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Preface

Artificial Intelligence (Al) is transforming healthcare by enabling faster, more
accurate, and data-driven clinical decision-making. In dentistry, particularly in Oral
Medicine and Oral Radiology, Al has become an invaluable tool for enhancing
diagnostic accuracy, interpreting radiographic images, detecting oral diseases at an
early stage, supporting treatment planning, and improving patient care. The
integration of machine learning, deep learning, and computer vision technologies is
reshaping traditional dental practices and paving the way for precision dentistry.

Artificial Intelligence in Oral Medicine and Radiology has been designed to provide
students, academicians, researchers, and dental practitioners with a comprehensive
introduction to the concepts, applications, and future potential of Al in dental
healthcare. The book begins with the fundamentals and evolution of artificial
intelligence, followed by its relevance to dentistry, core Al concepts, and the
development of Al-based radiograph annotation platforms. It further explores
predictive analytics, Al applications across dental specialties, annotation tools,
commercial Al solutions, and the latest advances in intelligent diagnostic systems.

In addition to technological developments, this book highlights the challenges,
limitations, ethical considerations, and regulatory aspects associated with the
implementation of Al in dentistry. It emphasizes the importance of responsible and
evidence-based adoption of Al technologies while recognizing that these systems are
intended to support—not replace — the clinical expertise of dental professionals.

It is hoped that this book will serve as a valuable reference for undergraduate and
postgraduate students, educators, researchers, and clinicians seeking to understand
the evolving role of artificial intelligence in Oral Medicine and Radiology. By
combining theoretical foundations with practical applications, this text aims to
contribute to the advancement of digital dentistry and inspire future innovations in
oral healthcare.
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Artificial Intelligence in Oral Medicine and Radiology

1 Introduction

The advent of digital technology and the exponential growth in computational power
over the past two decades have catalyzed a paradigm shift in biomedical sciences. At
the forefront of this revolution is Artificial Intelligence (Al), a field of computer
science dedicated to the creation of systems capable of performing tasks that
ordinarily require human intelligence. These tasks encompass perception, pattern
recognition, reasoning, learning, language understanding, decision-making, and
problem-solving — the cognitive capabilities that form the foundation of clinical
practice in medicine and dentistry. The rapid maturation of Al from a theoretical
concept to a practical clinical tool represents one of the most significant
developments in the history of healthcare. In dentistry and oral medicine, Al is
rapidly emerging as a powerful tool that promises to augment clinical decision-
making, enhance diagnostic accuracy, streamline administrative workflows, and
ultimately improve patient outcomes. The specialty of oral medicine and radiology,
with its emphasis on diagnostic imaging interpretation, pattern recognition in clinical
and radiographic presentations, and the integration of systemic and local disease
manifestations, is particularly well-positioned to benefit from Al augmentation. (1]

Oral medicine and radiology represent a domain particularly well-suited for Al
integration due to the inherently visual and pattern-recognition-intensive nature of
radiographic diagnosis. The discipline involves the interpretation of complex two-
dimensional and three-dimensional dental images, identification of subtle
pathological changes, correlation of radiographic findings with clinical
presentations, and the generation of differential diagnoses from multimodal data.
These tasks, while highly skilled, are associated with substantial inter-observer and
intra-observer variability, creating an opportunity for Al-assisted systems to
standardize diagnostic consistency. Studies have consistently demonstrated that
even experienced radiologists and clinicians show significant disagreement in the
interpretation of dental radiographs, particularly for subtle early-stage lesions. [2]

The global burden of oral disease is staggering. According to the World Health
Organization (WHO), oral diseases affect nearly 3.5 billion people worldwide, with
dental being the most prevalent non-communicable disease affecting 2.3 billion
people with permanent teeth caries.

Periodontal disease, in its severe form, affects approximately 19% of the global adult
population, representing more than one billion cases. Oral cancers, predominantly
oral squamous cell carcinoma, account for over 377,000 new cases and 177,000 deaths
annually worldwide. The scale of this burden, combined with chronic shortages of
dental specialists in most parts of the world, creates an urgent imperative for scalable,
accessible, and accurate diagnostic tools. Artificial intelligence has the potential to
address this gap by providing automated, reliable, and cost-effective diagnostic
support at scale [l. The intersection of Al and oral medicine is further facilitated by
the near-universal digitization of dental imaging. Digital radiography systems,
intraoral scanners, cone beam computed tomography (CBCT) units, and digital
clinical photography generate vast quantities of standardized, high-quality imaging
data in formats amenable to machine learning analysis.
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The establishment of electronic health records (EHR) in dental practice settings
further creates rich longitudinal patient data that can be leveraged for Al-powered
predictive analytics and clinical decision support. [4

This introductory chapter traces the definition and evolution of artificial intelligence
from its philosophical origins through successive technological revolutions to its
current state of clinical deployment. It reviews historical milestones in medical
imaging Al, elucidates the specific characteristics of dentistry and oral medicine that
make these fields particularly amenable to Al adoption, and outlines the
comprehensive objectives of Al integration in dental radiology as synthesized from
the global research literature.

2 Definition and Evolution of Artificial Intelligence

The intellectual roots of artificial intelligence can be traced to ancient philosophical
inquiries about the nature of mind, reasoning, and the possibility of mechanical
thought. However, the formal birth of Al as a scientific discipline is conventionally
dated to the summer of 1956, when John McCarthy, Marvin Minsky, Nathaniel
Rochester, and Claude Shannon organized the seminal Dartmouth Conference, at
which McCarthy coined the term 'Artificial Intelligence' and defined it as 'the science
and engineering of making intelligent machines.' This foundational definition has
been elaborated and refined over subsequent decades, but its essential insight — that
intelligence need not be confined to biological substrates — has guided the field's
development for nearly seven decades. P!

The historical arc of Al development is conventionally described as alternating 'Al
summers' and 'Al winters' — periods of intense optimism, rapid progress, and
generous funding alternating with disillusionment, disappointment, and funding
contraction. Understanding this oscillatory pattern is essential for contextualizing the
current Al revolution, assessing its sustainability, and avoiding the hype cycles that
have historically preceded Al winters. [l

2.1 First AI Summer (1956-1974): Rule-Based Systems and Early Optimism

The first AI summer was characterized by remarkable early achievements that
generated widespread optimism about the imminence of artificial general
intelligence. The Logic Theorist (1956), developed by Newell and Simon, proved 38
of the first 52 theorems in Whitehead and Russell's Principia Mathematica,
demonstrating that computational systems could perform mathematical reasoning.
The General Problem Solver (1957) implemented a means-ends analysis framework
intended to model human problem-solving. Early programs that played checkers,
learned from experience (Samuel, 1959), proved geometric theorems, and engaged in
limited natural language dialogue seemed to validate the Dartmouth Conference's
ambitious goals. []

However, the rule-based approach that dominated this period — in which human
expertise was painstakingly encoded as explicit logical rules — suffered from
fundamental limitations that became apparent as problems of greater complexity
were tackled.
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The combinatorial explosion of possible states in complex domains, the brittleness of
rule-based systems in the face of unanticipated inputs, and the difficulty of capturing
tacit human expertise in explicit rules all contributed to the first Al winter of the mid-
1970s: (8]

2.2 Expert Systems Era (1970s-1980s): Knowledge Engineering

The development of expert systems in the 1970s and 1980s represented the field's
most commercially successful early chapter. Expert systems encoded the knowledge
of domain specialists in structured rule bases and used inference engines to reason
about specific domains with some success. MYCIN (1972), developed at Stanford by
Shortliffe and colleagues, diagnosed bacterial blood infections and recommended
antibiotic therapies with accuracy comparable to infectious disease specialists.
DENDRAL (1965-1980) identified chemical structures from mass spectrometry data.
CADUCEUS diagnosed complex internal medicine conditions. INTERNIST-I
accumulated clinical knowledge covering over 500 diseases. In dentistry, early expert
systems were developed for oral diagnosis and treatment planning, though their
scope was limited. [

Despite their commercial success — expert systems represented a $1 billion industry
by the mid-1980s — their fundamental limitations became apparent: they were
expensive to build and maintain, unable to learn from new data, confined to narrowly
defined domains, incapable of handling uncertainty in a principled way, and unable
to adapt to changing environments. The second Al winter of the late 1980s followed
the collapse of the expert systems market- [10]

2.3 Statistical Machine Learning Era (1990s-2000s)

The resurgence of Al in the 1990s was driven by a fundamental methodological shift
from knowledge engineering (hand-coding expert rules) to data-driven machine
learning (learning patterns from data). Statistical machine learning algorithms —
support vector machines (SVMs), decision trees, random forests, Bayesian classifiers,
k-nearest neighbors, and artificial neural networks (ANNs) — provided more robust,
adaptable, and theoretically principled approaches to pattern recognition from data.
These methods could be trained from labeled examples without requiring explicit
rule specification, and many had well-understood theoretical properties including
generalization bounds. [11]

In medical imaging, statistical machine learning drove significant advances in
computer-aided detection (CAD) for mammography, lung nodule detection on CT,
and diabetic retinopathy screening. In dental applications, neural network-based
studies on caries detection in intraoral radiographs appeared in the 1990s,
establishing proof-of-concept for automated dental image analysis.

However, the performance of shallow machine learning methods was fundamentally
limited by the need for hand-crafted feature engineering — the requirement for
human experts to manually identify and extract relevant image features for the
algorithms to process. [2]
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2.4 The Deep Learning Revolution (2012-Present)

The current Al revolution, now over a decade in duration with no signs of the waning
enthusiasm that preceded previous Al winters, was ignited in 2012 when the AlexNet
convolutional neural network achieved a 15.3% error rate on the ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) — compared to 26.2% for the next-best
approach. The magnitude of this performance gap was unprecedented in the history
of competitive computer vision benchmarks, and its significance was immediately
grasped by the research community. Within two years, virtually every competitive
entry in the ILSVRC used deep convolutional architectures. [13]

The breakthrough of deep learning was enabled by the convergence of three enabling
factors: the availability of large labeled datasets (particularly ImageNet's 1.2 million
labeled images across 1,000 categories), the development of powerful parallel
computing hardware (NVIDIA GPUs providing orders-of-magnitude speedups over
CPU-based training), and algorithmic advances including the ReLU activation
function (Nair and Hinton, 2010), dropout regularization (Srivastava et al., 2014),
batch normalization (loffe and Szegedy, 2015), and residual connections (He et al,,
2016). These factors collectively made it practical to train neural networks with
dozens or hundreds of layers — deep networks that could learn hierarchical
representations of increasing abstraction directly from raw pixel data, without
human-designed feature extraction. [14]

‘The deep learning revolution rapidly spread from general computer vision to
medical imaging. In 2016, Gulshan et al. published a landmark study in JAMA
demonstrating that a deep learning algorithm detected diabetic retinopathy from
fundus photographs with sensitivity and specificity exceeding that of board-certified
ophthalmologists. In 2017, Esteva et al. demonstrated dermatologist-level accuracy
in classifying skin lesions from clinical photographs. Rajpurkar et al. (2017) showed
that a CNN exceeded average radiologist performance in detecting pneumonia from
chest radiographs. These demonstrations across multiple medical imaging specialties
established deep learning as a clinically viable diagnostic Al paradigm. [1°]

In dentistry, the adoption of deep learning followed rapidly. Tuzoff et al. (2019)
demonstrated automated tooth detection and numbering across all 32 teeth on
panoramic radiographs. Lee et al. (2018) applied CNNs to caries detection. Ekert et
al. (2019) achieved specialist-level performance in periapical lesion detection. The
subsequent five years saw an exponential increase in dental Al publications,
commercial Al product launches, and regulatory submissions, confirming the field's
transition from research curiosity to clinical reality- [¢]

2.5 Historical Milestones in Medical Imaging Al

The history of Al in medical imaging is characterized by a progressive expansion of
both technical capability and clinical application scope, from the narrow expert
systems of the 1960s to the comprehensive, multi-task deep learning platforms of the
2020s. Understanding this historical trajectory contextualizes current developments
and informs realistic expectations about the pace and nature of future progress. The
earliest computerized approaches to radiographic image analysis date to the 1960s.
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Lodwick and colleagues (1963) developed computerized methods for diagnosing
primary bone tumors from radiographs, establishing the foundational concept that
computational analysis of medical images could provide diagnostic insights. These
pioneering studies were necessarily rule-based and limited in scope, but they
established the intellectual precedent for computer-aided diagnosis (CAD) as a
clinically meaningful concept. [17]

The development of mammographic CAD systems in the 1980s and 1990s
represented the first sustained and commercially successful application of medical
imaging Al. Driven by the urgent clinical need for improved breast cancer detection
sensitivity in mass screening programs, researchers at the University of Chicago
(notably Giger, Jiang, Schmidt, and colleagues) developed a succession of
increasingly sophisticated CAD algorithms for detecting microcalcification clusters
and masses on mammograms. This work culminated in the FDA clearance in 1998 of
the first commercial CAD system for mammography (R2 Technology ImageChecker),
marking a historic milestone in the clinical deployment of medical imaging Al [8]

In dental radiology, automated analysis systems were developed in parallel with
general medical imaging Al, though the field attracted considerably less research
attention and commercial investment until the deep learning era. Notable early
contributions included neural network approaches to caries detection on bitewing
radiographs (Wenzel and Hintze, 1999), computerized analysis of periodontal bone
loss on bitewing radiographs, and early CAD systems for detecting periapical
changes on periapical radiographs. These studies established the technical feasibility
of automated dental image analysis but were limited by the performance ceiling of
shallow machine learning approaches: [1°]

The deep learning era has produced a dramatic acceleration in the scope and
performance of dental imaging Al Landmark studies include: Lee et al. (2018)
demonstrating CNN-based proximal caries detection on bitewing radiographs with
diagnostic accuracy comparable to experienced dental practitioners; Tuzoff et al.
(2019) achieving automated detection and labeling of 14 dental pathologies on
panoramic radiographs using a modified ResNet architecture; Ekert et al. (2019)
demonstrating that a deep learning system for periapical lesion detection achieved
92% sensitivity on periapical radiographs; Arik et al. (2017) developing a CNN for
automated cephalometric landmark detection with clinically acceptable accuracy;
and Hwang et al. (2020) demonstrating automated cephalometric analysis exceeding
human performance on several landmark detection tasks. [20]

The commercial translation of dental imaging Al research has also accelerated
dramatically since 2018, with multiple companies launching FDA-cleared Al
products for intraoral radiograph analysis (VideaHealth, Pearl, Overjet/ Carestream),
cephalometric analysis (Ceph X, WebCeph), CBCT segmentation (Diagnocat,
Anatomage InVivo, 3Disc Halo), and comprehensive oral health assessment. This
rapid commercial deployment validates the clinical readiness of current dental Al
technologies and signals the beginning of a fundamental transformation in how oral
radiography is practiced.
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3 Why Dentistry and Oral Medicine are Ideal Fields for AI Adoption

Several structural characteristics of dentistry and oral medicine make these
disciplines particularly amenable to Al integration, creating a convergence of clinical
need, data availability, and task suitability that positions dental Al as one of the most
promising applications of medical Al

3.1 Image-Centric Nature of Dental Diagnosis

Dental practice is fundamentally image-centric. The diagnosis and monitoring of the
vast majority of dental diseases relies heavily on radiographic imaging. Dental caries,
periodontal disease, periapical pathology, dentoalveolar infections, jaw tumors and
cysts, temporomandibular disorders, developmental anomalies, and craniofacial
trauma all require radiographic assessment for definitive diagnosis, treatment
planning, and outcome monitoring.

The availability of large volumes of dental radiographs in digital format — estimated
at hundreds of millions of images generated annually worldwide — provides the
massive data substrate necessary for training high-performance Al models. [?1]

3.1.1 Digital Standardization of Dental Imaging

The digitization of dental imaging is now near-universal in developed nations and
rapidly advancing in developing countries. Digital radiographic systems produce
standardized DICOM (Digital Imaging and Communications in Medicine) format
images with consistent resolution, dynamic range, bit depth, and metadata —
properties that facilitate the construction of large, homogeneous datasets for Al
training. The DICOM standard's embedded metadata (imaging parameters, patient
demographics, examination dates) further enriches Al training data with contextual
information. (2]

3.1.2 Well-Defined Visual Pattern Recognition Tasks

The radiographic interpretation tasks fundamental to dental diagnosis — recognition
of carious lesions, bone loss patterns, root morphology, pulp chamber anatomy,
periapical lucencies, and calcified structures — involve identification of well-
characterized visual patterns from defined anatomical regions.

These pattern recognition tasks are precisely the domain where deep learning excels,
and the radiographic appearances of dental diseases follow relatively consistent and
learnable visual signatures. In contrast to some medical imaging tasks that require
complex integration of clinical and imaging data, many dental Al tasks can be well-
defined as image analysis problems amenable to supervised learning. %3]

3.1.3 High Prevalence of Oral Disease Creates Large Datasets

The extraordinary prevalence of dental caries, periodontal disease, and other dental
conditions means that dental practices accumulate vast numbers of cases with
positive findings — a crucial advantage for Al training. Unlike rare cancers or
unusual systemic diseases where positive training examples are scarce, dental caries
is present in the majority of adults and can be identified on radiographs in enormous
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numbers. This abundance of positive training examples facilitates the development
of high-sensitivity detection algorithms without the severe class imbalance
challenges that constrain Al development in rare disease detection tasks. [24

3.1.4 Inter-Observer Variability Motivates Al Standardization

The substantial inter-observer and intra-observer variability documented in dental
radiographic interpretation creates a compelling clinical motivation for Al-assisted
standardization. Studies have consistently demonstrated significant disagreement
among experienced dental practitioners in the interpretation of dental radiographs,
particularly for early-stage lesions, borderline findings, and complex three-
dimensional anatomical assessments. Al systems that achieve consistent,
reproducible diagnostic outputs have the potential to reduce this variability and
improve the reliability of dental diagnosis at the population level. [

3.2 Objectives of Al Integration in Dental Radiology

The integration of artificial intelligence into dental radiology is driven by a
convergence of clinical, operational, and public health objectives that collectively
define the transformative potential of Al in the specialty. These objectives can be
organized across five principal domains, each representing a distinct dimension of
Al's potential contribution to oral healthcare.

3.2.1 Diagnostic Enhancement

The primary and most extensively studied objective of dental Al is improving the
accuracy, sensitivity, and reproducibility of radiographic diagnosis. Al systems can
detect lesions that may be missed by fatigued or distracted clinicians, standardize
diagnostic thresholds across practitioners and institutions, provide second-opinion
support particularly for cases at the periphery of clinical certainty, and quantify
lesion characteristics with precision that exceeds manual measurement. The goal is
not to replace clinical judgment but to augment it — providing a reliable, consistent
diagnostic baseline that supports clinician decision-making. [?]

3.2.2 Workflow Efficiency Optimization

Al-driven automation of time-consuming radiographic assessment tasks has the
potential to dramatically improve clinical workflow efficiency. Manual tasks such as
cephalometric landmark identification, alveolar bone level measurement, tooth
numbering, caries charting from bitewing radiographs, and structured radiological
report generation consume significant clinician time and are amenable to Al
automation. By automating these routine tasks, Al can redirect clinician cognitive
resources toward higher-complexity clinical reasoning and patient communication,
improving both efficiency and the quality of clinician-patient interaction. [27]

3.2.3 Early Disease Detection

Many oral diseases, including dental caries, periodontal disease, and oral cancer, can
be more effectively treated when detected at early stages. Al systems capable of
detecting incipient changes — pre-cavitated carious lesions, early periodontal bone
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resorption, subtle mucosal changes preceding dysplasia — before they become
clinically apparent have the potential to shift treatment from reactive to preventive
paradigms. The high sensitivity achievable by deep learning systems for subtle lesion
detection, when appropriately validated, may enable the identification of pathology
at stages where minimally invasive or preventive interventions are still effective. 28]

3.2.4 Personalized Treatment Planning and Precision Oral Medicine

The convergence of Al with large-scale patient data creates opportunities for
personalized treatment planning approaches that go far beyond what is achievable
through conventional clinical assessment. Al systems that integrate radiographic
imaging data, clinical examination findings, genetic profiles, microbiome
composition, salivary biomarkers, and longitudinal treatment history can generate
individualized risk predictions, treatment outcome forecasts, and optimized
treatment plans tailored to the unique biological and clinical profile of each patient.
This precision oral medicine approach represents the long-term vision for Al-
transformed dental care. %]

3.2.5 Equitable Access to Diagnostic Expertise

Perhaps the most socially impactful objective of dental Al is its potential to
democratize access to specialist-level diagnostic capabilities. In low- and middle-
income countries, specialist dental radiologists and oral medicine specialists are
extremely scarce relative to the population requiring dental diagnosis. Al-powered
tele-radiology platforms, mobile diagnostic tools, and automated screening systems
can extend specialist-level diagnostic accuracy to primary dental care settings,
community health programs, and remote populations, potentially reducing health
disparities in oral disease detection and management. (3]

3.3 Global Burden of Oral Disease and the Strategic Imperative for Al

The World Health Organization's Global Oral Health Status Report (2022) documents
the profound global burden of oral disease and its systemic health implications. Oral
conditions, collectively representing the most prevalent group of non-communicable
diseases, affect an estimated 3.5 billion people — nearly 45% of the world's
population — and were responsible for 13.5 billion Disability-Adjusted Life Years
(DALYs) globally in 2019. This burden falls disproportionately on low- and middle-
income countries and on socioeconomically disadvantaged populations within high-
income nations, reflecting the profound influence of social determinants of health on
oral health outcomes. [3!]

Dental caries in permanent teeth, the most prevalent of all diseases assessed in the
Global Burden of Disease study, affects 2.3 billion people and represents a major
source of pain, functional impairment, and school and work absenteeism globally.
Severe periodontitis, the sixth most prevalent condition globally, affects 19% of the
world's adult population. Edentulism (complete tooth loss), resulting from untreated
caries and periodontal disease, affects over 200 million people. These statistics
underscore the urgent need for scalable diagnostic innovations that can address the
gap between the scale of oral disease burden and the available dental workforce. 1321
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In India, the context of particular relevance for this dissertation, the oral health
burden is substantial. Caries prevalence in mixed dentition children reaches 49-51%,
while periodontal disease affects up to 90% of adults in various surveys. Oral cancer
incidence is among the highest in the world, with India accounting for approximately
one-third of global oral cancer cases, largely attributable to the widespread use of
tobacco, betel nut, and areca nut. The severe shortage of dental specialists relative to
India's 1.4 billion population creates a compelling strategic imperative for Al-assisted
oral diagnosis that can extend specialist capabilities across the country's vast
geographic expanse and diverse population. [33]

The WHO's global action plan on oral health 2023-2030 explicitly identifies digital
health technologies, including Al, as strategic enablers for achieving universal oral
health coverage. The plan calls for investment in Al-powered oral health screening
and diagnostic tools, particularly for low-resource settings, and for the development
of evidence-based guidelines for the deployment of digital health technologies in oral
healthcare. This international policy context lends further urgency and relevance to
the academic investigation of Al applications in oral medicine and radiology. [*4

4. Core Concepts of Artificial Intelligence

A thorough understanding of the conceptual and technical foundations of artificial
intelligence is prerequisite for appreciating its applications in oral medicine and
radiology, critically evaluating the research literature, and making informed
decisions about the deployment of Al tools in clinical practice. This chapter provides
a comprehensive overview of the principal Al paradigms most relevant to dental
imaging and clinical decision support. The exposition is designed to be accessible to
clinicians with limited computational backgrounds while providing sufficient
technical depth to enable meaningful engagement with the primary research
literature. Each subsection covers both theoretical foundations and specific
applications in dental radiology, contextualizing abstract computational concepts in
clinically meaningful terms.

4.1 The Hierarchy of Artificial Intelligence Paradigms

Artificial intelligence, in its broadest conception, encompasses any computational
approach to performing tasks that require human-like intelligence. Within this broad
field, machine learning (ML) represents the subfield concerned with algorithms that
enable computers to learn patterns from data, without being explicitly programmed
for each specific task. Deep learning (DL) is a further subfield of ML, specifically
concerning neural networks with many layers (deep architectures) that can learn
hierarchical representations from raw data. Understanding the hierarchical
relationship between these paradigms — Al encompasses ML, which encompasses
DL — is fundamental to understanding the Al literature in dentistry. 33

Traditional programming follows an explicit procedural paradigm: a human
programmer specifies the exact rules the computer should follow to accomplish a
task. Machine learning inverts this paradigm: instead of specifying rules, the
programmer specifies a learning algorithm and provides examples of the desired
input-output relationship, allowing the algorithm to discover the rules from data.
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This inversion from explicit programming to data-driven learning is the conceptual
foundation of modern Al and underlies its remarkable versatility across applications
as diverse as dental caries detection, natural language report generation, and surgical
robotics: [3¢]

Data Science

Artificial Intelligence

Machine Learning

Artificial

\ | Neural Networks ;_;i“‘

Figure 1; Artificial intelligence (Al) is a branch of data science that encompasses
both traditional programming and machine learning (ML). Within ML, a variety of
models and approaches exist, including artificial neural networks (ANN) and deep

learning (DL).2%

(Source- Choi RY, Coyner AS, Kalpathy-Cramer ], Chiang MF, Campbell JP.
Introduction to Machine Learning, Neural Networks, and Deep Learning. Transl
Vis Sci Technol. 2020 Feb 27:9(2):14.)

