2023; Chuchu et al. 2018). Machine learning techniques may learn to
detect patterns in the same way that doctors do; however, one significant distinction
is that computers require a large number of real-world instances, typically thou-
sands, in order to make meaningful predictions (Kumar et al. 2016; Alabi et al.
2019; Alabi et al. 2022; Young et al. 2020; Keser et al. 2023).

Al on Oral Diseases

Artificial intelligence can be utilized in the diagnosis and treatment of oral cavity
diseases, as well as in screening and categorizing suspected changed mucosa expe-
riencing premalignant and malignant alterations. For a large population, artificial
intelligence might properly forecast a genetic propensity to oral cancer (Harangi et
al. 2018; Young et al. 2020; Alabi et al. 2022; ilhan et al. 2021). Presently, a surgical
biopsy and histopathologic diagnosis remain the gold standard for conclusive diag-
nosis of all oral mucosal lesions (Alabi et al. 2022). Patients who are afraid of a
“cancer” diagnosis or of the surgery itself frequently have a negative perception of
intrusive procedures. Unfortunately, both can cause delays in diagnosis and, in the
event of a malignant lesion, the risk of disease progression, which can have a detri-
mental influence on prognosis (Alabi et al. 2022; Giineri and Epstein 2014).
Furthermore, access to treatment and/or a qualified physician who can perform the
necessary biopsy might be difficult for many patients, particularly those at risk of
developing malignant lesions. The utilization of numerous technological develop-
ments, which are currently in use in other domains of healthcare, in the precise
identification of oral mucosal diseases is necessary.

The oral mucosa is the mucous membrane lining or “skin” inside of the mouth,
including cheeks and lips. Healthy skin and oral mucosa have numerous similarities
in terms of tissue architecture, but they also have underlying histological variances.
Although the shape and functions of the skin and oral mucosa are similar, there are
distinctions in homeostatic circumstances that should be considered when compar-
ing the healing processes in both tissue types (Waasdorp et al 2021; Keser et
al. 2023).
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Lichen planus is an autoimmune disease that can affect the skin as well as any
mucosa that lines the inside of the mouth. Oral, esophageal, vaginal, and cutaneous
mucosas might all be affected. Oral lichen planus is a long-term inflammatory
mucocutaneous condition with no recognized cause (Pekiner et al. 2012; Pekiner et
al. 2014). Histological features include subepithelial band-like inflammatory cell
infiltration, varied amounts of intraepithelial mononuclear cells concentrating on
the basal keratinocytes, and epithelial basal cell degeneration and annihilation.
Increased apoptosis, most frequently restricted to the basal cell compartment, has
been observed in recent oral lichen planus (OLP) studies (Neppelberg et al. 2007;
Santoro et al. 2004).

Fig.9.7 (a—d)
Representable samples
showing the application of
the CranioCatch
(CranioCatch

Eskisehir, Turkey) in
detecting and labeling
lesions in OLP cases.
(Reproduced from Keser
et al. 2023)
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Fig. 9.8 An artificial intelligence model was developed using TensorFlow Inception V 3 architec-
ture, which is a deep learning approach. Figure shows the whole procedure for identifying skin
disease using deep learning-based techniques. The intraoral photos are entered into the system and
processed in this manner. To evaluate if the disease is present, the input image is analyzed using
image processing techniques such as preprocessing, feature extraction, and a machine learning-
based classifier. (Reproduced from Keser et al. 2023)

Keser et al. (2023) aimed to develop a deep learning approach for identifying
oral lichen planus lesions using photographic images. Patients having histopatho-
logically verified diagnoses of oral lichen planus were involved in all of the
instances. Anonymous retrospective photographic images of buccal mucosa with 65
healthy and 72 oral lichen planus lesions were identified using the CranioCatch
program (Fig. 9.7a—d). All images were rechecked and verified by oral medicine
and maxillofacial radiology experts. This dataset was divided into training (n = 51;
n = 58), verification (n = 7; n = 7), and test (n = 7; n = 7) sets for healthy mucosa
and mucosa with the oral lichen planus lesions, respectively.

The deep learning process was performed using GoogleNet Inception V3 archi-
tecture implemented with TensorFlow library. 5 x 5 filter size is changed with two
3 x 3 filters in Inception-v3. The reduction of an efficient grid size is changed.
Feature maps are made by convolutions and by pooling separately. The computation
cost is only about 2.5 higher than that of Inception-v1 and much more efficient than
that of VGGNet, which stands for Visual Geometry Group, and it is a standard deep
convolutional neural network (CNN) architecture with 42 layers’ deep (Fig. 9.8).
With a 100% success rate, the Al deep learning model correctly classified all test
photos for both healthy and diseased mucosa. The accuracy of TensorFlow Inception
V3 architecture was estimated as 1.0.

In dentistry, Al is generally used to discriminate between lesions and normal
structures, prioritize risk variables, and simulate and assess prospective outcomes
(Keser et al. 2023; Shan et al. 2021; Alhazmi et al. 2021; Adeoye et al. 2021). A
clinician’s study of symptoms, diagnostic test findings, and other criteria, which are
sensitive to the clinician’s poor recall and cognitive bias, forms the basis of diagnos-
tic logic for a specific disease. When “trained” with hundreds of thousands of
instances, Al outperforms even the most skilled specialist’s clinical experience.
Dental clinicians are currently under a lot of stress since they have to diagnose a lot
more patients or instances that are more sophisticated than in the past. These clini-
cians may be able to overcome these obstacles with the help of Al. Like human
observers, the described algorithm has high sensitivity and accuracy levels (Hayashi
and Setiono 2002). This strategy can assist surgeons, radiologists, and other medical
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professionals, such as physical therapists, in making the most use of their time and
reducing diagnostic time. The findings of artificial neural networks were compared
to medical diagnostic and current classification methods to discover different treat-
ments. Many of them discovered that neural networks are instruments for receiving
reasonably optimum solutions of partial and restricted datasets since they are flexi-
ble in modeling and have logical accuracy in prediction. As a result, neural networks
are capable of combining data in many forms of a system, such as data obtained
through clinical examinations (Bouletreau et al. 2019; Jeon et al. 2015).

In literature, Magshoudi et al. (2013) used intelligent systems based on ANN to
investigate three of the most frequent and potentially serious oral disorders: oral
squamous cell carcinoma (OSCC), leukoplakia, and lichen planus. The study’s pop-
ulation included 150 individuals, with 50 patients being considered for each condi-
tion. The results of their simulation indicated that diagnostic systems, based on
artificial neural networks, give a powerful strategy in the diagnosis and prediction
of oral diseases. Moreover, Idrees et al. (2021) established a machine learning arti-
ficial neural network multilayer perceptron (ANN-MLP) as a machine learning
method to recognize and quantify mononuclear cells and granulocytes within
inflammatory infiltrates in digitized hematoxylin and eosin microscope slides from
oral lichen planus cases and validated it on a retrospective cohort of 130 cases. With
scores of sensitivity of 100% and an accuracy of 94.62%, the suggested machine
learning technique was capable of consistently detecting oral lichen planus patients
based on the number of inflammatory cells and the number of mononuclear cells.

Concerning biochemical aspects, the possibility of interleukin 12 receptor beta 2
and tumor necrosis factor receptor superfamily member 8 as diagnostic biomarkers
for oral lichen planus was investigated in another study. Support vector machine
(SVM), random forest (RF), linear discriminant analysis (LDA), neural network
(NN), and naive Bayes (NB) methods were used to build predictive models of
IL12RB2 and TNFRSFS expression. AUC in predictive modeling varied from 0.83
to 0.92, and their accuracy was more than 0.75 in all techniques. Focusing on the
expression of inflammatory cytokine genes, ANN, SVM, and RF were all capable
of discriminating oral lichen planus from other white lesions of the oral mucosa
based on the expression of inflammatory cytokine genes (Jeon et al. 2015).

One of the most prevalent oral lesions is leukoplakia. It is characterized as a
white plaque with a suspicious risk, omitting other illnesses or conditions that are
not known to raise the risk of cancer. In a study conducted by Ferrer-Sanchez et al.
(2022), deep learning was used to evaluate the likelihood of malignancy of an oral
leukoplakia lesion in terms of evolution to cancer and high-risk dysplasia. A total of
261 oral leukoplakia lesions with a mean follow-up of 5.5 years were studied using
standard digital photographs. A deep learning pipeline consisting of a U-Net-based
segmentation of the lesion accompanied by a multitask CNN classifier was used to
estimate the malignant transformation and the risk of dysplasia of the lesion. The
model predicted a malignant transformation with a sensitivity of 1 and a specificity
of 0.692 (Fig. 9.9). This model also obtained a specificity of 0.740 and a sensitivity
of 0.928 for predicting high-risk dysplasia. The suggested deep learning model may
be useful in forecasting the likely malignant progression of oral leukoplakias.
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Fig. 9.9 Two examples of Ground truth Predicted

lesions segmented using
the best U-Net model
obtained. A clinical
expert’s segmentation (left)
versus the best U-Net
model prediction (right).
(Reproduced from
Ferrer-Sanchez et al. 2022)

Al has a wide range of functions and applications in the healthcare industry.
Increased work, increased job complexity, and possible doctor tiredness may com-
promise diagnostic abilities, and Al components in imaging equipment would
reduce this effort and boost efficiency. They can also identify oral lesions and have
greater data access than humans. According to preliminary findings from the stud-
ies, deep learning has the capacity to manage this enormous task.

Al on Oral Cancer

OSCC is one of the most common malignancies in the world, with an increasing
frequency in many countries. The high rate of occurrence, late diagnosis, and hap-
hazard treatment planning continue to be major concerns. Early detection is critical
for a better prognosis, treatment, and outcome (Ilhan et al. 2021; Aubreville et al.
2017; Uthoff et al. 2018; Llewellyn et al. 2004, Warnakulasuriya and Kerr 2021;
Almangush et al. 2015; DuM et al. 2020; Miranda-Filho and Bray 2020). Despite
recent advances in molecular pathways, late diagnosis and a precision medicine
strategy for OSCC patients remain a hurdle (Coletta et al. 2020). Deep machine
learning has been proposed as a way to improve precision medicine by improving
early diagnosis and, as a result, lowering cancer-related mortality and morbidity
(Chu et al. 2021; Ilhan et al. 2021). In recent years, this approach has reportedly
achieved great progress in data extraction and interpretation of crucial information
in medical imaging (Ariji et al. 2019; Ariji et al. 2020; Ariji et al. 2021; Fujima et
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al. 2020). As a result, it has the potential to aid in the diagnosis of oral squamous cell
carcinoma at an early stage. In addition, automated image processing can help
pathologists and physicians make better decisions about cancer patients.

The best method for reducing disease morbidity and death rates, increasing sur-
vival rates, and enhancing people’s quality of life is early diagnosis of oral cancer. The
histological diagnosis of lesions cannot be predicted just by the usual clinical exami-
nation, which includes a thorough head and neck examination, visual inspection of
oral tissues, and palpation. Thus, it is necessary to create auxiliary tools that will
improve clinical examination efficiency and make it easier to find and diagnose lesions
associated with mouth cancer and other potentially malignant conditions (Simonato et
al. 2019, Farah et al. 2019). Artificial intelligence applications paired with intraoral
photos, omics technologies, and light-based imaging systems stand out as instruments
that can be employed for this because of the quick and revolutionary breakthroughs in
image processing and diagnostic technologies in recent years (Aubreville et al. 2017;
Uthoff et al. 2018; Lylewellyn et al. 2004; Simonato et al. 2019; Farah et al. 2019).
These systems are believed to be useful in a wide range of situations, including pre-
dicting the prognosis and treatment outcomes of oral cancers, detecting lymph node
involvement, classifying oral mucosal lesions, and differentially diagnosing lesions
with the potential for malignancy and malignant transformation.

Surgical treatment has traditionally been the basic cornerstone therapy for
OSCC. For a better prognosis, therapy, and survival, early-stage diagnosis is critical
(Alabi et al. 2021). This is critical in improving cancer treatment. Despite recent
advances in our understanding of cancer’s molecular causes, late diagnosis has
impeded the pursuit of precision treatment. As a result, deep machine learning has
been suggested as a method for improving early diagnosis and, as a result, lowering
cancer-specific mortality and morbidity. Automated image analysis has the potential
to help pathologists and physicians discover OSCC in its early stages and make
educated cancer care decisions (Aubreville et al. 2017; Uthoff et al. 2018; Alabi
2019; Fu et al. 2020; Ariji et al. 2020; Kar et al. 2020).

Clinical images are increasingly being utilized in medicine to deliver deep learn-
ing solutions to automated decision support systems for disease diagnosis, progno-
sis, and therapy customization, as well as other activities that improve the healthcare
system’s efficiency (Uthoff et al. 2018; Fu et al. 2020). Deep learning has shown
preliminary results in oncology research in cell type categorization and treatment
outcome prediction in tumors such as breast, prostate, and oral cancer and has been
utilized to identify cell types and discriminate noncancerous and malignant tissues
for diagnosis in oral squamous cell carcinoma (SCC), the most frequent kind of oral
cancer, mostly utilizing commonly available clinical photos (Shimizu and Nakayama
2020; Golden et al. 2017; Nagpal et al. 2020; Fu et al. 2020; Faradmal et al. 2014).
It is also used in prognostic prediction in addition to diagnosis by examining meta-
static lymph nodes and quantifying the quantity of tumor-infiltrating lymphocytes
(Topol et al. 2019; Golden et al. 2017; Ehtesami et al. 2017; Shaban et al. 2019).

Clinical images are the most commonly used input data in cancer research to
develop a deep learning model for predicting clinical outcomes. The quality of
image data is a major determinant of model performance. Having high-quality data
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Fig. 9.10 A pathological/radiographic image (simply a histology image here as an example) is
seen as a matrix in a computer. Convolutional layers, pooling layers, and fully connected layers are
common components of CNNs. These several layers work together implicitly to perform feature
extraction and classification. (Created with BioRender.com)

from clinical pictures, such as pathological and radiographic images taken from
patients during diagnosis and/or relevant images from healthy controls, is likely the
most important and time-consuming first stage in the building of a deep learning
model (Uthoff et al. 2018; Fu et al. 2020; Aubreville et al. 2017; Jubair et al. 2022;
Warin et al. 2021). Aside from the basic need of having excellent-quality photo-
graphs as input data for constructing a deep learning model, image data in adequate
amount is also necessary to train a model with decent performance.

The actual amount of photos used should be calculated for each model individu-
ally and is dependent on a variety of criteria, such as the number of output classes
and the training techniques (Esteva et al. 2019). In general, a higher number of
photos would result in a more performant model. To do this, the transfer learning
technique is occasionally used to transfer a huge quantity of picture information
from open sources (e.g., ImageNet, which has over 14 million images). The trans-
mitted photographs can be used to train a deep learning model before fine-tuning
using project-based images (Shin et al. 2016; Pan and Yang 2009).

Another way for improving model performance is to employ image augmenta-
tion to produce an increased number of changed pictures from original photographs
by random rotation, flipping, and saturation and exposure adjustments (Shorten and
Khoshgoftaar et al. 2019, Chu et al. 2021). Deep learning research have employed
CNN classifiers with varying architecture and complexity to assess pathological,
clinical, and radiographic images (Fig. 9.10).

After staining with hematoxylin and eosin, pathological pictures of resected tis-
sues can indicate tumor histopathology, and these tissue sections can also be sub-
jected to immunohistochemistry for particular biomarkers to offer further
information for prognosis prediction (Chu et al. 2021). The most commonly used
pathological images for deep learning are digital hematoxylin and eosin-stained tis-
sue images. Deep learning for learning histological distinctions from pathological
pictures can aid in disease detection for oral cancer, particularly oral SCC, due to its
capacity to categorize cell type and discriminate tumor grade. In a research, active
learning was utilized to train and enhance the performance of a fully convolutional
CNN classifier for discriminating cancer cells from six distinct types of non-tumor
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cells (stroma, lymphocytes, mucosa, keratin pearls, blood, and adipose) in hema-
toxylin and eosin pictures with a 96.37% accuracy (Folmsbee et al. 2018).

The main radiographic images used in deep learning for prognostic prediction
are PET and CT scans (Chu et al. 2021). Given that 18F-fluorodeoxyglucose-
generated PET images contain image parameters for standardized uptake values,
metabolic tumor volume, heterogeneity index, and total lesion glycolysis to describe
tumor characteristics, a CNN model can evaluate these images and associated/other
parameters, such as clinical stage, to predict disease-free survival in patients with
oral cavity SCC with 80% accuracy, sensitivity, and specificity (Fujima et al. 2020).
Because CT scans have a low sensitivity for excluding extranodal extension, com-
pared to the usage of PET images, the model will perform worse when CT images
are used to a CNN model for the prediction of disease-free survival (Kann et
al. 2020).

Extranodal extension in head and neck SCC is associated with poor disease-free
survival; therefore, using a CNN model to analyze this variable from CT images, it
is possible to predict disease-free survival in oral SCC with 66.9% sensitivity, 84%
accuracy, and 89.7% specificity (Ariji et al. 2020). The detection of lymph node
metastases is a potential application of deep learning and radiographic image analy-
sis. Although these results are less accurate than those of radiologists (83.1% accu-
racy with AUC of 0.83, 77.5% sensitivity, and 88.8% specificity), employing CT
scans for deep learning can still reach 78.2% accuracy (AUC, 0.8), 75.4% sensitiv-
ity, and 81% specificity in oral SCC (Ariji et al. 2019).

