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Abstract

"For several decades, artificial intelligence (Al) has played an integral role in healthcare,
progressively transforming clinical diagnostics and treatment methodologies. In the realm of
dentistry, Al presents a groundbreaking opportunity to enhance diagnostic precision, optimize
treatment strategies, and alleviate the burden on clinicians. Among the most pressing concerns in
dental health, periodontal disease and cariology stand out as critical areas where Al-driven
innovations can significantly contribute to early intervention and management. Periodontal
disease, a progressive condition affecting the periodontium—including gingival tissues and
alveolar bone—is a predominant factor in adult tooth loss. Simultaneously, cariology, which
encompasses the etiology, diagnosis, and treatment of dental caries, represents another domain
where Al algorithms exhibit substantial potential.

Leveraging sophisticated computational models, Al systems can process and interpret dental
imaging data with remarkable accuracy, enabling the early identification of pathological changes
that might otherwise evade detection in conventional examinations. This review traces the
historical trajectory of Al integration in healthcare before delineating its transformative role in
contemporary dentistry. Additionally, it examines the fundamental architectures of Al
frameworks, including artificial neural networks (ANNS), convolutional neural networks (CNNSs),
and ensemble methods such as random forest algorithms, emphasizing their respective
contributions to diagnostic advancements.

Furthermore, this article critically evaluates Al's expanding influence across various dental
subspecialties, encompassing periodontology, cariology, endodontics, prosthodontics, and
orthodontics. From automating disease classification and quantifying alveolar bone deterioration
to refining image-based diagnostics, Al introduces unprecedented analytical capabilities into
dental practice. However, despite its transformative potential, the widespread adoption of Al in
dentistry remains constrained by a range of technical, ethical, and infrastructural challenges that
necessitate comprehensive resolution for seamless clinical integration.”

Keywords: Artificial intelligence Dentistry Advancements Clinical challenges.
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INTRODUCTION
Anrtificial intelligence (Al), broadly defined as the emulation of cognitive functions exhibited by
humans and animals through computational processes, has emerged as a transformative force
across numerous disciplines. Al encompasses various domains, including machine learning (ML),
natural language processing (NLP), computer vision, and robotics, each characterized by distinct
algorithms and methodologies designed to optimize decision-making and automate complex tasks.
When appropriately trained, Al systems can outperform human cognition in terms of speed,
precision, and analytical depth, offering groundbreaking advancements in multiple sectors,
including healthcare.
The integration of Al into medical practice is not a recent phenomenon; its roots trace back to the
mid-20th century. One of the earliest applications was the "MIT Programmed Autoanalyzer,”
developed by researchers at Jack Whitehead’s Technicon Corporation in the 1950s to automate
biochemical analysis of blood and urine samples [1]. By the 1970s, expert systems such as MYCIN
were introduced, employing rule-based Al models to facilitate the diagnosis and management of
infectious diseases [2]. In subsequent decades, machine learning algorithms gained traction in
medical imaging and pharmaceutical research, paving the way for Al-assisted diagnostics and
precision medicine. The 1990s witnessed the emergence of specialized Al-driven platforms like
"IntelliCare” for mental health assessment and "CardioCom" for cardiovascular disease
management [3]. The rapid progress in ML and NLP during the early 2000s further cemented Al’s
role in disease detection, personalized treatment planning, and real-time patient monitoring [4].
Al applications in healthcare can be broadly classified into two major paradigms: virtual Al and
robotic Al. The former primarily involves mathematical and computational models that assist in
data analysis, clinical decision-making, and predictive modeling, whereas the latter integrates Al
with robotic systems to enhance procedural accuracy and automate physical interventions. Table 1
provides an overview of various implementations of Al in virtual healthcare technologies.