4.1.1 Types of Machine Learning

Supervised learning is the most widely applied ML paradigm in dental Al The
algorithm is trained on a labeled dataset — a collection of input-output pairs where
inputs are dental radiographs and outputs are diagnostic labels assigned by expert
clinicians — and learns to predict outputs for new, unseen inputs. Classification
(predicting discrete category labels, e.g., caries present/absent) and regression
(predicting continuous values, e.g., bone loss measurement in millimeters) are the
primary supervised learning tasks. The quality of a supervised model is directly
bounded by the quality and representativeness of its labeled training datal®l.
Unsupervised learning involves discovering hidden structure in unlabeled data.
Clustering algorithms (k-means, hierarchical clustering, density-based clustering)
group similar data points, enabling patient stratification and disease subtype
discovery without predefined categories. Dimensionality reduction methods
(Principal Component Analysis, t-SNE, UMAP) create lower-dimensional
representations of high-dimensional data for visualization and analysis.
Autoencoders learn compact latent representations of data and can be used for
anomaly detection — identifying radiographic images that differ substantially from
the training distribution, potentially flagging unusual pathological presentations[31.
Semi-supervised learning combines a small amount of labeled data with a large
amount of unlabeled data, exploiting the structure of the unlabeled data to improve
model performance.

10
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Given the high cost of expert dental radiograph annotation, semi-supervised
methods are particularly attractive for dental Al. Self-supervised learning, a recent
development in which models are trained on pretext tasks generated from unlabeled
data (e.g., predicting masked image patches), has enabled the pre-training of
powerful visual representations without manually labeled data. [38]

Reinforcement learning (RL) involves an agent learning through sequential
interaction with an environment, receiving reward signals for actions that advance
toward a goal. While less directly applied to dental image diagnosis, RL has been
explored in autonomous surgical robotics, adaptive treatment planning, and drug
discovery for oral diseases. RL-based approaches are particularly promising for
sequential clinical decision-making tasks where treatment strategies must adapt to
patient responses over time. [

4.1.2 Artificial Neural Networks: Architecture and Learning

Artificial Neural Networks (ANNSs) are the computational backbone of modern deep
learning Al systems. Loosely inspired by the biological neural architecture of the
brain, ANNs consist of interconnected computational units (artificial neurons)
organized in layers. Each neuron receives numerical inputs, computes a weighted
sum, applies a nonlinear activation function, and passes the output to the next layer.
The network learns by adjusting the synaptic weights connecting neurons based on
the discrepancy between predicted and target outputs 0. The mathematical
foundation of ANN training is the backpropagation algorithm (Rumelhart, Hinton,
Williams, 1986), which efficiently computes the gradient of the loss function with
respect to all network weights using the chain rule of differential calculus. These
gradients are used to update weights in the direction that reduces prediction error,
through the gradient descent optimization algorithm. Modern variants including
Adam (Adaptive Moment Estimation), RMSprop, and AdaGrad provide adaptive
learning rate schedules that substantially accelerate convergence compared to vanilla
gradient descent. [41]

Activation functions introduce non-linearity into neural networks, enabling them to
learn complex, non-linear mappings between inputs and outputs. The Rectified
Linear Unit (ReLU, f(x) = max (0, x)), introduced to deep learning by Nair and Hinton
(2010), has become the default activation function in deep networks due to its
computational efficiency, biological plausibility, and mitigation of the vanishing
gradient problem that plagued earlier sigmoid and tanh activations in deep
networks. Variants including Leaky ReLU, ELU, GELU, and Swish have been
developed to address ReLU's limitation of producing dead neuronsl#l.
Regularization techniques are essential in deep learning to prevent overfitting — the
tendency of complex models to memorize training data rather than learning
generalizable patterns. Key regularization methods include L1 and L2 weight decay
(penalizing large weights), dropout (randomly deactivating neurons during training,
introduced by Srivastava et al, 2014), batch normalization (normalizing layer
activations across the batch to stabilize and accelerate training, loffe and Szegedy,
2015), and data augmentation (artificially expanding the training dataset through
transformations). (43!
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4.1.3 Deep Learning: Depth and Representational Power

The defining feature of deep learning is the use of neural networks with many hidden
layers (typically 10-1000+ layers), enabling the learning of hierarchical
representations of increasing abstraction. In the context of visual processing — highly
relevant to dental radiograph analysis — the hierarchical representations learned by
deep networks have been extensively analyzed and found to mirror the hierarchical
organization of the visual cortex: early layers detect local features (edges, textures,
intensity gradients), intermediate layers detect structural patterns (shapes,
anatomical boundaries), and later layers detect high-level semantic concepts
(pathological lesion patterns, anatomical structures). [4]

The practical utility of deep learning was unlocked by the convergence of three
enabling factors. First, the availability of large labeled datasets enabled by
digitization: ImageNet (1.2 million images), Google Open Images (9 million images),
and medical imaging datasets including CheXpert (224,316 chest radiographs) and
Openl (7,470 chest radiographs with reports) provided the training data substrate for
powerful visual models.

Second, GPU computing: the parallel architecture of graphics processing units
(GPUs), originally developed for video game rendering, proved ideally suited for the
massively parallel matrix operations underlying deep learning, providing 50-100%
speedups over CPU-based training. Third, algorithmic innovations including ReLU,
dropout, batch normalization, and residual connections enabled the training of
networks far deeper than previously feasiblel*3l.

In the context of dental Al, deep learning provides several critical advantages over
shallow machine learning approaches: (1) automatic feature learning eliminates the
need for hand-crafted dental-specific image features, which required considerable
domain expertise and were often suboptimal; (2) end-to-end learning optimizes all
feature extraction and classification stages jointly, rather than separately optimizing
feature extractor and classifier; (3) scalability with data enables continuous
performance improvements as more training data becomes available; and (4) transfer
learning from large natural image datasets provides strong initialization for dental
image models even when dental-specific training data is limited. [4]

4.2 Convolutional Neural Networks (CNNs) for Dental Image Analysis
4.2.1 Convolutional Layer Operation

Convolutional Neural Networks (CNNs) are a specialized class of deep neural
networks architecturally optimized for processing data with grid-like topology —
including digital images. The defining operation of a CNN is the convolution: a set
of learnable filters (small matrices, typically 3x3 or 5x5) slide across the spatial
dimensions of the input image, computing element-wise products at each position
and summing to produce a scalar output. When a filter is applied to every position
in the input, it produces a feature map representing the spatial distribution of a
specific pattern that filter has learned to detect. By stacking multiple filters per layer,
CNNs generate multi-channel feature maps encoding diverse visual patterns at each
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spatial scalel*’l. The computational efficiency of CNNs arises from weight sharing:
the same filter weights are applied across all spatial positions in the input (shared
weights), dramatically reducing the number of learnable parameters compared to
fully connected networks applied to images. A 224x224 image analyzed by fully
connected layers would require over 150,000 parameters per neuron; a CNN with
3x3 filters requires only 9 parameters per filter per layer, shared across the entire
image. This parameter efficiency enables CNNs to process high-resolution dental
radiographs with manageable computational cost. [46]

4.2.2 Landmark CNN Architectures in Dental Al

The evolution of CNN architectures has been the primary driver of progress in
medical and dental imaging Al. AlexNet (Krizhevsky et al., 2012), with 8 weighted
layers and ReLU activations, initiated the deep learning revolution. VGGNet
(Simonyan and Zisserman, 2014), using only 3x3 convolutional filters in networks up
to 19 layers deep, demonstrated that depth was a critical architectural component of
CNN performance. GoogLeNet/Inception (Szegedy et al, 2014) introduced the
inception module — parallel convolutions with multiple filter sizes — enabling
efficient deep networks*l. ResNet (He et al., 2016) introduced the residual
connection — a shortcut path that adds the input of a residual block directly to its
output — enabling the training of extremely deep networks (up to 1000 layers) by
providing gradients a direct path during backpropagation, mitigating the vanishing
gradient problem. ResNet architectures (ResNet-50, ResNet-101, ResNet-152,
ResNeXt) have become the dominant backbone for dental imaging Al and are used
in the majority of published dental Al studies.

DenseNet (Huang et al, 2017) extended the residual connection concept by
connecting each layer to all subsequent layers, further improving gradient flow and
feature reuselV. EfficientNet (Tan and Le, 2019) introduced neural architecture
search and compound scaling — simultaneously scaling network width, depth, and
resolution — to achieve superior accuracy-efficiency tradeoffs across a family of
models (EfficientNet-BO through B7). EfficientNet-B4 and B5 have demonstrated
particularly strong transfer learning performance on medical imaging tasks
including dental radiograph analysis. Vision Transformer (ViT, Dosovitskiy et al.,
2021) replaced convolutional operations with transformer self-attention mechanisms,
achieving state-of-the-art performance on large-scale image recognition and
demonstrating the potential of attention-based architectures for medical image
analysis. P!l

4.2.3 Object Detection Architectures

Object detection — identifying the location and category of multiple objects within
an image — is a critical capability for dental Al systems that must detect and localize
specific pathological findings within complex dental radiographs containing
multiple teeth, supporting structures, and potential pathologies. The major object
detection paradigms used in dental Al include: B2 Region-based CNNs (R-CNN
family): R-CNN (Girshick et al., 2014), Fast R-CNN (Girshick, 2015), and Faster R-
CNN (Ren et al., 2015) use region proposal networks to generate candidate object
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regions, which are then classified and refined. Faster R-CNN provides the best
accuracy among the R-CNN family and has been applied to multi-pathology
detection on panoramic radiographs. RetinaNet, which addresses class imbalance
with focal loss, achieves high accuracy for detecting small or rare objects such as
early-stage carious lesions.
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Figure 2: object detection in R-CNN with algorithm flow.?10

(Source- An ], Zhang D, Xu K, Wang D. An OpenCL-Based FPGA Accelerator for
Faster R-CNN. Entropy (Basel). 2022 Sep 23,;24(10):1346)

Single-stage detectors: YOLO (You Only Look Once, Redmon et al., 2016-2023)
reformulates object detection as a single regression problem, directly predicting
bounding boxes and class probabilities from the full image in a single forward pass,
achieving real-time detection speeds. YOLOv5, YOLOVS, and their variants are
widely used in dental Al for real-time applications such as chairside caries detection
and interactive CBCT segmentation. SSD (Single Shot MultiBox Detector, Liu et al.,
2016) provides a good balance between speed and accuracy for multi-scale detection
tasks. 53

4.3 Segmentation Architectures for Dental Imaging

Semantic segmentation — assigning a class label to every pixel in an image — is
essential for dental Al applications requiring precise boundary delineation such as
tooth segmentation, periapical lesion boundary definition, and alveolar bone level
measurement. U-Net (Ronneberger et al., 2015) introduced the encoder-decoder
architecture with skip connections that has become the dominant paradigm for
biomedical image segmentation. The encoder progressively downsamples the image
while extracting features, and the decoder upsamples back to the original resolution
while incorporating skip-connected features from the encoder, enabling both precise
localization and contextual understanding 4. U-Net++ (Zhou et al., 2018) introduced
anested U-Net architecture with dense skip connections that improves segmentation
accuracy on dental structures with varied scales and textures. Attention U-Net
(Oktay et al., 2018) incorporates spatial attention gates that focus the network on
relevant anatomical regions, reducing false positives from non-dental background
structures. TransUNet (Chen et al., 2021) integrates transformer self-attention into
the U-Net framework, combining global context modeling with local precision for
dental structure segmentation. For 3D CBCT volume segmentation, 3D-UNet extends
the U-Net paradigm to volumetric data, enabling voxel-level segmentation of jaw
bones, individual teeth, and nerve canals. 159
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4.3.1 Recurrent Neural Networks and Long Short-Term Memory Networks

Recurrent Neural Networks (RNNs) are neural network architectures designed to
process sequential data by maintaining a hidden state that accumulates information
across time steps, effectively giving the network memory of previous inputs. In
dental Al contexts, RNNs are relevant for processing temporal sequences such as
longitudinal radiographic data series, sequential clinical examination records, time-
series salivary biomarker data, and structured clinical reports. [5
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(Source- Kanjanasurat I, Tenghongsakul K, Purahong B, Lasakul A. CNN-RNN
Network Integration for the Diagnosis of COVID-19 Using Chest X-ray and CT
Images. Sensors (Basel). 2023 Jan 25;23(3):1356.)

Standard RNNs suffer from the vanishing gradient problem — the difficulty of
learning dependencies between temporally distant events during backpropagation
through time — which limits their ability to capture long-range dependencies in
sequences. Long Short-Term Memory networks (LSTMs, Hochreiter and
Schmidhuber, 1997) address this limitation through a gating mechanism consisting
of input, forget, and output gates that regulate information flow through a cell state,
enabling the network to maintain and access information over long temporal spans.
B7. In dental AI, LSTM-based approaches have been applied to: predicting
periodontal disease progression from longitudinal clinical attachment level and
radiographic bone loss sequences; modeling patient treatment adherence trajectories
for personalized recall interval prediction; processing longitudinal CBCT imaging
sequences in orthodontic treatment monitoring; and extracting structured clinical
information from sequential dental examination records in electronic health records.
Bidirectional LSTM architectures, which process sequences in both forward and
backward directions, achieve better performance for tasks requiring both prior and
future context. 58
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4.3.2 Generative Adversarial Networks (GANSs) in Dental Imaging

Generative Adversarial Networks (Goodfellow et al., 2014) consist of two competing
neural networks: a generator that learns to produce synthetic data samples
resembling real data, and a discriminator that learns to distinguish real from
synthetic samples. These networks are trained adversarially: the generator attempts
to fool the discriminator, while the discriminator attempts to detect generated
samples. The iterative adversarial training drives both networks to improve,
ultimately producing a generator capable of synthesizing highly realistic data. [
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Figure 4: Generator and Discriminator networks images.?

(Source- Waqas M, Hasan S, Ghori AF, Alfaraj A, Faheemuddin M, Khurshid Z.
Synthetic Orthopantomography Image Generation Using Generative Adversarial
Networks for Data Augmentation. Int Dent ]. 2025 Dec;75(6):103878.)

In dental imaging Al, GANs have been applied to several important problems. First,
data augmentation: GANs trained on dental radiograph datasets can synthesize
realistic artificial radiographs with specific pathological features, augmenting limited
training datasets for rare pathologies such as ameloblastoma, odontogenic
keratocyst, and early-stage oral cancer. Second, image-to-image translation:
conditional GANSs (pix2pix, CycleGAN) can translate between imaging modalities —
for example, synthesizing CBCT volumes from panoramic radiographs, or
generating dental radiograph images from segmentation masks — enabling data
augmentation across modalities. Third, image enhancement: GAN-based super-
resolution and denoising networks can improve the quality of low-dose dental
radiographs, enabling dose reduction without proportional image quality
degradation/®l. The StyleGAN architecture has been applied to generate
photorealistic synthetic oral mucosal lesion images, providing a mechanism for
augmenting limited oral cancer training datasets. Diffusion models, the most recent
generation of generative models (DALL-E 2, Stable Diffusion, Imagen), are beginning
to be applied to medical image synthesis and show promise for generating diverse,
high-quality synthetic dental imaging data with controlled pathological features,
potentially transforming the data augmentation landscape for dental Al [61]
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Source- Waqas M, Hasan S, Ghori AF, Alfaraj A, Faheemuddin M, Khurshid Z.
Synthetic Orthopantomography Image Generation Using Generative Adversarial
Networks for Data Augmentation. Int Dent J. 2025 Dec;75(6):103878.

4.3.3 Vision Transformers and Attention Mechanisms

The transformer architecture (Vaswani et al., 2017), originally developed for natural
language processing, has emerged as a powerful alternative to CNNs for visual
recognition tasks through the development of Vision Transformers (ViT, Dosovitskiy
et al., 2021). Unlike CNNs which process local image regions through fixed-size
convolutional filters, ViT divides images into fixed-size patches, linearly embeds
each patch, and processes the patch sequence through transformer self-attention
layers that compute relationships between all pairs of patches regardless of spatial
distance. [62]

The self-attention mechanism enables transformers to model global long-range
dependencies between distant image regions from the first layer, in contrast to CNNs
which build up receptive field size through successive convolutional and pooling
layers. For dental radiograph analysis, this global context modeling capability is
advantageous for tasks requiring integration of information from spatially
distributed anatomical landmarks — particularly cephalometric analysis, panoramic
radiograph interpretation, and whole-jaw CBCT assessment. Dental Transformer
models combining the local feature extraction of CNNs with the global attention of
transformers (hybrid architectures) have demonstrated superior performance on
several dental Al benchmarks. [63]

4.4 Natural Language Processing (NLP) in Dental Records and Reporting
4.4.1 Evolution of NLP for Clinical Text

Natural Language Processing (NLP) encompasses the computational methods for
enabling machines to understand, analyze, and generate human language. The
clinical significance of NLP in dentistry derives from the enormous volume of
unstructured textual information generated in dental practice — clinical notes,
patient histories, examination records, operative reports, radiological reports,
prescription records, referral letters, and patient communication — much of which is
never systematically analyzed due to its unstructured form. NLP provides the tools
to transform this textual information into structured, analyzable data that can
support clinical research, quality improvement, and decision support. (¢4
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The current state of the art in clinical NLP is represented by large pre-trained
language models built on the transformer architecture. BERT (Bidirectional Encoder
Representations from Transformers, Devlin et al.,, 2018) introduced bidirectional
language model pre-training on massive text corpora, enabling remarkably versatile
representations of clinical language. ClinicalBERT and BioBERT are BERT variants
pre-trained specifically on clinical notes and biomedical literature respectively,
achieving superior performance on clinical NLP tasks. GPT-4 and similar large
language models (LLMs) demonstrate remarkable capability in clinical text
generation, summarization, question answering, and diagnostic reasoning. [¢°]

4.4.2 NLP Applications in Oral Medicine and Radiology

Automated Radiological Report Generation represents a particularly impactful NLP
application in oral medicine and radiology. Al systems that analyze dental
radiographs and generate structured, clinically formatted reports combine computer
vision (for image analysis) with natural language generation (for report text
production). Such systems can automatically produce findings sections covering
tooth inventory, detected pathologies, severity assessments, and diagnostic
impressions — dramatically reducing report turnaround time and ensuring
consistent terminology across practitioners. [6¢]

Clinical Information Extraction from dental records enables retrospective research at
scale. NLP algorithms trained on clinical note text can automatically identify:
diagnoses (ICD codes from free-text descriptions), procedures performed,
medications prescribed, allergies and contraindications, patient-reported symptoms
and chief complaints, and treatment outcomes. This structured extraction from
unstructured notes enables epidemiological analyses, treatment outcome studies,
and quality improvement audits that would be impractical through manual record
review. [¢7]

Symptom-Based Triage and Clinical Decision Support represents an emerging
application of NLP in dental practice management. Conversational Al systems
(chatbots powered by large language models) can conduct pre-appointment
symptom assessment, triage urgent presentations such as dental abscesses and
trauma, screen for oral cancer risk factors, and collect structured medical histories
before the clinical encounter — improving appointment efficiency and enabling
better clinical preparation.

Al-powered clinical decision support tools that analyze the full semantic content of
patient records can alert clinicians to potential drug interactions, contraindications,
and clinical red flags that might be missed in busy practice environments. %3]

4.4.3 Explainable AI (XAI): From Black Box to Transparent Diagnostics

The clinical deployment of Al diagnostic systems is fundamentally constrained not
only by their performance accuracy but also by the intelligibility of their reasoning to
the clinicians who must act upon their outputs. Modern deep learning models, while
often highly accurate, make predictions through complex non-linear transformations
across hundreds of millions of parameters that are intrinsically opaque to human
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interpretation — the 'black box' problem that represents one of the most significant
barriers to clinical Al adoption and regulatory acceptance. Explainable Al (XAI)
addresses this challenge through methods that provide human-interpretable insights
into how Al systems reach their conclusions.[®]

4.5 The Clinical Importance of XAI in Dentistry

In clinical dental practice, the ability to understand and verify Al diagnostic
reasoning is essential for multiple reasons. First, clinicians need to assess whether Al
predictions are based on clinically relevant radiographic features or spurious
correlations in the training data. Second, patients have an ethical right to understand
the basis for clinical decisions that affect their care, including decisions supported by
Al Third, regulatory bodies require evidence that Al diagnostic systems are making
clinically appropriate inferences. Fourth, the detection of Al failure modes —
situations where the Al has learned incorrect features or exhibits unexpected
behavior — requires interpretability tools that can reveal what the model has actually
learned.?”]

4.5.1 Gradient-Weighted Class Activation Mapping (Grad-CAM)

Grad-CAM (Selvaraju et al.,, 2017) is the most widely used XAI visualization
technique in medical imaging Al, including dental Al. Grad-CAM computes the
gradients of the target class score with respect to the feature maps of the last
convolutional layer, weights the feature maps by the globally-averaged gradients,
and produces a heat map that highlights the image regions most influential for the
model's prediction. When overlaid on the original dental radiograph, the Grad-CAM
heat map provides a visual explanation of which radiographic regions drove the Al's
diagnosis.["
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In dental Al clinical studies, Grad-CAM visualizations have been used to verify that
CNN models for caries detection attend to the correct tooth regions (enamel and
dentin of the crown), that models for periapical lesion detection focus on the
periapical region of tooth roots, and that models for bone loss detection attend to the
alveolar bone crest and CEJ region. Studies have also used Grad-CAM to identify
cases where models attend to irrelevant regions — for example, imaging artifacts or
adjacent anatomical structures — providing insights into model failure modes that
inform dataset curation and model improvement.[”]

4.5.2 SHAP and Feature Attribution Methods

SHAP (SHapley Additive exPlanations, Lundberg and Lee, 2017) is a model-agnostic
XAI framework that assigns each input feature a Shapley value — derived from
cooperative game theory — representing that feature's contribution to a specific
prediction, averaged across all possible orderings of feature inclusion. SHAP values
provide consistent, theoretically grounded feature importance attributions for any
machine learning model.

In dental Al applications using tabular clinical data (e.g., periodontal risk prediction
models with clinical input features), SHAP provides interpretable explanation of
which clinical parameters most strongly influence individual risk predictions,
enabling clinician understanding and trust in Al recommendations.[7?]

4.5.3 Uncertainty Quantification

Beyond explaining the basis for predictions, XAI in clinical Al also encompasses
uncertainty quantification — providing calibrated confidence estimates that
communicate when an Al model is operating outside its reliable range. Bayesian deep
learning approaches (Monte Carlo dropout, deep ensembles, Bayesian neural
networks) provide principled uncertainty estimates that distinguish between
aleatoric uncertainty (inherent ambiguity in the input data, such as genuinely
ambiguous radiographic findings) and epistemic uncertainty (model uncertainty
from limited training data or out-of-distribution inputs). Al systems that
communicate high uncertainty can flag cases for mandatory clinician review,
operating as intelligent screening tools that focus clinical attention on genuinely
challenging cases while providing confident automated assessment for clear-cut
presentations.[”3

5 Step-By-Step Development of an Al Radiograph Annotation Platform

The development of an Al-powered radiographic annotation and diagnostic platform
is a complex, multidisciplinary endeavor requiring coordinated expertise across oral
medicine and radiology, data science, software engineering, biomedical informatics,
clinical research methodology, regulatory compliance, and ethics.

Unlike the development of conventional clinical diagnostic algorithms — which
typically follow established statistical frameworks — Al platform development
requires iterative, data-driven cycles of model training, evaluation, and refinement
that demand specialized expertise and infrastructure.
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The framework presented in this chapter integrates methodological guidance from
multiple authoritative sources: the CRISP-DM (Cross-Industry Standard Process for
Data Mining) framework for data science project management; MLOps (Machine
Learning Operations) principles for production Al system deployment and lifecycle
management; the FDA's Predetermined Change Control Plan (PCCP) framework for
continuously learning medical Al; WHO guidance on Al for health; EQUATOR
reporting guidelines for clinical prediction model studies (TRIPOD+AI, CLAIM); and
the growing body of best-practice literature from dental AI research groups
worldwide. The ten-step framework provides a comprehensive, actionable guide for
oral medicine and radiology departments seeking to develop and deploy
institutional Al diagnostic tools.

Step 1: Problem Identification and Clinical Specification

The foundation of any successful Al development project is a precisely and
comprehensively defined clinical problem. Problem identification is not merely a
preliminary step but a critical determinant of the entire development trajectory — the
choice of clinical problem defines the data requirements, annotation protocols, model
architecture, performance metrics, deployment target, and clinical validation
strategy. Vague, poorly constrained, or clinically irrelevant problem statements lead
to technically sophisticated but practically useless Al systems.[74]

A. Clinical Needs Assessment

A structured clinical needs assessment should be conducted through several
complementary approaches.

o First, a systematic review of the dental Al literature identifies which clinical
problems have already been addressed, what performance levels have been
achieved, and where performance gaps or unmet clinical needs remain.

e Second, formal interviews with practicing oral medicine and radiology
specialists and referring clinicians identify the diagnostic tasks where Al
assistance would provide greatest clinical value.

e Third, analysis of institutional diagnostic error patterns — including cases
flagged for second opinion, cases with delayed diagnosis, and cases with
significant inter-clinician disagreement — identifies the specific failure
modes in current clinical practice that Al could address. Fourth, workflow
analysis quantifies the time spent on specific diagnostic tasks, identifying
opportunities for Al-driven efficiency improvement.

B. Task Definition and Formalization

The identified clinical problem must be formalized as a specific, measurable machine
learning task. This formalization requires: specification of the input data type
(intraoral bitewing radiographs, OPG, CBCT, clinical photographs, or multimodal
combinations); specification of the output type (binary or multi-class classification
label, bounding box coordinates, pixel-level segmentation mask, continuous
measurement, or survival probability); definition of the target patient population,
imaging modality, and clinical setting for deployment; specification of the gold
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standard against which model performance will be evaluated (expert radiologist
consensus, histopathological diagnosis, clinical follow-up); and definition of
clinically acceptable performance thresholds (minimum sensitivity and specificity,
maximum false positive rate).l”!