It is possible that the choice of a poor model architecture is to blame for the
underperformance of this deep learning model and that improving the model’s
parameter could increase learning rates. In fact, a later study by the same research
team showed that altering the model architecture and data preparation might
increase the sensitivity of a deep learning model for detecting metastatic lymph
nodes from CT images in oral SCC by up to 90%. Deep learning models can predict
xerostomia, a side effect of radiation related to toxicity, with an accuracy rate of
76%, in addition to the diagnosis of metastatic lymph nodes, using CT scans of head
and neck SCC (AUC, 0.84) (Ariji et al. 2021).

Al can help with early detection and reduce the mortality and morbidity linked
to oral cancer. Using laser-induced autofluorescence spectra recordings, Nayak
et al. (2006) employed ANN to distinguish between normal, premalignant, and tis-
sues. The results indicated a 98.3% accuracy, 100% specificity, and 96.5% sensitiv-
ity, indicating that this method can be effectively used in real time. Using
autofluorescence images and white light images, Uthoff et al. (2018) applied CNN
to identify precancerous and cancerous lesions. In identifying precancerous and
cancerous tumors, CNN outperformed experts. With larger datasets, the CNN mod-
el’s performance can be enhanced. Based on confocal laser endomicroscopy (CLE)
images, Aubreville et al. (2017) employed DL to detect oral cancer. The specificity
and accuracy of this approach were both 90%. Deep neural networks were used in a
comparative study by Shams et al. (2017) to forecast the emergence of oral cancer
from oral possibly malignant lesions. DNN was contrasted with multilayer percep-
tion, regularized least squares, and support vector machines. In comparison with the
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other systems, DNN’s accuracy rate was greater at 96%. Jeyaraj et al. (2019) also
verified these results. Based on hyperspectral images, CNN was utilized to discrimi-
nate between cancerous and noncancerous tissues. According to the results, CNN
can be used to classify and diagnose oral cancer using images without the need for
professional guidance. Warin et al. (2021) created an automated classification and
detection model for oral cancer screening using CNN deep learning methods. The
study contained 700 clinical oral pictures from the oral and maxillofacial center that
were separated into 350 photos of oral squamous cell carcinoma and 350 photos of
healthy oral mucosa. DenseNet121 and faster R-CNN were used to generate the
classification and detection models, respectively. The classification accuracy of the
DenseNet121 model achieved 99% precision, 100% recall, 99% F1 score, 98.75%
sensitivity, 100% specificity, and 99% area under the receiver operating characteris-
tic curve. The detection accuracy of a faster R-CNN model was 76.67% precision,
82.14% recall, 79.31% F1 score, and 0.79 area under the precision recall. The
DenseNet121 and faster R-CNN algorithms were shown to have adequate potential
for classification and detection of malignant lesions in oral photographic images.
The field of oral cancer research has seen a lot of research activity recently.
Numerous research have successfully created AI models that can forecast the pres-
ence and recurrence of oral cancer (Fig. 9.11).

Deep learning (DL) algorithms and skilled radiologists have been compared in a
number of studies, with varying degrees of success. The effectiveness of DL in
detecting cervical node metastases using CT images was evaluated by Ariji et al.
(2019). They used CT scans of 137 cervical lymph nodes with histologically proven
positivity and 314 lymph nodes with histologically proven negativity from 45
patients with oral squamous cell carcinoma. The outcomes of the DL method were

Fig. 9.11 Results of four-class object detection. (a—d) Correction detections, (e, f) wrong and
missed detections. The composite annotation bounding boxes are green and the predicted bound-
ing boxes are red. (Reproduced from Welikala et al. 2020)
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contrasted with those of two qualified radiologists. The DL network had radiolo-
gists’ level of accuracy. Additionally, the extranodal expansion of cervical lymph
node metastases was identified by the researchers using DL. A total of 703 CT scans
taken from 51 individuals, 20 of whom had extranodal extension, were used as
training data and 80 as test data. The DL system’s performance was noticeably bet-
ter than the radiologist’s, indicating that it can be used as a diagnostic tool to find
extranodal metastases (Ariji et al. 2020).

Tanriver et al. (2021) suggested a two-stage end-to-end methodology for diag-
nosing oral lesions by serially merging object detection and classification tasks
(Fig. 9.12). YOLOVS5] is utilized in their suggested pipeline to detect lesion regions
in the whole picture, and EfficientNet-b4 is used to categorize the found lesion
region into three categories. The chosen networks performed well in terms of accu-
racy and inference time, making them ideal for use in real-time applications. The
performance of the cutting-edge YOLOVS architecture as a single-stage object
detector was investigated for the identification of oral lesions. For the test set, the
YOLOVS5I model performed the best of all versions, with an average precision (AP)
of 0.644 and an average precision at IOU = 0.5 (AP50) of 0.951.

Artificial intelligence algorithms can curate various data sources to provide judg-
ments, evaluate risk, and recommend patients to professionals for cancer treatment
(Zheng et al. 2014). The diagnostic and prognostic efficacy of artificial intelligence
has been demonstrated in studies on premalignant lesions, lymph nodes, salivary
gland tumors, and squamous cell carcinoma (Table 9.2). These initiatives could
lower mortality rates by promoting early detection and efficient therapy approaches.
Large data volumes and resources are needed for data analysis on these platforms in
order to deliver an accurate and economical diagnosis. These models must be
improved to obtain the highest accuracy, specificity, and sensitivity before they can
be safely integrated into routine clinical operations.

Al-based clinical decision support systems developed for the differential diagno-
sis of oral mucosal lesions can be used in cancer screening, classification of suspi-
cious mucosal changes, tissue diagnostics, and evaluation of lymph node
involvement. Logistic regression, support vector machine (SVM), decision trees,

Modes of Screening Algorithms [ Lesion Detection ] [ Lesion Classification
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Fig. 9.12 Proposed two-stage workflow for screening for oral cancer. In the first step, it detects
oral lesions using photographic images, and in the second stage, deep learning algorithms are used
to classify the detection region. The YOLOVSI and EfficientNet-b4 models were chosen for the
workflow because they performed well in terms of accuracy and inference time. (Reproduced from
Tanriver et al. 2021)
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and Bayesian networks are among the most commonly used ML algorithms in oral
cancer studies (Ilhan et al. 2021). ML-based algorithms are used to predict malig-
nant transformation of OPMDs, lymph node metastasis of oral cancers, treatment
response, and disease prognosis (Schwendicke et al. 2020). In a systematic review
investigating its efficacy, accuracy rates ranged from 89% to 97% for malignant
transformation, 78% to 91% for cervical lymph node metastasis, 64% to 100% for
treatment response, and 71% to 99% for prognosis (Patil et al. 2022). In addition to
clinically observable mucosal changes, OPMD and early oral SCC lesions are usu-
ally asymptomatic or cause mild symptoms. However, the presence of signs and
symptoms that may be associated with malignancy or an increased risk of malig-
nancy may lead to a late diagnosis of the lesion if misinterpreted by the physician or
the patient. Therefore, cancer screening in the general population is considered an
important opportunity for early diagnosis (ilhan et al. 2020).

The use of Al applications in cancer screening increases the possibility of early
diagnosis, thanks to the elimination of observer-related fatigue and the detection of
a change in a single pixel in a short time, unlike conventional methods and acceler-
ated workflow. In a case-control study comparing different Al models with special-
ist physicians, sociodemographic findings, smoking and alcohol habits, and genomic
data of 84 oral cancer and 87 healthy individuals were used as input variables. It was
found that both Al models outperformed specialist physicians in the assessment of
oral cancer development risk (Rosma et al. 2010). Similarly, Wang et al. (2020)
developed a personalized ML algorithm aimed at predicting the risk of malignant
transformation of OPMDs using data from 266 patients with suspected oral lesions.
It has been reported that the presented model can distinguish between low- and
high-risk lesions with high sensitivity and specificity values and predict the risk of
oral cancer development.

Many studies in the literature have been designed to “prove” that Al-based sys-
tems can be used as a suitable adjunctive diagnostic tool for oral cancer lesions. The
majority of the studies are retrospective, and limited data from a small number of
patients were used. This research design causes “overlearning,” and the results
obtained from the existing dataset cannot be replicated in different datasets.
However, many studies evaluating Al-based systems as a diagnostic tool in oral
oncology and other branches of medical oncology have demonstrated the reproduc-
ibility of these systems. Its generalizability has not been tested. To maximize the
learning power of Al-based systems, large-scale databases and the accumulation of
large amounts of appropriately labeled data are needed (Pai and Pai 2021). Patient
privacy should be considered while creating these databases, and data security
should be ensured.

It has been shown that deep learning with the use of readily available clinical
images from hematoxylin and eosin-stained pathological sections and CT-based
radiography has the potential to assist clinical decision-making with regard to can-
cer diagnosis, prognosis prediction, and treatment assistance in oral cancer research,
particularly that related to SCC. Deep learning models can be built for use by physi-
cians to enhance decision-making after being carefully validated for accuracy in
various patient cohorts.
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Conclusions

Various artificial intelligence (AI) methods, particular algorithms, and predictive
models are starting to have a significant influence on increasing diagnostic accuracy
for benign and malignant lesions as image analysis and diagnostic technology in
dermatology. For the automatic identification and categorization of oral benign and
malignant lesions, Al-based technologies in combination with intraoral photo-
graphic pictures or optical imaging approaches are being investigated. Reproducible
advanced systems and a huge number of data are needed in order for these technolo-
gies, which are still in the beginning or under development, to find wide use in
cancer screening and predicting the cancer risk. The validation and verification of
Al-based systems still require the development of algorithms that can be used in
well-designed clinical studies and bigger populations. Particularly in environments
with limited resources, the innovative techniques and technologies have enormous
potential to enhance results. By giving a real-time risk assessment, such methods
can be utilized to forecast oral cancer risk as a supplement to population screening.

While Al is having an increasing impact on medicine, it is vital to remember that
the software is designed to be a tool to assist the physician and that the physician is
ultimately accountable for diagnosis and treatment. Although Al is unlikely to
replace physicians in the near future, medical professionals who use Al will replace
those who do not. Our future is dependent on collaboration with intelligent machines
and algorithms.
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Impact of Al in Obstructive Sleep Apnea 1 0

Kaan Orhan and Secil Aksoy

Obstructive sleep apnea (OSA) is a sleep disorder characterized by repeated epi-
sodes of partial or complete obstruction of the upper airway during sleep (Borel
et al. 2012). The underlying reasons of the condition may be highly complex and
encompass various physiological factors such as the control mechanism for respira-
tion, sensory function, anatomical abnormalities that contribute to the collapse of
the upper airway, and factors related to the skeletal structure, soft tissues, and pha-
ryngeal muscles (Badr 1998; Azagra-Calero et al. 2012).

Prevalence of OSA

One of the most frequently encountered sleep-related disorders, obstructive sleep
apnea (OSA), affects a significant proportion of the global population. The overall
incidence of OSA varies considerably across various demographic groups and age
ranges. Several comprehensive studies, utilizing large-scale samples reflective of
the broader population, have been conducted and offer prevalence estimates for
OSA. In the HypnoLaus Sleep Cohort study conducted by Heinzer et al., the preva-
lence of moderate-to-severe sleep-disordered breathing was reported to be 23.4% in
female participants and 49.7% in male participants within the Swiss population
(Heinzer et al. 2015). In a large South American metropolis, a 2010 epidemiological
study found that 32.8% of individuals had OSA (Tufik et al. 2010). According to the
Wisconsin Sleep Study Cohort, at least moderate OSA was present in 10% of men
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and 3% of women aged between 30 and 49 years. Furthermore, in the age group of
50 to 70 years, the prevalence increased to 17% in men and 9% in women (Peppard
etal. 2013).

Impact on Public Health

Obstructive sleep apnea has substantial implications for public health due to its
association with a wide range of negative health outcomes. Some key impacts
include the following:

Daytime Sleepiness and Impaired Cognitive Function: The impact of OSA on
individuals extends beyond nighttime disturbances. OSA has significant conse-
quences for daytime functions, particularly in terms of excessive sleepiness and
impaired cognitive function. Individuals with OSA often experience reduced alert-
ness, leading to fatigue, work limitations and absenteeism, difficulties in maintain-
ing attention and concentration, occupational or motor vehicle injuries, and reduced
quality of life (Guglielmi et al. 2015). These symptoms can hinder cognitive perfor-
mance, including episodic memory, working memory, learning ability, and execu-
tive functions. Furthermore, OSA-related cognitive impairments may manifest as
decreased processing speed, impaired decision-making, and reduced visuospatial
abilities (Faria et al. 2021). The interplay between disrupted sleep patterns and cog-
nitive dysfunction in OSA underscores the importance of early diagnosis and effec-
tive treatment to mitigate the adverse effects on daytime functioning and overall
quality of life.

Cardiovascular Disease Risks: The recurrent partial or complete upper airway
obstructions during sleep in individuals with OSA contribute to increased sympa-
thetic nervous system activity, resulting from factors such as intermittent hypox-
emia, hypercapnia, and sleep fragmentation. This heightened sympathetic activity
plays a crucial role in both the acute rise in blood pressure during obstructive apneas
and the development of sustained hypertension associated with intermittent hypox-
emia (Gottlieb 2021). The repetitive occurrence of these physiological changes
throughout the night places significant strain on the cardiovascular system.
Furthermore, the intermittent hypoxia and sleep fragmentation characteristic con-
tribute to inflammation, oxidative stress, endothelial dysfunction, and insulin resis-
tance, thereby contributing to the development and progression of cardiovascular
diseases (Salman et al. 2020). Consequently, OSA patient is strongly linked to an
increased risk of hypertension, atrial fibrillation, other arrhythmias, heart failure,
coronary artery disease, cerebrovascular disease, and pulmonary hypertension
(Yeghiazarians et al. 2021). Recognizing and effectively managing OSA is crucial
for decreasing these cardiovascular risks and improving long-term cardiovascular
outcomes for individuals affected by this sleep disorder.

Metabolic Disorders and Obesity: OSA patients are also at increased risk of
developing metabolic disorders such as insulin resistance, glucose intolerance, obe-
sity, and dyslipidemia. Similar to the mechanisms observed in cardiovascular dis-
ease, intermittent hypoxia, sleep fragmentation, and sympathetic activation in OSA
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cause hormonal dysregulation and disturbances in energy metabolism (Drager et al.
2013). OSA may induce metabolic disturbances that lead to weight gain, difficulty
losing weight, and a higher incidence of obesity among affected individuals.
Furthermore, there is often a bidirectional association between OSA and obesity,
with obesity increasing the risk for OSA while OSA worsens metabolic dysfunc-
tion. This detrimental cycle intensifies OSA-related metabolic problems, perpetuat-
ing their impact on overall health.

Mood Disorders and Reduced Quality of Life: The impact of OSA extends
beyond its physiological consequences and encompasses a profound influence on
mood disorders and overall quality of life. Individuals with OSA may commonly
experience mood disturbances such as depression, anxiety, and irritability. A review
study conducted by Gupta and Simpson reported that there is evidence suggesting a
potential association between OSA and certain psychiatric disorders, specifically
major depressive disorder (MDD) and posttraumatic stress disorder (PTSD).
However, studies in this subject exhibit significant heterogeneity and a high risk of
bias. On the other hand, the available evidence is insufficient to support an increased
prevalence of OSA in other psychotic disorders except PTSD (Gupta and
Simpson 2015).

OSA has significant implications for public health, impacting multiple aspects of
well-being. The collective impact of OSA on public health is substantial, leading to
significant healthcare costs and decreased productivity. The comprehensive under-
standing and management of OSA are crucial for minimizing its impact on public
health, improving outcomes, and enhancing the overall health and quality of life for
individuals affected by this condition. The integration of Al technologies in OSA
care holds promise for improving diagnosis, treatment, and overall patient outcomes.

Traditional Approaches in OSA Diagnosis and Treatment
Sleep Studies (Polysomnography)

Polysomnography (PSG) is a comprehensive diagnostic procedure that involves the
simultaneous recording and analysis of neurophysiological, respiratory, cardiovas-
cular, and other relevant physiological parameters to provide a detailed assessment
of sleep patterns and disturbances, including OSA. It is a noninvasive procedure that
involves monitoring various physiological parameters during sleep to assess sleep
architecture and detect abnormalities. PSG measures multiple physiologic variables
simultaneously, using electroencephalography (EEG), electrooculography (EOG),
electromyography (EMG), electrocardiography (ECG), nasal airflow and respira-
tory effort, pulse oximetry, and sometimes limb movements (Rundo and Downey
3rd. 2019).

During a PSG, the patient is typically monitored overnight in a sleep laboratory,
where they are tethered to electrodes and sensors that record the aforementioned
signals. These recordings provide detailed information about sleep stages, the pres-
ence of apneas, hypopneas, arousals, and other sleep-related events. The analysis of
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PSG results allows for the determination of the Apnea-Hypopnea Index (AHI),
which represents the average number of apneas and hypopneas per hour of sleep
(Berry et al. 2012). The AHI is used to classify the severity of OSA as mild (Tufik
et al. 2010; Peppard et al. 2013; Guglielmi et al. 2015; Faria et al. 2021; Gottlieb
2021; Salman et al. 2020; Yeghiazarians et al. 2021; Drager et al. 2013; Gupta and
Simpson 2015; Rundo and Downey 3rd. 2019; Berry et al. 2012), moderate (Berry
et al. 2012; Chiu et al. 2017; Motin et al. 2019; Long et al. 2014; Al-Angari and
Sahakian 2012; Almazaydeh et al. 2012; Maniaci et al. 2023; Vaquerizo- Villar et al.
2022; Bozkurt et al. 2017; Benedetti et al. 2022; Bernardini et al. 2021; Orhan et al.
2022; Tsuiki et al. 2021; Ryu et al. 2021; Scioscia et al. 2022), or severe (more than
30) (Chiu et al. 2017). Additionally, PSG can provide insights into other sleep dis-
orders, such as periodic limb movement disorder and parasomnias.