ISSN (E): 2938-3765

Table 1
Examples of how Al is being used in virtual applications.
Application Description
Dixgnosis Al algorithmes can analyze medical images soch as X-rys amd

30 scans to detect almormalities and make diagmnoses
Predictive amalytics Al can analyoe barge amounts of data such as electronic
mesdical records and gpenetic information to predict the
prospect of certain diseases and patient ouloomes.
By analyzing a patient’s medical history and genetic makeup,
Al can help create a personalized treatment plan
Al can amalyze compounds, predict their potential effcacy as

Personalized
medicime
Drrug discovery
drugs, and accelerate the drug discovery process
Clinical decizion Al cam provide doctors with real-lime recommendations
suppEor based on the latest medical svidence and guidelines

The field of dentistry has undergone profound technological transformations over the past few
decades, departing from the conventional, often imprecise methodologies of the past. As journalist
William Ecenbarger once noted in the 1990s, “Going to the dentist is nothing to smile about.
Dentistry is a stunningly inexact science” [5]. However, modern advancements have significantly
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mitigated these limitations. Innovations such as intraoral scanners, three-dimensional (3D)
printing for prosthodontics, robotic-assisted surgical procedures, regenerative therapies, and Al-
enhanced imaging techniques have revolutionized contemporary dental practice. Al has gained
increasing prominence in areas such as radiographic interpretation, pathology detection, caries

identification,

electronic health

record management, and

robotic-assisted interventions,

demonstrating its potential to refine diagnostic accuracy and treatment efficacy.

This review seeks to provide an in-depth examination of AI’s expanding role in the dental sciences,
emphasizing its potential to redefine clinical workflows and improve patient outcomes. The
discussion will encompass a range of Al methodologies, including supervised learning,
unsupervised learning, and deep learning, along with their specific applications in different dental
subfields. Additionally, the article will critically analyze the challenges associated with Al
adoption in dentistry, addressing issues related to implementation feasibility, economic viability,

and data security concerns.

Assessment of Al Performance Metrics in Healthcare

The effectiveness of artificial intelligence (Al) in healthcare applications is determined by a variety
of performance metrics. The selection of an appropriate metric depends on the intended function
of the Al system and the objectives it is designed to achieve. These evaluation criteria are not
independent of one another but instead work in tandem to assess different aspects of Al-driven
solutions. A detailed breakdown of the key performance indicators and their specific roles is

presented in Table 2.

Table 2
List of key metrics that are used to monitor and measure the performance of A
miodel.

Mle=tric Diesrription Formulation

Acouracy Messures the overall {TP + TN} /(TP + TH + FI

FPrecision

Recall (Sensitivity)
Specificity

F1 Score

Area Under ROC
Crurve [ALUC-ROC)

Mean Absohate
Errar [MAE}

Mean Sqoared Ernor
[MSE]

Root hMean Soquamed
Errar (RMSE])

R-souared

Confusion Matrix

correctness of the model"s
predicions

Propastion of rue pasitives
among positive predictions
Propartion of true positives
correctly identified
Proparison of rue negatives
correctly identified
Harmomir mean of precision
and recall

Measures the model"s ability
by ramk predicted
probabilities

Average absolute differenos
letwesn predicted and actual
Average squared difference
between predicted and actual
Square roat of the MSE

Froportion of the variance in
the dependent variable
Summarizes the performance
of a classification algorithm

+ FIN)

TP 7 {TP + FP)

TP 7 [TP = FN}

TN /(TN + FP)

2 * [PrecEion * Recall) /
(Precision + Recall)
ROC curve represents the
TPR plotted against the
FFR

l/N}*E

1/ NI *Ey-y¥2

Wil AN Y E(y - 9172

1 - [S5E / 85T}

TP: True Positives, TM: True Negatives, FP, FN: False Megatives, TPR: True
positive rate, FPR: False positive rate, M: The total number of instances, y: The
actual (rwe) values, 4= The predicted values, SSE: Sum of Squared Errors, S5T:

Total Sum of Squares.
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Core Principles of Al Model Functionality

Artificial intelligence encompasses a broad spectrum of computational strategies designed to
facilitate problem-solving in diverse domains. These methodologies range from predictive
analytics and image recognition to complex decision-making processes. As outlined by Nguyen
[6], Al-based approaches can be categorized into four principal classifications: statistical learning
techniques, artificial neural network (ANN)-driven systems, evolutionary algorithm-based
frameworks, and hybrid Al methodologies.

Statistical Learning Approaches
Statistical learning is a subset of Al that relies on mathematical models to extract meaningful

insights from datasets, enabling informed decision-making. These methods typically involve
fitting predictive models to data and employing probabilistic reasoning to optimize accuracy.
Commonly utilized statistical learning approaches include regression models (linear and logistic),
decision tree algorithms, and ensemble learning techniques such as random forests (RF). Given
their interpretability and efficiency, these models have found extensive applications in clinical
diagnostics and disease risk assessment.