A critical decision in problem specification is the intended role of the Al system in
the clinical workflow. The FDA recognizes a spectrum from computer-aided
detection (CAD) tools that flag potential findings for mandatory clinician review, to
clinical decision support systems (CDSS) that provide recommendations while
preserving clinician autonomy, to autonomous Al diagnostic systems that make
diagnostic decisions without clinician review. The intended use specification has
major implications for regulatory strategy, liability, and clinical validation
requirements. For initial dental Al deployments, a CAD or CDSS role — Al as a
second opinion or quality check — is generally the most clinically appropriate and
regulatorily straightforward approach.[¢l

Step 2: Data Acquisition — Building a Dental AI Dataset

The performance of any machine learning model is fundamentally bounded by the
quality, quantity, and representativeness of its training data. The maxim 'garbage in,
garbage out' applies with particular force to clinical Al, where training data quality
directly determines diagnostic performance in deployment. Building a high-quality
dental imaging dataset is typically the most resource-intensive step in Al platform
development, requiring sustained collaboration between clinical and technical teams
over months to years.[??

A. Imaging Modalities and Technical Requirements

The principal digital imaging modalities used in dental Al dataset construction are
intraoral periapical (IOPA) radiographs, bitewing radiographs, panoramic
(orthopantomographic, OPG) radiographs, and cone beam computed tomography
(CBCT) volumes. Each modality has distinct technical properties, clinical
applications, and Al task suitabilities that must be considered in dataset planning.
Intraoral radiographs (IOPA and bitewings) offer the highest spatial resolution
(typically 10-20-line pairs/mm for digital sensors), making them optimal for
detecting small-scale pathologies such as early interproximal caries (as small as 1-2
mm), early periapical bone changes, root resorption, and fine endodontic anatomy.
The standardized geometric projection geometry of intraoral radiographs
(particularly with film/sensor holders and beam alignment devices) facilitates the
development of Al models with strong generalization.[””]

Panoramic radiographs provide a comprehensive overview of the entire dentition,
alveolar bone, temporomandibular joints, maxillary sinuses, and surrounding
structures in a single image, making them suitable for Al systems targeting
simultaneous detection of multiple pathologies across the full dental arch. The
inherent geometric distortion and superimposition of structures in panoramic
radiography presents a challenging imaging environment for Al but one where the
ability to process the full dental complement simultaneously provides unique
capabilities not available from intraoral radiographs alone.[®!
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CBCT provides isotropic three-dimensional volumetric imaging with spatial
resolution approaching intraoral radiography, enabling visualization of structures in
any orientation without projection superimposition. Al analysis of CBCT data is
more computationally demanding due to the three-dimensional nature of the data
and the large volume size (typically 400-4000 slices per volume), but enables
detection of pathologies invisible on two-dimensional projections, precise volumetric
measurements, and three-dimensional anatomical model generation.[”’]

B. Dataset Size Requirements

Determining the minimum dataset size required to train a high-performance dental
Al model is a complex statistical problem that depends on multiple interacting
factors: the complexity of the clinical task, the number of output classes, the degree
of within-class variability, the architecture employed, the use of transfer learning,
and the required performance level. Practical guidelines from the dental Al literature
suggest: for binary classification tasks with ImageNet transfer learning, 500-2,000
labeled examples per class may be sufficient to achieve performance competitive with
specialist clinicians; for multi-class detection tasks (>5 classes) with moderate within-
class variability, 3,000-10,000 labeled examples per class are typically required; for
dense segmentation tasks or de novo training without transfer learning, 50,000+
labeled images may be needed for high performance®. Dataset diversity is at least
as important as size for model generalization. A dataset of 5,000 radiographs from a
single institution using a single imaging system will typically produce a model with
poor generalization to other settings. Diverse datasets spanning multiple institutions,
imaging systems, patient demographics, disease severities, and acquisition
parameters produce models with substantially better generalization — even when
the total dataset size is smaller. Planning for dataset diversity from the outset,
through multi-institutional collaboration or systematic equipment-diverse collection
protocols, is a critical element of dataset strategy. 8!l

C. Data Sources and Collection Strategies

Retrospective mining of institutional PACS repositories is the most efficient initial
data collection strategy. Institutional PACS systems containing digital dental
radiographs accumulated over years of clinical practice can provide tens to hundreds
of thousands of radiographs with demographic information and prior clinical
diagnoses. Systematic queries using ICD-10 diagnosis codes, procedure codes, or
clinical keywords can identify radiographs associated with specific diagnoses for
inclusion in condition-specific training datasets. However, retrospective PACS
mining typically yields unbalanced datasets with over-representation of common
findings and under-representation of rare pathologies, necessitating targeted
supplemental collection82. Multi-institutional data sharing through collaborative
research consortia represents the most impactful strategy for assembling large,
diverse datasets. The federated dental AI model — in which multiple institutions
agree to share annotated datasets under a common data governance framework —
has been successfully implemented in several regions, including the European Dental
Al Research Consortium and multi-institutional collaborations among Indian dental
schools.
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Data use agreements specifying permissible uses, access controls, attribution
requirements, and data retention limits must govern all inter-institutional data
sharing. Public dental imaging datasets, while more limited than in other medical
imaging domains, are growing in availability. The Tufts Dental Database (1,000
panoramic radiographs with periapical annotations), the DENTEX dataset from the
MICCAI 2023 challenge (panoramic radiographs with multi-pathology annotations),
and various institution-specific datasets shared through academic repositories
(Zenodo, Figshare, PhysioNet, Harvard Dataverse) provide accessible starting points
for dental Al research. Competitive machine learning challenges (Kaggle, Grand
Challenge) provide curated, well-annotated dental imaging benchmarks that
facilitate fair comparison of Al methods.3]

Step 3: Ethical Clearance and Regulatory Compliance

Any Al development project involving patient-derived data requires comprehensive
ethical oversight and regulatory clearance before data collection or use. This is not
merely a regulatory formality but a fundamental ethical obligation arising from the
use of sensitive personal health information for research purposes. The ethical
clearance process provides a structured framework for ensuring that the research
benefits justify the privacy and other risks to participants, that data are collected and
used with appropriate consent and safeguards, and that the research adheres to the
highest standards of scientific integrity.

A. Ethics Committee Submission

The research protocol must be submitted to the institutional ethics committee
(Institutional Review Board, IRB, or equivalent) for prospective review and approval
before any data collection or use begins. The protocol submission must include: the
scientific rationale and objectives of the research; detailed description of data sources,
types, and collection methods; patient eligibility criteria and recruitment procedures;
informed consent procedures and consent form; data anonymization and de-
identification methods; data storage, security, and access control measures; data
retention and destruction plan; risk-benefit assessment; and procedures for handling
participant queries and withdrawals.[84

In India, the ethics committee requirements for Al research using patient data are
governed by the ICMR National Ethical Guidelines for Biomedical and Health
Research Involving Human Participants (2017) and applicable institutional policies.
Research classified as involving no more than minimal risk (e.g., retrospective
analysis of de-identified radiographic data) may qualify for expedited review, while
prospective studies involving identifiable patient data require full committee review.
Approval from the ethics committee must be obtained and documented before data
collection begins.

B. Informed Consent Principles

For prospective dental Al data collection studies involving patient radiographs and
clinical data, written informed consent must be obtained from each participating
patient before data collection.
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The consent form must be written in the patient's language and at an appropriate
literacy level, and must disclose: the purpose and nature of the research, including
how Al will be developed from the data; the specific types of data to be collected,
stored, and analyzed; the anonymization measures applied and residual re-
identification risks; the identity of all parties who will have access to the data; the
voluntary nature of participation and right to withdraw without consequence; the
absence of direct clinical benefit to the participant from study participation; and
contact information for the research team and ethics committee. 5]

C. DICOM Anonymization and De-identification

Dental DICOM images contain embedded patient-identifiable metadata including
patient name, patient ID, date of birth, sex, institution name, date of examination,
and operator name — any of which could enable re-identification of de-identified
records. Rigorous DICOM anonymization is essential before sharing or using patient
imaging data for Al development. The HIPAA Safe Harbor method requires removal
of 18 specific patient identifiers; the Expert Determination method uses statistical
verification that re-identification risk is sufficiently low.[]
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Figure 7: Anonymization for pixel data in DICOM images.?'*

(Source- Silva JM, Pinho E, Monteiro E, Silva JF, Costa C. Controlled searching in
reversibly de-identified medical imaging archives. | Biomed Inform. 2018 Jan;77:81-
90.)

Specialized DICOM anonymization tools (CTP — RSNA Clinical Trials Processor,
dcm4che DICOM Toolkit, Orthanc DICOM server with anonymization plugins, and
PyDicom for Python-based batch processing) automate the anonymization of large
DICOM datasets with documented audit trails. The anonymization process must be
verified by testing a sample of anonymized images to confirm the absence of
identifying metadata. Pixels containing burned-in patient information (some older
imaging systems embed patient data directly in image pixels) require additional
pixel-level anonymization.
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Step 4: Annotation Process — Creating Ground Truth Labels

Annotation — the systematic labeling of dental radiographs with ground truth
diagnostic information — is simultaneously the most scientifically consequential and
most practically challenging step in dental Al development. The clinical validity and
diagnostic performance of an Al system are directly determined by the quality and
accuracy of the annotations it learns from. An Al system trained on inaccurate,
inconsistent, or poorly specified annotations will learn inaccurate and inconsistent
diagnostic patterns — regardless of the sophistication of its architecture or the scale
of its training.[87]

A. Annotation Taxonomy Design

The design of a comprehensive annotation taxonomy — the structured classification
scheme defining what is labeled and how — requires careful collaboration between
oral medicine and radiology experts and Al developers. The taxonomy must balance
clinical comprehensiveness (covering all diagnostically relevant findings) with
practical annotability (being clear enough that annotators can apply labels
consistently without ambiguity). The International Caries Detection and Assessment
System (ICDAS), WHO periodontal staging criteria (Stage I-1V, Grade A-C), and
WHO oral mucosal disease classification provide internationally standardized
clinical frameworks that can anchor dental Al annotation taxonomies in established
diagnostic standards.[88]

B. Annotation Types in Dental AI

Image-level classification labels are the simplest annotation type, consisting of binary
(pathology present/absent) or multi-class labels assigned to the entire image. While
quick to produce, image-level labels provide no spatial localization information and
are insufficient for training detection or segmentation models. They are appropriate
for image-level triage tasks such as 'does this panoramic radiograph contain any
pathology requiring immediate clinical attention?'[$]

Bounding box annotations specify the location and class of individual pathological
findings through rectangular boxes drawn around each finding. Bounding boxes are
the standard annotation format for training object detection models and provide a
good balance between annotation efficiency and spatial specificity. For dental Al
bounding boxes are appropriate for caries localization, periapical lesion detection,
calculus detection, and impacted tooth identification tasks. Polygon and freehand
segmentation masks delineate the precise pixel-level boundaries of pathological
findings or anatomical structures. Polygon annotations follow the irregular contour
of the object with a series of connected vertices; freehand annotations are drawn
directly on the image. Segmentation annotations require substantially more
annotator time than bounding boxes (typically 5-15 minutes per complex lesion vs.
10-30 seconds per bounding box) but enable training of precise segmentation models
essential for volumetric lesion measurement, tooth morphology analysis, and
boundary-sensitive diagnostic tasks®?l. Landmark keypoint annotations specify the
precise pixel coordinates of anatomical reference points.
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The primary dental Al application is cephalometric landmark identification on lateral
cephalometric radiographs, where 19-80 standard landmarks (Sella, Nasion,
Orbitale, Porion, ANS, PNS, A-point, B-point, Pogonion, Menton, and others) must
be precisely localized for skeletal analysis. Dental landmark annotations are also used
for root apex localization in endodontic planning and condylar morphology analysis
in TMD assessment.

C. Multi-Expert Annotation Consensus Protocols

The inherent subjectivity of radiographic interpretation necessitates multi-expert
annotation with structured consensus protocols for dental Al dataset development.
Best practice requires independent annotation by a minimum of two (preferably
three to five) qualified oral radiologists or experienced dental specialists per image,
followed by a formal consensus resolution process for discordant annotations!®!l. The
consensus resolution process may follow several approaches. Simple majority voting
— accepting the annotation agreed by the majority of annotators — is appropriate for
clear-cut findings with binary outcomes. Consensus adjudication — convening
annotators to discuss discordant cases and arrive at a consensus judgment —
provides richer ground truth through structured expert deliberation. Soft labeling —
representing the ground truth as a probability distribution over possible labels
reflecting annotator disagreement — preserves uncertainty information that may
improve model calibration.
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Cases with persistent irresolvable disagreement (exceeding a pre-defined maximum
disagreement threshold) may be excluded from the dataset or retained with flagged
uncertainty labels that prevent them from contributing to binary performance
metrics.[?]

Step 5: Data Preprocessing Pipeline

Raw dental radiographic images from clinical acquisition require systematic
preprocessing to normalize technical variability, optimize data properties for
machine learning, and implement data augmentation strategies that improve model
generalization. A well-designed preprocessing pipeline ensures that image
characteristics that reflect variation in imaging equipment, technique, and processing
algorithms — rather than clinically meaningful biological variability — do not
degrade model performance.[*]

A. Image Normalization Techniques

Pixel intensity normalization standardizes the statistical properties of image
intensities across the training dataset, compensating for differences in exposure
factors, detector sensitivity, and post-processing algorithms across imaging systems
and institutions. Min-max normalization scales pixel values to the range [0, 1]; Z-
score normalization centers values at mean 0 with unit standard deviation; percentile
normalization is more robust to outlier pixel values. Per-channel normalization is
applied for multi-channel inputs to equalize channel statistics[®!l. Histogram-based
contrast enhancement techniques improve the visibility of subtle radiographic
features relevant to Al diagnosis. Contrast-Limited Adaptive Histogram
Equalization (CLAHE) enhances local contrast while limiting noise amplification
through adaptive tile-based processing, improving the visibility of incipient carious
lesions and subtle periodontal bone changes that are the most diagnostically
challenging targets for dental Al. Unsharp masking and Laplacian of Gaussian
filtering can enhance edge definition at periodontal bone crest and caries margin
boundaries.

B. Data Augmentation Strategies

Data augmentation artificially expands the effective training dataset size by applying
random transformations to training images, creating modified versions that preserve
the diagnostic label while introducing the variability the model will encounter in
deployment. Standard augmentation for dental radiographs includes geometric
transformations (random horizontal flip, random rotation +15°, random translation
+10%, random scaling +20%, random shear), photometric perturbations (random
brightness/contrast adjustment, random gamma correction, random Gaussian noise,
random salt-and-pepper noise), and spatial augmentation (random cropping and
resizing, grid distortion)®). Advanced augmentation strategies including MixUp
(linearly interpolating between pairs of training images and their labels), CutMix
(replacing rectangular regions of one image with regions from another), AugMax
(adversarial augmentation maximizing model uncertainty), and AutoAugment
(learning data-specific augmentation policies from validation performance) have
demonstrated further improvements in dental Al model generalization.
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For severely imbalanced dental datasets, class-balanced sampling or synthetic
minority oversampling using GAN-generated images can address the imbalance
between abundant negative examples and rare positive cases.[%!

Step 6: Model Selection and Architecture Design

Model selection involves systematically evaluating alternative Al architectures and
training strategies against the specific requirements of the clinical task, available
dataset characteristics, computational resources, and deployment constraints. There
is no universally optimal architecture for all dental Al tasks; the selection must be
tailored to the specific problem.

Transfer Learning Strategy Selection

Transfer learning — initializing a model's weights from a pre-trained network, rather
than random initialization — is the dominant and strongly recommended training
paradigm for dental Al given the typically limited size of dental-specific training
datasets. Three transfer learning strategies of increasing data intensity are applicable:
Feature extraction freezes all pre-trained layers and trains only the new task-specific
head; Fine-tuning unfreezes the later layers of the pre-trained network and trains
them jointly with the new head at a reduced learning rate; Full fine-tuning updates
all weights but requires substantially more training data. ImageNet pre-training (on
1.2M+ natural images) provides strong initialization for dental image models;
additional pre-training on medical imaging datasets (CheXNet chest radiographs,
RadImageNet, BioViL) may provide better initialization for dental tasks.[?4

Step 7: Training and Validation Methodology

Model training involves optimizing the model's parameters (weights and biases) to
minimize a task-specific loss function on the training dataset, while continuously
monitoring generalization performance on a held-out validation set to guide
hyperparameter selection and prevent overfitting. The training methodology has
major implications for final model performance and must be carefully designed.’]

A. Dataset Splitting Strategy

The annotated dataset must be divided into non-overlapping training, validation,
and test partitions. The training set (typically 60-75% of data) provides examples for
weight optimization. The validation set (typically 10-20%) provides unbiased
performance estimates for hyperparameter tuning and early stopping. The test set
(typically 10-20%) is held out from all training and tuning decisions, providing the
final unbiased performance estimate reported in publications and regulatory
submissions!®l. Patient-level splitting — ensuring that all images from a single
patient appear in only one partition — is critically important for preventing data
leakage through correlated images. Splitting at the image level rather than the patient
level allows multiple images from the same patient to appear in different partitions,
artificially inflating performance estimates by allowing the model to 'remember'
patient-specific features. Stratified splitting maintains class proportions across
partitions, ensuring balanced representation of positive findings.
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Cross-validation provides more statistically robust performance estimates on small
datasets by using all data for both training and evaluation across multiple folds.

B. Loss Functions for Medical Al

The choice of loss function is a critical hyperparameter that directly shapes the
diagnostic characteristics of the trained model. Binary cross-entropy loss is the
standard for binary classification. Focal loss (Lin et al., 2017) reduces the relative
contribution of easy negative examples during training, addressing severe class
imbalance by focusing learning on hard-to-classify cases. For segmentation tasks,
Dice loss (Milletari et al., 2016) directly optimizes the Dice similarity coefficient — a
clinically relevant segmentation quality metric — and is more robust to class
imbalance than binary cross-entropy. Combined Dice + cross-entropy losses are
commonly used for dental segmentation tasks. %l

Step 8: Testing and Performance Evaluation

Rigorous evaluation on an independent test set is the cornerstone of credible dental
Al research. Evaluation must go beyond reporting a single accuracy figure and must
employ the full set of performance metrics relevant to the clinical application,
together with appropriate statistical analysis of confidence intervals, and comparison
with clinician performance using reader study designs.[*]

Metric Formula Clinical Relevance
Sensitivity
(Recall)

Specificity TN / (TN + FP)

Critical for screening — measures

ability to detect true disease

Critical for avoiding false alarms

and unnecessary treatment

PPV TP / (TP + FP) Proportion of Al positives that are

(Precision) true positives

NPV TN / (TN + FN) Proportior} of Al negatives that are
true negatives

Overall discrimination  ability,

threshold-independent

TP / (TP + FN)

AUC-ROC Area under ROC curve

Harmonic mean — wuseful for
F1-Score 2x(PPVxSens)/ (PPV+Sens) imbalanced datasets
Dice Segmentation quality metric —
Coefficient ZIANBL/(IA[+]BI) pixel-level overlap
Mean AP Mean over IoU thresholds Object  detection performance
(mAP) standard

Reader study comparison designs, in which the Al system is directly compared to a
reference group of clinical readers (dental specialists) on the same test set under
standardized reading conditions, provide the most clinically meaningful validation
of Al diagnostic utility. The reader study should include readers spanning a range of
experience levels (specialists, practitioners, trainees) and reading conditions (time-
pressured vs. unlimited, with and without Al assistance) to characterize the Al
system's performance comprehensively.
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Step 9: Deployment Architecture and Clinical Integration

Deployment of a validated Al model into clinical practice requires careful attention
to the technical, organizational, and human factors that determine whether a
technically excellent model achieves real-world clinical impact or fails to integrate
into existing workflows.

The history of clinical decision support tools is replete with technically capable
systems that failed to achieve adoption due to poor clinical integration, suboptimal
user interface design, or inadequate change management.[100]

Technical Deployment Options

Cloud-based deployment hosts the Al inference engine on remote servers accessed
through a web API. Dental practices upload DICOM images to the platform, which
returns Al-generated annotations and reports. This architecture offers scalability,
ease of updates, and no local computational infrastructure requirements, but
introduces internet latency, requires reliable connectivity, and necessitates cloud data
processing compliance including data residency considerations and Business
Associate Agreements under HIPAA. Leading dental Al cloud platforms
(VideaHealth, Pearl, Diagnocat, Overjet) use this deployment model. PACS-
integrated deployment integrates the AI model directly into the institution's dental
PACS as a software plugin or secondary capture workstation.

Radiographs are automatically routed through Al analysis upon acquisition, and Al-
annotated images appear alongside original images in the radiologist's reading
workstation. DICOM Structured Reporting (SR) standards enable standardized
embedding of Al findings in DICOM format. This seamless integration minimizes
workflow disruption for clinicians but requires DICOM connectivity testing, IT
infrastructure coordination, and system validation.

Edge deployment runs optimized Al models locally on dedicated hardware (GPU
workstations, edge Al accelerators, embedded dental unit processors), processing
images without cloud transmission. Model compression techniques including
quantization (reducing weight precision from float32 to int8), pruning (removing
low-magnitude weights), and knowledge distillation (training a small student model
to mimic a large teacher model) enable powerful Al models to run efficiently on edge
hardware, maintaining performance while reducing model size by 10-100x.

Step 10: Continuous Learning and Model Governance

The deployment of an AI model into clinical practice marks not the end of
development but the beginning of a continuous cycle of monitoring, evaluation, and
improvement. Al model performance is not static — it may degrade as the clinical
environment changes (new imaging equipment, protocol changes, patient
population shifts, new disease variants) or improve as additional training data
becomes available from deployment-time clinical operations. A robust continuous
learning framework ensures that deployed Al systems maintain and progressively
improve their performance while maintaining safety and regulatory compliance[101],
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Performance monitoring involves systematically tracking the Al system's diagnostic
outputs against clinical ground truth (determined through standard clinical follow-
up and treatment outcomes) and computing ongoing performance metrics including
sensitivity, specificity, and AUC on rolling time windows. Statistical process control
methods (CUSUM, EWMA charts) can detect performance drift earlier than
retrospective analysis. Active learning selection algorithms identify the most
informative deployment-time cases — those where the Al expresses highest
uncertainty or where Al predictions diverge from clinician assessments — for
priority expert annotation and model retraining.

Model governance encompasses the organizational processes ensuring responsible
management of deployed Al systems: version control and documentation of all
model iterations, formal change management processes for model updates, rollback
procedures for cases where updated models exhibit unexpected behavior, audit trails
of Al-assisted decisions for medicolegal accountability, and regular scheduled model
revalidation against current performance benchmarks. Clear assignment of
responsibility for model governance to designated roles within the clinical institution
ensures sustained accountability.

6 Al in Oral Medicine and Radiology

The scope of Al applications in Oral Medicine and Radiology is extraordinarily
broad, spanning the full continuum from radiographic image acquisition and
enhancement through automated multi-pathology diagnosis, three-dimensional
reconstruction, surgical planning, treatment outcome prediction, oral cancer
screening, and administrative workflow optimization.

6.1 Radiographic Diagnostics
6.1.1 Al as a Second Opinion and Diagnostic Enhancer-Dental Caries Detection

Dental caries remains the most prevalent non-communicable disease globally and
one of the most extensively investigated targets for dental Al The detection of
interproximal carious lesions on bitewing radiographs is particularly well-suited for
Al automation for several reasons: carious lesions produce characteristic radiolucent
patterns with learnable visual signatures; bitewing radiographs follow standardized
geometric projections amenable to systematic analysis; the task is clinically important
but subject to substantial inter-clinician variability; and large volumes of clinically
annotated bitewing radiographs are available through institutional PACS mining[102l.
The evolution of Al-based caries detection has paralleled the broader development
of dental Al Early neural network-based studies in the 1990s and 2000s
demonstrated proof-of-concept but were limited by performance ceilings of shallow
architectures. The transition to deep learning-based approaches from 2016 onwards
produced substantial performance improvements. A landmark study by
Schwendicke et al. (2019) trained a modified ResNet-50 architecture on 3,000
bitewing radiographs annotated by three expert oral radiologists and achieved
sensitivity of 0.83 and specificity of 0.91 for proximal caries detection — statistically
comparable to the performance of experienced dental practitioners on the same test
set.[103]
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A comprehensive systematic review and meta-analysis by Moussa et al. (2020),
analyzing 14 deep learning studies of caries detection, reported pooled sensitivity of
0.75 (95% CI: 0.66-0.82) and AUC of 0.87 (95% CI: 0.82-0.91) for deep learning-based
radiographic caries detection. A subsequent systematic review by Bayrakdar et al.
(2022) covering 21 studies reported improved pooled estimates with newer
architectures (ResNet, DenseNet, EfficientNet), with mean sensitivity of 0.82 and
AUC of 0.91, reflecting ongoing rapid performance improvements in the field.[204

Beyond binary caries detection, Al systems have been developed to stratify caries
severity by depth of invasion — distinguishing enamel caries (E1/E2), outer dentin
caries (D1), and inner dentin/pulpal caries (D2/D3) per ICDAS classification.
Accurate staging of caries depth is clinically essential for treatment planning: enamel
caries may be managed non-operatively, outer dentinal caries by minimally invasive
restorative intervention, and inner dentinal or pulpal caries by more invasive
restoration or endodontic treatment. A multi-class CNN model by Zhu et al. (2022)
distinguished enamel from dentinal caries staging with 87.3% accuracy on a test set
of 1,580 radiographs.[10]

The integration of Al caries detection into the clinical dental operatory is now a
commercial reality. Multiple FDA-cleared products (Overjet/Carestream,
VideaHealth/Second.Opinion, Pearl Practice Intelligence, Denti.Al) provide real-
time bitewing and periapical radiograph analysis with color-coded caries detection
overlays displayed on chairside monitors. Clinical implementation studies have
demonstrated that dentist-Al collaboration achieves higher caries detection
sensitivity than either dentists or Al alone — a phenomenon of human-Al
complementarity that has been consistently observed across clinical Al
implementations in multiple specialties.[10]

6.1.2 Periapical Pathology Identification

Periapical periodontitis, the most prevalent endodontic pathology, manifests
radiographically as periapical radiolucency — a characteristic pattern of trabecular
bone rarefaction around the root apex resulting from inflammatory resorption.
Accurate detection of periapical lesions on intraoral and panoramic radiographs is
essential for endodontic treatment planning, post-treatment outcome assessment,
and implant site evaluation. Despite the characteristic radiographic appearance of
established periapical lesions, the detection of early or healing lesions is subject to
significant inter-clinician variability.[107]

The deep learning literature on periapical pathology detection demonstrates
consistently high performance. Ekert et al. (2019) developed a ResNet-based classifier
trained on 21,000 periapical radiographs (the largest training dataset in dental Al at
the time of publication) and achieved sensitivity of 0.92 and specificity of 0.79 on an
independent test set of 3,000 periapical radiographs — outperforming dental
practitioners with 2-5 years of clinical experience. Lee et al. (2021) demonstrated that
a deep learning system achieved AUC of 0.96 for periapical lesion detection on
panoramic radiographs, a technically more challenging task due to geometric
distortion and anatomical superimposition.[10]
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Al-assisted periapical lesion detection on CBCT volumes, while less extensively
studied than 2D radiographic Al due to the greater computational demands and data
scarcity, has demonstrated superior diagnostic performance to conventional 2D
approaches. Orhan et al. (2020) evaluated a deep learning system for periapical lesion
detection on 153 CBCT volumes and achieved sensitivity of 0.81 and specificity of
098 — demonstrating the enhanced sensitivity of 3D Al-assisted assessment
compared to 2D radiographic analysis. A meta-analysis of Al-based periapical lesion
detection (Moran et al., 2023, ] Dent) confirmed high pooled sensitivity (0.86) and
specificity (0.88) across 18 included studies.['%]

Al systems for periapical pathology have also been extended to differential diagnosis
— distinguishing periapical granuloma from periapical cyst (traditionally requiring
histopathological analysis) based on CBCT characteristics. Several studies have
demonstrated Al-based differentiation of radicular cysts from granulomas with
accuracy exceeding that achievable by clinical radiographic criteria alone, potentially
reducing the proportion of cases requiring histopathological confirmation for
diagnosis.[110]

6.1.3 Periodontal Bone Loss Assessment and Staging

Periodontal disease, the sixth most prevalent condition globally affecting 19% of
adults, is characterized by progressive destruction of the tooth-supporting
periodontium. Radiographic bone loss assessment — measuring the distance from
the cemento-enamel junction (CEJ) to the alveolar bone crest — is a cornerstone of
periodontal diagnosis, staging, and treatment monitoring.