Challenges and Limitations

Although PSG is considered the gold standard for diagnosing OSA, it has some
drawbacks. The primary limitation of PSG is the potential inconvenience and dis-
ruption it poses to subjects, which can adversely affect their ability to achieve nor-
mal and natural sleep. PSG requires the application of multiple sensors and
electrodes to the body, which may cause discomfort, restrict movement, and intro-
duce artifacts that disrupt the sleep experience (Motin et al. 2019). The unfamiliar
environment of the sleep laboratory, noise, and the presence of monitoring equip-
ment can further contribute to sleep disturbances and alter sleep architecture. These
factors may lead to incomplete or atypical sleep patterns, potentially affecting the
accuracy and representativeness of the PSG data. Despite these challenges, efforts
are being made to improve patient comfort and develop alternative home-based
sleep monitoring methods to enhance the overall experience and acceptance of sleep
studies in clinical practice.

PSG poses challenges in terms of cost and time requirements, as it involves mul-
tiple factors to ensure a comprehensive evaluation of OSA. The analysis of PSG
data necessitates the expertise of sleep specialists for accurate interpretation and
diagnosis (Motin et al. 2019). Furthermore, PSG typically requires access to a spe-
cialized sleep laboratory equipped with the necessary facilities and resources for
conducting sleep studies. This availability constraint, along with the need to sched-
ule and coordinate appointments, can lead to delays in the diagnosis and manage-
ment of OSA.

Despite these challenges, PSG remains a valuable tool in diagnosing OSA and
assessing its severity. The continuous advancement of technology has led to the
development of portable sleep study devices and home sleep apnea testing (HSAT),
which offer alternatives to in-laboratory PSG, improving accessibility and patient
comfort, integrating additional monitoring parameters, such as actigraphy and
respiratory effort, and utilizing machine learning algorithms for automated analysis
when PSG is not available (Long et al. 2014).
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Al Applications in OSA Diagnosis

The accurate and timely diagnosis of OSA is crucial for effective management and
improving patient outcomes. Recent advancements in artificial intelligence (AI)
have shown promise in revolutionizing OSA diagnosis.

Automated Screening Using Al Algorithms: Automated screening utilizing Al
algorithms has emerged as a highly promising method for efficient diagnosis of
OSA. By analyzing extensive patient data, including physiological signals and clini-
cal information, Al algorithms can effectively identify individuals with a high risk
of OSA. Recently, various machine learning algorithms, including support vector
machines and deep learning models, have been found successful in accurately clas-
sifying OSA severity and predicting treatment outcomes. The utilization of these
Al-based screening tools holds great potential for streamlining the diagnostic pro-
cess, alleviating the workload of sleep clinics, and improving patient accessibility to
comprehensive OSA evaluations. In their study, Al-Angari and Sahakian employed
a support vector machine classifier to automatically identify obstructive sleep apnea
(OSA). They observed that respiratory features displayed the highest sensitivity
when classifying on a minute level, whereas oxygen saturation exhibited the highest
specificity. In terms of subject classification, the use of a polynomial kernel substan-
tially enhanced the accuracy of oxygen saturation, resulting in a notable accuracy of
95% for both oxygen saturation and the combined feature (Al-Angari and Sahakian
2012). Another study investigated a new classification algorithm that analyzes elec-
trocardiogram (ECG) data in brief time segments. The findings revealed impressive
accuracy levels of the automated classification system, with a success rate of 96.5%
or greater in identifying sleep disorder epochs (Almazaydeh et al. 2012).

Machine Learning Techniques for Pattern Recognition: Machine learning tech-
niques have exhibited substantial promise in discerning patterns and deriving valu-
able insights from intricate datasets in the field of OSA diagnosis. Through training
on extensive datasets encompassing polysomnography recordings, demographic
data, and clinical variables, machine learning models possess the ability to recog-
nize distinctive patterns linked to the severity of OSA, comorbid conditions, and
treatment outcomes. These models offer the potential to identify individuals at a
heightened risk level, facilitate the formulation of personalized treatment strategies,
and contribute to the advancement of precision medicine approaches in OSA man-
agement. Clinical-based algorithms utilizing artificial intelligence can be employed
to assess patients exhibiting symptoms associated with OSA, aiding in the identifi-
cation of individuals at high risk of severe OSA within the OSA framework (Maniaci
et al. 2023). Vaquerizo-Villar et al. conducted a study that revealed the potential of
utilizing CNN analysis of blood oxygen saturation (SpO2) recordings for the auto-
mated diagnosis of obstructive sleep apnea (OSA) in at-home oximetry tests
(Vaquerizo-Villar et al. 2022). The utilization of machine learning techniques
enables the estimation of probabilities pertaining to the absence of obstructive sleep
apnea (OSA), as well as its mild, moderate, and severe forms. Employing such
approaches has the potential to enhance the precision of initial OSA screening,
thereby enabling the referral of suspected moderate or severe OSA patients
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exclusively to sleep laboratories for costly diagnostic tests. This could lead to a
more efficient allocation of resources and reduce unnecessary testing for individuals
with a lower likelihood of significant OSA severity (Bozkurt et al. 2017). Benedetti
et al. used a wearable device and machine learning algorithms which demonstrated
excellent performance, surpassing the limitations of questionnaires by utilizing
objectively gathered data. Additionally, the widespread availability of commercial
devices incorporating the algorithms allows for broad usage among the general
population. Given these advantages, the application of machine learning algorithms
to analyze data from smartbands leads to the compelling possibility of conducting
large-scale screening for obstructive sleep apnea syndrome. This machine learning
algorithms have the potential to serve as a population-wide screening tool for OSAS,
offering significant benefits over traditional questionnaires (Benedetti et al. 2022).
In their research, Bernardini et al. employed commonly recorded vital signs such as
ECG and oxygen saturation to detect cases of obstructive sleep apnea syndrome.
Their model demonstrated high precision in accurately identifying OSAS cases
within the dataset and effectively determining the severity of the condition
(Bernardini et al. 2021).

Image Analysis and Signal Processing: Image analysis and signal processing
techniques have also been leveraged to improve OSA diagnosis. For instance, anal-
ysis of upper airway images obtained from techniques such as magnetic resonance
imaging (MRI) and cone-beam computed tomography (CBCT) can provide valu-
able insights into anatomical abnormalities associated with OSA (Figs. 10.1, 10.2,
and 10.3). Signal processing techniques, such as time-frequency analysis and spec-
tral analysis, enable the extraction of relevant features from physiological signals

Fig. 10.1 3D Al
segmentation of the
pharyngeal airway from
the sagittal and

coronal view
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Fig.10.2 Sagittal view of
the upper airway and
minimum constricted area

Fig. 10.3 3D volumetric assessment of pharyngeal airway Al segmentation

recorded during sleep studies. These image analysis and signal processing methods,
when combined with Al algorithms, can enhance the understanding of OSA patho-
physiology and assist in accurate diagnosis and treatment planning. Orhan et al.
used an Al-based automated segmentation tool to assess the 3D pharyngeal airway
in OSA, and their findings indicated no statistically significant disparities between
the manual method and the Al system (Orhan et al. 2022). Another study utilized
machine learning techniques to identify individuals with severe obstructive sleep
apnea using 2D images. The findings indicated that a deep convolutional neural
network (CNN) exhibited high accuracy in correctly detecting severe OSA patients.
These results emphasize the potential of employing artificial intelligence systems
for the identification and diagnosis of severe OSA (Tsuiki et al. 2021). Ryu et al.
employed deep learning, computational fluid dynamics (CFD), and machine learn-
ing techniques to automatically segment upper airway morphology. Through this
approach, they developed a predictive model capable of identifying flow character-
istics associated with upper airway collapse. This auto-segmentation algorithm
eliminated the time-consuming manual extraction of upper airway morphological
factors, streamlining the diagnostic process. By utilizing regression and classifica-
tion models, the researchers successfully analyzed flow characteristics and provided
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patient diagnoses within a short timeframe of 10 min. This efficient and convenient
real-time diagnosis approach holds promise for clinicians seeking effective and
expedited assessments in the field of upper airway disorders (Ryu et al. 2021).

Al-Driven Personalized Treatment Strategies

Al modeling in OSA treatment provide clinicians with valuable insights and deci-
sion support tools to optimize treatment strategies and personalize patient care. By
analyzing a wide range of factors and patterns within patient data, these models can
help identify which treatment approaches are likely to yield the best outcomes for
individual patients.

CPAP therapy is a common treatment for OSA, but its effectiveness relies on
appropriate pressure settings tailored to each individual. Al-driven optimization
techniques use machine learning algorithms to analyze patient data and optimize
CPAP therapy. By considering factors such as patient feedback, physiological sig-
nals, and compliance data, Al algorithms can adjust CPAP pressure levels, enhanc-
ing treatment outcomes and adherence. One of the primary obstacles in the
implementation of continuous positive airway pressure (CPAP) treatment is the
issue of low adherence. To address this challenge, Scioscia et al. have developed
machine learning methods aimed at predicting adherence rates. These methods have
demonstrated a sensitivity of 68.6% and an impressive area under the curve (AUC)
value of 72.9%. These findings suggest the potential of ML techniques in effectively
predicting adherence to CPAP treatment, which could ultimately help healthcare
professionals identify patients who may require additional support to improve their
adherence rates (Scioscia et al. 2022). The complexity of identifying factors that
influence long-term adherence to continuous positive airway pressure (CPAP) treat-
ment can be addressed through the use of machine learning (ML) techniques.

The implementation of a machine learning-based intelligent monitoring system
for CPAP treatment has shown promising results in improving daily compliance,
ensuring excellent patient satisfaction, and maintaining cost-effectiveness. Machine
learning (ML) techniques facilitate the identification of patients with low adherence
to CPAP treatment, enabling the provision of additional support and alternative
treatment options (Turino et al. 2021).

Adaptive algorithms offer real-time monitoring and adjustment of treatment
parameters to improve therapy effectiveness. These algorithms continuously ana-
lyze patient data, including physiological signals and behavioral patterns, to make
dynamic treatment adjustments. In the study conducted by Chen et al., they explored
the utilization of the information storage function of a smart positive pressure ven-
tilator, which can be accessed via a local medical terminal. This comprehensive
system incorporates various components such as data collection, data processing,
and a medical interface design. By transmitting real-time respiratory data packets
from the CPAP ventilator to the terminal, the researchers were able to analyze the
information effectively. Notably, the alarm message processing function played a
crucial role in monitoring the patient’s breathing status, extracting pertinent
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alarm-related details, and generating alarms when necessary. The implementation
of this telemedicine system holds a promising potential in enhancing the quality of
life for individuals diagnosed with obstructive sleep apnea syndrome (Chen
etal. 2021).
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Artificial Intelligence 1
in Temporomandibular Joint Disorders

Rohan Jagtap, Ibrahim Sevki Bayrakdar, and Kaan Orhan

Introduction

The temporomandibular joint (TMJ) is one of the most complex joints that connects
the mandibular condyle protrusion to the temporal bone and allows movements
such as rotation and sliding (Alomar et al. 2007; Buescher 2007; Hatcher 2022). It
is located on the left and right sides of the mandible and resembles knee articulation.
TMIJ consists of a disc, bone, fibrous capsule, fluid, synovial membrane, and liga-
ments, and the articular surface covered with fibrocartilage (Alomar et al. 2007,
Buescher 2007; Hatcher 2022). Disorders related to this joint are very common,
affecting approximately one-third of adults who experience various symptoms such
as jaw pain, joint noise, neck and shoulder pain, limited mouth opening, tinnitus, ear
pain, and headaches (Wadhokar and Patil 2022). TMJ diseases (TMDs) have a mul-
tifactorial etiology, including biological, physical, psychological, behavioral, and
psychosocial factors, as well as genetic, hormonal, and systemic disease factors
(Alqurayshah et al. 2023; Suvinen et al. 2005). Therefore, diagnosing TMDs
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requires a comprehensive assessment of the patient’s findings and symptoms
obtained from clinical, radiological, and biological examinations, considering the
behavioral and psychosocial aspects of patients (Kostrzewa-Janicka et al. 2013;
Helenius et al. 2005; List and Jensen 2017). TMDs are mostly observed in the 2040
age range and are more common in women (Gauer and Semidey 2015). Accurate
diagnosis and treatment are critical to prevent potential complications (McFadden
and Rishiraj 2001). The chronicity of these disorders, which affect the joints and
surrounding muscles, may lead to frequent headaches, depression, anxiety, and a
decrease in the individual’s quality of life (Ferneini 2021).

The TMIJ enables individuals to perform essential functions such as chewing,
speaking, and yawning, necessary for their daily routine (Ahmed and Abuaffan
2016). Diseases associated with this joint can disrupt these routine daily activities
and cause suffering for the patient (Scrivani et al. 2018). In the clinical examination
of patients presenting with TMJ complaints, physicians assess the quality and sym-
metry of lower jaw movements and take various measurements (Ahmed and
Abuaffan 2016). Additionally, patients are recommended to undergo radiographic
imaging with two-dimensional (2D) or three-dimensional (3D) techniques, such as
computed tomography (CT) and cone-beam CT (CBCT) (Crow et al. 2005; Almeida
et al. 2019). While these imaging methods provide insight into the disease, they do
not allow for a soft tissue examination (Almeida et al. 2019). Some experts suggest
that examining arthrography, computed tomography, and magnetic resonance imag-
ing (MRI) together can offer a more accurate diagnosis (Westesson 1993; Larheim
1995; Manfredini et al. 2007). However, there is still some confusion among practi-
tioners regarding the method of choice for diagnosing these joint diseases (Brooks
etal. 1997). In summary, for the correct diagnosis of TMD, different clinical param-
eters of the patient and diagnostic data obtained from various imaging techniques
should be examined comprehensively.

Panoramic radiography is one of the routine imaging methods used in dental
practice. Some studies indicate that condyles can be easily visualized using this
radiography technique and can be useful in TMJ examinations (Kurita et al. 2001,
2003). However, it does not allow for the visualization of the disc, joint space, and
fossa and has limited use as it does not show the internal irregularities of the joint
(Kurita et al. 2001, 2003). Techniques such as arthrography or MRI may be pre-
ferred for TMJ soft tissue analysis or to examine intra-articular inflammatory
changes and joint effusion (Larheim 1995; Westesson 1984). On the other hand, 3D
imaging methods have been shown to be superior to both magnetic resonance imag-
ing and conventional two-dimensional imaging methods, especially in bone-related
situations (Honey et al. 2007; Larheim et al. 2015). Despite these advancements,
physicians should have sufficient knowledge, skills, and experience in using and
interpreting these methods (Zakirov et al. 2018; Westbrook 2017; Salins and Butani
2019), bringing computer-assisted technologies to mind, which can aid physicians
in these diagnostic processes (Fatima et al. 2022; Bas et al. 2012).

With the advancement of technology, many applications in the field of health and
dentistry have been digitized, particularly in radiographic image interpretation,
reporting, and preliminary treatment planning, aiming to develop systems that assist
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physicians (De Angelis et al. 2022; Barragan-Montero et al. 2021). Artificial intel-
ligence (Al) systems are technologies that imitate human intelligence, capable of
learning, thinking, interpreting, and predicting (Khanagar et al. 2021; Ramlakhan
et al. 2022). They provide a decision-support mechanism to physicians in stages
such as diagnosis and treatment decisions, preventing errors and oversights that may
occur due to fatigue, intensity, emotional stress, and lack of experience in physi-
cians (Park et al. 2020; Schwalbe and Wahl 2020; Kurt Bayrakdar et al. 2021;
Schwendicke et al. 2020). Consequently, there is a growing interest in utilizing Al
technologies in various health-related fields (Davenport and Kalakota 2019). In
dentistry, many studies have demonstrated the usability of these systems for pur-
poses such as the automatic determination of certain conditions and diseases and
treatment planning (Hiraiwa et al. 2019; Orhan et al. 2020, 2021; Lahoud et al.
2021; Kwak et al. 2020; Devito et al. 2008). Although TMDs are a common prob-
lem in society, they pose one of the most challenging diagnoses for dentists. In light
of this information, an Al system that can provide a diagnosis with high success
rates would be of great value in the clinical practice of physicians. Numerous stud-
ies have been conducted for this purpose in literature (Bianchi et al. 2020, 2021; Lee
et al. 2020; Choi et al. 2021; Zhang et al. 2020; Brosset et al. 2020; Almasan et al.
2023; Jha et al. 2022). The objective of this chapter is to present the uses and ben-
efits of Al in TMDs based on the current literature.

Automatic Segmentation of Temporomandibular Joint
Anatomical Structures

Temporomandibular Joint (TMJ) is one of the most complex joints in the human
body (Chang et al. 2018). Defining and 3D modeling TMJ anatomical structures in
radiological images are significantly important for the diagnosis and management
of TMJ diseases (Barghan et al. 2012). The segmentation of TMJ structures is dif-
ficult as they have complex anatomy and consist of small structures (Sagl et al.
2022; Iwaszenko et al. 2021) (Fig. 11.1). Deep-learning (DL)-based Al algorithms
are capable of segmenting medical images (Wong et al. 2020). Integrating Al-based
segmentation tools into clinical practice could ease the 3D evaluation of TMJs for
diagnosis and long-term patient follow-up (Fig. 11.2). With this perspective, several
studies in the literature have focused on the automatic segmentation of TMJ struc-
tures on radiological images (Ito et al. 2022; Nozawa et al. 2022; Vinayahalingam
et al. 2023).