Neural Networks and Deep Learning Architectures
Artificial neural networks (ANNSs) are machine learning models that mimic the functionality of

biological neural structures, enabling them to identify intricate patterns in data. These models
consist of multiple layers of interconnected nodes that process information hierarchically.
Convolutional neural networks (CNNSs), a specialized ANN variant, have demonstrated
exceptional performance in medical image analysis, including dental anomaly classification and
automated radiographic diagnostics. Additionally, recurrent neural networks (RNNs) are widely
employed for sequential data analysis, such as monitoring the progression of orthodontic
treatments and forecasting temporomandibular joint disorder (TMJ) development [10]. A

comparative illustration of ANN and CNN operational structures is provided in Figure 1.
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Artificial Neural Network (ANN)
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Fig. 3. The ANN and CNN algorithms play vital roles in clinical studies, particularly in image analysis. ANN comprises interconnected artificial neurons arranged in
layers: input, hidden, and output. During training, weights representing neuron connections are adjusted to enhance performance, typically using backpropagation.
CNN, specialized for image analysis, features layers extracting crucial image features. Convolutional layers capture edges and textures, followed by pooling layers
reducing data dimensionality. Fully connected layers then analyze features to generate output probabilities for different classes. Both ANN and CNN employ
backpropagation to refine model performance. Figures were adapted and modified from [11.12].

Evolutionary Algorithms and Optimization Techniques

Genetic algorithms (GAs) represent an advanced class of optimization techniques inspired by
principles of natural selection and evolutionary adaptation. These algorithms iteratively refine
potential solutions by employing mechanisms such as selection, crossover, and mutation. Their
ability to navigate large solution spaces makes them particularly valuable in dentistry, where they
are used to optimize treatment planning, prosthetic design, and orthodontic modeling. GAs also
facilitate parameter tuning in dental implant procedures, structural optimization of prosthetic
appliances, and development of patient-specific treatment strategies [13].
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Hybrid Al Frameworks

Hybrid Al methodologies combine multiple machine learning paradigms to enhance predictive
accuracy and address the limitations of individual models. These approaches often integrate
statistical learning with neural networks or employ evolutionary algorithms for feature selection
and optimization. By leveraging the strengths of various Al models, hybrid systems contribute to
improved risk assessment and personalized treatment planning in dentistry [14]. The integration
of diverse Al methodologies fosters the development of more sophisticated diagnostic tools,
ultimately advancing the precision and efficacy of modern dental care.

Artificial Intelligence Applications in Periodontal Disease

Chronic inflammatory disorders of the oral cavity encompass a spectrum of conditions that lead to
prolonged inflammation of both soft and hard tissues. These diseases arise due to multifactorial
etiologies, including microbial dysbiosis, host immune response abnormalities, and environmental
influences. Among these, gingivitis and periodontitis represent two of the most prevalent and
clinically significant conditions, with potential implications for systemic health. The early
detection of periodontal diseases is paramount to improving therapeutic outcomes, preventing
tissue destruction, and mitigating associated complications. However, periodontal disease
diagnosis necessitates an advanced level of clinical expertise, given its dependence on a
combination of morphological and biochemical markers.

Periodontal disease detection traditionally relies on clinical examination, periodontal probing,
radiographic imaging, quantitative light-induced fluorescence (QLF), and bacterial DNA
sequencing. Although clinical assessment remains fundamental, its accuracy is inherently
subjective, influenced by the clinician’s expertise and the constraints of clinical time. Radiographic
interpretation, while providing structural insights, lacks sensitivity in detecting initial-stage
disease manifestations. Additionally, QLF imaging is comparatively less precise, and bacterial
DNA analysis, although highly specific, is not yet widely implemented due to cost and
accessibility constraints [15].