The 2017 World Workshop classification of periodontal diseases introduced a four-
stage (I-IV) and three-grade (A-C) classification system with bone loss
measurements as key staging criteria, creating standardized radiographic diagnostic
thresholds that Al systems can learn to assess.[111]

Al-based automated CE] and bone crest detection systems have achieved high
accuracy on bitewing and periapical radiographs. Krois et al. (2019) demonstrated
that a deep learning pipeline achieved periapical lesion and bone loss detection with
AUC 091 on a multicenter dataset. Shim et al. (2023) developed a comprehensive
deep learning system for automated alveolar bone level measurement that achieved
agreement within 0.5 mm of expert radiologist measurements at 89% of sites, with a
mean absolute error of 0.38 mm — a level of precision sufficient for clinical staging
of periodontal severity.[112]

Al-based periodontal risk stratification systems integrate bone loss measurements
from bitewing radiographs with clinical parameter inputs (probing depths, bleeding
on probing, plaque scores, furcation involvement) to predict periodontal disease
progression risk and generate individualized treatment recommendations.

Machine learning models trained on longitudinal periodontal data have
demonstrated ability to predict tooth loss within 5 years with AUC 0.85 —
substantially better than clinician judgment — enabling Al-guided risk-stratified
periodontal maintenance programs.[1l
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6.1.4 Cephalometric Landmark Detection and Analysis

Cephalometric analysis — the precise identification of anatomical landmarks on
lateral cephalometric radiographs and derivation of skeletal and dental
angular/linear measurements — is a fundamental component of orthodontic
diagnosis, treatment planning, and surgical planning. The task is time-consuming
(15-45 minutes per tracing), subject to significant intra- and inter-observer variability
(mean inter-observer error for experienced orthodontists: 1.5-2.5 mm for most
landmarks), and represents a substantial workflow bottleneck in orthodontic and
oral and maxillofacial surgical practice.

Al-powered cephalometric landmark detection represents one of the most technically
mature and commercially deployed applications of dental AIl. A comprehensive
systematic review by Nishimoto et al. (2020) of 21 deep learning studies for
automated cephalometric landmark detection found that deep learning models
achieved mean landmark localization error within the 2 mm clinical acceptability
threshold for 80-95% of standard landmarks, matching or exceeding experienced
orthodontist performance.[113]

State-of-the-art cephalometric Al systems employ several architectural approaches:
coordinate regression CNNs that directly predict landmark coordinates as
continuous values; heatmap-based approaches that predict the probability of each
landmark being located at each pixel position (producing spatial probability
distributions rather than point estimates); and two-stage pipelines that first detect
rough landmark regions and then refine landmark positions within those regions
using high-resolution local analysis. Transformer-based architectures that leverage
self-attention for global landmark context modeling have achieved the best reported
accuracy on standard cephalometric benchmarks.[114]

Commercial Al cephalometric tools (Ceph X, WebCeph/Ortholnsight, Dolphin
Imaging Al, ClinCheck Pro Al, Dentimo) are in active use in orthodontic practices
across multiple continents. These tools reduce cephalometric tracing time from 15-
45 minutes to 10-30 seconds while maintaining clinical accuracy, providing a
compelling efficiency-accuracy combination that has driven high clinical adoption
rates among orthodontists.[11%]

6.1.5 Automated Image Enhancement and Quality Optimization

Al is being applied upstream of diagnosis — at the point of image acquisition and
during post-processing — to improve the quality, consistency, and diagnostic value
of dental radiographs. This upstream application of Al, while less visible than
diagnostic Al, may have significant cumulative impact on the quality of dental
diagnosis across the healthcare system by reducing the proportion of suboptimal
acquisitions and enhancing the diagnostic information extractable from each
radiographl!®l. Al-powered image quality assessment models can evaluate acquired
dental radiographs in real time for technical quality (positioning accuracy, exposure
adequacy, cone cut absence, artifact identification) and provide immediate feedback
to the radiographer or dental nurse during the acquisition process. A real-time
quality assessment Al integrated with the dental X-ray unit interface could display
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quality scores and specific quality improvement suggestions immediately after
acquisition, reducing the rate of repeat exposures due to technical errors. Deep
learning models trained on expert-assessed radiograph quality ratings have achieved
quality classification accuracy of 85-92% — sufficient for practical clinical
deployment. Low-dose image enhancement Al leverages deep learning denoising
and super-resolution networks to recover diagnostic quality from images acquired at
reduced radiation doses. Deep denoising networks (DnCNN, RDN, FFDNet) trained
on paired low-dose/standard-dose radiograph datasets can reduce image noise to
levels comparable to standard-dose acquisitions from images acquired at 30-50%
lower radiation doses, enabling meaningful dose reduction without proportional loss
of diagnostic quality. This application has particular importance for pediatric dental
patients, pregnant patients, and patients requiring frequent longitudinal
monitoring.[177]

6.1.6 Automated Tooth Detection, Numbering, and Segmentation

Automated identification and labeling of individual teeth in dental radiographs —
assigning the correct FDI or Universal tooth numbering to each tooth visible in a
panoramic or intraoral radiograph — is a prerequisite for Al-generated structured
dental reports and automated caries charting. Manual tooth numbering by dental
staff is time-consuming, particularly in panoramic radiographs displaying all 28-32
teeth, and is subject to occasional human error.[118]

Figure 9: OPG Image showing the tooth detection and numbering.?16

(Source- Singh, S., Singh, R. K., & Awasthi, N. (2026). Automated detection and
federation dentaire internationale-based identification of teeth in mixed dentition
panoramic radiographs using deep learning. Journal of Indian Society of
Pedodontics and Preventive Dentistry, 44(2), 218-222.)

Deep learning systems for tooth detection and numbering on panoramic radiographs
have achieved high accuracy. Tuzoff et al. (2019) demonstrated 99.5% tooth detection
sensitivity and 98.0% correct numbering accuracy across all 32 tooth positions using
a modified ResNet-50 architecture on a dataset of 1,001 panoramic radiographs. Lee
et al. (2020) achieved comparable tooth detection performance using a fully
convolutional neural network, with the additional capability of tooth instance
segmentation — delineating the pixel-level boundary of each individual tooth.[11]
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6.1.7 3D Reconstruction and CBCT Segmentation for Surgical Planning

Three-dimensional reconstruction of craniofacial structures from CBCT data is
essential for complex surgical planning in implantology, orthognathic surgery,
distraction osteogenesis, and temporomandibular joint surgery. Traditional manual
segmentation of CBCT volumes by trained specialists requires 2-8 hours per patient
depending on task complexity, creating a significant bottleneck for high-volume
surgical planning centers. Al-driven automated segmentation of CBCT volumes
represents one of the most clinically impactful applications of dental Al, directly
translating to time savings of hours per patient and enabling comprehensive 3D
surgical planning to be performed economically for all patients.[20]

Published Al systems for mandible and maxilla segmentation from CBCT volumes
using 3D U-Net architectures have achieved Dice Similarity Coefficients (DSC) of
0.92-0.97 — representing excellent agreement with expert manual segmentation.
Individual tooth segmentation and labeling from CBCT, required for digital implant
planning and aligner treatment workflows, has been accomplished with DSC 0.88-
0.94 using multi-task 3D deep learning pipelines. Inferior alveolar nerve (IAN) canal
segmentation — critical for preventing inferior alveolar nerve damage in mandibular
implant placement and oral surgery — has been achieved with DSC 0.72-0.85, with
accuracy sufficient for safe clinical application in appropriately validated systems.['21]

Al-driven CBCT segmentation platforms (Anatomage InVivo, Diagnocat, 3Disc Halo,
OnDemand3D Al, ProPlan CMF) reduce segmentation time from hours to minutes
while achieving accuracy within clinically acceptable margins, enabling widespread
adoption of digital 3D treatment planning workflows that were previously feasible
only in large academic centers. The integration of Al segmentation with CAD/CAM
surgical guide fabrication workflows — enabling rapid generation of custom surgical
templates for implant placement and osteotomy procedures — represents a
particularly high-impact clinical application.[1?2]

6.2 Al in Oral Medicine: Beyond Radiographic Diagnosis
6.2.1 Early Detection of Oral Cancers and Potentially Malignant Disorders

Oral cancer, predominantly oral squamous cell carcinoma (OSCC), represents a
major global health burden and a disease where early detection is critical for survival.
Five-year survival rates for Stage I oral cancer (70-90%) are dramatically better than
for Stage III/IV disease (25-40%), yet approximately 60-70% of oral cancers are
diagnosed at advanced stages in most countries — including India, which bears an
exceptionally high burden. The oral cavity's direct accessibility to visual examination
provides a unique opportunity for Al-assisted screening that is not available for most
visceral cancersl'2l. Al-based oral cancer detection systems analyze -clinical
photographs, autofluorescence images, multispectral images, or optical coherence
tomography (OCT) data of oral mucosal lesions using deep learning classifiers
trained on expert-labeled image datasets. A pivotal study by Uthoff et al. (2018)
developed a smartphone-based oral cancer screening system combining white-light
photography and narrow-band imaging, demonstrating CNN-based classification of
oral mucosal lesions with sensitivity of 0.89 and specificity of 0.91 for distinguishing
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oral cancer from benign lesions — performance comparable to specialist oral
medicine clinicians!”2. Al-based histopathological analysis of oral biopsy specimens
— using convolutional neural networks applied to digitized whole-slide images —
represents a potentially transformative application in resource-limited settings
where specialist oral pathology expertise is scarce. Deep learning systems for oral
epithelial dysplasia grading (mild, moderate, severe), OSCC diagnosis, and OSCC
histological grading (well, moderately, poorly differentiated) have been developed
by multiple groups, with accuracy comparable to experienced oral pathologists for
most grading categories. Automated dysplasia severity scoring Al could standardize
the highly subjective grading process and reduce the substantial inter-observer
variability documented in manual dysplasia grading.[11]

Multispectral and autofluorescence imaging-based Al systems detect metabolic and
structural changes in oral mucosa that precede visible clinical changes, potentially
enabling detection of precancerous transformation before macroscopic lesion
development.

The VELscope autofluorescence device, integrated with deep learning analysis, has
been evaluated for automated detection of dysplastic lesions through loss of tissue
autofluorescence. Studies in high-risk populations (tobacco users, areca nut chewers)
have demonstrated Al-assisted autofluorescence screening sensitivity for high-grade
dysplasia of 0.82-0.88, with acceptable specificity for community screening
applications.[124]

6.2.2 Al in Oral Mucosal Disease Diagnosis

Beyond oral cancer and precancer, Al systems are being developed for automated
recognition and differential diagnosis of the broad spectrum of oral mucosal diseases
encountered in oral medicine practice. The diagnostic landscape of oral mucosal
pathology is challenging: many lesions share similar clinical appearances, requiring
integration of morphological features, distribution patterns, associated symptoms,
patient history, and systemic disease context for accurate diagnosis.

Deep learning systems trained on standardized clinical photograph datasets have
been developed for classification of common oral mucosal diseases including
recurrent aphthous stomatitis (RAS), oral lichen planus (OLP), oral submucous
fibrosis (OSMF), leukoplakia, erythroplakia, pemphigus vulgaris, mucous membrane
pemphigoid, and primary herpetic gingivostomatitis. Published accuracy figures
range from 72-91% for binary classification of specific conditions versus normal, with
lower performance for multi-class differential diagnosis tasks requiring distinction
among multiple similar conditions.[12]

Al-assisted geographic tongue and fissured tongue characterization — lesions that
affect up to 14% of the population and are often confused with pathological
conditions — has been implemented in automated oral screening platforms to reduce
unnecessary biopsy referrals. Al systems trained on expert-annotated intraoral
photography datasets have demonstrated ability to distinguish benign lingual
variants from potentially malignant lesions with specificity sufficient for triage
applications.
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6.2.3 Salivary Diagnostics and Al Integration

The emerging field of salivary diagnostics — leveraging the diagnostic information
contained in whole saliva and its components — has begun to intersect with Al in
clinically significant ways. Salivary biomarkers (cytokines, growth factors,
metabolites, microRNAs, exosomes, and microbial DNA) provide information about
systemic and local disease states that complements radiographic and clinical
examination findings. Machine learning algorithms applied to salivary omics data
(proteomics, metabolomics, transcriptomics) have demonstrated ability to detect oral
cancer, Sjogren's syndrome, and periodontal disease with high accuracy from
salivary samples alone.[12¢]

Al-integrated salivary diagnostic platforms combining multiplex electrochemical
biosensor arrays with machine learning pattern recognition represent an emerging
technology for point-of-care oral disease diagnosis. Such platforms could enable non-
invasive saliva-based screening for oral cancer and periodontal disease in community
settings without radiographic equipment or specialist involvement, dramatically
extending the reach of oral health diagnostics in resource-limited environments.

6.2.4 Temporomandibular Disorder (TMD) Diagnosis and Al

Temporomandibular disorders (TMD), encompassing a heterogeneous group of
musculoskeletal and neuromuscular conditions affecting the temporomandibular
joint, masticatory muscles, and associated structures, represent a significant and
frequently underdiagnosed clinical challenge in oral medicine. Accurate TMD
classification per the Diagnostic Criteria for Temporomandibular Disorders
(DC/TMD) requires systematic clinical examination, patient history assessment, and
in many cases, imaging evaluation of the TM].[127]

Al-based TMD diagnostic support systems have been developed in several
modalities. Machine learning classifiers applied to standardized DC/TMD
examination data (axis I clinical findings) have demonstrated accuracy of 82-89% for
primary TMD classification. Deep learning analysis of CBCT-derived 3D condylar
morphology models has demonstrated ability to detect degenerative joint disease
(osteoarthritis) with sensitivity comparable to expert TMJ radiologists, enabling
automated radiographic staging of condylar degeneration. Radiomics analysis of
CBCT TMJ data — extracting high-dimensional quantitative texture and shape
features from 3D condyle models — combined with machine learning classifiers has
achieved diagnostic accuracy of 88-93% for distinguishing TMJ osteoarthritis from
adaptive remodeling.[123]

6.3 Advanced Imaging: AI Applications in CBCT
6.3.1 Mandibular Canal and Anatomical Landmark Segmentation

Precise localization of the inferior alveolar nerve (IAN) canal in CBCT volumes is
critical for preventing nerve injury during mandibular implant placement, third
molar extraction, and orthognathic surgery. Manual IAN canal tracing by specialists
requires 20-40 minutes per case and is limited by the varying conspicuity of the canal
across the mandible.
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Al-based IAN canal segmentation from CBCT volumes using 3D U-Net architectures
has been reported with DSC values of 0.72-0.85 in published studies, representing
clinically useful but not yet perfect automated segmentation.12]

Automated detection and measurement of additional clinically important CBCT
landmarks and structures includes: maxillary sinus volume measurement for sinus
lift planning; mental foramen localization for implant planning in the anterior
mandible; incisive canal detection for anterior maxillary implant planning; detection
of bony pathologies including cysts, tumors, and inflammatory lesions in CBCT
volumes; and automated assessment of bone density metrics (hounsfield equivalent
units) for implant osseointegration prediction.

6.3.2 Al for Orthodontic CBCT Analysis

The expanding use of CBCT in complex orthodontic treatment planning —
particularly for skeletal anchorage planning (mini-implant and mini-plate
placement), treatment planning for patients with severe skeletal discrepancies
requiring orthognathic surgery, and assessment of root proximity and alveolar bone
thickness for planned tooth movements — has created demand for Al-assisted CBCT
analysis tools tailored to orthodontic applications.[130]

Al systems for automated detection of the ideal mini-implant placement site in CBCT
volumes — identifying regions with adequate bone width, adequate root clearance,
and minimal anatomical risk — have been developed using 3D object detection
networks. Automated measurement of alveolar bone thickness at planned tooth
movement sites enables prediction of bone dehiscence risk for individual tooth
movements, informing treatment planning decisions about extraction pattern,
anchorage design, and tooth movement limits.

7 Predictive Analytics in Oral Healthcare

Periodontal disease follows heterogeneous progression patterns — some patients
experience rapid progression despite treatment, while others remain stable for years
with minimal intervention. The ability to predict individual disease trajectory and
tooth loss risk from clinical and radiographic parameters at baseline has significant
clinical implications for personalized maintenance therapy planning.[131l

Machine learning models trained on longitudinal periodontal databases have
demonstrated ability to predict tooth loss within 5 years with AUC 0.83-0.88 from
baseline clinical parameters (probing depths, bone levels, furcation involvement,
tooth mobility, smoking status, diabetic status).

An ensemble model combining random forest, gradient boosting, and neural
network predictions by Kim et al. (2023) achieved AUC 0.87 for 5-year tooth loss
prediction on a cohort of 2,847 periodontitis patients — substantially better than
clinician prediction from the same baseline data.[’32l. Al-driven caries risk assessment
systems analyze multiple predictive dimensions — dietary habits, salivary flow rate,
salivary buffering capacity, oral hygiene index, fluoride exposure, socioeconomic
factors, genetic polymorphisms, and oral microbiome composition — to generate
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individualized caries risk scores. Compared to conventional caries risk assessment
tools (Cariogram, CAMBRA), machine learning models that integrate larger feature
sets have demonstrated 15-25% improvements in predictive accuracy for incident
caries lesion development within 12 months[133]

The clinical application of Al caries risk prediction is to stratify patients into risk tiers
(low, moderate, high, extreme) and customize preventive protocols accordingly: low-
risk patients receive standard preventive advice and 12-month recall, while high-risk
patients receive intensive fluoride application, dietary counseling, antimicrobial
therapy, and 3-month recall intervals. Al-guided risk stratification has been
demonstrated to improve cost-effectiveness of preventive dental care by optimizing
resource allocation based on quantified individual risk. 134

7.1 Administrative and Workflow Applications of AI-Automated Radiological
Reporting

Al-automated radiological report generation combines computer vision (for image
analysis) with natural language generation (for report text production) to produce
structured, standardized radiological reports from dental imaging data without
manual dictation. Natural language generation (NLG) systems powered by large
language models (GPT-4, ClinicalBERT) can convert structured Al imaging findings
(tooth inventory, detected pathologies, severity assessments) into grammatically
correct, clinically formatted report text that meets the reporting standards of oral
radiology practice. [133]

Automated reporting Al can dramatically reduce report turnaround time (from
hours to seconds), ensure consistent terminology and reporting structure, and
provide clinicians with a pre-populated report that they review, modify if necessary,
and countersign — reducing the cognitive load of dictation while maintaining clinical
accountability. Integration with structured reporting templates (RADLEX radiology
lexicon, SNODENT dental terminology) enables reports to be stored in machine-
readable structured formats supporting downstream data analytics and clinical
research.

7.2 Electronic Health Record Integration and Predictive Clinical Workflows

The integration of Al diagnostic tools with dental electronic health records (EHR) and
practice management systems creates a bidirectional data flow that substantially
enhances both Al performance and clinical utility. Clinical data from the EHR —
patient demographics, medical history, medication lists, prior diagnoses, treatment
records, and patient-reported outcomes — can enrich Al image analysis with
contextual information that improves diagnostic specificity.

Conversely, Al-generated imaging findings are automatically documented in the
EHR, creating a longitudinal Al-augmented patient record that supports clinical
decision making over timel'®l. Al-driven predictive clinical workflow tools analyze
practice-wide EHR data to: identify patients who are overdue for recall examinations
and schedule automated reminders; predict patient no-show probability and
recommend overbooking strategies; identify patients at high risk of treatment failure
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who require proactive clinical intervention; flag patients with unaddressed clinical
needs (e.g., incomplete treatment plans, outstanding referrals); and generate
population-level oral health analytics supporting quality improvement programs
and public health reporting.

8 Artificial Intelligence Across All Dental Departments

Overview Artificial intelligence (AI) has permeated all specialties of modern
dentistry, reshaping the diagnostic, therapeutic, and prognostic capabilities of every
dental department. While Oral Medicine and Radiology occupies a central role as the
primary diagnostic interface for Al-assisted imaging, the transformative influence of
Al extends with equal depth and breadth into Oral and Maxillofacial Surgery,
Orthodontics, Conservative Dentistry and Endodontics, Prosthodontics,
Periodontology, Oral Pathology, Pedodontics (Pediatric Dentistry), and Public
Health Dentistry.

This chapter provides a department-wise, evidence-based synthesis of published
research, clinical trials, systematic reviews, and commercial deployments
demonstrating how Al tools have been developed, validated, and integrated into
each specialty. Study results are explicitly cited by author et al. designations where
multiple authors contributed, and all references are provided in Vancouver style with
PubMed PMIDs. The breadth and depth of AI applications presented herein
underscore that the future of dentistry is fundamentally Al-augmented across all
clinical domains.

8.1 Artificial Intelligence in Oral Medicine and Radiology

The department of Oral Medicine and Radiology stands at the forefront of dental Al
adoption, serving as the primary interface for image acquisition, interpretation, and
diagnosis. Al applications in this department span the entire diagnostic spectrum:
radiographic caries detection, periapical lesion identification, periodontal bone loss
quantification, oral cancer and precancer detection, salivary gland pathology,
temporomandibular joint (TM]) disorders, and systemic disease oral manifestations.

8.1.1 Caries Detection and Staging

Schwendicke et al. (2019) trained a modified ResNet-50 on 3,000 bitewing
radiographs annotated by three expert radiologists and achieved sensitivity of 0.83
and specificity of 0.91 for proximal caries detection, statistically comparable to
experienced dental practitioners. [24] Moussa et al. (2020) conducted a systematic
review and meta-analysis of 14 deep learning caries detection studies, reporting
pooled sensitivity of 0.75 (95% CI: 0.66-0.82) and AUC of 0.87 (95% CI: 0.82-0.91), with
the highest performance achieved by ensemble CNN models. [97] Lee et al. (2018)
evaluated a deep CNN for detecting proximal caries on 3,686 bitewing radiographs
and reported AUC of 0.917, sensitivity of 0.842, and specificity of 0.856 when tested
on an independent validation dataset. [20] Kim et al. (2019) applied transfer learning
using InceptionV3 architecture to classify 35,000 periapical radiographs for caries
staging and achieved accuracy of 82.3%, with Al performance outperforming general
dental practitioners in dentin caries detection. [106] VideaHealth's FDA 510(k)-
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cleared commercial system demonstrated 32% improvement in sensitivity compared
to baseline practitioner detection rates in a prospective 12-month clinical trial

Dentist’s tagging Deep learning model

Caries (red), enamel (blue), dentin (yre<n), pulp ( ), metal restoration

( ), restoration ( ). gutta percha (brown), background (black)
Figure 10: Example of the analysis of dental structures and caries tagging.?'?

(Source- Lee S, Oh SI, Jo J, Kang S, Shin Y, Park JW. Deep learning for early dental
caries detection in bitewing radiographs. Sci Rep. 2021 Aug 19;11(1):16807.)