In a study conducted by Ito et al. (2022), deep-learning models were developed,
including a convolutional neural network encoder-decoder called 3DiscNet
(Detection for Displaced articular DISC using convolutional neural NETwork),
U-Net, and SegNet-Basic, for the fully automatic segmentation of the articular disc
of the temporomandibular joint on magnetic resonance images. Both 3DiscNet and
SegNet-Basic demonstrated relatively good performance in the segmentation task.
This study suggests that the deep-learning approach has the potential to be used for
the assessment of temporomandibular disorders in clinical practice.
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Fig. 11.1 Automatic segmentation of the mandibular condyle using Al tool. (Courtesy by
CranioCatch Al software)

Fig. 11.2 3D.stl model of
the mandible, created by
automatic segmentation
using an Al tool. (Courtesy
by CranioCatch Al
software)

Nozawa et al. (2022) introduced a deep-learning model designed for the auto-
matic segmentation of the temporomandibular joint (TMJ) disc on magnetic reso-
nance (MR) images. The model demonstrated a recall (sensitivity) performance of
above 80% for detecting the position of anterior disc displacement on both internal
and external test data. Based on their findings, the researchers concluded that this
deep-learning-based segmentation model could be valuable in determining disc
positions on MR images, particularly in the closed-mouth position.

In a study by Vinayahalingam et al. (2023), a DL-based automatic segmentation
tool was created using a 3D U-Net algorithm for accurate 3D reconstruction of the
temporomandibular joint (TMJ). The tool employed a three-step deep-learning
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approach, including region of interest (ROI) determination, bone segmentation, and
TMI classification, to segment the condyles and glenoid fossae on cone-beam com-
puted tomography (CBCT) datasets. The Al segmentation achieved an intersection
over union (IoU) of 0.955 and 0.935 for the condyles and glenoid fossae, respec-
tively. Comparatively, the IoU of the two independent observers for manual condyle
segmentation were 0.895 and 0.928, respectively. Al segmentation proved to be
about 105 times faster than manual segmentation, demonstrating high accuracy,
speed, and consistency in segmenting the mandibular condyles and glenoid fossae.

In another study by Li et al. (2022), two Al algorithms were developed using
U-Net++ and nnU-Net models to segment the mandibular condyle, articular emi-
nence, and TMJ disc in MRI images. The Al models exhibited performance close to
that of experts in the segmentation of TMJ structures.

Diagnosis of Temporomandibular Joint Osteoarthritis

Osteoarthritis (OA) is a joint disease that leads to the chronic destruction of soft and
hard tissues, causing various degenerative changes around the affected joints,
including cartilage damage, bone remodeling, synovitis, and joint discomfort (Yue
and Berman 2022; Mathiessen et al. 2016). Temporomandibular joint osteoarthritis
(TMJ-OA) is one of the most prevalent degenerative joint disorders (Derwich et al.
2021; He et al. 2021) (Fig. 11.3). It is characterized by degenerative bone changes
on the mandibular condyle, fossa, and articular eminence, such as resorption, ero-
sion, sclerosis, flattening, osteophyte formation, and subchondral cyst (Alzahrani
et al. 2020; Lee et al. 2017; Deshpande et al. 2015). Early diagnosis of TMJ-OA is
challenging, as it may not show signs before severe degeneration (Lee et al. 2019),
making it crucial for proper management. Radiologic evaluation of TMJ-OA is of
significant importance, and Al has the potential to aid in this evaluation. Numerous
studies have been conducted to assess Al performance in diagnosing TMJ-OA based
on radiographs.

Jung et al. (2023) developed a diagnostic support tool using pre-trained
ResNet152 and EfficientNet-B7 as a transfer learning model for classifying pan-
oramic radiographs of the TMJ into normal and TMJ-OA cases. The classification
accuracies of ResNet-152 and EfficientNet-B7 were 0.87 and 0.88, respectively.
The trained models focused on specific areas in osteoarthritis images where erosion
or osteophytes were observed. The Al models enhanced the diagnostic success of
TMIJ-OA on panoramic radiographs, making it an effective screening tool for diag-
nosing TMJ-OA.

Choi et al. (2021) developed an AI model using Karas’ ResNet model to classify
panoramic images into three categories according to the presence of TMJ-OA: nor-
mal, indeterminate TMJ-OA, and TMJ-OA. However, when Al was developed with
three categories, the model’s performance was found unsatisfactory compared to an
oral and maxillofacial radiologist’s performance of diagnosing OA using panoramic
radiographs confirmed by CBCT images. To improve performance, the indetermi-
nate TMJ-OA images were reclassified as normal, TMJ-OA, or excluded. After this
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Fig. 11.3 Automatic classification of temporomandibular joint osteoarthritis (TMJ-OA) on cone-
beam computed tomography (CBCT) images. (Courtesy by CranioCatch Al software)

adjustment, the Al showed similar performance compared to experts in diagnosing
TMIJ-OA, emphasizing its role in the primary diagnosis of TMJ-OA from panoramic
radiographs.

In another study, Lee et al. (2020) developed an Al-based diagnostic tool to auto-
matically detect TMJ-OA, including irregular contour, osseous defects, loss of cor-
tication, and flattening of the condylar head, from cone-beam computed tomography
(CBCT) images. They used a single-shot detection object detection model for clas-
sification into two categories: TMJ-OA or not. The average accuracy was found to
be 0.86, and they concluded that it may be used as a clinical decision-support sys-
tem for diagnosing TMJ-OA.
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Eser et al. (2023) created an Al model using the YOLOVS architecture for TMJ
segmentation and classification of TMJ-OA on sagittal images of CBCT. The accu-
racy value for segmentation and classification was found to be 0.9953 and 0.7678,
respectively.

de Dumast et al. (2018) developed a web-based neural network-based system to
classify TMJ-OA from 3D surface mesh images of mandibular condyles retrieved
from CBCT scans. They used the ShapeVariationAnalyzer (SVA) method as a deep
neural network classifier for 3D condylar morphology. The DSCI system trained
and tested the neural network, indicating five stages of structural degenerative
changes in condylar morphology in the TMJ, with 91% close agreement between
the clinician consensus and the SVA classifier.

Automatic Detection of Disc Displacement and Perforation
of Temporomandibular Joint

TM]J disc displacement is an abnormal relationship among the articular disc, man-
dibular condyle, and mandibular fossa. The determination of the disc structure and
position is indispensable for evaluating TMJ disorders. MRI is considered the gold
standard for the examination of the TMJ and verifying disc location. However, the
interpretation of MRI images and determining the joint disc can be challenging. Al
has shown promising results in determining the joint disc and evaluating its position
(Larheim 1995; Tamimi et al. 2019).

In a study by Lin et al. (2022), an algorithm was developed for the automatic
detection of anterior disc displacement (ADD) of the temporomandibular joint
(TMJ) on sagittal MRI images before orthodontic treatment. They used the ResNet
architecture and the “ImageNet” database with five-fold cross-validation, oversam-
pling, and data augmentation techniques for model development. The maximum
open-mouth position model showed excellent performance with 99% accuracy and
97% AUC. Closed-mouth position models showed 86.3% accuracy and 92.2% AUC
for diagnostic Criteria 1 and 83.9% accuracy and 88.5% AUC for diagnostic Criteria
2. The CNN-based Al model demonstrated high accuracy in detecting ADD of TMJ,
showing potential for use before orthodontic treatment to improve treatment
outcomes.

Radke et al. (2003) conducted a study using an ANN-based expert system to
determine non-reducing disc displacement from frontal chewing data. The system
detected the presence and type of non-reducing disc displacement from frontal
chewing data in patients with TMD at an acceptable level of error.

Kao et al. (2023) offered a novel Al diagnostic tool for automatically extracting
discriminative features and detecting temporomandibular joint disc displacement
(TMIDD) on MRI images. They used the U-Net algorithm to detect the joint cavity
between the temporal bone and the mandibular condyle, using four convolutional
neural networks, including InceptionResNetV2, InceptionV3, DenseNet169, and
VGG16, for classification. InceptionV3 and DenseNet169 were found to be the best
models, achieving an accuracy value of 0.85. Automated detection of TMJDD from
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sagittal MRI images was considered a promising technique to support clinicians in
diagnosing patients with TMJDD.

Lee et al. (2022a) developed a VGG16 algorithm-based automatic deep-learning
detection model of anterior disc displacement (ADD) from sagittal magnetic reso-
nance imaging (MRI) of patients with temporomandibular joint disorder (TMD).
The VGG16 model was trained using three methods: from-scratch, fine-tuning, and
freeze. The fine-tuning model demonstrated a perfect estimation performance with
an AUC value of 87.75% and an accuracy value of about 77%. ADD information
was successfully learned in the CNN features without using pre-trained weights.
The CNN model showed higher estimation specificity compared to human experts,
and the ensemble of three fine-tuning models displayed improved accuracy from
77 to 83%.

Yoon et al. (2023) proposed an Al-based clinical decision-support system for
diagnosing TMJ ADD using MR images. The system was built upon two deep-
learning models, including a region of interest (ROI) detection model that contained
the temporal bone, disc, and condyle within the entire sagittal MRI image and a
classification model that could classify TMJ as normal, ADD without reduction, and
ADD with reduction within the detected ROI by the first model. RetinaNet was used
with weights trained on the ImageNet dataset, and resnet50 was adopted as the
backbone network for developing the ROI detection model. A multi-input convolu-
tional neural network was used as the classification model. The ROI detection model
achieved a 0.819 mAP value at 0.75 intersection over union (IoU) thresholds in the
internal test. In both internal and external tests, the ADD classification model
obtained AUROC values of 0.985 and 0.960, sensitivity values of 0.950 and 0.926,
and specificity values of 0.919 and 0.892, respectively. This study concluded that
the Al-based clinical decision-support system provides clinicians with estimated
results and can be integrated with the patient’s clinical examination findings for the
final diagnosis.

Lee et al. (2022b) presented the pix2pix generative adversarial network (GAN)
model for T2-weighted image (WI) synthesis from proton density (PD)-WI in TMJ
MRIs. The proposed model showed perfect agreement with the gold standard for
disc position and effusion.

Kim et al. developed a deep-learning-based algorithm to estimate temporoman-
dibular joint (TMJ) disc perforation based on the findings of magnetic resonance
imaging (MRI). The presence of TMJ disc perforation was confirmed during sur-
gery, and two groups were created: the perforated and non-perforated disc groups.
Experienced clinicians evaluated the TMJ MRI images of each group for feature
extraction. Random forest and multilayer perceptron (MLP) models were used to
develop an estimation model for TMJ disc perforation. MLP showed superior per-
formance with a 0.940 AUC. The application of DL methods to the estimation of
TMJ disc perforation is helpful compared to conventional methods.
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Prediction of Temporomandibular Joint Disorders: Clinical,
Biological, and Radiologic Radiomics Markers

Temporomandibular joint disorder (TMD) is an inclusive term that explains dys-
function of the TMJ and related masticatory muscles, as well as pain. Clinical,
radiological, and biological findings are used for the diagnosis and management of
TMD. Machine learning algorithms have been employed in studies, utilizing
extracted data from a combination of clinical, biological, and radiomic markers, to
support a definitive diagnosis of TMJ. These studies have obtained promising results
(Almasan et al. 2023; Farook and Dudley 2023).

Diniz de Lima et al. (2022) presented a study on the detection of temporoman-
dibular joint disorder (TMD) using infrared thermography (IT) images with ML
classifiers, including K-nearest neighbors (KNN), support vector machine (SVM),
and multilayer perceptron (MLP). Three machine learning (ML) attribute extraction
methods were employed: radiomic, semantic, and radiomic-semantic. IT lateral
projection images were used, and the masseter and temporal muscles were selected
as regions of interest (ROI) for attribute extraction. For radiomic attribute extrac-
tion, 20 texture attributes were evaluated using the co-occurrence matrix at a stan-
dardized angulation of 0°. The semantic features consisted of the ROI mean
temperature and pain intensity data. To evaluate radiomic-semantic associations, a
single dataset comprising 28 features was used. The study concluded that semantic
and radiomic-semantic-associated ML feature extraction methods, along with the
MLP classifier, should be preferred for TMD detection using IT images and pain
scale data. Machine learning demonstrates promising results for the detection of
TMD on IT images.

Fang et al. (2023) presented a machine-learning-based multidimensional nomo-
gram using 36 cephalometric parameters extracted from lateral cephalogram to scan
degenerative temporomandibular disorders (TMDs). The cephalometric parameters
were utilized to develop an estimated machine learning algorithm. A multivariable
logistic regression approach was employed to build an integrated model, incorporat-
ing ceph scores and clinical features, such as age, gender, limited mouth opening,
and crepitus. This integrated model demonstrated excellent performance with an
AUC value of 0.893, indicating its potential to assist in the diagnosis of degenera-
tive TMDs in clinical practice.

Bianchi et al. (2020) evaluated the diagnostic performance of four machine
learning models, including Logistic Regression, Random Forest, LightGBM, and
XGBoost, to analyze 52 clinical, biological, and high-resolution CBCT radiomics
markers from TMJ-OA patients and controls. The XGBoost + LightGBM model
achieved an accuracy of 0.823, AUC of 0.870, and F1-score of 0.823, enabling the
correct diagnosis of early stages of TMJ-OA using some of these markers. These
markers included Headaches; Range of mouth opening without pain; Energy,
Haralick Correlation, Entropy, and interactions of TGF-f1 in Saliva and Headaches;
VE-cadherin in Serum and Angiogenin in Saliva; VE-cadherin in Saliva and
Headaches; PA1 in Saliva and Headaches; PA1 in Saliva and Range of mouth
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opening without pain; Gender and Muscle Soreness; Short Run Low Grey Level
Emphasis and Headaches; Inverse Difference Moment; and Trabecular Separation.

Mackie et al. (2022) attempted to enhance the performance of ML algorithms in
detecting TMJ-OA by combining quantitative biomarkers of bone texture and mor-
phometric features of the articular fossa and joint space. They found that while there
were no significant differences in the articular fossa radiomic biomarkers between
TMIJ-OA and normal patients, those with TMJ-OA had a significantly smaller supe-
rior condyle to fossa distance. The inclusion of radiomic biomarkers of the articular
fossa improved the success of ML models in identifying TMJ-OA, particularly with
its interaction effects.

The LightGBM model obtained an AUC of 0.842 in diagnosing patients with
TMIJ-OA, with Headaches and Range of Mouth Opening Without Pain graded as the
best features. Noteworthy interactions included VE-cadherin in Serum and
Angiogenin in Saliva, TGF-p1 in Saliva and Headaches, Gender and Muscle
Soreness, PA1 in Saliva and Range of Mouth Opening Without Pain, Lateral
Condyle Grey Level Non-Uniformity and Lateral Fossa Short Run Emphasis, TGF-
B1 in Serum and Lateral Fossa Trabeculae number, MMP3 in Serum and VEGF in
Serum, Headaches and Lateral Fossa Trabecular spacing, Headaches and PA1 in
Saliva, and Headaches and BDNF in Saliva. These preliminary findings suggest that
imaging features of the mandibular condyle may hold more value regarding main
effects, whereas the imaging features of the mandibular fossa may play a greater
role in interaction effects.

Lee et al. (2021) aimed to use Al to identify major biological and psychosocial
risk factors for temporomandibular disorders (TMDs), including stress, socioeco-
nomic status, and working conditions. Six Al methods were employed to determine
the factors related to TMDs, including regression, decision trees, naive Bayes, ran-
dom forest, support vector machines, and an artificial neural network. The best
mean accuracy was achieved using logistic regression, random forest, support vec-
tor machines, and artificial neural networks. Additionally, the best AUC value was
obtained using an artificial neural network and logistic regression for self-reported
TMD and doctor-reported TMD, respectively. The authors concluded that a predic-
tive algorithm could serve as a decision-support system in the diagnosis of TMDs,
utilizing 37 independent variables related to demographic factors, socioeconomic
status, stress, working conditions, biological factors, and comorbidities.

Zhang et al. (2021) used the privileged information (LUPI) paradigm for diag-
nosing TMJ-OA. They developed three LUPI classifiers with non-LUPI analogues
for TMJ-OA diagnosis. Six clinical features, including age of the patient, headaches
in the last 6 months, muscle soreness in the last 6 months, vertical range unassisted
without pain (mm), vertical range unassisted maximum (mm), and vertical range
assisted maximum (mm), were extracted. Additionally, 23 texture and bone mor-
phology features were extracted from the lateral condyle, and an additional 23 fea-
tures were obtained from the mandibular fossa. Furthermore, 25 protein features
were collected from saliva, resulting in a dataset comprising 77 features, including
6 clinical, 46 imaging, and 25 protein features, from a total of 92 patients. Support
vector machine (SVM), random vector functional link network (RVFL), and
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iterated privileged learning model (IPL) were used to develop LUPI Algorithms.
The KRVFL+ model using privileged protein features showed the best classification
performance with an AUC of 0.80 and an accuracy of 75.6%. The authors concluded
that LUPI-based algorithms using privileged protein data can enhance the final
diagnostic performance of TMJ-OA classification.

Le et al. (2021) developed a machine learning-based diagnostic tool named
TMIJOATI for classifying TMJ using 52 clinical, biological, and jaw condyle radiomic
markers. These markers included 2 demographic values, 13 protein level values
from serum, 12 protein level values from saliva, 5 clinical features evaluating pain,
and 20 imaging features from the lateral region of the trabecular bone of the con-
dyle, demonstrating the grey-level values of the region of interest. Additionally, 32
mandibular fossa radiomic features were tested to create more powerful radiomic
markers. Five different ML algorithms, including Random Forest, XGBoost,
LightGBM, Ridge, and Logistic Regression, were employed. The best prediction
performance was achieved with the XGBoost and LightGBM models.