Recent advances in artificial intelligence (Al) and machine learning (ML) have demonstrated
significant potential in refining periodontal disease detection and classification. Al-driven models
can enhance diagnostic accuracy, ensuring standardization in disease identification while
augmenting clinician decision-making. In a systematic review by Revilla-Ledn et al. [16], Al-
based models were evaluated for their capacity to diagnose gingivitis and periodontitis, with
reported accuracy rates ranging from 47% to 99% in detecting dental plaque, gingival
inflammation, and alveolar bone loss quantification. Although these findings underscore AI’s
potential in periodontal diagnostics, the review highlighted the necessity for continued algorithm
refinement to achieve optimal clinical reliability. Table 3 presents a summary of key Al-driven
periodontal diagnostic methodologies.
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Table 3
Applications of Al in chronic oral inflammatory diseases.
Diagnastic Diagnastic ool Input data Framework Results Ref
Gingivitis Supragingival dental (ral endescope images (NN No significant differences between the Almode] and the human specialist
plaue {P = {5)
Supragingival dental QLF imsages GMRF Mo significant differences between the Almode] and the human specialist
plagque (Biofilm) {P = {5)
Perindontitic  Pocket depth of weeth oral imiges (BLH Accuracy: 0.76
Clindcal examination Periapical radiographic (NN Premolars diagnostic accuracy: 0.81 Molars diagnostic accuracy: (.76
Alvealar barse loss Periapical radiographic Bayesian True positive fraction: 92.5 % False positive Fraction: 14.0 %
clussifier
Alvealar bore loss Panaramir radiograph NN Mean (S0 accuracy: (LB] Mean (S0 sensitivity: (L8] Mean (S0)
specificity: 081
Alvealar bars loss Panoramic radiograph (NN The Pearson correlation coefficient of the automatic method with the

diagnoses by radiologists was 073 overall for the whole jaw

Alvealar bars loss Panoramic radiograph & DeNTNet F1 score of 0.75

tlinical examination

Abmarmalities in the (BCT [NMNs Acciracy: 0.93 Specificity: 0.88
periapical region
Pathogenic microflora Proinflammatory component  Random The impaortince of proinflammatory cytokines, monocytes, T-
farest ymphocytes, and memaory Becells in the development of astendestractive
inflammatory process
Lichen Counting mflammatory  Digitized H&E-stained ANNs Acciracy: 0.95 Sensitivity: 1 Specificity: (.91
planiz cells microscopic slides
Cytology slides Positively stained protein Regression Avcuracy: .95 Sensitivity: 1 Specificity: 0.9
EXpression mixlels

Artificial Intelligence in the Diagnosis of Oral Mucosal Pathologies

Oral lichen planus (OLP) is a chronic inflammatory mucocutaneous disorder affecting
keratinized and non-keratinized oral tissues. It is characterized by reticular, atrophic, and erosive
lesions and is associated with an increased risk of malignant transformation. The diagnostic
workflow for OLP is inherently complex, requiring a combination of clinical assessment,
histopathological analysis, immunofluorescence studies, and advanced imaging modalities.
Al-driven diagnostic systems have been explored for their utility in facilitating automated image
classification and lesion characterization. Keser et al. [30] employed Inception v3, a
convolutional neural network (CNN)-based deep learning model, to classify OLP lesions from
intraoral photographic datasets. The study reported an accuracy of 100%, indicating the feasibility
of deep learning-based computer-aided diagnostic (CAD) systems in differentiating
pathological from non-pathological mucosal presentations. These findings suggest a potential
role for Al in augmenting diagnostic precision and reproducibility in oral pathology.

Artificial Intelligence in Cariology

Dental caries is a multifactorial, biofilm-mediated chronic disease, constituting a significant
global public health burden [31]. Conventional caries detection methodologies include visual-
tactile examination, radiographic assessment, fluorescence-based detection (e.g.,
DIAGNOdent, Caries Detector, and Spectra), and salivary biomarkers. However, early-stage
caries lesions often exhibit heterogeneous clinical presentations, complicating their detection.
Additionally, radiographic interpretation is subject to observer variability, leading to
inconsistencies in diagnosis. Consequently, deep learning approaches have been proposed to
enhance diagnostic objectivity and sensitivity.
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Lee et al. [32] proposed an Al-based convolutional neural network (CNN) model for early-
stage caries detection utilizing bitewing radiographic datasets. Their study implemented the U-
Net deep CNN architecture, demonstrating a significant increase in clinician sensitivity for
detecting incipient and moderate caries lesions. However, the model exhibited an elevated false-
positive rate, particularly in overlapping proximal surface lesions, indicating the need for
algorithmic refinement.

Chen et al. [33] employed a Faster R-CNN deep learning model for proximal caries detection.
The algorithm, after extensive training, achieved an accuracy of 0.87, closely approximating the
performance of dental students (0.82). Additionally, the Al model demonstrated a sensitivity of
0.72 and specificity of 0.93, whereas students exhibited sensitivity levels below 0.40, reinforcing
the model’s superior diagnostic sensitivity.