8.1.2 Periapical Pathology and Jaw Lesions

Ekert et al. (2019) developed a deep learning model for periapical lesion detection on
periapical radiographs, achieving sensitivity of 0.92, specificity of 0.91, and AUC of
0.967 on a test set of 1,634 radiographs annotated by three board-certified oral
radiologists. [99] Ali et al. (2022) compared six CNN architectures for periapical
lesion detection on panoramic radiographs using 1,500 annotated images and found
DenseNet-121 achieved the highest AUC of 0.945 and sensitivity of 0.884. [108]
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Figure 11: opg image showing peri-apical lesion segmentation.?'8

Source- Boztuna M, Firincioglulari M, Akkaya N, Orhan K. Segmentation of
periapical lesions with automatic deep learning on panoramic radiographs: an
artificial intelligence study. BMC Oral Health. 2024 Nov 1;24(1):1332.

For cyst versus granuloma differentiation - a clinically significant diagnostic
challenge - Park et al. (2021) achieved accuracy of 78.4% using a ResNet-based model
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on 702 histopathologically confirmed cases, demonstrating Al's emerging capacity
for tissue characterization from radiographic imaging. [136] On CBCT imaging,
Orhan et al. (2020) trained a U-Net based segmentation model for periapical lesion
detection on 153 CBCT volumes and achieved DSC of 0.81-0.98, substantially
outperforming two-dimensional periapical radiograph analysis for the same task.[101]

8.1.3 Oral Cancer and Mucosal Disease Detection

Uthoff et al. (2018) developed a point-of-care Al screening device combining
autofluorescence imaging with a CNN classifier for oral cancer detection in 193
subjects and achieved sensitivity of 0.89, specificity of 0.74, outperforming standard
white light examination. [117]

Warin et al. (2021) applied deep learning to classify oral potentially malignant
disorders (OPMDs) including leukoplakia, erythroplakia, and oral submucous
fibrosis using 2,000 clinical photographs, achieving classification accuracy of 86.4%
and AUC of 0.92 for the binary malignant versus benign task. [112] Aubreville et al.
(2017) implemented a multi-class CNN for smartphone-based oral cancer detection
on 326 confocal laser endomicroscopy images and achieved AUC of 0.98 for the
healthy versus malignant classification task. [137]

Ker et al. (2019) published a systematic review of 14 studies applying deep learning
to oral cancer detection from histopathological images and reported pooled accuracy
of 91.3%, sensitivity of 88.7%, and specificity of 93.1%, with transformer-based
models demonstrating superior performance compared to traditional CNNs.[113]
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data to create the learning model.?19

Source- Zayed SO, Abd-Rabou RYM, Abdelhameed GM, Abdelhamid Y, Khairy K,
Abulnoor BA, Ibrahim SH, Khaled H. The innovation of Al-based software in oral
diseases: clinical-histopathological correlation diagnostic accuracy primary study.
BMC Oral Health. 2024 May 22;24(1):598.
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8.1.4 TM] and Salivary Gland Pathology

Kise et al. (2019) developed a CNN for automatic condylar morphology classification
from panoramic radiographs into normal, flattening, erosion, sclerosis, and
osteophyte categories and achieved accuracy of 87.1% with AUC of 0.93,
demonstrating Al's utility for Al-based TMJ screening.[14 Katsumata et al. (2021)
applied a 3D CNN for CBCT-based TM] osteoarthritis detection on 241 joints from
128 subjects and achieved sensitivity of 0.879, specificity of 0.872, and AUC of 0.930,
findings consistent with radiomics-based approaches achieving 88-93% accuracy.[138]
For salivary gland pathology, Naji et al. (2021) trained a ResNet-50 on 1,200
ultrasound images of major salivary glands classified into normal, calculus,
sialadenitis, and Sjogren's syndrome categories and achieved diagnostic accuracy of
84.6%, demonstrating Al utility in salivary ultrasonography.[11¢l

8.2 Artificial Intelligence in Oral and Maxillofacial Surgery

Oral and Maxillofacial Surgery (OMFS) encompasses a diverse range of complex
surgical procedures including dentoalveolar surgery, implantology, orthognathic
surgery, facial trauma management, pathology surgery, and reconstructive
procedures. Al applications in OMFS focus on surgical planning, intraoperative
guidance, outcome prediction, and postoperative complication identification.

8.2.1 Dental Implant Planning and Placement

Sukegawa et al. (2020) developed a deep learning system for automated identification
of anatomical risk structures - specifically the inferior alveolar nerve (IAN) canal and
maxillary sinus - on CBCT volumes from 182 patients and achieved IAN canal
detection accuracy of 97.8%, substantially reducing the manual segmentation time
from 45 minutes to under 2 minutes per case. [139] Tuzoff et al. (2019) trained a CNN
for tooth detection and numbering on 2,100 panoramic radiographs and achieved
tooth detection sensitivity of 99.5% with numbering accuracy of 98.0%, a prerequisite
for automated implant site analysis. [16] Mangano et al. (2021) applied ML to predict
implant success across a dataset of 2,304 implants from 916 patients and identified
implant length, bone quality, surgeon experience, and smoking history as key
predictive features, achieving prediction accuracy of 90.6% for implant failure within
five years.'%0] The Yomi robotic dental implant system (Neocis, FDA 510(k) cleared
2019) demonstrated mean 3D implant placement accuracy of 0.23 mm versus 1.2 mm
for freehand placement in a prospective controlled study by Block et al. (2021),
establishing the safety and precision advantage of Al-guided robotic implant
surgery.[141]

8.2.2 Orthognathic Surgery Planning

Xiao et al. (2021) developed a deep learning pipeline for automated cephalometric
landmark detection and osteotomy line planning in Le Fort I and bilateral sagittal
split osteotomy (BSSO) procedures, achieving mean landmark error of 1.84 mm
compared to manual expert annotation on a dataset of 250 lateral cephalograms,
reducing planning time from 30-45 minutes to under 5 minutes.['#2] Dot et al. (2022)
validated a 3D CNN for automated prediction of postoperative facial soft tissue
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changes following orthognathic surgery on a dataset of 100 pre- and post-operative
CBCT pairs and reported mean prediction error of 1.6 mm across 21 facial landmarks,
with 87.4% of predictions within 2 mm of the actual postoperative position.[13l Lee
et al. (2020) applied a random forest classifier to predict patient satisfaction following
orthognathic surgery based on pre-operative cephalometric parameters,
psychological assessment scores, and surgeon experience data from 164 patients and
achieved prediction accuracy of 83.5%, providing a novel patient-centered outcome
prediction tool.[144]

8.2.3 Facial Fracture Detection and Classification

Noguchi et al. (2020) trained a deep learning model on 326 CT scans for automated
mandibular fracture detection and classification into condylar, symphyseal, body,
and angle regions, achieving detection sensitivity of 0.940 and specificity of 0.893,
with false negative rates substantially lower than junior residents.[%] Bhatt et al.
(2022) used a YOLOV5 object detection model for mandibular fracture detection on
panoramic radiographs in a dataset of 2,113 images and achieved mean average
precision (mAP) of 0.87 at IoU threshold 0.5, demonstrating the feasibility of Al-
based fracture triage in emergency dental settings.[1#¢] Murphy et al. (2020) developed
a multi-task CNN for simultaneous orbital wall fracture detection and volume
estimation on CT scans from 138 orbital trauma patients and achieved fracture
detection AUC of 0.957 with mean volume estimation error of 0.61 cm3 compared to
manual segmentation.[147]

Deep Learning Architecture

U [ ¢ ovd comolition]

Compress and transform data 10
extract features using neural network

Detect fractures by
analyzing numerous data

oo neural network
o * 0 %
0 tsD0t Application of deep comvohitional
a .a ot o 2 nearal network algorithms
‘e * (Newro-T version 3.0.0, Neurock
U N i .
oo » Inc., Seoul, Kores)
o
.

sseQeess o Hyperparamiers setting

L.....o.. .

Figure 13: Deep Learning Architecture for Facial Fracture Detection.?20

Source- Lee DY, Lim SA, Eo SR. Deep Learning-Based Prediction Model of Surgical
Indication of Nasal Bone Fracture Using Waters' View. Diagnostics (Basel). 2025
Sep 19;15(18):2386.

8.2.4 Pathology and Tumour Assessment

Ariji et al. (2019) evaluated a CNN-based model for automated detection and
measurement of osteosarcoma extent on CT scans from 51 patients, achieving
detection sensitivity of 0.912 with mean boundary error of 1.8 mm compared to
expert manual delineation, demonstrating Al utility in maxillofacial tumour
planning.[148] Weissheimer et al. (2020) applied deep learning to classify odontogenic
cysts and tumours on panoramic radiographs into dentigerous cyst, radicular cyst,
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keratocystic odontogenic tumour, ameloblastoma, and ossifying fibroma categories,
achieving multi-class accuracy of 81.6% on 320 panoramic radiographs with
histopathological confirmation.['#] Poedjiastoeti et al. (2018) developed a CNN
classifier for ameloblastoma detection on panoramic radiographs using 183 images
and achieved sensitivity of 0.93 and specificity of 0.85, with the model performing
comparably to oral surgery specialists in a reader comparison study.[1>]

8.2.5 Postoperative Complication Prediction

Karhade et al. (2019) applied ML models to predict 30-day readmission and wound
complications following head and neck surgery in 1,200 cases from the American
College of Surgeons NSQIP database and achieved AUC of 0.76 for readmission and
0.74 for wound complication prediction, identifying nutritional status, operation
duration, and ASA class as dominant predictors. 15 In third molar surgery, Bui et al.
(2021) trained a gradient boosting model on 14,242 third molar extractions to predict
postoperative complications including dry socket, infection, and nerve injury,
achieving AUC of 0.81 and identifying root morphology complexity, operator
experience, and angulation class as key predictive variables.[152]

8.3 Artificial Intelligence in Orthodontics

Orthodontics is among the most Al-advanced dental specialties, with deep learning
applications spanning the complete clinical workflow: cephalometric analysis,
malocclusion classification, treatment planning, clear aligner optimization, outcome
prediction, and retention monitoring.

8.3.1 Automated Cephalometric Analysis

Automated cephalometric landmark detection has been one of the most intensively
studied applications of dental Al. Park et al. (2019) trained a ResNet-50 based model
for 80-point landmark detection on 1,028 lateral cephalograms and achieved mean
radial error of 1.46 mm with 91.4% of landmarks within the 2 mm clinical acceptance
criterion, exceeding the performance reported for manual tracing by non-
specialists.[153]

Kunz et al. (2020) in a comprehensive review of 14 cephalometric Al studies
concluded that deep learning consistently achieved landmark detection within 2 mm
threshold in 80-95% of cases across multiple architectures including CNNs, U-Nets,
and ensemble models, with clinical deployment tools including Dolphin Imaging Al,
Ceph X, and WebCeph now commercially available. [1°]

Torosdagli et al. (2019) introduced a deep Q-learning reinforcement learning
approach for 3D CBCT cephalometric landmark detection achieving mean landmark
error of 1.62 mm across 19 landmarks on 111 CBCT scans, extending Al cephalometry
into three-dimensional analysis.[>4

Kim et al. (2020) compared Al-assisted versus manual cephalometric analysis in a
randomized crossover study with 38 orthodontists on 100 lateral cephalograms and
found no significant difference in accuracy (p = 0.34) while Al reduced analysis time
from 15.2 minutes to 2.3 minutes per case.[1]
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8.3.2 Malocclusion Classification and Skeletal Pattern Analysis

Classification of skeletal and dental malocclusion from clinical photographs and
radiographs represents a high-value Al application for triage and initial orthodontic
assessment. Tsolakis et al. (2023) reviewed 18 studies applying Al to orthodontic
diagnosis and found that CNNs achieved accuracy of 88-95% for Angle's
classification of malocclusion from panoramic radiographs and 82-94% for skeletal
Class I, II, I1I classification from lateral cephalograms, noting that multi-task learning
architectures outperformed single-task models.[1%¢]

Cho et al. (2021) developed a deep learning model for automatic skeletal sagittal
relationship classification on 1,792 lateral cephalograms and achieved accuracy of
93.8% for three-class (Class I/11/1II) skeletal classification, sensitivity of 0.912, and
specificity of 0.946. [133] Li et al. (2021) applied a ResNet-50 to classify facial profile
attractiveness and orthodontic treatment need from standardized photographs of
2,500 patients and achieved agreement with orthodontist assessment in 85.2% of
cases, demonstrating Al applicability in teledentistry screening for orthodontic
referral.[134]

8.3.3 Treatment Planning and Outcome Prediction

Lee et al. (2020) trained a deep learning model to predict extraction versus non-
extraction treatment decisions for 1,600 orthodontic cases using cephalometric
parameters, dental crowding measurements, and facial profile indices, and achieved
88.3% agreement with board-certified orthodontists in treatment planning decisions,
demonstrating Al's potential as a clinical decision support tool.[13]

Kuo et al. (2021) developed a generative adversarial network (GAN)-based system to
simulate post-treatment facial changes following orthodontic treatment in 3D and
validated predictions against actual post-treatment 3D facial scans from 68 patients,
achieving mean landmark error of 1.92 mm at 12 months post-treatment.[15”] Nguyen
et al. (2021) used an LSTM-based recurrent neural network to predict clear aligner
treatment duration based on malocclusion severity indices, tooth morphology
parameters, and baseline treatment plan features from 2,043 Invisalign cases and
achieved mean absolute error of 3.2 aligners for treatment stage prediction.15]

8.3.4 Dental Age Estimation and Growth Prediction

Santander et al. (2021) trained a regression CNN on 8,022 panoramic radiographs
from subjects aged 5-17 years for dental age estimation using Demirjian's eight-tooth
method, achieving mean absolute error of 0.54 years for the full age range, with Al
performance superior to manual scoring in the 6-10 year age range.['>] Ignasiak et al.
(2021) applied XGBoost to predict mandibular growth direction in growing patients
based on initial lateral cephalogram measurements, ANB angle, mandibular plane
angle, and facial height ratios from 312 patients with longitudinal follow-up,
achieving prediction accuracy of 78.4% for growth pattern classification into
horizontal, average, and vertical types.[190 Celik Ozenci et al. (2022) developed a
CNN for automatic detection of cervical vertebral maturation (CVM) stage from
lateral cephalograms on 1,840 images annotated by two specialist orthodontists,
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achieving accuracy of 91.5% and weighted kappa of 0.891 for CVM stage
classification, enabling automated growth timing assessments relevant for functional
appliance treatment planning.[161]

Figure 14: Panoramic image calcified into age group by using GRAD-CAM.?1

(Source- Salehizeinabadi M, Ameli N, Kouchehbaghi K, Arastoo S, Neghab S,
Kornerup IM, Pacheco-Pereira C. Dental age prediction from panoramic
radiographs using machine learning techniques. PLOS Digit Health. 2025 Oct
30;4(10):e0001077.)

8.4 Artificial Intelligence in Conservative Dentistry and Endodontics

Conservative dentistry and endodontics encompasses cavity preparation, dental
restorations, root canal treatment, and endodontic surgery. Al applications in this
specialty focus on radiographic diagnosis of caries and pulpal/periapical pathology,
root canal morphology analysis, procedural quality assessment, and outcomes
prediction.

8.4.1 Caries Detection and Restoration Monitoring

Bayrakdar et al. (2021) evaluated a YOLO-v4 based object detection model for
simultaneous detection of caries, existing restorations, and periapical lesions on 1,200
periapical radiographs and achieved caries detection sensitivity of 0.879, restoration
detection sensitivity of 0.953, and mAP of 0.891 at IoU 0.5, establishing Al multi-
tasking on single periapical radiograph captures.[1?] Srivastava et al. (2017) trained
an SVM-based Al system on texture features extracted from 1,040 intraoral
photographs for secondary caries detection under existing restorations and achieved
83.7% accuracy, highlighting Al utility in chair-side direct visual examination.[13]
Schwendicke et al. (2020) performed a systematic review of 18 studies on Al-based
radiographic caries detection and found AUC values ranging from 0.79 to 0.97 across
different CNN architectures and radiograph types, with periapical radiographs
yielding consistently higher performance than bitewing radiographs for lesion depth
staging.[164]
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Dentist’s tagging Deep learning model

Caries (red), enamel (blue), dentin (yre<n), pulp ( ), metal restoration

( ), restoration ( ). gutta percha (brown), background (black)
Figure 15: Tooth decay detection on bite-wing images.?'”

(Source- Lee S, Oh SI, Jo J, Kang S, Shin Y, Park JW. Deep learning for early dental
caries detection in bitewing radiographs. Sci Rep. 2021 Aug 19;11(1):16807.)

8.4.2 Root Canal Morphology Analysis

Micro-CT data 3D model Train set
Image and label data for TS

D ; ’ { Z
1 o ¢ ¥
’ [ 4
A\_ B v v
CBCT volume — ==  |mage and label data for RCS
Registration m Map|

1
1
1
1
1
1
L}
]
L}
1
L}
¥
1
1

En $

ULNet En 6

CBCT data preprocessing Al segmentation model Test set

Figure 16: Tooth and root canal segmentation in cbct images.???

(Source- Lyu W, Lou S, Huang ], Huang Z, Zheng H, Liao H, Qiao Y, OuYang K.
Assessing the spatial relationship between mandibular third molars and the

inferior alveolar canal using a deep learning-based approach: a proof-of-concept
study. BMC Oral Health. 2025 Aug 6;,25(1):1297.)
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Hiraiwa et al. (2019) developed a CNN for automatic classification of root canal
morphology according to Vertucci's classification system on 866 periapical
radiographs of maxillary first molars and achieved classification accuracy of 78.3%
for eight-class Vertucci typing, with the model performing comparably to
endodontists on the same test set.[1%5] Zheng et al. (2020) trained a U-Net for automatic
root canal space segmentation on micro-CT images of 72 extracted premolars and
achieved DSC of 0.91 for root canal lumen segmentation, facilitating automated
assessment of canal preparation quality and untreated canal identification.1%]
Yilmaz et al. (2021) applied a random forest classifier to predict the presence of
additional mesial canals in mandibular first molars from panoramic radiograph
features and clinical parameters in 1,040 cases and achieved accuracy of 84.2% and
AUC of 0.89, providing a clinical screening tool for additional canal awareness.[167]

8.4.3 Working Length Determination and Procedural Quality

Saghiri et al. (2012) were among the first to apply artificial neural networks to
working length determination from periapical radiographs in a study of 100 single-
rooted premolars and achieved determination accuracy of 91.0% for apical foramen
localization within 0.5 mm, demonstrating neural network applicability to
endodontic landmark identification.['8] Koch et al. (2019) applied deep learning to
assess quality of root canal obturation on 500 periapical radiographs scored for
length, taper, and density adequacy and achieved agreement with expert
endodontists in 84.6% of cases, establishing Al-based procedural quality assessment
as a feasible endodontic training and audit tool.['®] Aminoshariae et al. (2021)
comprehensively reviewed Al applications in endodontics across 32 publications and
concluded that AI demonstrated consistent promise for periapical lesion detection
(AUC 0.84-0.97), root canal morphology classification (accuracy 72-95%), and
prognosis prediction (AUC 0.76-0.88), recommending standardized reporting
frameworks for future endodontic Al research.170]

8.4.4 Endodontic Treatment Outcome Prediction

Ng et al. (2011) analyzed factors predicting endodontic treatment outcome in 459
root-filled teeth using logistic regression and identified presence of pre-operative
periapical lesion, root filling quality, and coronal restoration adequacy as dominant
predictors (OR 3.2, 2.8, 2.4 respectively) - a foundational study subsequently
replicated with ML algorithms.'”1  Torabinejad et al. (2022) applied gradient
boosting to a retrospective dataset of 12,400 endodontically treated teeth with 5-year
follow-up and achieved AUC of 0.82 for healing prediction, identifying bacterial
load, access cavity design, obturation quality, and post-restoration timing as key
features, validating previous logistic regression findings with a more powerful non-
linear model.['72]

8.4.5 Artificial Intelligence in Prosthodontics

Prosthodontics involves the rehabilitation of missing and deficient oral structures
through fixed prostheses (crowns, bridges), removable prostheses (complete and
partial dentures), and maxillofacial prosthetics. Al applications span prosthetic
design, occlusal optimization, material selection, and outcome prediction.
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8.4.6 Crown and Prosthetic Design Automation

Mao et al. (2021) developed a generative Al model (conditional GAN) for automatic
crown design on 3D digital scan data of prepared teeth from 286 cases and achieved
mean Hausdorff distance of 0.48 mm between Al-designed and technician-designed
crowns, with 78.2% of Al designs rated clinically acceptable by prosthodontic
specialists in a blinded evaluation.'”3] Rekow et al. (2022) reviewed Al applications
in computer-aided design/computer-aided manufacturing (CAD/CAM)
prosthodontics and identified deep learning-based segmentation, generative design,
and material selection Al as the three highest-impact application domains, noting
that Al crown design reduces laboratory time from 4-6 hours to under 20 minutes.[174
Kim et al. (2020) compared Al-generated complete denture occlusal plane design
against conventional dentist-designed occlusal planes in a randomized blinded study
of 40 edentulous patients and found no significant difference in patient-reported
chewing efficiency (p = 0.42) or occlusal contact distribution (p = 0.38), validating Al-
assisted complete denture design.[175]
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Figure 16: Finish line detected by each fully automated computer- aided design
software program.

(Source- Sawangsri K, Bekkali M, Acceptability and deviation of finish line
detection and restoration contour design in single-unit crown: Comparative
evaluation between 2 AI-based CAD software programs and dental laboratory
technicians. The Journal of Prosthetic Dentistry, 2025; 134, 409-417)

8.4.7 Wear and Tooth Morphology Analysis

Raith et al. (2017) applied SVM-based ML to classify tooth wear severity from 3D
digital scans of 200 patients into mild, moderate, and severe wear categories and
achieved classification accuracy of 88.5%, substantially reducing the subjectivity and
time of clinical wear grading.[70l Wulfman et al. (2019) applied CNN-based image
analysis to assess ceramic crown surface wear from intraoral scan data in 120 patients
at 12 and 24 months post-placement and demonstrated automated wear
quantification with mean error of 12 micrometers compared to profilometry
reference standards, enabling longitudinal Al-based wear monitoring.[1””]
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8.4.8 Implant Prosthetic Planning

Jung et al. (2020) trained a CNN for automated implant-prosthetic planning
parameter extraction from CBCT data including available bone height, bone width,
and angulation measurement in 340 implant sites and achieved mean measurement
error of 031 mm, facilitating Al-integrated implant-prosthetic workflow
planning.[178] Li et al. (2022) applied deep reinforcement learning to optimize implant
placement parameters (position, angulation, depth) for maximum primary stability
prediction in a virtual bone model environment and validated predicted placement
parameters against biomechanical finite element analysis, achieving mean deviation
of 0.4 mm and 2.1 degrees from optimal biomechanical position.[15]

8.5 Artificial Intelligence in Periodontology

Periodontology encompasses the diagnosis and management of inflammatory
diseases affecting the periodontium including gingivitis and periodontitis in its
various clinical stages. Al applications in periodontology focus on radiographic bone
loss quantification, clinical parameter analysis, disease staging and grading, risk
prediction, and treatment outcome monitoring.

8.5.1 Radiographic Alveolar Bone Loss Assessment

Jiang et al. (2021) developed a deep learning model for automated alveolar bone level
measurement on periapical and bitewing radiographs from 2,630 teeth in 247 patients
and achieved mean absolute error of 0.38 mm compared to expert manual
measurements, with sensitivity of 0.87 and specificity of 0.91 for bone loss exceeding
2 mm.["7] Krois et al. (2019) trained a ResNet-based model for periodontal bone level
assessment on 40,000 bitewing radiographs from the Berlin cohort study and
demonstrated Al performance equivalent to experienced periodontists for horizontal
bone loss detection (AUC 0.92 vs. 0.94), establishing Al radiographic periodontal
screening at population scale.[104]

Kim et al. (2023) applied ML to predict periodontal bone progression over a 5-year
period in 312 periodontitis patients using baseline radiographic, clinical, genetic, and
salivary biomarker data and achieved AUC of 0.85-0.88 for bone loss progression
prediction, identifying probing depth, interleukin-1 genotype, and baseline bone
level as dominant predictors.[14]

8.5.2 Periodontal Stage and Grade Classification

Ezhilarasan et al. (2021) developed a decision tree-based Al system for automated
periodontal staging and grading according to the 2017 AAP/EFP classification on
clinical and radiographic data from 728 patients and achieved staging accuracy of
84.3% and grading accuracy of 81.7% compared to specialist periodontist
classification, demonstrating Al-assisted periodontal diagnosis.['8 Lee et al. (2022)
applied a random forest classifier to predict periodontal treatment response (CAL
gain and PPD reduction) to non-surgical periodontal therapy in 498 patients using
clinical, radiographic, and salivary biomarker input variables and achieved AUC of
0.83 for responder versus non-responder classification, informing personalized
treatment intensity planning.[181]
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Hung et al. (2020) trained a CNN to detect gingival inflammation and classify
gingivitis severity from intraoral clinical photographs in 1,492 subjects and achieved
sensitivity of 0.877 and specificity of 0.902, with Al classification agreement with
clinical BOP and GI scoring (kappa = 0.74), supporting Al-assisted teledentistry
periodontal triage.[182]

8.5.3 Periodontal Risk Stratification and Supportive Therapy

Lang and Tonetti (2003) developed the original Periodontal Risk Assessment (PRA)
chart as a paper-based hexagonal diagram tool, which has subsequently been
digitized and enhanced with ML algorithms. Matuliene et al. (2010) applied
multivariate logistic regression to predict tooth loss in 172 periodontitis patients over
10 years of supportive periodontal therapy (SPT) and identified furcation
involvement and probing depth after active therapy as the strongest predictors.[183]
Nguyen et al. (2022) extended this risk stratification approach using a neural network
ensemble trained on 6,200 periodontal maintenance patients and achieved AUC of
0.88 for tooth loss prediction over a 5-year SPT period, enabling Al-driven
individualized recall interval optimization for periodontal maintenance patients.!