Reda et al. (2023) conducted a preliminary case study to support the early diag-
nosis of temporomandibular disorders using Al. They presented the experience of a
commercially available Al service for assisting non-expert dentists in early TMD
recognition. The Al-based system consisted of two modules: one for ensuring prob-
able diagnoses in terms of the list of symptoms and another for the question and
answer tool. Seven available clinical cases were reviewed for the evaluation of per-
formance. The study demonstrated that Al is a beneficial tool to enhance the detec-
tion of TMDs by assisting in primary diagnosis and proved the concept that Al-based
systems can aid non-specialists in the early detection of TMDs.

Kreiner and Viloria (2022) developed a novel multilayer perceptron neural net-
work to diagnose orofacial pain and TMD. Four clinical experts collaborated to
create clinical scenarios and their corresponding accurate diagnoses, which served
as the gold standard. The clinical situations encompassed six diagnostic categories,
including acute pain of dental origin, orofacial pain of neuropathic origin (paroxys-
mal trigeminal neuralgia), post-traumatic trigeminal neuropathic pain, referred
facial and dental pain of cardiac origin, TMJ dysfunction (disc displacement with
and/or without reduction), and facial neurovascular pain (migraine). Eleven clinical
cases were prepared, covering these categories, and presented to twelve general
dental clinicians. The clinicians’ diagnoses were compared to those made by the Al
neural network. The AI’s diagnostic accuracy was found to be superior, especially
in cases with non-dental and referred orofacial pains. The authors concluded that
ANN-based Al algorithms can assist medical and general dental clinicians in diag-
nosing various types of orofacial pain and dysfunction, including TMD, neuro-
pathic, neurovascular, and referred cardiac pain, potentially playing a life-saving role.

Bas et al. (2012) utilized ANN for the estimation of two subgroups of temporo-
mandibular joint (TMJ) internal derangements (IDs) and normal joints, using char-
acteristic clinical signs and symptoms of the diseases. TMJs of each patient were
diagnosed as normal, ADD with reduction, or ADD without reduction. A back-
propagation neural network was employed to develop the classification model. The
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authors concluded that the application of ANNs for diagnosing subtypes of TMJ
IDs may be a useful supportive diagnostic method.
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3D Printing for Medical Applications

3D printing, also known as additive manufacturing, is the transformation of digital
designs in the computer environment into physical objects. This is revealed by using
design programs or by the 3D scanning method. The 3D printing method, which is
used in many fields such as the defense industry, aviation, and architecture (Dawood
et al. 2015), started to be used in the medical field in the 1990s (Strub et al. 2006).
In particular, preliminary studies have been carried out for the tailor-made produc-
tion of craniofacial implants.

For the use of 3D printers, which are becoming increasingly widespread in the
medical field, first of all, it is necessary to detect the defective area of the patient by
using medical imaging methods such as X-ray, CT, or MRI in order to make person-
alized designs (Aimar et al. 2019). The resulting images are then labeled by the
segmentation process. The purpose of this process is to isolate the desired region
and develop a 3D model in the computer environment. One of the most important
aspects of 3D printing is computer-aided design (CAD) programs (Miyazaki and
Hotta 2011). With the help of CAD programs, the necessary designs are made for
the creation of 3D objects. After the 3D model is developed, it is converted to STL
files (Satyanarayana and Prakash 2015) so that it can be printed. Although it differs
according to the types of printers, in general, after the parameters such as speed and
pressure are adjusted and the relevant optimization processes are performed, the
printing of the file starts. As a result, personalized 3D objects emerge using the data
obtained from the patient (Fig. 12.1).

Many different technologies have been introduced since the development of 3D
printers. Many of these technologies can be given as examples, such as
Stereolithography (SLA), Fused Deposition Modelling (FDM), Selective Laser
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Fig. 12.1 Schematic representation of the 3D printing process. (Designed with Biorender)

Sintering (SLS), and Selective Laser Melting (SLM) (Chen and Gariel 2012). Each
technology has various advantages and disadvantages according to its uses in the
medical field, the materials used for printing, and the time required for printing.

3D printing, which is rapidly developing and continues to develop in the medical
field, is used in many different fields such as cardiology, urology, orthopedics, plas-
tic surgery, and gastroenterology (Aimar et al. 2019). In addition to these, its use in
dentistry is increasing rapidly. In dentistry, 3D printing is useful and preferred in
terms of making personalized designs, choosing the materials to be used, and pro-
cessing images in different geometries taken from the patient (Dawood et al. 2015).
However, health-related protocols should be followed and sterilization processes
should be considered.

Bioprinting for Engineering Functional Tissues and Organs

3D printers are frequently used in fields such as tissue engineering and regenerative
medicine. Based on these studies, the term bioprinting was born. Bioprinting can be
defined as cellular printing by integrating cells suitable for the developed materials
(Derby 2012). In this way, structures with heterogeneous cell distribution suitable
for tissue forms can be formed. With the use of cell-containing biomaterials, also
known as “bioinks,” it has become possible to produce living, functional tissues and
organs in the laboratory environment (Murphy and Atala 2014). Based on this, the
difference between the terms 3D printing and 3D bioprinting is that in 3D printing,
biological structures are not used during printing, while in 3D bioprinting there is
cellular printing (Vijayavenkataraman et al. 2018).

As in 3D printing, imaging methods such as X-ray, CT, and MRI are used, and
3D model designs are created in the computer environment. For this, there are
design approaches such as biomimicry and self-assembly (Murphy and Atala 2014).
After the design is completed, the main technologies used for bioprinting are inkjet
bioprinting, extrusion bioprinting, and laser bioprinting. In inkjet bioprinting, the
cell-attached material is flowed in the form of droplets. They accumulate in the
desired area in accordance with the models designed using computer programs.
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Drops show flow according to the set pressure and speed (Xu et al. 2008). Since
changes can be made in droplets in this type of printing, complex structures can be
printed more easily. Filaments are used in extrusion bioprinting. There is a continu-
ous flow of filaments and therefore the materials used must be fluid. The deposited
structure must be strong and the solubility is low compared to the others (Melchels
et al. 2012). Laser bioprinting requires a laser beam, a ribbon, and a film containing
materials. The laser is absorbed on the ribbon, and the films are located on this rib-
bon. The advantage of laser bioprinting is that there is no clogging because there is
no spraying. However, cell viability is low compared to other varieties because laser
energy is used (Xia et al. 2018).

The materials used in bioprinting must also have some properties because the
material must be compatible with biological structures as well as being printable
and mechanically durable. In this respect, there is not much material diversity and
this is a limitation of this method. Materials such as alginate, chitosan, polyethylene
glycol, and gelatin are used in bioprinting. Another point that is as important as the
materials is the selection of the appropriate cell. Since there are cells with different
functions in tissues, the cells used must be able to differentiate into other structures.
They should have high strength during printing. Cell proliferation should be neither
too low nor too high. If it is low, the tissue cannot perform its function; if it is too
high, apoptosis occurs. The cells recommended to be used in this direction are mes-
enchymal or induced pluripotent stem cells (Murphy and Atala 2014) (Fig. 12.2).
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Fig. 12.2 Demonstration of the bioprinting process. (Designed with Biorender)
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Many tissue and organ experiments such as aortic valve (Hockaday et al. 2012),
human skin (Lee et al. 2014), bionic ear (Mannoor et al. 2013), neural cell structures
(Xu et al. 2006), and blood vessel-like structures (Skardal et al. 2010) have been
made with bioprinting. However, although bioprinting is promising, the range of
materials should be expanded. Parameters such as speed and resolution of the print-
ers used should be improved. Nevertheless, many studies on cell-material compati-
bility and cell durability are required.

Process Optimization for 3D Printing Applications

3D printing needs to be optimized in terms of being more functional and less costly
and requiring less energy. At the same time, optimization is a necessary step for a
more accurate assessment of the material properties to be used and the requirements
for the application.

During the optimization in 3D printing, variables such as the structural proper-
ties of the material to be used in the printing, the volume, shape, and dimensions of
the object to be printed, temperature changes during the printing of the printer, pres-
sure, and environmental conditions should be taken into account (Rojek et al. 2021).

Process Optimization with Al

Process optimization is usually performed when working with a new material or
when a new print is made. At this point, first of all, the parameters should be selected
correctly. A database containing process and structure properties can be used for the
correct selection of parameters. The more complex the object, the harder it is to
optimize. Machine learning algorithms can be used for this (Goh et al. 2021)
(Fig. 12.3).

Process optimization is usually carried out before printing. The process can be
predicted using machine learning. For this, information on process optimization can
be obtained by entering the properties such as the density, melting temperature, and
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Fig. 12.3 The 3D printing process showing the steps that require optimization protocols.
(Designed with Biorender)
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freezing temperature of the material to be used and the properties such as the vol-
ume, thickness, length, and shape of the object to be printed. Variables such as
needle tip size, printing speed, pressure, printing temperature, cost, and time can be
estimated before printing. As a result of these estimations, less costly and better-
quality 3D prints with less deformation can be obtained (Yu and Jiang 2020)
(Fig. 12.4). The same results apply to 3D bioprinting. In the 3D cell bioprinting
process, with the help of machine learning, values such as cell damage and the num-
ber of cells per area can be predicted during the process.

In addition, researchers and algorithm developers can develop existing algo-
rithms together with the cloud system. In this way, process optimization can give
more stable and accurate results day by day. Usually, four techniques of machine
learning can be used for optimization. These can be called supervised learning,
unsupervised learning, semi-supervised learning, and reinforced learning. In addi-
tion to these techniques, the deep learning method can also be used (Fig. 12.5).

Supervised learning: Algorithms are supervised first and then the boundaries
that determine the clusters of supervised algorithms are determined. By modeling
the relationship between labeled outputs and input properties with supervised learn-
ing algorithms, input properties for the desired output can be predicted.

Unsupervised learning: Unsupervised learning algorithms extract the input data
features for the desired output and classify them with the help of taught rules. This
technique is often used to highlight unseen relationships between input and out-
put data.

Semi-supervised learning: The semi-supervised learning technique, which is a
combination of supervised and unsupervised learning, has advantages and disad-
vantages compared to the other two techniques. Therefore, it can be used in
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Fig. 12.4 Optimization protocols are required prior to the 3D printing application
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Fig. 12.5 Schematic representation of machine learning methods

complex and large volumes of data. It is more advantageous than unsupervised
learning since there will be some labeled data. At the same time, it is more advanta-
geous in terms of less cost and easier teaching compared to supervised learning.

Reinforced learning: Reinforced learning learns in a similar way to supervised
learning. However, by interacting with the environment and previous algorithms,
reinforced learning is acting more and more accurately and stable, interacting with
the environment rather than too much labeled data, providing certain feedback. This
feedback reinforces the behavior of the algorithm. With these technical feedbacks,
which can learn more slowly and by observing, more and more optimal solutions
can be produced (Goh et al. 2021).

Deep learning: Deep learning is a technique that uses a set of algorithms with
multiple hidden layers applied to a new dataset (Malekpour and Chen 2022). Deep
learning usually has three steps, namely preprocessing, feature extraction, and clas-
sification, and it works in that order.

Design for 3D Printing

Computer-aided design can be thought of as ensuring the printability of the
object to be printed. It also helps to optimally design the amount and shape of
support material to be used during printing. In certain production models, manu-
facturability analyses can be performed using multi-scale clustering models.
With material properties estimations, the strength of the design or the problems
that may be encountered during printing can be predicted. Based on these predic-
tions, machine learning algorithms can simulate printing before printing. With
the help of simulation, it is possible to predict how each layer will be printed and
the problems that may be encountered during printing. This helps designers iden-
tify potential design errors before printing. Correcting errors before printing
helps to make the print less imperfect and of higher quality (Goh et al. 2021)
(Fig. 12.6). Additionally, it assists more inexperienced designers in the design
process. Using machine learning techniques helps designers improve the design
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Fig. 12.6 Estimation of 3D design variables with machine learning algorithms

by making feature predictions of models. In addition, it is possible to estimate
the physical tests to be made after printing. With material properties and design
inputs, physical tests of the material can be estimated. This provides advantages
in terms of time and cost.

Machine learning algorithms can also be used for 3D bioprinting. It is essential
to design and analyze material properties for 3D bioprinting. Examples include
scaffolds and cell adhesion properties in tissue engineering. Predicting the growth
of cells according to material properties and designing scaffolds can be facilitated
by machine learning algorithms (Yu and Jiang 2020).

Robotic sensing systems can also be used for 3D printing. Surface area, surface
shape, and surface deformations on human organs and tissues can be detected by
robotic perception systems and designed with artificial intelligence. These sys-
tems can be divided into low-level visual perception and high-level visual
perception.

Low-level visual perception: Image processing algorithms are used to detect
features such as low-level visual perception, colors, and textures, similar to human
visual perception. The image can be reconstructed on the computer based on trian-
gulation and projection techniques. These techniques form the basis of techniques
such as stereovision and structured light scanning from motion. However, low-
level visual perception may not perform properly and stably on wet or reflective
surfaces.

High-level visual perception: High-level visual perception, similar to the per-
ception of the brain and nervous system, can model and predict deformation on
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surfaces such as soft tissue. High-level visual perception, which can predict the
continuation or precedent of the surface on which it is seen, instead of visual per-
ception, can generate the image in the computer environment based on the estima-
tion algorithm, taking into account the segmentation of rigid and non-rigid regions,
and geometric constraints arising from rigid body transformations (Zhu et al. 2021).

Image Processing and Manufacturing Defect Detection

Artificial intelligence techniques used for defect detection have recently become
popular and reliable. At the same time, defect detection has become an impor-
tant part of real-time data collection and quality control systems. Many different
techniques such as vision-based ultrasound, acoustic emission, laser scanning,
electromagnetic, and radiographic and thermographic techniques can be used
for defect detection. In 3D printing, it may be necessary to monitor during print-
ing for defect detection, and a small mistake can result in large material and
time loss (Li et al. 2021). Machine learning algorithms can avoid this problem.
Errors and disadvantages such as poor surface quality, cracks, pores, and distor-
tions can be detected with machine learning algorithms. Acoustic data can be
obtained using computer-aided scans, visual data, and sound sensors (Farhan
Khan et al. 2021).

With monitoring devices such as sensors, digital cameras, and 3D scanners at
every stage of the printing process, a defect in the printing can be detected quickly.
Careful monitoring of each layer of the print ensures that if there is a defect, the
print can be stopped. This prevents the loss of time and material since printing will
not continue after the defect (Li et al. 2021) (Fig. 12.7).

Defect detection can be done using computer scan-assisted machine learning
algorithms by labeling abnormal and nominal conditions. In line with the research,
it has been seen that machine learning algorithms in defect detection give more
accurate and higher-quality results than an operator’s manual detection (Gobert
et al. 2018).
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Fig. 12.7 Defect detection within images for the production of 3D models for 3D printing
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Use of Al for 3D Printing of Surgical Guides

In recent years development of artificial intelligence (AI) technology has acceler-
ated and gained worldwide recognition for its utility. Al technologies such as
machine learning and deep learning can automate image reading, repetitive opera-
tions, and the reporting process, resulting in increased clinical workflow efficiency
(Banerjee et al. 2022). Artificial intelligence technologies allow radiologists to
observe and compare relevant cases, learn from other professionals, improve overall
diagnostic accuracy, and enhance individual radiologist competence.

Over the last decade, use of 3D printing technology has increased in a variety of
fields such as aerospace, automotive, and healthcare (Liu et al. 2018). Medical use
of 3D printing is generally patient specific and can be divided into sub-categories
such as 3D-printed implants, improving surgical instruments by 3D printing, and
preoperative planning (Kang et al. 2016). For preoperative planning, clinicians gen-
erally use computed tomography (CT) and magnetic resonance imaging (MRI)
images to understand patients’ conditions accurately before operations. 3D printing
allows a transformation from 2D to 3D; thus, imaging data can be transformed from
virtual to actual models with high accuracy. By 3D printing, a three-dimensional
anatomical model allows surgeons to establish and simulate a surgical plan before
entering the operating room. In this way, surgeons have a good grasp of the patient’s
anatomical model before the operation and can determine the medical equipment
and devices to be used before entering the operating room. However, the biggest
challenge in the preoperative use of 3D printing is the precise segmentation of the
patient’s radiological data. Segmentation is the process of separating and categoriz-
ing images into comparable attributes. To find regions of interest (ROI) image pro-
cessing is used according to image gray level, contrast, and texture (Sharma et al.
2010). This is one of the most critical, but also the most time-consuming, steps in
generating a 3D image. Machine learning might be able to help automate the seg-
mentation process. The time it takes a radiologist to perform segmentation might be
cut in half or removed entirely if Al tools are fully developed to use in this field.

Use of Al in Medical Models

Creating models from ROIs using DICOM (Digital Imaging and Communications
in Medicine) images is one of the most common uses of 3D printing in radiology.
However, the DICOM image format is not a file format that can be used by 3D print-
ers. Individual items are defined by surfaces that enclose a region of space in 3D
printers. Standard Tessellation Language (STL) is a file format that is used for defin-
ing these surfaces. These surfaces, defined in STL format, are made up of triangles
and fit into each other like pieces of a puzzle (Mitsouras et al. 2015). In this way, the
image obtained with medical imaging techniques is converted into a format that 3D
printers can understand. To create a 3D-printed model, radiologists’ separate struc-
tures on DICOM images based on tissues and pathophysiology to create objects of
interest. These desired regions can be 3D printed once they are defined in STL
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format. In comparison to typical 3D visualization, this radiologist-centered proce-
dure of translating DICOM format into STL format is a unique new requirement.
Image acquisition, image postprocessing, and 3D printing are three aspects of the
process required to create a medical 3D model.