A comprehensive systematic review by Mohammad-Rahimi et al. [34] evaluated 42 studies
investigating deep learning applications in caries detection across multiple imaging modalities.
The reported accuracy rates varied as follows:

. Intraoral images: 71%-96%

. Periapical radiographs: 82%-99.2%

. Bitewing radiographs: 87.6%-95.4%

. Near-infrared transillumination images: 68%—78%

. Optical coherence tomography images: 88.7%—95.2%

. Panoramic radiographs: 86.1%-96.1%

The heterogeneity in accuracy is likely attributable to differences in image resolution, lesion
morphology, dataset size, and model architecture.

Beyond diagnostic applications, Al has also been leveraged for predictive analytics in cariology.
Hung et al. [35] applied support vector machine (SVM) learning algorithms to develop
predictive models for caries risk assessment using data derived from the National Health and
Nutrition Examination Survey (NHANES). These models enable early intervention strategies,
guiding clinical decision-making and improving preventive care outcomes.

Artificial Intelligence in Endodontic Diagnosis and Treatment

Endodontics is a specialized field of dentistry that focuses on understanding and treating
conditions affecting the dental pulp and periradicular tissues. Diseases of the pulp and
surrounding structures often arise due to factors such as dental caries, trauma, and microbial
infections. Early and accurate diagnosis is essential for preserving tooth vitality, preventing
periapical infections, and optimizing treatment success. Advancements in artificial
intelligence (Al) and machine learning (ML) are now being explored to improve diagnostic
precision and treatment planning in endodontics.

Al in Diagnosing Endodontic Disease

Radiographic imaging, particularly periapical radiographs, plays a fundamental role in assessing
endodontic pathology. However, the interpretation of these images is highly subjective and
depends on the clinician's expertise. Al-powered diagnostic systems have been developed to
enhance accuracy and reduce variability in detection.
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Recent research has shifted from single-disease classification models to multi-disease detection
systems, which better align with real-world clinical scenarios. Li et al. [46] introduced an Al-
driven deep learning framework for detecting dental caries and periapical lesions using
periapical radiographs. Their model demonstrated an accuracy rate of 86% and an F1-score of
0.8288, indicating performance comparable to that of experienced endodontists. This highlights
the potential of Al-assisted diagnostic tools in streamlining clinical workflows and enhancing
decision-making precision.

Al for Endodontic Treatment Planning

Accurate working length determination and assessment of root canal morphology are critical
challenges in endodontic treatment. The working length is essential for ensuring complete
cleaning and shaping while preventing over-instrumentation, which may lead to treatment
failure.

Conventional working length determination methods include:

. Radiographic imaging (standard 2D X-rays)

. Electronic apex locators (EALS)

. Manual estimation using reference markers on radiographs

However, radiographic images often suffer from overlapping anatomical structures, making
precise working length measurement difficult. Cone-beam computed tomography (CBCT) has
been shown to enhance root canal visualization, but its widespread use is limited due to
radiation exposure concerns and accessibility constraints [47].

Al-driven approaches are being developed to increase accuracy and efficiency in working length
determination. Saghiri et al. [48] designed an artificial neural network (ANN)-based model that
significantly improved apical foramen detection accuracy (93%) when compared to
measurements performed by trained endodontists. These results suggest that Al can potentially
minimize human error and enhance precision in endodontic procedures.

In addition to measuring working length, predictive modeling with Al can forecast treatment
success rates based on large datasets of endodontic cases. Herbst et al. [49] compiled 555 root
canal treatment cases and utilized six machine learning algorithms, including:

. Logistic regression (LogR)

. Support vector machines (SVMs)

. Random forests (RFs)

. Decision trees (DTS)

. Gradient boosting machines (GBMs)
. Extreme gradient boosting (XGB)

Their study concluded that root canal visibility was a key determinant of treatment success.
While their models provided valuable insights, further refinement and larger datasets are
necessary to improve Al-driven treatment outcome predictions.