8.6 Artificial Intelligence in Oral Pathology

Oral pathology involves the diagnosis of diseases affecting the oral cavity, jaws, and
salivary glands through clinical, radiographic, and histopathological examination. Al
applications in oral pathology are particularly transformative in histopathological
image analysis, where high-resolution whole-slide imaging (WSI) enables deep
learning to analyze cellular-level features at a consistency beyond human capacity.

8.6.1 Histopathological Image Analysis

a
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dataset
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Figure 17: iimage showing Solid tumor regions patches with high and low attention
scores.

(Source- Wang X, Zhao ], Marostica E, Yuan W, Jin ]|, Zhang ], Li R, Tang H, Wang
K, LiY, Wang F, Peng Y, Zhu ], Zhang ], Jackson CR, Zhang ], Dillon D, Lin NU,
Sholl L, Denize T, Meredith D, Ligon KL, Signoretti S, Ogino S, Golden JA,
Nasrallah MP, Han X, Yang S, Yu KH. A pathology foundation model for cancer
diagnosis and prognosis prediction. Nature. 2024 Oct;634(8035):970-978)
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Ito et al. (2020) developed a deep learning system for automated oral squamous cell
carcinoma (OSCC) grading from whole-slide histopathological images of 135 cases
stained with hematoxylin and eosin and achieved classification accuracy of 90.4% for
three-class grading (well, moderately, poorly differentiated), with the AI system's
inter-observer agreement (kappa = 0.83) exceeding the inter-observer agreement
between two human pathologists (kappa = 0.74). [184] Xu et al. (2020) trained a CNN
for odontogenic tumour classification on 1,008 histopathological image patches from
14 tumour types including ameloblastoma, odontogenic keratocyst, and calcifying
odontogenic cyst, achieving multi-class accuracy of 85.3% and macro-AUC of 0.94.
[185] Vinoth Kumar et al. (2022) applied a Vision Transformer (ViT) model to classify
oral mucosal lesion biopsies from 2,100 whole-slide image patches into normal,
hyperplastic epithelium, mild dysplasia, moderate dysplasia, severe dysplasia, and
carcinoma in situ categories and achieved accuracy of 89.1% and kappa of 0.862, with
the model demonstrating superior performance to four oral pathology residents in a
blinded test.[18]

8.6.2 Oral Epithelial Dysplasia Grading

Mahmood et al. (2020) evaluated a deep CNN for automated grading of oral
epithelial dysplasia (OED) on 822 haematoxylin and eosin-stained biopsy images
from 198 cases and achieved three-class (mild/moderate/severe) grading accuracy
of 81.2%, with Al showing strongest performance in binary mild versus moderate-
severe classification (AUC 0.91) - the clinically critical threshold for management
decisions.1871 Speight et al. (2018) in a systematic review of 22 studies applying image
analysis to OED grading found that quantitative digital pathology techniques
including nuclear morphometry, texture analysis, and cell graph analysis
consistently achieved inter-observer agreement exceeding manual grading, and
identified nuclear area, nuclear pleomorphism index, and mitotic count as the most
informative quantitative features.[18]

8.6.3 Salivary Gland Pathology and Molecular Diagnostics

Lee et al. (2019) applied ML to differentiate major salivary gland tumour subtypes on
fine-needle aspiration cytology images using 1,240 cellular image patches from 248
aspirates and achieved multi-class accuracy of 83.7% for seven tumour subtypes
including pleomorphic adenoma, Warthin's tumour, mucoepidermoid carcinoma,
and adenoid cystic carcinoma.l'®] Lingen et al. (2017) demonstrated that integrating
molecular biomarker panels (loss of heterozygosity, DNA methylation, miRNA
expression) with clinical and histopathological features using a random forest
classifier achieved AUC of 0.87 for OED malignant transformation prediction over a
7-year follow-up period in 271 cases, substantially outperforming histopathological
grading alone (AUC 0.71).0190]

8.6.4 Digital Pathology and Automated Mitosis Detection

Falahkheirkhah et al. (2022) developed a two-stage deep learning pipeline for
automated mitosis detection in oral squamous cell carcinoma sections on 3,850 high-
power field (HPF) images and achieved sensitivity of 0.892 and precision of 0.873,
with Al-derived mitotic counts showing stronger prognostic association with 5-year
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disease-specific survival (HR 2.41, 95% CI: 1.63-3.57) than manual mitotic counts (HR
1.87).091 This finding highlight Al's capacity not only to replicate but to surpass
conventional pathological assessment in prognostic stratification.

8.7 Artificial Intelligence in Pedodontics (Pediatric Dentistry)

Pediatric dentistry (Pedodontics) deals with the oral health of children from infancy
through adolescence, including prevention, diagnosis, and management of dental
diseases in the primary and mixed dentition. Al applications in pedodontics focus on
early caries detection, dental age estimation, dental fear and behavior management,
pulp therapy assessment, and developmental anomaly identification.

8.7.1 Early Childhood Caries Detection

Cantu et al. (2020) trained a deep learning model for caries detection on 3,000
periapical and bitewing radiographs from pediatric patients aged 3-14 years and
achieved sensitivity of 0.82 and specificity of 0.88 for primary dentition caries
detection, with the model demonstrating higher sensitivity than general dental
practitioners for dentin caries in primary molars (0.82 vs. 0.71, p = 0.03).[1%2 Lee et al.
(2020) applied transfer learning using VGG-16 to classify clinical photographs of
early childhood caries (ECC) severity into caries-free, initial, moderate, and severe
categories in 1,200 photographs of children aged 1-6 years and achieved four-class
classification accuracy of 79.3%, establishing smartphone-based Al as a potential
community ECC screening tool.l'”*] International Caries Detection and Assessment
System (ICDAS) compatibility was validated by Schwendicke et al. (2021) who found
that ICDAS-trained CNN models achieved AUC of 0.93 for enamel caries and 0.97
for dentin caries on 2,000 standardized bitewing images from a mixed pediatric-adult
cohort.[194]

8.7.2 Dental Age Estimation

Dental age estimation from panoramic radiographs is of particular clinical and
forensic relevance in the pediatric age group. Santander et al. (2021) performed dental
age estimation using Demirjian's eight-tooth method and trained a regression CNN
on 8,022 panoramic radiographs from subjects aged 5-17 years, achieving mean
absolute error of 0.54 years for the full age range, with superior Al performance in
the 6-10 year subgroup.'®! Jader et al. (2018) applied deep learning to panoramic
radiographs for dental development stage classification of all permanent teeth using
1,500 pediatric panoramic radiographs and achieved Demirjian staging accuracy of
93.7% per tooth, enabling automated Demirjian age calculation.['® Lucas et al. (2020)
compared seven ML algorithms for forensic dental age estimation in juveniles using
panoramic radiographic measurements and found gradient boosting achieved the
lowest mean absolute error of 0.87 years on a test set of 1,208 panoramic radiographs
from subjects with known chronological age, outperforming classical Demirjian
regression tables.[1%]

8.7.3 Pulp Therapy and Anomaly Detection

Yilmaz et al. (2022) evaluated a CNN for detecting pulp exposure risk in primary
molars from periapical radiographs in 640 pediatric cases and achieved sensitivity of
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0.88 and specificity of 0.84 for predicting pulp involvement, facilitating Al-assisted
triage of primary molar pulp therapy needs.””] Khanagar et al. (2021)
comprehensively reviewed Al applications in pediatric dentistry across 28
publications and identified dental age estimation (10 studies), caries detection (8
studies), behavior prediction (4 studies), and developmental anomaly identification
(3 studies) as the primary application domains, concluding that Al in pedodontics is
at an early but rapidly advancing stage with promising evidence for several clinical
applications.['”8] For developmental anomalies, Celik Erturk et al. (2021) trained a
CNN to detect supernumerary teeth (mesiodens and paramolars) on panoramic
radiographs from 1,800 pediatric patients and achieved sensitivity of 0.913 and
specificity of 0.888, supporting Al-based developmental screening at first panoramic
radiograph examination.[1%]

8.7.4 Dental Anxiety and Behavior Management Prediction

Buldur et al. (2020) applied ML algorithms including decision tree, naive Bayes, and
SVM to predict Frankl behavior rating scores in 624 pediatric dental patients aged 3-
12 years using demographic, clinical, and parental attitude variables and achieved
prediction accuracy of 78.4% for the binary cooperative versus uncooperative
behavioral classification, identifying maternal dental anxiety, previous pain
experience, and age as dominant predictors.[2%] This application of Al to behavioral
prediction has significant clinical implications, enabling proactive allocation of
advanced behavior management techniques including conscious sedation and
general anesthesia to children predicted to be non-cooperative, optimizing resource
utilization and clinical efficiency in pediatric dental practice.

8.8 Artificial Intelligence in Public Health Dentistry

Public Health Dentistry (Community Dentistry) is concerned with the promotion of
oral health, prevention of dental diseases, and epidemiological assessment of oral
health status at community, state, national, and global levels. Al applications in
public health dentistry leverage large administrative datasets, electronic health
records, remote sensing, and mobile health technologies to advance population-level
oral health assessment, risk stratification, and health promotion.

8.8.1 Population-Level Caries Risk Prediction

Kunzel et al. (2019) applied ML to national oral health survey data from 27,000
children in Germany to develop a population-level caries risk prediction model
integrating socioeconomic, dietary, hygiene, and fluoride exposure variables and
achieved AUC of 0.79 for high caries risk classification, identifying migration
background, household income, and toothbrushing frequency as the strongest
modifiable predictors. [142] Haddad et al. (2022) reviewed 16 studies applying Al to
caries risk assessment at population level and found that ensemble ML models
consistently outperformed traditional validated caries risk tools (Cariogram,
CAMBRA) in prospective validation studies, with AUC improvements of 0.05-0.12
attributable to the inclusion of electronic health record data and temporal pattern
features unavailable to traditional tools.[201]
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8.8.2 Fluorosis and Developmental Defect Surveillance

Nithya et al. (2019) developed a CNN classifier for automated dental fluorosis
grading from clinical photographs using the Thylstrup-Fejerskov Index (TFI) and the
Dean's Fluorosis Index in 1,200 clinical photographs from a high-fluoride endemic
region in rural India and achieved TFI grading accuracy of 82.3% and Dean's Index
agreement of 84.7%, demonstrating Al applicability to community-based fluorosis
surveillance.[*] Such automated grading tools have particular significance for Indian
public health dentistry given the high prevalence of endemic fluorosis across 20
Indian states, where manual grading at scale is resource-intensive and subject to
substantial inter-examiner variability.

8.8.3 Oral Health Disparities and Access to Care Analytics

Vujicic et al. (2021) applied predictive ML analytics to US national dental claims data
from 14 million beneficiaries to identify geographic 'dental deserts' - areas with high
dental disease burden but low care utilization - and developed risk maps identifying
342 counties where preventive intervention programs would yield the highest
impact, demonstrating Al's role in public health resource allocation.l??] In India,
Khatri et al. (2022) applied spatial ML to district-level oral health data from the
National Family Health Survey to predict district-level untreated caries prevalence
and oral cancer incidence, identifying rural district, scheduled caste/ tribe population
proportion, and distance to nearest dental facility as dominant spatial predictors (R2
= 0.71), supporting data-driven oral health infrastructure planning.[20l

8.8.4 Teledentistry and Remote Screening Al

Kopycka-Kedzierawski et al. (2017) pioneered asynchronous teledentistry models in
the United States and established the clinical validity framework for store-and-
forward dental image transmission, subsequently enabling Al-integrated tele-
screening platforms. Estai et al. (2020) validated a smartphone-based CNN system
for remote caries detection in Australian school children using intraoral photographs
captured by non-dental health workers and achieved sensitivity of 0.80 and
specificity of 0.85 compared to reference standard clinical examination, with
substantial concordance (kappa = 0.72) establishing Al teledentistry as a feasible
primary screening modality for oral health equity programs. [204] Balevi et al. (2022)
developed an Al-powered chatbot integrated with symptom-based decision support
for triaging dental emergency presentations during the COVID-19 pandemic and
validated its triage accuracy against dentist-assigned urgency levels in 1,240 cases,
achieving concordance of 87.3%, reducing emergency department dental
presentations by 34% during the validation period.[20°]

8.8.5 Epidemiological Surveillance and Disease Burden Estimation

Frencken et al. (2017) provided the foundational global epidemiological estimates for
dental caries (2.4 billion permanent tooth caries cases, 486 million primary tooth
caries cases) and severe periodontitis (743 million), which Al-augmented surveillance
platforms now update continuously through automated pattern recognition across
national health databases.[17]
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Department Application Model/Method Key Metric | Reference
Oral Med & | Caries Lee et al
Radiology Detection ResNet-50 AUCO917 2018
Oral Med & | Periapical CNN Sensitivity | Ekert et al
Radiology Lesion 0.92 2019
Oral Med & Oral Cancer CNN + | Sensitivity | Uthoff et al.
Radiology Autofluorescence | 0.89 2018
OMS Implant Al Guidance | Error Block et al.
Placement (Yomi) 0.23mm 2021
Mandibular . Sensitivity | Noguchi et
OMS Fracture Deep Learning CT | g4 al. 2020
Orthognathic Mean error | Dot et al.
OMS Planning 3D CNN 1.6mm 2022
. Cephalometric Error Park et al
Orthodontics Landmarks ResNet-50 1 46mm 2019
. Malocclusion Accuracy Cho et al
Orthodonties | cpgsification | SN 93.8% 2021
. Extraction . Agreement | Lee et al
Orthodontics Decision Deep Learning 88.3% 2020
Cons & Endo | C2T1eS YOLOv4 mAP0.go1 | bayrakdaret
Lesions al. 2021
Root Canal Accuracy Hiraiwa et
Cons & Endo Morphology CNN 78.3% al. 2019
. Bone Loss . MAE Jiang et al
Periodontology Measurement Deep Learning 0.38mm 2001
. Periodontal - Accuracy Ezhilarasan
Periodontology Staging Decision Tree 84.3% ot al. 2021
OSCC Grading Accuracy
Oral Pathology (WSI) CNN 90.4°% Ito et al. 2020
Dysplasia Mahmood et
Oral Pathology Binary Deep CNN AUCO0.91 al. 2020
Primary e
Pedodontics Dentition CNN Sensitivity | Cantu et al
. 0.82 2020
Caries
. Dental Age . MAE 0.54 | Santander et
Pedodontics Estimation Regression CNN yrs al. 2021
. Crown Design . HD Mao et al.
Prosthodontics (GAN) Conditional GAN 0.48mm 2001
. Caries Risk Kunzel et al.
Public Health Prediction ML Ensemble AUC0.79 2019
. Tele-screening Sensitivity | Estai et al.
Public Health (Photos) CNN Smartphone 0.80 2020

Table : Comparative Al performance benchmarks across dental specialty departments. AUC
= Area Under Curve; MAE = Mean Absolute Error; HD = Hausdorff Distance; CNN =
Convolutional Neural Network; WSI = Whole Slide Image; OMS = Oral and Maxillofacial

Surgery

59




Artificial Intelligence in Oral Medicine and Radiology

Al in Dental Radiology — Software, Availability, Diseases & Cost

ot qers Approx.
Software / App é(\)lzﬁablhty & Diseases Detected Cost Study (etal.) | Year
try (USD/yr)
Caries, periapical
Second.Opinion Elsli;alia ( CII)JLE lesions, bone loss, | $3,000- Schwendicke 2021
(VideaHealth) Saas) calculus, crown | $5,000 et al.
defects
Caries
Pearl Practice | USA, Canada, EU | (proximal/occlusal), $4,000- Lee et al 2021
Intelligence (Cloud SaaS) alveolar bone loss, PA | $6,000 ’
lesions, calculus
. USA (FDA cleared, $3,500-
Overjet Al Cloud) $5,500 Cantu et al. 2020
. USA, EU, Middle | Root fractures, PA g, 450 | Bayrakdar et
Diagnocat lesions, caries, bone 2021
East (Cloud) . $4,800 al.
loss, impacted teeth
Caries, periapical
. . pathology, bone | $1,800-
Denti. Al EU, Russia (Cloud) levels, crown/bridge | $3,600 Ekert et al. 2019
defects
Apteryx usa, Global iiﬁf Stiiice:;igziuzooort $2000- 1 ppingetal. | 2020
XVWeb Al (Cloud/On-prem) | '£° pron $4,000 getak
igital X-rays
Anatomage USA, Global Ezs;r: r;c:alana;?;?; $5,000- Pauwels et 2015
InVivo Al (Cloud+Desktop) . L .| $10,000 al.
implant site analysis
CBCT segmentation:
. EU, USA | teeth, nerves, bone | $3,000-
3Disc Halo Al (Desktop/Cloud) volume, implant | $6,000 Yasa etal. 2021
planning
Cephalometric
CephX USA, South Korea, | landmarks, skeletal | $1,500-
(Apteryx) Global pattern, ANB, SNA, | $3,000 Park et al. 2013
SNB angles
Cephalometric
WebCeph South Korea, USA, | analysis, growth | $500- Nishimoto et 2019
(Ortholnsight) Global (Cloud) prediction, $1,200 al.
orthodontic planning
Caries, bone loss
Cares.tream S USA, EU, Global detection on $3,000- Mertens et 2019
Imaging Al . $5,500 al.
panoramic X-rays
Planmeca Finland, EU, gi}:vcvzy segmae;?l;gizl $4,000- Farook et al 2023
Romexis Al Global cephalometric tracing $8,000

Bernabe et al. (2020) applied neural network-based nowcasting models to WHO Global
Oral Health Data Bank records from 168 countries to estimate current oral disease burden
with confidence intervals for countries with incomplete survey data, demonstrating Al
utility in filling epidemiological data gaps through imputation and extrapolation.® The
integration of Al-based surveillance with real-time electronic health record aggregation
and natural language processing of electronic dental records has enabled near real-time
oral health surveillance at the clinic, city, and national levels - a transformative advance
for evidence-based oral health policy and program evaluation.
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Al in Oral Medicine — Software, Availability, Diseases & Cost

opeets Approx.
ioftware / é:;iﬁ:rblmy & Diseases Detected | Cost ilh)l dy (et rYea
PP y (USD/yr) :
Oral cancetr,
OrallD USA, Canada dyspla.sui, $2,000- Uthoff et | 201
(Forward (Device + App) potentially $4,000 al 3
Science) PP malignant (device) ’
disorders
Velscope Canada, USA, EU x:lc osal 1?:2?;’ $3,000- Trullenqu 200
P (Device+Softwar . . $6,000 e-Eriksson
Al screening using . 9
e) (device) etal.
autofluorescence
Oral mucosal
Canfield | USA,  Global | 178% p‘;;‘fiz $5,000- Aubreville | 201
VEOS Al (Desktop) leukoplakia $12,000 etal. 7
classification
DoctorLogi | USA  (Cloud ITersli)gnes :fhthgflzl $1,200- Alhindi et | 202
c Al SaaS) - ap " | $3,600 al. 0
herpes, carcinoma
Oral

. Oral submucous .
Cancer USA, India fibrosis, OSCC via | Free-$500 Jubair et | 202

Féncd;)r (Mobile App) smartphone image al. 2
Melanoma,
iToBoS (EU EU squamous cell Research 202
Project) (Research/Clinic | carcinoma of oral ol Ariji et al. 5
ojec al trial) mucosa (AI ony
imaging)
Salivaomi Salivary
sa vao ACI USA, EU | biomarkers for | Research Yoshida et | 202
Platform (Research) Sjogren's, only al. 1
ato periodontitis
R Oral mucosal
SkinVision Netherlands, EU | pigmented lesions, 580/ e Haenssle 201
(adapted . (subscriptio
(App) melanoma-like etal. 8
Oral) lesions n)
Cytological
CytoDerm | India, SE Asia | grading of oral | $1,000- Jeyaraj et | 202
Al (Cloud) smears — | $2,500 al. 1
carcinoma in situ
Oral squamous cell
Histolab Al carcinoma $10,000- 202
(Pathal) | U5 (Cloud) histopathology $20,000 ftoetal. |
grading (WSI)
Temporomandibul
MediSight ar joint disorders, | $2,000- 202
Oral Al UK, EU (Cloud) orofacial pain | $4,000 Bhatt et al. 1
classification

61



Artificial Intelligence in Oral Medicine and Radiology

8.8.6 Oral Health Promotion and Behavioral Intervention Al

Baskaradoss (2018) applied ML to analyze determinants of dental health literacy in
1,200 adults attending public dental facilities and identified health literacy,
educational attainment, and prior dental experience as dominant modifiable
determinants, providing an evidence base for Al-optimized oral health promotion
content design.[206]

Smartphone-based Al oral health coaching applications, including Al-powered
toothbrushing guidance systems, have been evaluated by Mazhari et al. (2018) who
showed that Al feedback-integrated toothbrush systems reduced dental plaque index
by 31.4% compared to 18.2% for conventional toothbrushes in a randomized
controlled trial of 120 children aged 8-12 years, demonstrating real-world Al impact
on population-level oral hygiene behavior change.??’]

8.9 Comparative Al Performance Summary Across Dental Departments

The following table provides a consolidated summary of key Al performance
benchmarks reported across dental specialty applications, facilitating cross-
departmental comparison of Al diagnostic and predictive capabilities.

Interdepartmental Al Integration and Cross-Specialty Collaboration

The preceding department-wise review reveals a unifying theme: Al systems achieve
their greatest clinical utility when integrated across departmental boundaries. Oral
Medicine and Radiology, as the diagnostic hub of dentistry, generates the imaging
data that feeds Al systems across all other specialties.

Cephalometric Al developed in the radiology context directly serves orthodontics;
CBCT segmentation Al directly supports oral and maxillofacial surgery; bone level
measurement Al serves periodontology; periapical lesion Al serves endodontics;
panoramic developmental screening Al serves pediatric dentistry and orthodontics
simultaneously. This cross-departmental data synergy creates an opportunity for
unified Al platforms that generate comprehensive diagnostic reports serving
multiple specialty users from a single radiographic examination.

Schwendicke et al. (2021) proposed the concept of the 'Al-integrated dental clinic'
where a single deep learning platform simultaneously analyzes all acquired
radiographs across all departments, generating specialty-specific diagnostic outputs,
risk scores, and treatment planning recommendations - a model that several
commercial platforms including Diagnocat and Pearl Practice Intelligence are
beginning to approximate [208]

The deployment of such integrated Al systems requires robust governance
frameworks, clear liability allocation between departments, standardized data
exchange protocols (HL7 FHIR), and multidisciplinary clinical validation studies
involving specialists from each participating department. The realization of this
integrated Al vision represents perhaps the most transformative near-term
opportunity for Al to enhance dental care quality, efficiency, and access at the
institutional level.
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9 Annotation Tools and Platforms for Dental Al

The creation of large-scale, well-annotated dental imaging datasets is the essential
prerequisite for training high-performance Al models. Annotation tools provide the
software infrastructure through which human experts interact with dental images to
create ground truth labels. The selection of appropriate annotation tools profoundly
influences the efficiency, accuracy, reproducibility, and management of the dataset
creation process. This chapter provides a comprehensive comparative review of both
general-purpose computer vision annotation platforms and medical/dental-specific
annotation resources, covering their architectures, features, suitability for dental
imaging tasks, and current usage in the dental Al research community.

9.1 General-Purpose Annotation Platforms
9.1.1 Labeling

Labellmg is a widely used open-source graphical image annotation tool written in
Python and Qt, maintained on GitHub with over 20,000 stars. It supports bounding
box annotation for object detection tasks and exports in PASCAL VOC (XML) and
YOLO (TXT) formats. Its keyboard shortcut-driven interface enables efficient single-
annotator workflows, and its simplicity makes it accessible for small research
projects. However, Labellmg supports only bounding box annotations and lacks
polygon segmentation, keypoint annotation, multi-user collaboration, annotation
quality review workflows, and Al-assisted annotation — limiting its utility for
complex dental annotation tasks. It is best suited for small-scale research projects
with bounding box annotation requirements-[158]

9.1.2 CVAT (Computer Vision Annotation Tool)

CVAT, developed by Intel and subsequently maintained as an open-source project
with a commercial cloud offering, is one of the most feature-rich general-purpose
annotation platforms available. It supports the full range of annotation types
including bounding boxes, polygons, polylines, points/keypoints, ellipses, cuboids,
and 3D annotations. Its web-based interface supports team collaboration with task
assignment, user role management (annotator/reviewer/manager), and quality
control workflows. Integration with the Segment Anything Model (SAM) enables Al-
assisted semi-automatic segmentation that substantially accelerates polygon
annotation. [129]

For dental radiograph annotation, CVAT is well-suited for the complete range of
tasks: bounding box annotation of caries and periapical lesions, polygon
segmentation of tooth boundaries and lesion margins, and keypoint annotation for
cephalometric landmarks. Its multi-annotator collaboration and reviewer workflow
features support the multi-expert consensus annotation protocols required for dental
Al dataset development. Export to COCO JSON, PASCAL VOC, YOLO, and
TFRecord formats ensures compatibility with all major Al training frameworks.
CVAT is the recommended platform for mid-scale dental AI research projects
(hundreds to thousands of images) requiring polygon or keypoint annotations with
multi-annotator consensus.
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9.1.3 SuperAnnotate

SuperAnnotate is a commercial enterprise-grade annotation platform offering
advanced features for large-scale dental Al dataset management and quality
assurance. Its distinctive features include Al-assisted annotation with model-in-the-
loop suggestions that accelerate annotator productivity by 3-5x, advanced inter-
annotator agreement monitoring with automatic flagging of discordant annotations,
comprehensive project management dashboards with time tracking and productivity
analytics, annotation versioning and audit trails for regulatory compliance, and
direct integration with AWS S3, Google Cloud Storage, and Azure Blob for scalable
data management.['%]

SuperAnnotate is particularly appropriate for large-scale commercial dental Al
dataset construction projects — such as those undertaken by dental Al companies
building FDA submission training datasets — requiring professional project
management, rigorous quality assurance, and workforce coordination. Its
commercial pricing structure ($0.02-$0.10 per image depending on annotation
complexity and volume) may be prohibitive for academic research budgets but
represents a cost-effective option for commercial-scale projects requiring consistent,
documented annotation quality.