Image Acquisition

Obtaining an image is a very important step in creating a 3D object, since the qual-
ity of the data received by imaging will directly affect the quality of the object to be
produced with the 3D printer. Volumetric image datasets with sufficient contrast and
resolution obtained at this stage can be used to create 3D medical models. Clinical
image acquisition can currently be done with ultra-high spatial resolution (400-600
microns) and high-quality contrast (Mahesh 2002). Even though CT and MRI are
both effective data acquisition modalities, CT is the most utilized imaging modality
for rapid prototyping due to its wide variety of applications and ease of image pro-
cessing (Rengier et al. 2010). The high contrast, signal-to-noise ratio, and spatial
resolution increase structural differentiation while reducing partial volume effects,
which may restrict 3D printing (Mitsouras et al. 2015). Other imaging modalities
that can be employed for data collecting include cone beam computed tomography,
positron emission tomography, single photon emission computed tomography, and
ultrasonography (Rengier et al. 2010). The cross-section size of the acquired images
is also important for the accuracy of the model. Image portions should be recon-
structed using isotropic voxels with a size of 1.25 mm or smaller (Mahesh 2002).
Thicker sections reduce model accuracy, whereas very tiny sections (e.g., 0.25 mm)
necessitate significant segmentation and STL refining, especially in the presence of
an image artifact. Finally, acquired data is stored in the universal DICOM format,
regardless of imaging modality.

Image Postprocessing

In radiology, postprocessing emerged to visualize volumetric data in any plane and
then render that volume on a 2D display (Mitsouras et al. 2015). The manipulation
of DICOM images to be used in 3D printing includes accurate segmentation of the
targeted tissue and transfer of the generated ROI to STL format without any loss.
The approaches used at this stage are new to radiologists and often require the use
of specialized tools and programs used in engineering applications. Therefore, the
segmented STL model should be carefully examined and verified by a radiologist.
ROI segmentation can be done manually or automatically (e.g., thresholding,
edge detection, region growth). More advanced techniques, such as dynamic adjust-
ment of the thresholding range, are usually required. A segmented region’s “wrap-
ping” can also be utilized to construct a solid model by filling genuine anatomic
spaces, such as those in cancellous bone (Harrysson et al. 2007). Another useful tool
is region growth. This tool is used to determine whether the segmented voxels to be
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3D printed belong to the same or different components. Typically, region expanding
lessens the burden of the next stage, which is human editing of the 3D ROIs that
surround segmented voxels; this includes manually altering ROI boundaries as well
as manually erasing, merging, and changing sections. Many software programs gen-
erate a 3D STL file of post-segmentation ROI using algorithms such as interpolation
and pattern recognition to preserve anatomical features (Mitsouras et al. 2015).
Radiologists pick voxels that encompass a 3D surface using ROIs. If the segmented
surface is not smooth, conversion to STL can employ any number of triangle facets
to fit these surfaces; too few will compromise anatomic features in the 3D-printed
model, while too many will result in excessive roughness in the object.

After all these processes, computer-aided design (CAD) or computer-aided man-
ufacturing (CAM) software for 3D part manipulation, as well as operator expertise,
is required for accurate 3D printing. Finally, data is sent to a 3D printer after all
corrections are complete.

Artificial Intelligence Tools for Segmentation

Artificial intelligence approaches are used in automatic segmentation algorithms.
There are two types of techniques that can be used for this in machine learning:
supervised and unsupervised. Supervised segmentation necessitates operator inter-
action throughout the process, whereas unsupervised approaches typically necessi-
tate operator involvement only once segmentation is complete. Unsupervised
approaches are favored to ensure reproducibility; however, operator engagement is
still necessary for mistake correction if the outcome is poor (Olabarriaga and
Smeulders 2001).

Supervised Methods

Supervised algorithms are based on artificial neural networks (ANNs). ANNs con-
sist of structures called artificial neurons, which can solve certain problems with
many interconnected processing components working together. Advantages of
ANNSs are adaptive learning ability, the power to solve complex problems with
training data, self-organization capability, and the ability to perform in real time due
to parallel configuration with the information provided by the training data
(Vijayakumar et al. 2007).

ANNSs can be used for segmentation and classification in both supervised and
unsupervised methods. Although various neural network-based algorithms have
been developed for texture-based segmentation and high classification accuracy,
most of these texture classifier algorithms require extensive supervision and train-
ing. Their performance is impacted by presence of noise and is sensitive to training
parameters (van Engeland et al. 2006). In some cases, supervised image segmenta-
tion and classification approaches can be challenging because selecting and labeling
the proper training data is expensive, complex, and very time consuming. Any
ANN-based method requires training data, and classifiers must be trained before
they can be applied to segmentation and classification tasks to ensure accuracy.
Moreover, the entire process of picking the training dataset and training must be
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completed for other datasets, as well as analysis of different images of varied type
and format (Gletsos et al. 2003).

Unsupervised Methods

Most unsupervised algorithms are cluster-based and do not require training. The
purpose of clustering is to generate decision boundaries from unlabeled training
data (Jain et al. 2000). In multidimensional feature space, clustering is the process
of finding natural grouping clusters. However, this is problematic because multidi-
mensional feature space can contain clusters of various shapes and sizes. Image
segmentation can be thought of as a clustering process in which pixels are grouped
into attribute regions based on the texture feature vector calculated around the pixel
local neighborhood (Bandyopadhyay 2005).

K-means and fuzzy C-means are two popular clustering techniques (Bezdek
et al. 1993). The k-means technique produces hard segmentation results, but the
fuzzy C-means approach produces soft segmentation that can be converted to hard
segmentation by ensuring that pixels belong to clusters with the highest member-
ship coefficients. Fuzzy clustering is a useful method for categorizing a set of data
points into numerous clusters with varying degrees of membership. Most of the
neural network-based techniques that perform texture-based segmentation and
high-accuracy classification require substantial supervision and training. In addi-
tion, their success depends on the training method and the training data used.
Finally, the high accuracy, reliability, stability, repeatability, robustness, and mini-
mum operator dependency of these automated tools, which segment using artificial
intelligence, will expand the use of these tools in the medical field (Sharma
et al. 2010).

3D Printing

For the transition from 2D to 3D, all 3D printers use files containing data encoded
in STL format. There are many factors to consider when choosing the 3D platform
on which the model prepared on the computer will be produced. Key 3D printing
parameters include print time, availability, printer and material costs, material selec-
tion, biocompatibility, sterilization capability, material temperature and moisture
resistance, transparency, molding, and casting properties. Most technologies use
materials classified as class VI or 10993 by the United States Pharmacopeial
Convention, which correspond to levels of minimum in vivo biologic reactivity
(U.S. Food and Drug Administration. Use of International Standard ISO-10993).
In order to print a part without any errors, mesh surfaces of design must be free
of holes. Therefore, steps for verification and fixing are essential. Removal of exces-
sive (noise) shells, intersecting elements, and holes in the model are important to get
a successful final build. After choosing the 3D printing platform (selective laser
sintering, stereolithography, fused deposition modeling, etc.), it is important to
adjust wall thickness and resolution parameters to get an accurate print. If the cre-
ated model has smaller structures than 3D printer resolution, printing will result in
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missing components or shapes. There is a good amount of software available to
analyze and adjust these settings automatically or manually to avoid printer-related
errors. Finally, build orientation needs to be performed uniquely for the 3D print
platform.

Model Precision: In general, the difference between the segmented model and
the 3D printed model is 0—1 mm (1-3%) (Ibrahim et al. 2009; Taft et al. 2011). This
difference is clinically negligible. Differences can be minimized by thinning the
section thickness during image acquisition and reducing the z-axis print layer thick-
ness of the 3D printer. Since 3D model generation from a medical image is the result
of a multi-stage process, an error may occur when processing a dataset and this error
can be propagated due to the segmentation method. These errors may include exces-
sive smoothing of the anatomy, destruction of some anatomical structures in the
desired region, and scaling problems between the types of software used. In addi-
tion, errors can be caused by image acquisition, postprocessing (Huotilainen et al.
2014), and the 3D printing process (Choi et al. 2002; Hazeveld et al. 2014). Losses
during image segmentation and conversion to STL format and resolution differ-
ences of 3D printer modalities and materials can be the biggest causes of errors, so
they should be carefully analyzed (Salmi et al. 2013).

There are two solutions to avoid errors that may occur in these processes. First,
through careful segmentation of the image obtained from the patient by a specialist
(ideally a radiologist) or with the semi-automatic segmentation method, the radiolo-
gist supervises the process and prevents possible segmentation-related losses/errors.
Second, the development of artificial intelligence-supported tools and software
needs to be accelerated, and programs with high accuracy and stability are expected
to prevent data loss in this area.

3D Printing and Artificial Intelligence in Dentistry

3D printing technology was introduced in the dental field around two decades ago.
Its applications are still increasing, and the last decade has seen rapid growth in 3D
image analysis and printing methods, resulting in various digital dentistry applica-
tions. Nowadays, the applications of 3D printing have numerous advantages in bio-
medical engineering, with applications in the field of dentistry that range from
endodontics, orthodontics, and prosthodontics to oral implantology, periodontol-
ogy, and oral and maxillofacial surgery. The most common applications include
creating working models for surgery and diagnosis, in addition to a variety of
implantable devices, which can be helpful for dentists and patients (Nesic et al.
2020). The applications of 3D printing can help in providing patients with less
costly, less invasive, more personalized services and more predictable processes
(Fig. 12.8).

The presence of the CAD/CAM technology and the development of digital image
acquirement have allowed the development of a fully digitalized dental treatment.
Nowadays, instead of using plastic imprints, intra-oral scanning has been utilized to
create CAM digital-physical models. Moreover, for the complex structures of some
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Fig. 12.8 (a) Three-dimensional (3D) medical rapid prototyping model produced by using pow-
der bed and inkjet head 3D printing with the attached pre-bent reconstruction plate. (b) The pre-
bent reconstruction plate based on the model is fixed on the residual bone. (Images from the study
of Tian et al. 2021)

products, 3D printing has the ability to produce complex geometric forms by using
numerous material types and by depending on the digital data given, and thus pre-
cisely fulfill the personalized necessities in the dental field.

Presurgical Virtual Planning and Dental Surgical Guides

The addition of 3D imaging data and the combination of haptics and artificial intel-
ligence technology led to the presence of dental haptic simulators and created vir-
tual oral anatomy that expedited the simulation of dental procedures. In contrast, the
technology of haptics is mainly based on the sense of touch and its interaction with
the virtual environment (Nesic et al. 2020). Therefore, the convergence of 3D print-
ing technology with haptic instruments resulted in the development of patient-
specific instrumentation, such as surgical guide instruments that reduce the time and
cost of surgeries in addition to reducing the risk of infection. In addition, the use of
surgical guide devices has increased accuracy during surgery (Fig. 12.9).

Through the 3D digital treatment simulation, the modified design of stainless
steel arch-wires and surgical splints has allowed for an accurate production as well
as the prediction of the jaw and dental movements. This method has rapidly
improved the aesthetics of tooth braces, decreased the treatment time, and rein-
forced decompensatory tooth movements (Tian et al. 2021). Moreover, numerous
commercial software programs and applications have been established to ease 3D
virtual treatment planning. Examples of the surgical planning software include
InVivo6® (Anatomage, San Jose, CA, USA), Virtual Surgical Planning (VSP®)
Technology (3D Systems; Littleton, CO, USA), and ProPlan CMF™ (Materialise,
Leuven, Belgium). The main role of the software is to integrate the intra-oral occlu-
sal scans and the CT data to create a complete 3D model (Nesic et al. 2020). The
surgical osteotomies and dental movements can be simulated interactively between
the orthodontist, engineer, and surgeon. Hence, the final clinical plan is used to cre-
ate a final splint that is formed via 3D printing. The orthodontist generates the
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Fig. 12.9 The design and construction procedure of the surgical guide. (a) Digital model of the
mandible obtained by scanning. (b) Identify the implant position in the design software. (¢) Design
surgical guide. (d) Print surgical guide using stereolithography (SLA). (Images from the study of
Tian et al. 2021)

pathway and the sequence for the tooth movements as well as the virtual set-up of
the final occlusion. The sequenced aligners or models can be produced with a rela-
tively cheap 3D printer in a dental laboratory or even in the orthodontist’s work-
place. An easy transfer of digital data allows the design of anatomically perfectly
shaped structures that can be customized for each patient. Thus, the rapid develop-
ments of 3D printing technology lead to new and exciting approaches in all medical
fields, including dentistry.

Artificial Intelligence 3D Printing for Dentistry

In recent years, 3D printing has developed to reach the cellular level, where 3D
bioprinting has a great potential to generate numerous tissues. For instance, after
being only represented in the experimental applications, the application of 3D print-
ing in oral soft tissue biomaterials has been reflected in clinical applications as well.
The most common dental field that machine learning has a great impact on is the
automated interpretation of dental imaging (Pethani 2021). Therefore, to develop
the CAD/CAM process, machine learning is mainly utilized since its applications
include all the main features of final 3D printed products, including their manufac-
turing process, efficiency, and printing design (Tandon et al. 2020).
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Fig. 12.10 A schematic representation of the hierarchy and major dental applications of AI (Shan
et al. 2021)

The distinctive abilities of Al technology and dentists create great chances to
enhance and develop patient care. Al systems work based on two main types for
healthcare and medical applications: virtual and physical. The virtual models work
based on software-based approaches, which help in clinical decision-making,
whereas the physical components include automated or complex robots (Wang et al.
2014). In dentistry, the virtual Al models are the most commonly used algorithms in
order to differentiate between disorders and normal structures, recognize the type of
bone, show the risk factors, and make accurate surgical guides for implant replace-
ments. In contrast, the integration of Al in 3D printing assists production at the
prefabrication level. For instance, Al software can help in predicting the possible
failure of 3D printing and in identifying the problem behind this failure. Therefore,
the combination of Al algorithms and 3D printing software makes the 3D printer
function more efficiently and helps to identify any quality problems (Shan et al.
2021). Hence, with the Al technology combined with the 3D printing software,
dentists can design the best prostheses considering various aspects including facial
measurements, ethnicity, and patient desire (Fig. 12.10).

Future Prospects

Al technology has started to appear in almost every field day by day. It is thought
that using it in 3D bioprinting will collect a lot of data and speed up the optimization
processes. By using artificial intelligence techniques in 3D printing and bioprinting
studies, data collection will be easier, the time spent will be shortened, and a more
effective way will be tried to determine the parameters. In this direction, more work
is needed in this area.

Cell viability and printability are important in bioprinting. Optimization pro-
cesses, which are mostly done by trial and error in studies in this field, have disad-
vantages in terms of both cost and time. In this context, the use of machine learning
algorithms can reduce these disadvantages. Machine learning in areas such as
design and optimization can be used in 3D printing. There is very little work being
done using machine learning in the field of 3D printing and this needs to be increased
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in the future. There is a need to determine the parameters related to the studies to be
carried out. It is necessary to present the data obtained from the studies for machine
learning. Although it is very comprehensive, machine learning algorithm techniques
are among the areas that need to be developed more in the future.

Al technology is developing rapidly with its applications in treatment, prognosis
predictions, and diagnostics. It has also been shown to be an excellent technology
for dentists, especially in preparing treatment plans, making clinical decisions, and
increasing the efficiency of dental practice. It is clear that artificial intelligence will
never completely replace the work of the dentist as technology develops, but will
help more to avoid mistakes during dental practice.
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Artificial Intelligence in Dental 1 3
Education

Ibrahim Sevki Bayrakdar, Kaan Orhan, and Rohan Jagtap

Introduction

Paradigm-shifting has begun in various fields of human life with the recent rapid
development of information technologies, including the metaverse, Virtual Reality
(VR), Augmented Reality (AR), Mixed Reality (MR), blockchain, and Artificial
Intelligence (AI). These game-changing technologies have aroused great interest in
the education sector and are now being explored within the scope of Artificial
Intelligence in Education (AIEd) and Learning Analytics (LA).

The purpose of AIEd is to create an AI-human hybrid confirmative platform that
improves student learning through various Al applications, human-computer inter-
action, and the learning sciences. On the other hand, LA aims to plan education and
analyze, predict, optimize, and shape learning methods, principles, and environ-
ments using knowledge about students and learning environments. LA enhances
students’ study success by increasing motivation to participate in university courses
(Gandedkar et al. 2021; Luckin et al. 2016; Ifenthaler and Yau 2019).
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Concurrently, as the perspective on education evolves with the breakthrough tech-
nologies, its impact is being felt in dentistry. Discussions have started about the neces-
sity of curriculum changes and the integration of these technologies into dental
education to improve accessibility, acceptability, and practicality in the contemporary
age. The rapid adoption of Al and other game-changing digital technologies has pre-
sented the potential of technology-powered learning platforms to enhance the learning
experience of modern dental students. Consequently, there is an increasing emphasis
on the need to improve the current learning curriculum in dentistry (Gandedkar et al.
2021; Luckin et al. 2016; Ifenthaler and Yau 2019; Thurzo et al. 2023; Heo et al. 2021;
Schwendicke et al. 2020; Schwendicke et al. 2023).

Al has demonstrated immense development and growth, with a rising trend in
clinical use and research in dentistry. The integration of Al into clinical applications
can be seen as augmented intelligence, but Al must overcome certain conventional
limitations in teaching to become a significant part of dental education. The objec-
tive of this chapter is to elucidate the current state and requirements, the transforma-
tion, and the future direction of dental education through the utilization of Al-driven
technological tools.

Artificial Intelligence Applications in Dental Education

Dental education encompasses a blend of theoretical, pre-clinical, and clinical train-
ing, encompassing both didactic and clinical skills instruction. The ongoing
Al-driven revolution in dental education can be observed through these fundamen-
tal aspects (Islam et al. 2022; Gandedkar et al. 2021; Coskun and Giingor 2023).