Al in Root Canal Morphology Analysis

Variations in root canal anatomy present significant challenges in instrumentation, irrigation,
and obturation. Complex configurations such as C-shaped canals are particularly difficult to
manage using conventional imaging methods.
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To address this issue, Jeon et al. [51] developed a deep learning-based CNN model to identify
C-shaped root canals in mandibular second molars using panoramic radiographs. Their
model significantly outperformed human specialists, achieving an AUC score of 0.982 compared
to 0.872 and 0.885 for radiologists and endodontists, respectively. These findings highlight the
potential of Al in preoperative assessment, enabling clinicians to tailor treatment strategies to
individual anatomical variations.

Al-Enhanced Electronic Apex Locators

Electronic apex locators (EALSs) are widely used for working length determination, yet their
reliability can be compromised by irrigants, resorption, or anatomical complexities. To address
these limitations, Qiao et al. [50] developed an Al-enhanced EAL model using neural networks.
Their dataset incorporated multifrequency signal data from 21 extracted teeth, and the
optimized model demonstrated improved measurement precision. By reducing operator-
dependent variability, Al-powered EALS could enhance consistency and accuracy in root canal
procedures.

Conclusion

The integration of artificial intelligence in endodontics holds significant potential for improving
diagnosis, treatment planning, and procedural precision. Al-driven models are proving to be
valuable tools in enhancing radiographic interpretation, working length determination, and
treatment outcome prediction. However, continued advancements in data quality, algorithm
refinement, and clinical validation are essential to fully realize AI’s role in modern endodontic
practice.

The Role of Artificial Intelligence in Prosthodontics

Introduction to Prosthodontics

Prosthodontics is a specialized field in dentistry that focuses on restoring missing or damaged
teeth through various prosthetic solutions such as dentures, crowns, and bridges. This discipline
also extends to the treatment of facial and jaw abnormalities, including TMJ disorders, cleft
lip and palate, and complex craniofacial conditions.

With advancements in artificial intelligence (Al), prosthodontic treatments have become more
precise, efficient, and tailored to individual patient needs. Al is helping to reduce errors,
improve diagnostic accuracy, and enhance the fabrication of dental prosthetics, making it an
invaluable tool in modern dental care [64].

The Integration of Al in CAD/CAM Technology

One of the most significant advancements in prosthodontics has been the adoption of Computer-
Aided Design and Computer-Aided Manufacturing (CAD/CAM). This technology enables the
digital creation of dental restorations, eliminating the need for traditional mold impressions.
Instead, intraoral scanners capture digital impressions, which are then used to construct 3D
models of a patient’s teeth. These digital models serve as a guide for designing and manufacturing
crowns, bridges, inlays, onlays, and implant-supported restorations.
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With Al-powered CAD/CAM systems, dentists can now achieve:

o Greater accuracy in restoration design, reducing the need for manual adjustments.

« Shorter chair-side time, making procedures more efficient for both patients and practitioners.
« Enhanced occlusal fit and function, ensuring a seamless integration with the patient’s natural
bite.

e Optimized aesthetic outcomes, where Al assists in selecting the ideal tooth shape, color, and
alignment.

By integrating CBCT imaging and Al algorithms, clinicians can now plan implant placement
with greater precision, leading to more predictable and successful outcomes [65,66,67].

Al Applications in Tooth-Supported Prostheses

Restorative prosthetics include fixed (e.g., crowns, bridges) and removable (e.g., dentures)
dental appliances. These prostheses must be carefully adapted to a patient’s oral environment to
restore functionality and aesthetics.

Al innovations in this area focus on:

» Predicting facial changes post-prosthesis placement to enhance treatment planning.

« Automating tooth shade selection using Al-driven color-matching systems.

e Improving the precision of manufacturing processes, leading to better adaptation and
durability.

A notable development in Al-assisted prosthodontics is the use of Generative Adversarial
Networks (GANSs). This deep-learning technique can analyze and recreate natural tooth
structures, enabling the automated design of highly customized restorations. Studies have
demonstrated that GAN-based models can generate accurate digital molar prostheses,
streamlining the fabrication process and reducing human intervention [70,71].

AD’s Influence on Implantology

Dental implants serve as a permanent solution for missing teeth, offering superior functionality,
stability, and longevity compared to traditional prosthetics. The success of an implant largely
depends on accurate placement, integration with bone, and the design of the prosthetic
restoration.

With Al, implant procedures have become more predictable and efficient. Al contributes to:
« Automated segmentation of dental structures for better implant positioning.

o CBCT-assisted surgical planning, reducing errors during implantation.

e Machine learning models predicting implant success and identifying potential
complications.