9.1.4 Roboflow

Roboflow provides an integrated platform combining annotation (bounding boxes,
polygons, keypoints), dataset management, augmentation, export, and model
training capabilities in a single workflow. Its comprehensive augmentation pipeline
(60+ augmentation types with preview) and one-click export to 30+ annotation
formats make it particularly valuable for rapid prototyping and experimentation.
Public dental imaging datasets are accessible through Roboflow Universe, enabling
researchers to access pre-annotated dental imaging data and contribute annotations
to the community.[10]

9.1.5 VGG Image Annotator (VIA)

VGG Image Annotator (VIA) is a free, browser-based annotation tool requiring no
installation or server setup, developed by the Visual Geometry Group at Oxford. It
supports image and video annotation with bounding boxes, polygons, polylines,
circles, ellipses, and points, exporting in CSV, JSON, and COCO formats. VIA's zero-
installation requirement and complete browser-based processing (no image upload
to external servers) makes it particularly suitable for privacy-sensitive dental
imaging annotation scenarios where images must not leave the institutional network.
Inter-rater reliability analysis is facilitated through the JSON format's support for
multiple annotator layers on the same image.[161]

9.2 Medical and Dental-Specific Annotation and Analysis Resources
9.2.1 3D Slicer

3D Slicer is an open-source platform for medical image informatics, processing, and
3D visualization with over 30 years of development.
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It provides the most comprehensive suite of segmentation tools for dental CBCT
analysis available in the open-source community. The Segment Editor module
provides threshold-based segmentation, grow-from-seeds semi-automatic
segmentation, level sets, island effect, and manual brush tools for interactive CBCT
structure delineation. SlicerMorph, a dedicated 3D Slicer extension for craniofacial
morphometric analysis, provides tools for 3D landmark annotation and geometric
morphometrics directly relevant to dental CBCT research.[162]

3D Slicer is the platform of choice for research-grade CBCT annotation for dental Al
training datasets, particularly for jaw bone segmentation, tooth segmentation, nerve
canal annotation, and TM] morphology analysis. Integration with PyTorch and
TensorFlow through SlicerAl facilitates the development of Al-assisted segmentation
workflows that combine 3D Slicer's annotation infrastructure with deep learning
assistance.

9.2.2 ITK-SNAP

ITK-SNAP is a specialized open-source tool for semi-automated 3D medical image
segmentation based on the SNAP (SNake Automatic Partitioning) algorithm. It
implements region competition snakes and level set methods that efficiently segment
complex 3D dental structures by propagating deformable contours from seed points
placed by the user. ITK-SNAP is particularly efficient for segmenting structures with
clear boundaries (mandible, maxilla, sinuses) in CBCT volumes and has been widely
used for dental CBCT annotation in published Al training studies. Its simpler
interface compared to 3D Slicer makes it more accessible for operators without
extensive medical imaging software training. [163]

9.2.3 MITK (Medical Imaging Interaction Toolkit)

MITK is a free open-source software system for the development of interactive
medical image processing software. The MITK Workbench provides a flexible
platform for 2D and 3D medical image annotation with integrated Al-assisted
segmentation through the MITK-ModelFit framework. MITK supports DICOM data
natively, enabling direct annotation of dental CBCT volumes without format
conversion. It is particularly valuable for research groups developing custom dental
Al annotation tools that can be built as MITK plugins, leveraging the framework's
extensive image processing and visualization infrastructure.

9.2.4 Public Dental Imaging Datasets

The availability of public dental imaging datasets has grown substantially over the
past five years, reducing the barrier for dental Al research by providing annotated
starting points that can be used directly for model training or as validation
benchmarks. Key resources include:

* Tufts Dental Database: 1,000 panoramic radiographs with expert
annotations for periapical findings, tooth numbering, and bone loss,
deposited at Tufts University and freely available for academic research.
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* DENTEX Dataset (MICCAI 2023): Panoramic radiographs annotated with
quadrant, tooth enumeration, and 4 pathological categories (impacted tooth,
periapical lesion, deep caries, missing teeth), released as part of the MICCAI
2023 DENTEX challenge.

* UFBA-UESC Dental Image Dataset: 1,500 panoramic radiographs with
tooth-level segmentation annotations.

* Panoramic Dental X-ray Dataset (Zenodo): Multiple panoramic radiograph
collections with varying annotation completeness.

* OSF Healthcare CBCT Dataset: CBCT volumes with mandibular canal
segmentation annotations.

* PhysioNet Dental Datasets: Curated dental imaging datasets with clinical
annotations meeting PhysioNet's data sharing standards.

The proliferation of public dental imaging datasets, while still modest relative to
general medical imaging Al, represents a significant positive trend for open-science
dental Al research. Researchers are strongly encouraged to deposit their annotated
dental imaging datasets in public repositories upon publication, contributing to the
field's shared data infrastructure. [164]

9.3 Current Commercial AI Applications in Dentistry

AI Product Manufacturer | Clinical Application Regulatory
Status
Caries, bone loss, calculus
Second.Opinion VideaHealth detection on  bitewing/PA flle): i‘e d 510(k)
radiographs
Pearl  Practice Comprehensive  — dental | gy, 504
. Pear] Inc. radiograph analysis (caries, bone
Intelligence . cleared
loss, PA lesions)
. Carestream Caries and bone loss detection, | FDA  510(k)
Overjet Al
Dental alveolar bone measurement cleared
. . Full CBCT and OPG analysis,
Diagnocat Diagnocat Inc. multi-pathology detection CE Class Ila
Automated cephalometric .
Ceph X Apteryx Dental landmark detection and analysis Commercial
WebCeph Ortholnsight Al cephalometric analysis, cloud- Commercial
based
Anatomage InVivo | Anatomage CBCT segmentation, 3D surgical | FDA  510(k)
Al Inc. planning cleared
3Disc Halo 3Disc Inc. Al CECT segmentation, implant CE marking
planning
Dentsply Dentsply Al-enhanced intraoral scanning | CE/FDA
Primescan Al Sirona and analysis cleared
ClearAlign ClearCorrect AI-based aligner  treatment Commercial
planning
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9.4 Introduction and Commercial AI Landscape

The translation of dental Al from academic research to commercial clinical products
has accelerated dramatically since 2018, with multiple companies achieving
regulatory clearance and achieving meaningful clinical deployment. The commercial
dental Al market, valued at approximately $1.3 billion in 2023, is projected to exceed
$9 billion by 2030 at a CAGR of 31%. This rapid market growth reflects genuine
clinical demand for Al-assisted diagnostic tools, driven by the combination of
demonstrated clinical performance, compelling efficiency benefits, and favorable
regulatory pathways for well-validated dental AI systems. Understanding the
commercial landscape is essential for clinicians evaluating Al tools for practice
integration and for researchers designing studies with clinical translation in mind.
[165]

9.4.1 FDA-Cleared Caries and Periapical Detection Platforms

VideaHealth (formerly Videa), founded in 2018 by Florian Hillen and
commercializing deep learning technology developed at Harvard Medical School,
offers Second.Opinion — one of the first Al dental diagnostic platforms to receive
FDA 510(k) clearance for analysis of intraoral radiographs. Second.Opinion analyzes
bitewing and periapical radiographs in real time, providing color-coded overlays
indicating detected caries, bone loss, and calculus deposits. A peer-reviewed clinical
study demonstrated that dentists using Second.Opinion showed 32% improvement
in caries detection sensitivity while maintaining specificity, compared to unassisted
diagnosis — representing a clinically meaningful improvement in diagnostic
accuracy. VideaHealth's platform integrates with major dental practice management
and imaging software systems including Eaglesoft, Dentrix, and Carestream
Imaging. [166]

Pearl Practice Intelligence, founded in 2019, offers the most comprehensive Al
analysis coverage of current FDA-cleared dental Al platforms: simultaneous analysis
of caries (all surfaces), calculus, bone loss, periapical lesions, crown and root
fractures, restoration overhangs, and anatomical measurements from intraoral
radiographs and panoramic radiographs. Pearl's Al was trained on over 50 million
annotated radiographs — the largest training dataset reported for any dental Al
system — providing broad coverage of dental pathological findings. Clinical studies
demonstrate high sensitivity (0.87-0.93) and specificity (0.79-0.88) across dental
pathology categories. [167]

Overjet, the first dental Al company to receive FDA clearance for Al analysis of dental
radiographs (2021), provides Al-powered quantitative assessment of alveolar bone
levels — measuring crestal bone height from the CE] — in addition to caries
detection.

Overjet's distinctive value proposition is quantitative bone level measurement,
providing an objective and reproducible periodontal assessment metric particularly
useful for periodontal staging and monitoring. Integration with Overjet Al has been
implemented in dental insurance pre-authorization workflows, representing a novel
application of dental Al in insurance claims processing. [168]
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9.4.2 AI-Powered CBCT Analysis Platforms

Diagnocat, founded in Moscow in 2019 and now operating globally, is one of the
leading commercial CBCT Al analysis platforms worldwide. Diagnocat's cloud-
based platform analyzes CBCT volumes to produce Al-generated reports covering;:
tooth numbering (FDI system); caries detection (including proximal and secondary
caries); periapical pathology; periodontal bone loss assessment; calculus detection;
root anatomy assessment (canal number, curvature, root resorption); impacted tooth
identification; and jaw pathology screening. Diagnocat has received CE Class Ila
medical device certification in Europe and is registered as a medical device in
multiple countries. Its processing time of approximately 10-15 minutes per CBCT
volume — compared to 2-4 hours for equivalent manual analysis — provides
compelling efficiency benefits for high-volume diagnostic centers. [169]

Anatomage InVivo, from Anatomage Inc. (San Jose, California), incorporates Al-
assisted segmentation into its comprehensive CBCT analysis software. InVivo's Al
tools automate the segmentation of mandible, maxilla, teeth, nerve canals, and
airways, providing 3D anatomical models for implant planning, surgical simulation,
orthodontic digital workflows, and airway analysis. Integration with Anatomage's
digital anatomy atlas enables automatic identification of anatomical structures in
CBCT volumes and comparison with anatomical reference data. InVivo is widely
used in academic oral and maxillofacial surgical centers and specialist implantology
practices globally. [170]

9.4.3 Automated Orthodontic Cephalometric Analysis Systems

The commercialization of Al cephalometric analysis has been particularly rapid,
driven by the clear efficiency benefits of automating a task that every orthodontic
patient requires and that consumes significant clinician or staff time. Multiple
commercial platforms are in active clinical use globally, competing on landmark
accuracy, analysis comprehensiveness, and workflow integration.

Dolphin Imaging, one of the most widely installed orthodontic practice management
systems globally, has integrated Al-assisted cephalometric tracing that automatically
identifies landmarks and populates standard analyses (Steiner, Ricketts, Jarabak,
McNamara, Bjork-Jarabak, and others). Clinicians review and adjust Al-identified
landmarks as needed before finalizing the analysis, reducing total cephalometric
analysis time from 15-30 minutes to 2-5 minutes per case. Dolphin's Al is trained on
hundreds of thousands of cephalometric radiographs from its user base, providing
large-scale training data that drives high landmark accuracy. [171]

Nemoceph and ClinCheck Pro (Align Technology) incorporate Al-enhanced
cephalometric analysis integrated with Invisalign aligner treatment planning
workflows, enabling automated integration of skeletal and dental analysis data into
digital aligner design algorithms. The integration of Al cephalometric analysis with
Al-driven treatment outcome simulation — predicting final tooth position and facial
profile change for different aligner designs — represents a compelling clinical Al
application that has contributed to the remarkable market adoption of aligner
therapy.
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9.4.4 AI-Enhanced Intraoral Scanning and Chairside Diagnostics

The most directly patient-facing category of dental Al tools integrates Al analysis into
the chairside clinical encounter, providing real-time diagnostic support during
examination and imaging. Al-enhanced intraoral cameras analyze live video streams
or captured images to detect pathological findings, providing visual cue overlay
displays on chairside monitors that support clinician-patient diagnostic
communication.

Dentsply Sirona's CEREC Primescan and CEREC Al system integrates Al-powered
detection of carious lesions, plaque, and calculus in live intraoral camera video
streams, providing real-time annotations on the chairside display. The 'CEREC Al
Detect' functionality — developed in collaboration with deep learning researchers —
marks detected carious lesions and gingivitis indicators on the live video stream,
functioning as an always-on Al second opinion during clinical examination. A
clinical evaluation study found that CEREC Al-assisted examination identified 24 %
more carious lesions per patient examination compared to unassisted examination.
[172]

Al-powered patient communication tools, including Overjet's patient-facing report
generation and VideaHealth's annotation display, use Al-analyzed radiographic
images as the basis for visual patient education — showing annotated versions of the
patient's own radiographs that highlight detected pathologies. Studies consistently
demonstrate that AI- annotated radiograph presentation improves patient
understanding of diagnosed conditions and increases treatment acceptance rates —
a commercially valuable benefit for dental practices beyond the diagnostic utility of
Al alone.

10 Challenges and Limitations of Al in Oral Medicine and Radiology

Despite the remarkable pace of progress and compelling clinical demonstrations of
Al diagnostic performance in oral medicine and radiology, significant challenges and
limitations constrain the safe, equitable, and widespread adoption of dental Al
systems. A realistic and nuanced understanding of these challenges is essential for
clinicians making Al adoption decisions, researchers designing studies to address
knowledge gaps, policymakers developing regulatory frameworks, and developers
prioritizing research directions. This chapter provides a comprehensive and critically
balanced analysis of the principal barriers to dental AI development and
deployment, spanning technical, data, regulatory, ethical, and human factors
domains.

10.1 Data Scarcity and the Training Data Bottleneck

The fundamental constraint limiting the performance and generalizability of dental
Al systems is the scarcity of large, well-annotated, publicly available dental imaging
datasets. This data scarcity problem is structural — arising from multiple interacting
factors that collectively impede the creation of the large-scale, diverse training
datasets that modern deep learning requires — and represents the most
consequential challenge in the field. [173]
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The economics of dental radiograph annotation are unfavorable compared to many
other medical imaging domains. Expert dental radiograph annotation requires the
time of oral radiologists or experienced dental specialists — a scarce and expensive
professional resource. A single panoramic radiograph may require 15-45 minutes for
comprehensive annotation by an expert, depending on pathology complexity,
compared to minutes for annotation of simpler medical imaging tasks. A moderately
sized dental Al training dataset of 10,000 annotated panoramic radiographs would
require 2,500-7,500 hours of expert annotation time — a significant resource
investment that exceeds the capacity of most academic research groups. Data privacy
and governance barriers further impede dental imaging data aggregation. Unlike
natural images from the internet that can be freely collected and used for Al training,
dental radiographs are sensitive personal health data subject to comprehensive
privacy protection frameworks (GDPR, HIPAA, DPDPA). The legal and
administrative complexity of establishing inter-institutional data sharing
agreements, navigating ethics committee requirements across multiple institutions,
and ensuring regulatory compliance throughout the data lifecycle creates substantial
overhead that constrains the multi-site collaboration necessary for large dataset
construction [1741,

Class imbalance is a pervasive challenge in dental AI datasets arising from the
relative rarity of important pathologies compared to normal findings. While dental
caries is common enough to provide substantial training examples, early-stage or
incipient lesions — the clinically highest-value detection target — are substantially
rarer than established cavitated caries. Oral cancer and precancerous lesions are rare
in most institutional datasets, often comprising less than 0.5% of clinical encounters,
creating severe class imbalance that makes Al training for these high-stakes
conditions particularly challenging. [175]

10.1.1 Radiograph Quality Variability and Domain Shift

Dental radiographs acquired in real-world clinical settings exhibit extraordinary
technical variability that poses a fundamental challenge for Al generalization.
Sources of this variability include differences in radiographic equipment (digital
sensor vs. photostimulable phosphor plate, different manufacturers' sensors with
different pixel pitch, dynamic range, and noise characteristics), X-ray unit parameters
(voltage, current, exposure time), positioning variability and paralleling technique
vs. bisecting angle, patient factors (anatomy, movement, swallowing artifacts on
OPG), and post-processing algorithms applied by different imaging software
versions. Domain shift — the degradation of AI model performance when deployed
in a setting with different image characteristics than the training domain — is a
ubiquitous and serious problem in dental Al that is rarely adequately addressed in
published studies. A model trained on 500pm pixel pitch intraoral radiographs from
one major manufacturer's digital sensors may perform significantly worse on 200pm
pixel pitch images from another manufacturer's sensors, even if the clinical pathology
appearances are similar. Domain shift between training institutions has been
demonstrated to reduce dental Al sensitivity by 5-20% — a clinically important
degradation that may not be apparent from single-institution validation studies.
[176]
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Addressing domain shift requires: multi-site dataset collection spanning diverse
equipment, protocols, and patient demographics; domain adaptation techniques
(domain adversarial training, instance normalization, test-time augmentation) that
reduce sensitivity to domain differences; deployment monitoring that detects
performance degradation in new deployment environments; and domain-specific
fine-tuning using a small local dataset when deploying a system in a new
institutional context. Reporting standards for dental Al validation studies should
require multi-institutional external validation as a mandatory criterion for clinical

credibility. [177]
10.1.2 Annotation Quality and Inter-Observer Variability

The clinical validity of dental Al is ultimately bounded by the quality of the human
expert annotations from which it learns. The existence of substantial inter-observer
disagreement among expert dental radiologists in the interpretation of dental
radiographs — documented across multiple studies and pathological categories —
creates an irreducible ceiling on Al performance against human-generated gold
standards.

An Al model cannot consistently outperform the inter-annotator agreement of its
training labels, and performance differences between Al and human clinicians may
partially reflect Al convergence toward the consensus annotation rather than genuine
diagnostic superiority. [178]

A systematic review by Schwendicke et al. (2021) documented Cohen's Kappa
coefficients ranging from 0.35 to 0.72 for inter-observer agreement among expert oral
radiologists for radiographic caries detection tasks — reflecting only moderate to
substantial agreement at best. For periapical lesion detection, Molander et al.
documented mean Kappa of 0.42 between experienced endodontists and
radiologists.

For periodontal bone level measurement, mean inter-observer differences of 0.8-1.4
mm between experienced practitioners have been reported — a difference that
exceeds the claimed measurement accuracy of many Al systems. These documented
inter-observer disagreements represent the inherent subjectivity ceiling limiting
dental radiograph annotation reliability. [156]

Developing consensus annotation protocols that maximize annotation consistency
while minimizing the burden on expert annotators requires careful protocol design
and systematic calibration.

The Delphi method for consensus development, structured annotation training
sessions with reference case feedback, and real-time inter-annotator agreement
monitoring during annotation campaigns are methodological approaches that have
demonstrated effectiveness in reducing annotation variability. The development of
internationally standardized dental Al annotation protocols — analogous to the
RECIST criteria for tumor response assessment in radiology — would substantially
improve cross-study comparability and training data consistency.
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10.2 Ethical and Legal Challenges
10.2.1 Patient Data Privacy and Re-identification Risk

The use of patient dental imaging and clinical data for Al development raises
fundamental privacy concerns that must be proactively addressed in research and
commercial Al development.

Beyond the requirements of data protection regulations (GDPR, HIPAA, DPDPA),
there are emerging technical concerns about the sufficiency of standard de-
identification approaches for dental imaging data. Dental morphology — like
fingerprints and iris patterns — exhibits high individual specificity, potentially
enabling re-identification of 'de-identified' dental radiographs through automated
matching against dental records databases. This 'dental biometric' re-identification
risk, while largely theoretical at present, warrants attention as dental Al datasets
become larger and more widely shared. [179]

10.2.2 Algorithmic Bias and Health Equity

Al systems trained on datasets that do not adequately represent the diversity of the
patient population for which they will be deployed may exhibit systematic
performance differences across demographic groups — a problem known as
algorithmic bias. In dental AI, potential sources of algorithmic bias include:
underrepresentation of certain ethnicities, age groups, or socioeconomic groups in
training datasets; biased annotation that reflects the diagnostic preferences of a
particular geographic or training tradition; technical bias from equipment differences
that correlate with institutional characteristics that in turn correlate with patient
demographics; and proxy bias arising from features in dental images that are
associated with protected characteristics. [104]

A seminal study by Obermeyer et al. (2019) in Science demonstrated that a widely
used healthcare algorithm that predicted patients' healthcare needs (and allocated
clinical resources accordingly) exhibited systematic racial bias — underestimating
the needs of Black patients relative to White patients with similar disease severity.
This finding galvanized the medical Al community to develop systematic bias
evaluation frameworks. For dental Al, mandatory bias evaluation across
demographic subgroups — reporting sensitivity and specificity separately for
different age groups, sexes, and ethnicities — should be a standard component of
validation studies. Al systems with demonstrated performance disparities across
demographic groups should not receive regulatory clearance for deployment
without evidence that the disparity has been addressed.

10.2.3 Medicolegal Liability in AI-Assisted Diagnosis

The introduction of Al into clinical dental diagnostic workflows creates novel and
unresolved questions about the distribution of medicolegal liability when Al-assisted
diagnosis leads to an adverse patient outcome. The current legal consensus in most
jurisdictions is that the licensed dental practitioner retains ultimate clinical and legal
responsibility for all diagnostic and treatment decisions, regardless of Al assistance
— the 'physician as learned intermediary' doctrine.
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However, this consensus is increasingly challenged as Al systems achieve
autonomous performance levels and as questions arise about the professional
obligation to use available superior Al tools [8). Specific unresolved liability
questions in dental Al include: Does the failure to use a commercially available FDA-
cleared Al diagnostic tool constitute negligence if a diagnosis is missed that Al would
have detected? How should the clinician's duty to verify Al recommendations be
specified in clinical protocols? How should liability be allocated between the
clinician, the Al software vendor, and the institutional deployer when an Al-assisted
error occurs? What documentation obligations arise from Al-assisted diagnostic
workflows, and how should AI contribution to diagnosis be recorded in clinical
notes? Legal scholars, professional dental associations, and Al developers are
actively working to develop frameworks addressing these questions, but definitive
answers remain elusive. [181]

10.2.4 Clinician Trust, Al Literacy, and Adoption Barriers

The clinical integration of Al diagnostic tools requires not only technically adequate
performance but also clinician willingness to engage with, rely upon, and
appropriately integrate Al recommendations into clinical practice. Survey studies
across multiple countries consistently reveal significant ambivalence among dental
practitioners regarding Al: while interest in Al technology is broadly positive, trust
in Al recommendations and intention to adopt Al tools are more mixed, reflecting
the complex psychological and professional dimensions of Al integration. [182]

A survey of 312 dental practitioners in Germany by Schwendicke and Chaurasia
(2020) found that 85% expressed interest in Al diagnostic tools, but only 30% reported
that they would trust Al recommendations without personal verification. A cross-
sectional survey of 486 Indian dentists by Patil and Bhatt (2020) found that 72% had
positive attitudes toward Al in dentistry but only 41% had received any formal
education on Al Studies consistently demonstrate that Al literacy — understanding
of how Al systems work, their capabilities and limitations, and the evidence basis for
their performance claims — is the strongest predictor of appropriate Al trust and
adoption intention among dental practitioners. [183]

Barriers to Al adoption specific to dental practice include: workflow integration
challenges (Al tools that require significant workflow modification for limited
perceived benefit are unlikely to be adopted); cost-benefit uncertainty (the financial
investment required for Al subscription services may not be clearly justified by
measurable practice outcomes for all practice types); liability concerns about Al-
assisted misdiagnosis; concerns about patient privacy; and the perceived threat to
professional identity and clinical autonomy posed by Al systems that appear to
compete with clinical expertise. Building clinician Al literacy through integration of
Al education into dental undergraduate and postgraduate curricula is essential for
achieving appropriate Al adoption. [4]

10.3 Regulatory Complexity and International Fragmentation

The regulatory landscape for Al medical devices is fragmented across jurisdictions,
rapidly evolving, and not yet fully adapted to the specific challenges of continuously
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learning Al systems. In the United States, the FDA regulates dental Al diagnostic
software as Software as a Medical Device (SaMD), subject to 510(k) premarket
notification or De Novo classification depending on the level of risk. As of 2024, the
FDA has cleared over 700 Al/ML-enabled medical devices, with dental Al
representing an increasing proportion [184]. In the European Union, Al medical
devices are regulated under the Medical Device Regulation (MDR) 2017/745, which
came into full force in May 2021. The EU AI Act (2024), the world's first
comprehensive Al regulation, introduces additional risk-based requirements for
'high-risk Al systems' — a category that may encompass Al used for medical
diagnosis. The convergence of MDR requirements for medical devices and Al Act
requirements for high-risk Al creates a complex dual-regulatory environment for
dental Al developers in EU markets. The EU's conformity assessment (CE marking)
pathway is distinct from FDA clearance, requiring separate technical documentation
and often notified body review for Class Ila and above dental Al products. [185]

In India, dental AI diagnostic software is regulated as a medical device under the
Medical Devices Rules 2017 (amended 2020), administered by the Central Drugs
Standard Control Organization (CDSCO). The CDSCO's regulatory framework for
Al medical devices is still developing, creating some uncertainty for Indian dental Al
developers and international companies seeking to commercialize Al dental
products in the Indian market. The ICMR's Al in healthcare guidance documents

provide ethical frameworks but do not constitute binding regulatory requirements.
[186]

11 Future Directions in Al for Oral Medicine and Radiology

The trajectory of Al in oral medicine and radiology points toward a future of far
greater clinical capability, more seamless clinical integration, and broader application
scope than the current generation of Al tools. Multiple converging technological,
scientific, regulatory, and organizational trends are shaping this trajectory. This
chapter examines the most significant anticipated developments across six domains:
foundation models and multimodal Al real-time chairside Al diagnostics, federated
learning for multi-center collaboration, robotic integration, personalized Al-driven
treatment planning, and Al for global oral health equity.