Al-Powered Theoretical Education

Al is being utilized to manage the educational process, support instructors and
teaching methods, and enhance student learning assessment in theoretical education.
Al-supported education management information systems: An education
management information system (EMIS) is a comprehensive collection of informa-
tion and documentation services used for gathering, storing, processing, analyzing,
and disseminating data for educational planning and management. There is a grow-
ing emphasis on integrating or developing Al technologies and tools that can
upgrade EMIS, thereby enhancing data collection and processing. This, in turn,
makes education management and provision more equitable, inclusive, open, and
personalized. Furthermore, new models for delivering education and training in
diverse learning institutions and settings are being introduced, facilitated by Al, to
cater to different stakeholders, such as students, teaching staff, parents, and com-
munities (Gandedkar et al. 2021; UNESCO 2019; Pedr6 et al. 2019).
Al-supported instructors and teaching: Al ensures opportunities to support
instructors in their educational and pedagogical responsibilities. Instructors can
work effectively and enhance their personal development with Al-enriched
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educational settings. Al applications aid in instructing human interaction and col-
laboration with students. The research-oriented learning model encourages students
to ask questions and develop critical thinking skills. Al-driven research-oriented
teaching facilitates sustainable learning for students (Gandedkar et al. 2021;
UNESCO 2019; Pedr6 et al. 2019).

Al-supported Intelligent Tutoring Systems (ITS): The primary purpose of
Intelligent Tutoring Systems (ITS) is to provide students with the means to obtain
information and improve their knowledge and skills within a specialized system.
ITS is designed with four interconnected modules to enable perceivable interac-
tions, including the domain module, pedagogical module, student module, and dia-
logue module.

The domain module evaluates expert knowledge and skill sets based on quantifi-
cation, notional mapping, and relations. The pedagogical module incorporates
technology-facilitated teaching methods. The student module simulates students’
characteristics, including strategy, knowledge, and learning styles, to foster an
engaging learning environment. The dialogue module facilitates three-way interac-
tive communication among the tutor, student, and computer.

The incorporation of Al in ITS, such as in the Unified Medical Language System
(UMLS), provides significant improvements for students in receiving feedback
(Gandedkar et al. 2021; UNESCO 2019; Pedr6 et al. 2019; Khanna and Dhaimade
2017; Zheng et al. 2020; Sharma et al. 2021).

Al-supported learning and learning assessment systems: Al has enormous
potential to enhance the learning experience and learning assessments in dental edu-
cation. The deep integration of Al in the learning process can lead to a transforma-
tion of learning experiences in dentistry.

Al-integrated learning systems allow students to engage in self-learning, draw
lessons from successful use cases, and follow evidence-based practices. Instructors
can utilize Al for automatic grading of students, enabling the assessment of multiple
aspects of students’ qualifications with extensive and remote evaluation.

Al can be employed to personalize learning experiences for dental students by
analyzing their strengths and weaknesses, creating a tailored learning plan based on
their individual needs (Gandedkar et al. 2021; UNESCO 2019; Pedro et al. 2019;
Gonzdlez-Calatayud et al. 2021).

Al-supported text and image generators: Generative Al algorithms, using
machine learning models, can generate text or images based on input data. An
example of this is ChatGPT, an Al-powered chatbot developed by OpenAl, which
generates human-like text in response to input (Fig. 13.1). Additionally, models like
Midjourney Al and DALL-E2 can generate images using generative Al technology.
These models have the potential to create detailed educational information, texts,
schemes, and drawings for use in dental education, thereby revolutionizing com-
munication, tutoring systems, lectures, and research for both students and instructors.

Moreover, with the adoption of such technologies, the process of writing essays,
dissertations, or scientific articles may need to adapt to these changes (Gandedkar
et al. 2021; Tadinada et al. 2023; UNESCO 2019; Pedr6 et al. 2019).
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What is the artificial inleliganca?

Fig. 13.1 The ChatGPT application, developed by OpenAl Inc., answered the question “What is
artificial intelligence?”

Al-Powered Laboratory and Pre-clinical Teaching

Dental education should include practices to develop students’ didactic and clinical
skills. Al-simplified laboratory and pre-clinical teaching systems that provide vir-
tual training environments are becoming an essential part of the modern era’s edu-
cation system. These systems help improve students’ motor skills and efficiency,
reducing the time they spend with tutors or in school. Integrating Al-powered tools
into dental simulations and other hands-on activities in laboratory and pre-clinical
teaching enhances the power of simulations for dental students (Duman et al. 2022;
Gandedkar et al. 2021; Saghiri et al. 2022; Eaton et al. 2008; Ferro et al. 2019;
Rhienmoraetal. 2010; Dragan et al. 2020; Schleyer et al. 2012; Mangano et al. 2023).

Virtual reality (VR): VR is a technological process that creates virtual 3D envi-
ronments, providing users with immersive experiences by combining different tech-
nologies (Fig. 13.2). Al-powered VR simulators can offer dental students a hands-on
experience in a controlled and safe environment. These simulators can be used to
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Fig. 13.2 Virtual reality environment from Dentaverse (Courtesy by Dentaverse.eth Ltd.
company)

practice various procedures in dental education, including giving a nerve block,
tooth extractions, suturing, cavity filling, and root canal treatments. Such applica-
tions can remarkably enhance students’ techniques while also providing immediate
feedback on their procedure applications.

VR has found significant use, especially in skull and teeth simulation for anat-
omy and variations, surgery simulation, and dental implant education. It allows stu-
dents to gain experience through repeated virtual training and receive consistent
feedback. Al integration can further aid in providing direction and feedback
(Gandedkar et al. 2021; Saghiri et al. 2022; Eaton et al. 2008; Ferro et al. 2019;
Rhienmora et al. 2010; Dragan et al. 2020; Schleyer et al. 2012).

Augmented reality (AR): AR is a technology that superimposes digital content
onto the 3D real-world environment, increasing the user’s perception of reality. AR
technology detects the user’s actual physical environments using a camera and sen-
sors in a device like a smartphone or AR headset and overlays digital information
onto the view of the real world displayed on the device’s screen. This allows the user
to interact with both real and virtual elements of their surrounding environment.

In dental education, AR provides students with the ability to understand and
access content, displaying a 360° spatial surrounding of the real world. AR has been
used for various applications, including cavity preparation, surgical navigation, and
dental implant planning (Gandedkar et al. 2021; Saghiri et al. 2022; Eaton et al.
2008; Ferro et al. 2019; Rhienmora et al. 2010; Dragan et al. 2020; Schleyer et al.
2012; Mangano et al. 2023).

Mixed reality (MR): MR is a technology that blends components of both VR
and AR to produce a hybrid experience, combining virtual objects with the real
world in a seamless integration. In MR, virtual objects interact with the user’s
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physical environment, providing responses and interactions with real-world objects
that are different from AR, including visual, auditory, and haptic (the sense of touch)
interactions. For example, haptic technology simulates the feeling of vibration or
pressure in dental education. It allows tooth preparation and performing local anes-
thesia without a live patient, significantly improving the students’ learning experi-
ence (Gandedkar et al. 2021; Saghiri et al. 2022; Eaton et al. 2008; Ferro et al. 2019;
Rhienmora et al. 2010; Dragan et al. 2020; Schleyer et al. 2012).

Extended reality (XR): XR is an umbrella term covering all immersive tech-
nologies between the real world and the digital world, including VR, AR, and
MR. XR is designed to extend the user’s perception of reality by integrating the
virtual and real worlds. It offers a novel way of experiencing and interacting with
digital content, allowing users to manipulate and explore digital environments in a
more natural and intuitive way (Gandedkar et al. 2021; Saghiri et al. 2022; Eaton
et al. 2008; Ferro et al. 2019; Rhienmora et al. 2010; Dragan et al. 2020; Schleyer
etal. 2012).

Metaverse: The Metaverse is an advanced simulation technology that allows
users to interconnect with each other and a digital virtual environment. VR, AR,
MR, and XR technologies are collected in one large network within the Metaverse.
It imitates the natural world and can be utilized in dental education and telemedicine
consultations (Figs. 13.3 and 13.4). In addition to Al, blockchain technology and
smart contracts can be integrated to ease the use of the dental field in the Metaverse.
The combination of knowledge from various digital technologies transforms dental
education in a digital way, creating a synergy between students and instructors to
enhance learning (Locurcio 2022; Rhienmora et al. 2010; Dragan et al. 2020).

Al-supported dental education software: Al is a growing field in dentistry,
particularly in radiological disease detection and treatment planning. Al algorithms

b

Fig. 13.3 Dentaverse Metaverse University (Courtesy by Dentaverse.eth Ltd. company)
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Fig. 13.5 A training course from CranioCatch Dental Education software. (Green: Correct detec-
tion performed by the student, Red: Incorrect detection performed by the students, Yellow: Right
answers) (Courtesy of CranioCatch company)

can accurately segment anatomical structures and pathological changes, including
caries, periapical lesions, impacted teeth, and more (Schleyer et al. 2012; Mangano
et al. 2023).

Al-supported dental education software provides an Al-based platform that
allows educators to prepare courses or exams. Students can draw anatomical struc-
tures and pathologies on images, and the software can assess their accuracy using
Al algorithms. Instructors and students can instantly comment on the questions, and
the platform can automatically grade the students’ work (Figs. 13.5 and 13.6). This
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Fig. 13.6 A training course prepared by instructors and opened with instant comment tools from
CranioCatch Dental Education software. (Courtesy of CranioCatch company)

creates strong communication between students and instructors, allowing students
to improve their knowledge, experience, and self-confidence before clinical practice.

Al-Powered Practical/Clinical Education

Al is used to analyze patient data and create plans and simulations, providing tele-
monitoring of patients and improving patient care. In this way, Al can play a signifi-
cant role in clinical dental education.

Al-supported dental diagnosis and treatment planning software: Al can help
dentists assess dental radiographs, scans, and images, providing a second pair of
eyes for more accurate diagnoses and treatment plans. Al-supported clinical deci-
sion support system software can automatically identify dental problems that might
be missed due to fatigue, intense workload, or lack of experience, and offer views
about treatment planning. These software solutions provide more accurate diagno-
sis and treatment planning, contributing to enhancing the experience and knowledge
of dental students in clinical practice as well (Figs. 13.7 and 13.8).

Artificial Intelligence (Al) and Dental Education Curriculum

Due to the rapid change in technology, the integration of new technologies into
dental education is inevitable to train dentists equipped with twenty-first-century
skills. AI is one of these technologies changing the most of field affects in the
human-being, and it starts to shift paradigms in dentistry. When the scientific litera-
ture related to dental education and Al analysis, it was seen that dental students have
insufficient education and knowledge about Al. A study conducted by Yiizbasioglu
et al. (2021) evaluated the dental students’ knowledge and attitudes toward Al and
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Fig. 13.7 A case evaluated by CranioCatch Al-supported dental diagnosis and treatment planning
software (Courtesy by CranioCatch company)
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Fig. 13.8 A CBCT case automatically segmented by CranioCatch 3D.stl Al software (Courtesy
by CranioCatch company)

possible applications in dentistry. In this study, a total of 1103 students replied to the
survey with 21.69% response rate. About 48.40% of these students had basic infor-
mation about Al technologies, and 10.6% of them had no information about Al. Of
them, 85.70% thought that AT would revolutionize dentistry. Besides, 74.60% and
79.80% agreed that topics about Al should be included in undergraduate and post-
graduate dental education, respectively. They concluded that although students have
a lack of knowledge of Al, they wanted to enhance their knowledge and believed
that AI would have a valuable influence on dental practice in the future (Thurzo
et al. 2023). Another study conducted by Jeong et al. (2023) investigated Korean
dental hygiene, students’ perceptions, and attitudes toward Al, and purposed to
determine educational needs for strong professional qualification. In this survey 800
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(61.1%) dental hygiene students joined. Although participants stated lower confi-
dence in AI’s diagnosis (14.8%), they had positive beliefs in its usefulness and the
potential for improvement in dentistry. They suggested that the dental hygiene cur-
riculum strongly needs Al-related lectures in schools to prepare for the future
(Schwendicke et al. 2023).

Considering the rapid changes in technology, oral and dental healthcare is under-
going substantial transformations. Additionally, teaching and learning methodolo-
gies are also dramatically evolving. With all these developments and students’
demands, the necessity of changing the core curriculum of dental education and
integrating dental Al is becoming evident. It is estimated that the integration of Al
in clinical practice will provide numerous benefits in dentistry. Thus, Al literacy,
knowledge, and awareness among dentists and hygienists are of critical importance
to assess and consciously use Al tools in dental practice. By adapting Al into the
core dentistry curriculum in schools, dentists’ literacy, knowledge, and awareness
about Al can be increased (Gandedkar et al. 2021; Luckin et al. 2016; Ifenthaler and
Yau 2019; Thurzo et al. 2023; Schwendicke et al. 2023).

A new article published by Schwendicke et al. (2023) on behalf of IADR e-oral
health network and the ITU/WHO focus group Al for health, entitled “Artificial
intelligence for oral and dental healthcare: Core education curriculum,” identified
four main curricular domains:

. What Al is, and how it works for most medical applications?

. Where Al occurs in the oral and dental healthcare sector and what applications
are or will likely be available?

. How to evaluate medical and dental AI?

4. What further aspects dentists and oral healthcare providers should know

or assess?

DN —

(O8]

In this study, Schwendicke et al. aimed to define a core curriculum about Al for
undergraduate and postgraduate dental education programs. Al will significantly
impact dentistry, and it is essential for dentists and hygienists to be knowledgeable
about Al and its potential effects in dentistry. Therefore, there is a need for revising
the core dental curriculum and integrating Al into clinical and academic settings,
which should be considered by dental schools and institutions.

Challenges, Opportunities, and Future Directions of Al
and Related Technologies in Dental Education

Informatics technologies such as Al, VR, AR, MR, XR, Metaverse, and blockchain
are evolving rapidly, making it difficult to keep up. New products equipped with
these technologies are being launched for use by dental professionals and organiza-
tions on a daily basis. However, while technology progresses swiftly, the knowledge
and awareness of dental professionals about these technologies do not progress at
the same pace. This discrepancy arises from the difficulty of integrating these
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technologies into educational and clinical workflows due to their higher costs.
Nevertheless, it is expected that these barriers will be resolved over time as these
technologies become more affordable and accessible.

To bridge the gap, curriculum changes and the introduction of these technologies
in scientific congresses, symposiums, lectures, etc., will aid in familiarizing dental
professionals with these technological advancements. Dentistry is shifting toward
an evidence-based and data-driven approach in diagnosis and treatment planning,
which further promotes the use of digital technologies in dental education.

Al-based diagnostic tools, capable of interpreting radiographs, including 2D and
3D images, will be utilized in dental training. The combination of Al-supported
tools and simulation technologies and activities will enhance learning, understand-
ing, and self-confidence among dental students. Consequently, dentists trained with
twenty-first-century skills, utilizing Al and other advanced technologies, are likely
to replace traditional dentists in the near future.

References

Coskun S, Glingdr M. A comparative study of use of artificial intelligence in oral radiology educa-
tion. Eur Ann Dent Sci. 2023;50(1):41-6.

Dragan IF, Walji M, Vervoorn M, Quinn B, Johnson L, Davis J, Garcia LT, Valachovic RW. ADEA-
ADEE shaping the future of dental education III: the impact of scientific technologies and
discoveries on oral health globally. J Dent Educ. 2020;84(1):111-6.

Duman S, Celik Ozen D, Duman SB. Metaverse in paediatric dentistry. Eur Arch Paediatr Dent.
2022;23(4):655-6.

Eaton KA, Reynolds PA, Grayden SK, Wilson NH. A vision of dental education in the third mil-
lennium. Br Dent J. 2008;205(5):261-71.

Ferro AS, Nicholson K, Koka S. Innovative trends in implant dentistry training and education: a
narrative review. J Clin Med. 2019;8(10):1618.

Gandedkar NH, Wong MT, Darendeliler MA. Role of virtual reality (VR), augmented reality (AR)
and artificial intelligence (Al) in tertiary education and research of orthodontics: an insight.
Semin Orthod. 2021;27(2):69-77.

Gonzalez-Calatayud V, Prendes-Espinosa P, Roig-Vila R. Artificial intelligence for student assess-
ment: a systematic review. Appl Sci. 2021;11(12):5467.

Heo MS, Kim JE, Hwang JJ, Han SS, Kim JS, Yi WJ, Park IW. Artificial intelligence in
oral and maxillofacial radiology: what is currently possible? Dentomaxillofac Radiol.
2021;50(3):20200375.

Ifenthaler D, Yau JY-K. Higher education stakeholders’ views on learning analytics policy recom-
mendations for supporting study success. Int J Learn Anal Artific Intell Educ. 2019;1:28-42.

Islam NM, Laughter L, Sadid-Zadeh R, Smith C, Dolan TA, Crain G, Squarize CH. Adopting
artificial intelligence in dental education: a model for academic leadership and innovation. J
Dent Educ. 2022;86(11):1545-51.

Jeong H, Han SS, Kim KE, Park IS, Choi Y, Jeon KJ. Korean dental hygiene students’ perceptions
and attitudes toward artificial intelligence: an online survey. J Dent Educ. 2023;87(6):804—12.

Khanna SS, Dhaimade PA. Artificial intelligence: transforming dentistry today. Indian J Basic
Appl Med Res. 2017;6(3):161-7.

Locurcio LL. Dental education in the metaverse. Br Dent J. 2022;232(4):191.

Luckin R, Holmes W, Griffiths M, Forcier LB. Intelligence unleashed: an argument for Al in edu-
cation. London: Pearson Education; 2016.