Furthermore, Al-driven 3D modeling allows clinicians to assess bone density and occlusion,
ensuring optimal implant placement and long-term stability. Al also helps in tracking implant
performance over time, alerting practitioners to possible failure risks before complications arise
[72-77].
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Advancements in Maxillofacial Prosthetics with Al

Maxillofacial prosthetics plays a crucial role in restoring facial structures that may be missing
due to birth defects, trauma, or surgical procedures. These prostheses, which include artificial
ears, noses, and orbital prosthetics, are customized to match the patient’s natural appearance as
closely as possible.

Al has transformed maxillofacial prosthetic fabrication by:

. Utilizing facial recognition technology to develop highly accurate 3D models for
prosthetic design.

. Enhancing material selection through machine learning, ensuring lightweight and
durable prostheses.

. Speeding up the design process by predicting how different prosthetic materials will
behave under various conditions.

A groundbreaking application in this field is the integration of augmented reality (AR) with Al.
Wang et al. [80] introduced an AR-based surgical workflow where patient CT scans and video
imaging were combined to generate precise 3D visualizations. This method improved surgical
accuracy and enabled real-time guidance for maxillofacial reconstruction procedures.

By leveraging Al, maxillofacial prostheses are now more functional, aesthetically refined, and
tailored to individual patients [81,82].

Al in Orthodontics and Dentofacial Orthopedics

Orthodontics involves the correction of dental misalignments and jaw irregularities to enhance
both function and aesthetics. Al is playing an increasingly important role in orthodontic
treatment planning, offering more accurate predictions and improved patient outcomes.
Notable Al-driven advancements include:

o Deep learning for orthodontic image classification, allowing automated monitoring of
treatment progress.

e Al-assisted cephalometric analysis, reducing the time required for skeletal and dental
measurements.

o Predictive modeling of treatment duration and final tooth positioning, enabling better
patient communication.

Li et al. [84] developed a deep convolutional network (DCN) for classifying orthodontic images,
achieving a 99.4% accuracy rate. Similarly, Al is being used to create digital impressions and
orthodontic simulations, streamlining the fabrication of customized aligners and appliances
[85-87].

Beyond diagnosis and treatment planning, Al is also being utilized for patient engagement.
Chatbots powered by natural language processing (NLP) are helping clinics schedule
appointments, answer patient inquiries, and provide real-time treatment updates [88-90].

Conclusion

The application of artificial intelligence in prosthodontics, implantology, and orthodontics is
revolutionizing modern dentistry. Al-driven technologies such as machine learning, neural
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networks, and 3D modeling are enhancing diagnostic accuracy, optimizing treatment outcomes,
and streamlining the fabrication of dental prosthetics.

As Al continues to evolve, it is expected to further refine digital workflows, improve patient
experiences, and minimize procedural risks. The integration of Al with CAD/CAM, CBCT, and
augmented reality will likely define the future of precision dentistry, ensuring more personalized
and efficient treatments for patients worldwide.

Al Applications in Oral Medicine and Pathology

AD’s Role in Early Oral Cancer Detection

A significant challenge in oral cancer management is that many patients present with advanced-
stage disease, which contributes to high morbidity and mortality rates. The prognosis of oral cancer
is heavily dependent on early detection, accurate classification, and personalized treatment
planning, while also minimizing human error and ensuring cost-effectiveness. Al has emerged as
a powerful tool in improving these aspects of oral cancer care.

One of the earliest uses of Al in oral cancer diagnosis dates back to the late 1990s, when neural
networks were utilized to distinguish between benign and malignant lesions based on both clinical
and histologic features [91]. Since then, Al-assisted diagnostic systems have gained widespread
attention, aiming to automate early lesion detection with accuracy comparable to that of
experienced specialists.

A systematic review of 36 studies utilizing various machine learning models for early oral cancer
detection found that Al significantly enhances diagnostic speed and precision. However, while Al
shows promising results, current evidence is insufficient to validate certain algorithms for
diagnosing precancerous lesions [92]. According to Baniulyte et al., the average sensitivity of Al
for oral cancer detection stands at 83%, with an average specificity of 87%, meaning it effectively
identifies patients without the disease [93].

Beyond diagnostics, Al is also being integrated into prognostic models, where machine learning
algorithms analyze past clinical data, risk factors, and systemic conditions to predict the likelihood
of malignant transformations [94-96]. Al-powered predictive models are now capable of
identifying high-risk individuals based on their demographic profile, lifestyle, and other
contributing factors, even in the absence of symptoms [97].