11.1 Foundation Models and Large Language Models in Dentistry

The development of large-scale pre-trained 'foundation models' — Al systems
trained on massive diverse datasets that provide general-purpose representations
adaptable to specific downstream tasks — represents a paradigm shift in Al
development with profound implications for dental Al. GPT-4, DALL-E 3, Med-
PalLM 2, BioGPT, and their successors demonstrate the ability of large language and
multimodal models to answer complex medical questions, generate clinical reports,
interpret medical images, and engage in sophisticated clinical reasoning with
minimal task-specific training [187]. A dental foundation model — trained on
millions of dental radiographs, clinical photographs, CBCT volumes, EHR data, and
dental literature — could provide a highly generalizable base for essentially any
dental Al application.
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Rather than training separate models for caries detection, periapical lesion detection,
cephalometric analysis, and oral cancer screening, a single foundation model could
be fine-tuned for each task from a small amount of task-specific labeled data. This
‘pretrain-once, finetune-many' paradigm could dramatically reduce the data and
computational requirements for dental Al development, democratizing the
development of high-performance dental Al beyond large research groups and
commercial companies. [188]

Multimodal large language models (MLLMSs) capable of simultaneously processing
dental images, clinical text, patient history, and laboratory data and generating
natural language clinical reasoning and recommendations represent the vision for
next-generation dental clinical decision support. Systems like GPT-4 Vision, Gemini
Ultra, and their medical adaptations (Med-Gemini) are already demonstrating
remarkable ability to answer complex medical questions about images, though their
dental imaging performance has not yet been systematically evaluated at the time of
this dissertation.

11.2 Real-Time Chairside AI Diagnostics

The current generation of clinical Al dental tools operates primarily in a batch
processing mode. The next generation will operate in true real-time, providing
instantaneous diagnostic overlays on live imaging streams from intraoral cameras,
digital radiograph sensors, and portable 3D scanners. Advances in edge computing
(NVIDIA Jetson, Apple Neural Engine, Qualcomm Al Engine), model compression
(quantization, pruning, knowledge distillation), and dedicated dental Al application-
specific integrated circuits (ASICs) are enabling progressively more powerful Al
models to run locally on chairside dental units without cloud connectivity. [189]

Real-time multimodal diagnostics — simultaneous Al analysis of live intraoral video,
near-infrared transillumination, fluorescence imaging, and intraoral radiograph data
as the clinician examines the patient — will enable comprehensive Al-assisted dental
examination that detects pathology across multiple detection modalities
simultaneously.

Near-infrared light transillumination (NILT) Al, which uses infrared light to detect
early carious demineralization without ionizing radiation, has demonstrated
sensitivity for detecting early approximal caries lesions (AUC 0.90) that approaches
or exceeds that of bitewing radiography for lesions confined to enamel. [190]

Augmented reality (AR) integration with dental Al — overlaying Al-detected lesion
annotations directly onto the patient's oral cavity as viewed through AR glasses or
surgical microscopes — represents an emerging capability that could transform the
chairside examination experience. Rather than requiring the clinician to look away
from the patient to view Al annotations on a monitor, AR dental AI would
superimpose diagnostic overlays directly onto the clinical visual field, minimizing
workflow disruption and cognitive load. Proof-of-concept demonstrations of AR
dental AI have been published, and commercial AR dental systems are in
development by multiple companies.
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11.3 Federated Learning: Collaborative AI Without Data Sharing

Federated learning (FL) represents the most promising technical solution to the data
scarcity and privacy barriers constraining dental Al development. In federated
learning, the Al model is trained by aggregating weight updates (gradients) from
local training at participating institutions — rather than by sharing raw patient data
with a central server. This approach enables institutions to collectively train a
powerful shared model while maintaining patient data within institutional
boundaries, satisfying privacy requirements and eliminating the ethical and legal
barriers to inter-institutional data sharing [191]. The mathematical foundation of
federated learning is the Fed Avg algorithm (McMahan et al., 2017), which aggregates
model weight updates from multiple clients by computing a weighted average of
local gradients. Extensions including FedProx (for heterogeneous local datasets),
SCAFFOLD (for correcting client drift in non-1ID settings), and FedMA (for layer-
wise model aggregation) address practical challenges in federated training including
the statistical heterogeneity of data across dental institutions. A multi-institutional
federated learning pilot for dental caries detection — connecting 5 dental schools
across 3 countries, each contributing local model updates from their respective PACS
data — demonstrated that the federated model achieved performance within 3-5%
of a centrally trained model using pooled data, while completely preserving patient
data privacy within each institution. This proof-of-concept demonstrates the practical
feasibility of federated dental Al and motivates the development of permanent
federated Al networks connecting dental schools and hospital dental departments
globally. Professional dental organizations (ADA, IDA, IADR) are well positioned to
facilitate the establishment of such networks. [192]

11.4 Robotic-Assisted Dental Surgery and Al Integration

The convergence of Al with robotic surgical systems is creating new frontiers in the
precision, reproducibility, and safety of dental surgical procedures. Robotic-assisted
dentistry leverages Al for preoperative planning, intraoperative navigation, real-time
anatomical structure recognition, and closed-loop control of surgical instruments
within Al-defined safety parameters!’l. The Yomi robotic dental implant surgery
system (Neocis, Miami) has received FDA 510(k) clearance for Al-guided robotic-
assisted dental implant placement. The Yomi workflow involves: Al-guided CBCT
analysis to generate an optimal implant placement plan; surface registration to align
the CBCT model with the patient's anatomy in the surgical field; and real-time robotic
haptic guidance that constrains the surgeon's drilling motion to the planned implant
trajectory while providing tactile feedback that communicates deviations from the
surgical plan. A multicenter clinical study demonstrated 0.23 mm mean implant placement
accuracy with Yomi — significantly better than conventional freehand (1.2 mm) or guided
surgery (0.8 mm) accuracy [194]. Future developments in Al-robotic oral surgery will include:
fully autonomous execution of specific surgical sub-tasks (osteotomy drilling to planned
depth, suction-irrigating drilling debris, saline irrigation control) within surgeon-supervised
parameters; real-time intraoperative CBCT with Al update of the surgical plan based
on bone density and anatomy encountered during surgery; Al-powered endoscopic
assistance for minimally invasive oral surgery; and robotic laser ablation for precisely
targeted treatment of early-stage oral mucosal lesions.
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11.5 Precision Oral Medicine: Personalized AI-Driven Treatment

The long-term vision of precision oral medicine — tailoring diagnostic and
therapeutic approaches to the individual patient's unique biological, genetic,
environmental, and behavioral profile — will be realized through Al systems capable
of integrating the full spectrum of patient-specific data across biological scales and
temporal dimensions. [195]

Multiomics integration — combining genomic, transcriptomic, proteomic,
metabolomic, and microbiome data from oral biospecimens with clinical and
imaging data — offers a comprehensive biological window into individual oral
disease risk and treatment response. Machine learning algorithms applied to
multiomics data have demonstrated the ability to predict caries risk, periodontal
disease susceptibility, oral cancer risk, and treatment response with substantially
greater accuracy than any single biomarker class. Al-integrated liquid biopsy
platforms using salivary cell-free DNA for early oral cancer detection represent a
convergence of molecular diagnostics, biosensor technology, and machine learning
with transformative screening potential. [196]

Longitudinal digital twin models — patient-specific computational representations
that integrate all available clinical, imaging, genomic, and behavioral data into a
dynamic model of individual oral health — represent the ultimate expression of
precision oral medicine Al. A patient's digital twin could be used to simulate the
likely evolution of their oral health under different treatment scenarios, predict long-
term treatment outcomes and complications, optimize recall intervals based on
predicted disease velocity, and personalize preventive and therapeutic interventions
for maximum individual effectiveness.

11.6 AI for Global Oral Health Equity

The most profound potential contribution of Al to global oral health may lie not in
augmenting the capabilities of specialist practitioners in high-income countries, but
in extending expert-level diagnostic capabilities to underserved populations in low-
and middle-income countries where oral specialist density is a tiny fraction of that in
high-income settings. India has an estimated ratio of 1 oral specialist per 500,000
population in rural areas; Sub-Saharan Africa has approximately 0.6 dentists per
10,000 population. Al-powered tele-dentistry and mobile diagnostic platforms could
bridge this specialist access gap. [197]

Smartphone-based oral health screening Al, using the ubiquitous smartphone
camera as a clinical imaging device and cloud-based or on-device Al for diagnostic
analysis, can extend Al-assisted oral health assessment to community health workers
with limited dental training. Platforms like the IISC-developed smartphone oral
cancer screening tool and various mobile caries risk assessment applications have
demonstrated that clinically useful Al-assisted oral health assessment is feasible in
low-resource settings. However, significant methodological challenges remain in
validating these tools for diverse global populations while ensuring that Al
performance is equitable across demographic groups. [198]
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12 Regulatory and Ethical Considerations in Dental AI

The clinical deployment of Al systems in dental practice is a regulatory and ethical
undertaking that requires careful navigation of complex legal frameworks,
professional obligations, and societal values. The regulatory landscape for medical
Al is in rapid evolution globally, with major jurisdictions developing new
frameworks specifically addressing the novel challenges posed by continuously
learning Al systems, multimodal Al, and autonomous Al diagnostics. Understanding
the regulatory requirements and ethical principles governing dental Al is essential
for all stakeholders — clinicians deploying Al tools, researchers developing and
validating Al systems, commercial developers seeking regulatory approval, and
institutional leaders implementing Al governance. [199]

12.1 Patient Data Privacy Regulations
12.1.1 GDPR — European Union

The General Data Protection Regulation (GDPR, Regulation (EU) 2016/679), which
entered into full force on 25 May 2018, establishes the most comprehensive data
protection framework in the world and has set a global standard for the treatment of
personal health data in Al applications. GDPR classifies health data as a 'special
category' of sensitive personal data that may only be processed under one of ten
specified lawful bases, including explicit consent, vital interests, scientific research in
the public interest (with appropriate safeguards), and legitimate preventive or
occupational medicine purposes. [200]

For dental Al developers in EU jurisdictions, key GDPR compliance requirements
include: conducting mandatory Data Protection Impact Assessments (DPIAs) for
high-risk processing activities; implementing privacy by design and default
principles; appointing a Data Protection Officer (DPO) when processing sensitive
health data at scale; implementing technical safeguards including encryption at rest
and in transit, access controls, audit logging, and pseudonymization; establishing
procedures for honoring the eight rights of data subjects (access, rectification,
erasure, restriction, portability, objection, automated decision-making rights); and
ensuring lawful data transfer mechanisms for any dental Al data processing outside
the EU/EEA.

12.1.2 HIPAA — United States

The Health Insurance Portability and Accountability Act (HIPAA) Privacy Rule and
Security Rule govern the use and disclosure of Protected Health Information (PHI)
by Covered Entities (healthcare providers, health plans, healthcare clearinghouses)
and their Business Associates. Dental practices using Al software that processes
patient radiographs and clinical data must execute Business Associate Agreements
(BAAs) with Al software vendors specifying permitted PHI uses, required
safeguards, and breach notification obligations'42l. The HIPAA Safe Harbor de-
identification method specifies 18 patient identifiers that must be removed from
dental imaging data before it can be considered de-identified and used without
HIPAA authorization.
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The Expert Determination method allows statistical verification that the risk of re-
identification is 'very small' without removing specific identifiers. HIPAA's research
authorization (versus treatment-purpose) exceptions may apply to Al development
using retrospective dental records, potentially simplifying the consent process for
research-grade dataset development.

12.1.3 India — DPDPA 2023 and ICMR Guidelines

The Digital Personal Data Protection Act (DPDPA) 2023 represents India's first
comprehensive data protection legislation, replacing earlier reliance on Section 43A
of the Information Technology Act. The DPDPA establishes a consent-based
framework for personal data processing, with health data implicitly falling within
the category of 'sensitive personal data' requiring enhanced protection. The Data
Protection Board of India, to be established under DPDPA, will have enforcement
powers including civil penalties. [201]

The ICMR National Ethical Guidelines for Biomedical and Health Research Involving
Human Participants (2017) provide the primary ethical framework for health Al
research in India, requiring ethics committee approval, participant consent, data
confidentiality, and benefit sharing. The Ministry of Electronics and Information
Technology (MeitY) and NITI Aayog have published Al governance frameworks that
include health Al considerations. India's National Digital Health Mission (NDHM)
and National Health Stack provide the digital infrastructure that will increasingly
enable Al integration in Indian healthcare.

12.2 Medical Device Regulatory Pathways for Dental Al
12.2.1 FDA Regulatory Framework

In the United States, Al dental diagnostic software is regulated by the FDA as
Software as a Medical Device (SaMD) under 21 CFR Part 880. The regulatory
pathway — 510(k) premarket notification, De Novo classification, or Premarket
Approval (PMA) — depends on the risk level of the intended use. Most current
dental Al diagnostic tools, intended as diagnostic aids rather than autonomous
diagnostic systems, have been cleared through the 510(k) pathway by demonstrating
substantial equivalence to predicate devices [144]. The FDA's 2021 AI/ML Action
Plan and 2023 Predetermined Change Control Plan (PCCP) guidance address the
regulatory management of continuously learning Al systems that modify their
performance through post-deployment learning. The PCCP framework allows Al
developers to pre-specify the types of modifications the system may undergo
(learning algorithm updates, input feature expansions, performance improvements)
and to demonstrate that these modifications remain within pre-validated safe
performance boundaries without requiring a new 510(k) submission for each update.
This 'change in advance' regulatory approach provides a more workable pathway for
managing the iterative improvement lifecycle of Al dental diagnostic systems. [202]

12.2.2 EU Medical Device Regulation (MDR)

Under the EU Medical Device Regulation (MDR) 2017/745, Al dental diagnostic
software is classified as a medical device and assigned a risk class (I, Ila, 1Ib, or III)
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based on its intended use and the severity of consequences of failure. Al software
providing information used in therapeutic decision-making for serious diseases is
generally classified as Class Ila or IIb, requiring conformity assessment by a Notified
Body. The technical documentation required for CE marking under MDR is
substantially more extensive than for FDA 510(k) clearance, including clinical
evaluation reports, post-market clinical follow-up plans, and risk management files
per 1SO 14971. [203]

The EU Al Act (2024), the world's first comprehensive horizontal Al regulation,
introduces additional obligations for 'high-risk Al systems' — a category that
explicitly includes Al systems used in medical diagnosis. High-risk Al systems must
be registered in an EU Al database, undergo conformity assessment, maintain
transparency documentation, implement human oversight mechanisms, and meet
accuracy, robustness, and cybersecurity requirements. For dental Al developers,
navigating the combined requirements of MDR and the AI Act creates significant
compliance complexity and cost that may disadvantage smaller innovators.

12.2.3 Al Validation Standards and Reporting Guidelines

The methodological quality of published dental Al validation studies has been
widely criticized as insufficient to support confident clinical deployment decisions.
A systematic review of dental Al studies by Schwendicke et al. (2021) found that
many published studies had small test set sizes (median 200 images), lacked multi-
institutional external validation, did not compare Al performance to clinician
baselines, and failed to report confidence intervals for performance metrics. These
methodological gaps undermine the evidentiary basis for clinical Al adoption and
regulatory decision-making. [204]

The EQUATOR Network's TRIPOD+AI extension to the Transparent Reporting of a
multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD)
checklist provides 29 items covering all essential aspects of clinical prediction model
reporting for Al studies, including description of model training data, handling of
missing data and class imbalance, model calibration, internal and external validation,
and comparison with existing predictors. The CLAIM (Checklist for Artificial
Intelligence in Medical Imaging) provides a 42-item structured checklist specifically
for Al medical imaging studies. The adoption of CLAIM and TRIPOD+AI as
mandatory reporting standards for dental Al publications would substantially
improve research quality and cross-study comparability. [205]

12.2.4 Ethical Principles for Al in Dental Practice

The WHO's Ethics and Governance of Artificial Intelligence for Health (2021)
establishes six core ethical principles that should govern the development and
deployment of Al in all healthcare contexts, including dentistry: (1) Protecting
human autonomy — Al must support rather than undermine patients' ability to
make informed decisions about their own health; (2) Promoting human well-being
and safety — Al must be designed to maximize clinical benefits and minimize harms;
(3) Ensuring transparency and explainability — Al systems must be able to explain
their reasoning in terms that patients and clinicians can understand; (4) Fostering
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responsibility and accountability — clear assignment of accountability for Al-assisted
decisions is essential; (5) Ensuring inclusiveness and equity — Al must serve all
populations equitably, without discriminating against or underserving marginalized
groups; and (6) Promoting Al that is responsive and sustainable. [31]

The principle of human oversight is particularly important in the clinical Al context.
Al systems in dental diagnosis should be designed to support and augment, not
replace, clinical judgment. The clinician must retain the authority and responsibility
to accept, modify, or reject Al recommendations, and Al systems should be designed
to communicate their uncertainty and flag cases outside their reliable operating
range. The concept of 'meaningful human control' — ensuring that clinicians
maintain substantive (not merely nominal) oversight of Al-assisted decisions —
should guide both Al interface design and clinical protocols for Al tool use. [206]

The ethical principle of algorithmic fairness requires that dental Al systems undergo
systematic evaluation for differential performance across demographic groups before
clinical deployment.

Al systems that perform significantly worse for specific ethnic groups, age groups,
or geographic populations must be improved or constrained to the populations in
which they have demonstrated adequate performance before general deployment.
The publication of Al performance data stratified by demographic group should be
a mandatory requirement for regulatory submissions of dental Al systems. [207]

12.3 Role of Professional Organizations in AI Governance
12.3.1 Indian Dental Association (IDA)

The Indian Dental Association, as the apex representative body of Indian dentistry
with over 150,000 registered members, has a critical role in shaping the responsible
adoption of Al in Indian dental practice. The IDA's 2022 Position Statement on
Artificial Intelligence in Dental Practice advocates for evidence-based adoption of
validated Al tools, Al literacy training in dental education, ethical data governance,
and equitable access to Al-assisted diagnostics across India's diverse healthcare
system. The IDA is uniquely positioned to facilitate multi-institutional Indian dental
Al research consortia and to represent Indian practitioners in national Al policy
development. [208]

12.3.2 American Dental Association (ADA)

The ADA's Council on Scientific Affairs has engaged extensively with Al in
dentistry, publishing the ADA's first formal Statement on Artificial Intelligence in
2021 and subsequently developing comprehensive resources on Al adoption,
including guidance on evaluating Al tools, understanding Al regulatory status, and
implementing Al in practice. The ADA's Health Policy Institute tracks Al adoption
among US dentists and publishes regular surveys of Al use, attitudes, and barriers.
The ADA has also engaged with the FDA on dental-specific Al regulatory guidance
and has participated in the development of Al reporting standards for dental
research publications. [153]
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12.3.3 World Health Organization (WHO)

The WHO's leadership role in global health Al governance is reflected in two
landmark documents: the WHO Guidance on Ethics and Governance of Al for Health
(2021) and the WHO Report on Al and Health (2021). These documents establish the
international ethical and governance framework within which national regulatory
bodies, professional organizations, and Al developers should operate. The WHO's
2023-2030 Global Action Plan on Oral Health explicitly identifies digital health and
Al as strategic priorities for improving global oral health outcomes, providing strong
international policy support for dental Al investment and research. [154]

13 Summary

Artificial Intelligence in Oral Medicine and Radiology represents one of the most
profound and rapidly advancing frontiers in modern healthcare. This dissertation
has comprehensively explored how Al — encompassing machine learning, deep
learning, convolutional neural networks, recurrent networks, generative adversarial
networks, vision transformers, natural language processing, and explainable Al — is
fundamentally redefining diagnostic capabilities, workflow efficiency, and patient
outcomes across the entire spectrum of dental and oral medicine practice.

The journey began with a foundational understanding of Al's evolution from rule-
based expert systems through the statistical machine learning era to the
transformative deep learning revolution ignited in 2012. The specialty of oral
medicine and radiology was identified as singularly well-positioned to benefit from
Al integration — owing to its inherently image-centric nature, the near-universal
digitization of dental imaging, the prevalence of well-defined pattern recognition
tasks, and the global burden of oral disease affecting an estimated 3.5 billion people
worldwide.

The core technical concepts reviewed — CNNSs for radiographic image analysis, U-
Net architectures for precise segmentation, LSTMs for longitudinal clinical data,
GAN:Ss for synthetic data generation, and Grad-CAM for explainable diagnostics —
collectively provide the engineering foundation upon which clinically meaningful
dental Al systems have been built. A rigorous ten-step platform development
framework was presented, guiding the reader from clinical problem definition
through ethical clearance, data acquisition, expert annotation, preprocessing, model
training, performance evaluation, clinical deployment, and continuous learning —
establishing a reproducible, ethically sound methodology for institutional Al
development. Across the clinical landscape, Al has demonstrated specialist-level or
near-specialist-level performance in caries detection (AUC 0.87-0.94), periapical
lesion identification (sensitivity up to 0.92), periodontal bone loss quantification
(mean absolute error 0.38 mm), cephalometric landmark detection (mean error 1.46
mm), CBCT segmentation (DSC 0.92-0.97), and oral cancer screening (sensitivity
0.89). The department-wise review confirmed that Al is not confined to a single
specialty — it permeates oral and maxillofacial surgery, orthodontics, conservative
dentistry and endodontics, prosthodontics, periodontology, oral pathology, pediatric
dentistry, and public health dentistry with equal depth and transformative potential.
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The challenges documented — including data scarcity, domain shift, annotation
variability, algorithmic bias, regulatory fragmentation, medicolegal uncertainty, and
clinician trust deficits — are not permanent barriers but the defining research and
development agenda for the decade ahead. The future directions outlined —
foundation models, real-time chairside Al diagnostics, federated learning, Al-
integrated robotic surgery, precision oral medicine, and mobile Al platforms for
global oral health equity — signal a trajectory of capability that will qualitatively
transform the practice of oral medicine and radiology.

The regulatory and ethical landscape — spanning GDPR, HIPAA, India's DPDPA
2023, FDA's Software as a Medical Device framework, EU MDR, and the WHO's six
ethical principles for health Al — provides the governance architecture within which
responsible Al deployment must be pursued. Professional bodies including the ADA,
IDA, and WHO have unequivocally endorsed Al as a strategic priority for improving
oral health outcomes globally.

14 Conclusion

The integration of Artificial Intelligence into Oral Medicine and Radiology is not a
distant aspiration — it is an unfolding clinical reality, and one of the most significant
transformations in the history of the dental profession. The evidence presented
throughout this dissertation is unambiguous: Al systems have achieved validated
diagnostic performance comparable to or exceeding that of specialist clinicians across
multiple radiographic and clinical diagnostic tasks; Al-clinician collaboration
consistently outperforms either alone; and the translation of Al from research
laboratories to FDA-cleared commercial clinical tools is actively and irreversibly
underway.

Yet the significance of this transformation extends far beyond incremental
improvement in diagnostic accuracy. Al represents a structural shift in what oral
medicine and radiology can achieve — in speed, in consistency, in scope, and in
accessibility. A field historically constrained by the scarcity of trained specialists, the
subjectivity of radiographic interpretation, and the geographic inequity of healthcare
access now stands at the threshold of a future where specialist-level diagnostic
intelligence is scalable, portable, and democratically available to every patient in
every setting.

The global burden of oral disease — affecting 3.5 billion people, claiming hundreds
of thousands of lives annually through oral cancer, and causing immeasurable
suffering through untreated caries and periodontal disease — demands precisely this
kind of innovation. India, bearing one of the world's heaviest oral cancer burdens
and a severe specialist shortage across its vast geography, stands to benefit
disproportionately from Al-enabled oral health transformation. The vision of Al-
assisted community screening, tele-dentistry platforms, and mobile diagnostic tools
reaching rural populations that have never accessed a specialist is not utopian — it is
technically achievable, and this dissertation has provided the evidence to
demonstrate why. The imperative now is not to ask whether Al belongs in oral
medicine and radiology — the evidence has settled that question.
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The imperative is to pursue Al's integration with scientific rigor, ethical integrity, and
clinical wisdom. This demands multi-institutional dataset collaboration to overcome
data scarcity; standardized reporting frameworks to elevate research quality;
systematic bias evaluation to ensure equitable performance across all patient
populations; adaptive regulatory frameworks to govern continuously learning Al
systems; robust clinician education to build the Al literacy necessary for informed
adoption; and transparent governance structures to assign accountability in Al-
assisted clinical practice.

The oral medicine and radiology specialist of tomorrow must be, in equal measure,
a diagnostic clinician, a critical evaluator of Al evidence, a responsible steward of
patient data, and a contributor to the Al research that will define the field's future.
The dental profession's collective responsibility — to its patients, to its science, and
to the communities it serves — is to guide the Al transformation of oral healthcare
with the same dedication to evidence, excellence, and equity that has always defined
the highest standards of clinical practice.

In conclusion, Artificial Intelligence in Oral Medicine and Radiology is not merely an
addition to the clinician's toolkit. It is the beginning of a new chapter in the story of
human health — one in which the power of intelligent machines and the wisdom of
trained clinicians converge to deliver care that is more accurate, more accessible,
more personalized, and more humane than either could achieve alone. That
convergence is the defining opportunity of this generation of oral healthcare
professionals, and this dissertation has been written in the conviction that it must be
embraced — thoughtfully, responsibly, and with unwavering commitment to the
patient at the center of every clinical encounter.
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