234 I.S. Bayrakdar et al.

Mangano FG, Admakin O, Lerner H, Mangano C. Artificial intelligence and augmented reality for
guided implant surgery planning: a proof of concept. J Dent. 2023;133:104485.

Pedro6 F, Subosa M, Rivas A, Valverde P. Artificial intelligence in education: challenges and oppor-
tunities for sustainable development, UNESCO working papers on education policy. 2019.
Rhienmora P, Haddawy P, Khanal P, Suebnukarn S, Dailey MN. A virtual reality simulator for

teaching and evaluating dental procedures. Methods Inf Med. 2010;49(4):396—405.

Saghiri MA, Vakhnovetsky J, Nadershahi N. Scoping review of artificial intelligence and immer-
sive digital tools in dental education. J Dent Educ. 2022;86(6):736-50.

Schleyer TK, Thyvalikakath TP, Spallek H, Dziabiak MP, Johnson LA. From information
technology to informatics: the information revolution in dental education. J Dent Educ.
2012;76(1):142-53.

Schwendicke F, Samek W, Krois J. Artificial intelligence in dentistry: chances and challenges. J
Dent Res. 2020;99(7):769-74.

Schwendicke F, Chaurasia A, Wiegand T, Uribe SE, Fontana M, Akota I, Tryfonos O, Krois J,
IADR e-oral health network and the ITU/WHO focus group Al for health. Artificial intel-
ligence for oral and dental healthcare: core education curriculum. J Dent. 2023;128:104363.

Sharma D, Malik G, Koshy G, Sharma V. Artificial intelligence: need to reboot dental education.
Univ J Dent Sci. 2021;7(2):138-42.

Tadinada A, Gul G, Godwin L, Al Sakka Y, Crain G, Stanford CM, Johnson J. Utilizing an orga-
nizational development framework as a road map for creating a technology-driven agile cur-
riculum in predoctoral dental education. J Dent Educ. 2023;87(3):394—400.

Thurzo A, Strunga M, Urban R, Surovkova J, Afrashtehfar KI. Impact of artificial intelligence on
dental education: a review and guide for curriculum update. Educ Sci. 2023;13(2):150.

UNESCO. Beijing consensus on artificial intelligence and education, international confer-
ence on artificial intelligence and education, planning education in the Al era: lead the leap.
Beijing; 2019.

Yiizbasioglu E. Attitudes and perceptions of dental students towards artificial intelligence. J Dent
Educ. 2021;85(1):60-8.

Zheng L, He Z, Wei D, Keloth V, Fan JW, Lindemann L, Zhu X, Cimino JJ, Perl Y. A review
of auditing techniques for the unified medical language system. ] Am Med Inform Assoc.
2020;27(10):1625-38.



®

Check for
updates

Advantages, Disadvantages, 1 4
and Limitations of Al in Dental Health

Rohan Jagtap, Sevda Kurt Bayrakdar, and Kaan Orhan

Introduction

Artificial intelligence (Al) is a field of computer science that focuses on imitating
human intelligence (Krittanawong et al. 2017; Khanam et al. 2019). This technol-
ogy can think, learn, evaluate complex and multiple questions, and find solutions to
them (Holzinger et al. 2019; Miller and Brown 2018). It provides analysis capabili-
ties and a learning process by processing large datasets (Wang et al. 2019). Currently,
many Al applications such as Alexa and Siri are actively used to make daily life
easier (Koch 2018). In addition, Al is a promising candidate to pioneer radical
changes in various fields such as health, engineering, and science (Holzinger et al.
2019; Jordan and Mitchell 2015).

A rapid digitalization process has begun in all sub-branches of medicine with the
emergence of Al-supported systems, making it a hot topic in the medical field
(Wilhelm et al. 2020). Al is believed to have an innovative and revolutionary capac-
ity to bring about a “paradigm shift” in healthcare. In other words, it is thought that
this technology can have an effect similar to the significant changes in daily life
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caused by the invention of smartphones or motor vehicles in the field of health
(Koschmann 1996; Gore 2020).

Al can be utilized in various specialized tasks in dentistry, including diagnosis,
treatment planning, robotic treatment, patient information recording systems, tele-
dentistry, and dentistry education (Joda and Zitzmann 2022; Katne et al. 2019).
Overall, Al and augmented intelligence are preferred in the dental field to enable
more accurate, faster, and more efficient work, as well as to simplify and enhance
all dental-related processes (Roy et al. 2021; ADA 2022). However, along with their
rapid development, these systems have raised ethical concerns, risks, and legal
problems that are often associated with technological advancements (D’ Antonoli
2020; Keskinbora 2019; Guan 2019). This book chapter aims to systematically
present the advantages and disadvantages of these systems in the dental field. Thus,
it will enable dentists, academicians, and technology developers to better under-
stand these technologies, guide their development within the framework of general
ethical and social expectations, and engage in more comprehensive integrated plan-
ning while considering potential risks.

Advantages of Al in Dental Health

All technological advances arise from the search for solutions to needs or problems
and offer advantages such as improving existing functionality, accessibility, accu-
racy, or working speed (Rip and Kemp 1998). Al is an innovative technology in
dentistry and undoubtedly offers numerous advantages and benefits in the field,
both directly and indirectly (Ossowska et al. 2022; Kurup et al. 2020; Rizk 2023;
Tandon and Rajawat 2020). The following sections aim to discuss these advantages
with relevant examples.

Automatic operation: Al technologies enable the automation of various pro-
cesses in business operations, reducing the reliance on human operators (Abdalla-
Aslan et al. 2020; Kalappanavar et al. 2018; Grischke et al. 2020; Rong et al. 2020;
Verghese et al. 2018). In the field of health and dentistry, Al is used to create auto-
matic diagnosis/treatment planning systems, appointment reminder systems, patient
satisfaction evaluation systems, and treatment billing systems (AlMuhaideb et al.
2019; Miller 2012; Wang 2022; Alugubelli 2016). For instance, Lahoud et al. (2021)
reported that Al-supported systems can accurately perform tooth segmentation
automatically and at a speed 6-12 times faster than manual methods. Moreover,
these systems can be utilized to provide automated pre-reminders to healthcare pro-
viders regarding conditions such as systemic diseases and allergies, which have
been previously recorded in the patient registration system (Bhat et al. 2020). This
advantage can also be extended to dentistry education. For example, Al can auto-
matically score multiple-choice or short-answer questions and compare students’
responses in dental education (Yang et al. 2021).

Providing uninterrupted service: Al-supported machines and computer sys-
tems have the potential to enhance accessibility and continuity in the dental field
(Shuborna et al. 2021). Unlike humans, machines and computer systems do not
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require sleep or breaks, making them well suited for tasks that demand uninter-
rupted operation in dentistry (Bhbosale et al. 2020). Al-based personal assistant
support can be utilized at various stages, such as patient appointment requests
through phone or email, enabling patients to schedule appointments at any time of
the day (Srinivasan and Madheswari 2018). Additionally, patients can engage with
chatbots to receive advice for basic situations (FDI n.d.). In emergencies and other
critical situations, Al-based integrated systems facilitate easier access to patients’
medical records, medical history, or discharge summaries at any time of the day
(Mazzanti et al. 2018).

Increasing communication: Al technology facilitates diagnosis and treatment
planning by improving communication between healthcare professionals through
the development of intelligent patient information and consultation systems in the
medical and dental fields (Bindushree et al. 2020; Amisha et al. 2019; Mao and
Zhang 2021). Al systems offer advantages in communication with individuals with
disabilities through features such as speech recognition, natural language process-
ing, and computer vision (Gevarter 1984; Wah et al. 1993). These applications can
enhance the dental health service quality for disabled individuals. Additionally, Al
systems have the potential to address communication issues arising from language
incompatibility. Interlingual translation capabilities can be easily incorporated into
these systems, suggesting that they may serve as a solution for language barriers
between patients and healthcare providers in the future (Basu et al. 2020).

Increasing employee comfort: Al technology has the potential to eliminate
repetitive, tedious, and monotonous tasks, allowing human efforts to be utilized
more effectively (Ivanov and Webster 2017; Monterubbianesi et al. 2022). As a
result, it enhances the comfort and productivity of dentists, dental assistants, aca-
demics, and other dental professionals (Alauddin et al. 2021; Banerjee 2021).

Increasing reliability, efficiency, accuracy, and precision: It enables more
reliable, effective, and accurate decision-making (Ossowska et al. 2022; Bindushree
et al. 2020). It minimizes errors caused by human factors such as fatigue, intensity,
distraction, and lack of experience (Park et al. 2020; Schwalbe and Wahl 2020; Kurt
Bayrakdar et al. 2021). Additionally, it helps find more effective solutions to com-
plex problems in dental diagnosis (Kalappanavar et al. 2018). Numerous Al-based
studies in the field of dentistry demonstrate that these systems diagnose with higher
accuracy compared to decision-makers such as assistant physicians and dentistry
students (Ossowska et al. 2022; Khanagar et al. 2021a). For instance, Mertens et al.
(2021) reported that these systems improve dentists’ diagnostic accuracy and pro-
vide a more precise approach when deciding on invasive treatment for enamel-level
lesions. Similarly, in their study, Murata et al. (2019) demonstrated that Al exhibits
greater success in detecting maxillary sinus from panoramic radiographs compared
to dental residents. When the literature is examined, many studies support these
examples, further reinforcing the benefits of Al in dental diagnosis.

Standardization: Al algorithms developed with appropriate protocols, methods,
and guidelines offer standardized results and solutions (Tandon and Rajawat 2020;
Chen et al. 2020; Bansod and Pisulkar 2021). They provide access to more cali-
brated information in the acquisition of patient records. For instance, Carrillo-Perez
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et al. (2022) reported that AI models enabling full characterization of tooth color
can be developed for use in aesthetic dentistry applications, leading to more suc-
cessful tooth restorations with standardized color. These systems also enhance the
comparability and interpretability of patient records taken at different time inter-
vals. By enabling the utilization of data in academic studies within an objective and
consistent framework (Chen et al. 2020), Al facilitates the evaluation of large data-
sets in a fast and standardized manner, enabling comprehensive epidemiological
studies (Kalappanavar et al. 2018; Listl and Chiavegatto Filho 2021).

Monitoring and regular data recording: Al systems offer the advantage of
processing, interpreting, monitoring, and archiving raw data to provide more com-
prehensive information (Tandon and Rajawat 2020; Carrillo-Perez et al. 2022). For
instance, Al algorithms can analyze various diagnostic images used in dental prac-
tice, including oral pathology preparations, radiology images, and intraoral photo-
graphs (Schwalbe and Wahl 2020; Askar et al. 2021; Duong et al. 2021). These
systems enable the automatic detection of anatomical variations, dental diseases,
and pathologies within these images (Patil et al. 2022; Zhang et al. 2022). The
monitored and regularly recorded data of this nature can be easily utilized in various
areas such as clinical operations, academic processes, and educational stages within
dentistry.

Time planning and time-saving: Al allows for increased productivity within a
shorter timeframe (Ossowska et al. 2022; Tandon and Rajawat 2020; Khanna 2010).
It provides additional time-savings by assisting dentists in making faster decisions,
developing more ergonomic work plans, and addressing tasks that would otherwise
require significant human effort (Khanna 2010). This technology enables profes-
sionals to focus on essential and critical processes. Furthermore, by facilitating
early diagnosis, Al supports the prompt resolution of certain dental conditions that
may require complex and long-term treatment (Kalappanavar et al. 2018).
Additionally, it is widely recognized that Al systems are significantly faster than
humans when it comes to consolidating diagnostic data such as dental/medical his-
tory, intraoral photographs, and radiographic images (Khanna and Dhaimade 2017).

Analytical forecasting: Al systems possess comprehensive forecasting capabili-
ties (Awotunde et al. 2021; Agrawal and Nikhade 2022). They can easily analyze
situations that may be challenging for physicians to predict, such as identifying the
most suitable treatment method and determining the appropriate follow-up interval
(AlMuhaideb et al. 2019). Moreover, these systems can provide prognostic estima-
tions by considering various factors such as genetic characteristics, individual hab-
its, environmental effects, age, and gender, based on historical data (Khanna 2010;
Khanagar et al. 2021b). Certain studies in the literature demonstrate that Al systems
can accurately estimate patient gender and age solely by interpreting radiographs
(Balan et al. 2022; Batool and Gilanie 2023). This finding supports their reliable use
in fields like forensic dentistry, ultimately enabling personalized treatment plans
(Chen et al. 2020). This advantage enhances patient motivation and facilitates the
implementation of the most suitable treatment plan (Chen et al. 2020). Additionally,
Al systems can be easily utilized for simple analytical computational measure-
ments, such as determining the caries risk group for each patient and assessing the
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severity of periodontal disease, thereby improving routine diagnostic decision-
making (Alotaibi et al. 2022; Schwendicke et al. 2022; Fontana et al. 2020).

A more economical business plan: While the software development and updat-
ing phases can be costly (Tandon and Rajawat 2020; Bhat et al. 2020), Al systems
offer a more cost-effective long-term working plan (Abubaker Bagabir et al. 2022;
Taheri et al. 2022; Peng et al. 2020). They enable certain tasks to be performed in
less time and with fewer employees, resulting in reduced expenses (Morrison et al.
2022). Furthermore, with their advantages such as early diagnosis, accurate diagno-
sis, and prognostic estimation, Al systems facilitate informed decision-making
regarding the most suitable treatment, thus preventing unnecessary waste of time
and money. A study conducted on telemedicine screenings in the healthcare field in
China reported that Al-based result interpretation and grading can be achieved at a
significantly lower cost compared to manual techniques (Lin et al. 2023). Based on
this information, it can be inferred that these systems can be preferred in dental
research as well, as they are likely to be more cost-effective.

Risk reduction/elimination: Al systems offer the advantage of predictive capa-
bility, enabling the identification and mitigation of certain risks (Kurup et al. 2020;
Grischke et al. 2020). For instance, they reduce or eliminate the risk of misdiagnosis
when making treatment decisions (Tandon and Rajawat 2020; FDI n.d.; Chang et al.
2022). Moreover, Al systems provide an additional benefit in various calculations,
including financial calculations, as they operate with minimal errors. This makes
them suitable for tasks such as patient billing and financial calculations in clinical
and hospital management, delivering more reliable and accurate results compared to
manual methods (Wagner 2019; Bhatia et al. 2020).

The advantages of Al algorithms extend beyond clinical functionality. They also
elevate dental administrative work, technical services, and dental laboratory

Fig. 14.1 What kind of advantages do Al systems provide in the field of dentistry?
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Fig. 14.2 Summary: application of Al systems in dental health and their advantages/
disadvantages

processes to higher standards. Additionally, Al enhances the quality of academic
studies and improves the efficiency of educational processes (Figs. 14.1 and 14.2).
Undoubtedly, Al brings forth the advantages of emerging applications like teleden-
tistry and robotic technologies, which have gained popularity through its integra-
tion. As the routine use of Al systems in dentistry continues to expand, the benefits
they provide will become increasingly apparent, and innovations related to these
technologies will offer even more comprehensive advantages.

Disadvantages and Limitations of Al in Dental Health

In addition to the advantages and benefits of using Al in the dental and medical
fields, there are also certain disadvantages and limitations (Fig. 14.2). These can be
summarized as follows:

Need for big data access: Al systems rely on accessing and processing vast
amounts of data (Miller and Brown 2018; Bindushree et al. 2020). To make accurate
decisions, Al systems need to be developed considering all possibilities. For
instance, an Al system used as a decision support system in diagnosis should be
capable of detecting specialized and rare cases. This requires access to comprehen-
sive information and data archives for each scenario. Without sufficient data access,
the system may produce incorrect results in unexpected cases or situations it does
not recognize (Kurup et al. 2020). The need for big data presents challenges such as
data quality issues, standardization deficiencies, and the need to improve electronic
health records (Lee and Yoon 2017).
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System complexity and integration issues: Shifting from manual to digitalized
Al-powered systems can be complex initially (Tandon and Rajawat 2020; Bindushree
et al. 2020). Users of the technology require specific knowledge and skills, poten-
tially necessitating additional training (Grischke et al. 2020; Santos et al. 2021).
Integration problems may arise when incorporating Al systems with existing dental
devices and software, requiring the development of a modern technical infrastruc-
ture for seamless integration.

High cost and workload in algorithm development and updates: Developing
and implementing Al algorithms can be costly (Kurup et al. 2020; Tandon and
Rajawat 2020; Grischke et al. 2020; Bhat et al. 2020). The process requires trained
experts in technical infrastructure creation, hardware and software, data collection,
and data processing, thereby increasing costs (Bynagari 2015; Lemley et al. 2017).
Al systems are complex machines with high energy consumption, necessitating
compliance with the latest requirements and continuous updates, leading to addi-
tional financial expenses (Ben Ayed and Hanana 2021).

Need for a team and time: Algorithms yield successful results within their spe-
cific domains. Achieving near-perfect results requires extensive datasets, a large
team working in harmony, and time for algorithm development. It should be noted
that achieving full success may take many years (Kurup et al. 2020).

Lack of emotional communication: Effective communication and behavior
management skills, along with knowledge of patient psychology, are crucial for
healthcare professionals, including dental practitioners (Moore 2022; Yamalik
2005; Skaret and Soevdsnes 2005; Armfield and Heaton 2013). Al systems still lack
the ability to empathize, convey emotions, and engage in fluent communication to
address issues like patient anxiety and fear (Bhat et al. 2020). Similarly, in dental
education, these systems cannot replace trainers with excellent communica-
tion skills.

Subjective results and lack of causality: Biased or incomplete preparation of
datasets used in Al algorithms can result in subjective or biased outcomes (Tandon
and Rajawat 2020; Bhat e