Recent Al Innovations in Oral Cancer Detection

Several deep-learning studies have focused on Al applications in oral cancer screening and risk
assessment. Table 4 provides an overview of recent studies employing Al techniques to enhance
cancer detection and prognosis.
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Applications of Al in oral cancer.

Application Diagnostic tool  Input data Framework Resules Ref
Cancer detection Visual Photographic images CNN-ResNet Accuracy 78 % Sensitivity7B.5 % Precision 77.1
examination % F1 soore 77 %
Orptical coherence tomography ANN-SVM Sensitivity 93-96 % Specificity 45-74 %
Smiartphone-based imaging HRNet Sensitivity B3 % Specificity 9.6 % Preciion B3
% F1 score 83.6 %
Autofluarescence imaging ANN Sensitivity 86 % Specificity 100 %
Fluorescence visualization ANN Sensitivity 6.5 % Specificity 100 %
MEI CNN Accuracy 96.5 %
Hyperspeciral imaging CNN Accuracy 91.4 % Sensitivity 94 % Specificity 91
L]
Confocal liser endomicroseapy VM Accuracy 74 % Specificity 85 % Sensitivity 72 %
Saliva Metatranscriptomics Microbiome Logistic regression Specificity 94 % Sensitivity 90 %
DNA methylation VM Recall 0.94 Specificity 93 % Precision @ %
Impedance spectroscopy VM Accuracy B %
Orral smear Cytology assxy k-Nearest Keighbor Early disease with AUCs of 0.82 Late disease with
AUCs of 053
Papanicolaon stained cytology sample R-CNN, ResNet 34 F1 score: 0.86
Tigsue biopsy FTIR VM Sensitivity 81.3 % Specificity 95.7 % Accuracy
B97 %
PESI-MS PLS-LR Accuracy 0048 % and 95.35 % in positive- and
negative-ion modes
'H HRMAS NMR Statistical moded Accuracy O %
Prognostic Medical records  Clinical characteristics Dieep learning higher performance compared o the classic
prediction statistical method
Gene expression profiling SVM, DNN Arcuracy 96.5 % Sensitivity G8.1 % Sperificity
942 %
comprehensive, feature selection, logistic regression, decision Accuracy B.0E ¥
AOMOgRam free, SVM, ANN
Risk Blood sample Serum 1ot malondialdehyde, serum Fuzzy logic The risk was estimated 45 4 concrete numerical
determination praton donor capacity vatlue on a scale from 1 t0 10

PLS-LE: Partial least squares-logistic regression.
* Fourier-transform-infrared-spectroscopy.
" Probe electrospray ionization mass spectrometry.
* Magnetic resonance imaging.

The Growth of Al in Dentistry
AD’s Expanding Market in Dental Care

Al technology has revolutionized modern dentistry by improving diagnosis, treatment planning,
and patient care. The dental Al market is witnessing rapid expansion, fueled by:

« Growing reliance on digital technologies in dental practice.

« Increased demand for precise and efficient diagnostic tools.
« A strong focus on improving patient outcomes.
Current projections estimate that the global dental Al market will reach $1.3 billion by 2028,
growing at a compound annual growth rate (CAGR) of 27.4% between 2023 and 2028 .

The Al-driven dental market can be segmented based on application type, including:

1. Diagnostic assistance (the largest segment).
2. Treatment planning (expected to grow at the highest CAGR).

3. Patient management.

From an end-user perspective, dental Al adoption is highest in clinics, followed by dental

schools and research institutions.
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Regional Market Trends:

e North America leads the Al-driven dental market due to high-tech adoption and a strong
presence of Al-based dental firms.

« Europe ranks second, with increasing Al adoption in dental clinics and research institutions.

Al-Powered Innovations in Dentistry

Notable Al Platforms in the Dental Industry

Several Al-based systems have already received regulatory approval and are making a significant
impact in clinical dentistry.

1. Overjet (https://www.overjet.ai/)

o Received FDA clearance in 2020.

o Uses Al to analyze digital radiographs, assisting in decay detection and bone loss
quantification.

o Helps dentists make more consistent and accurate diagnoses, improving treatment outcomes.

2. VideaHealth (https://www.videa.ai/)

o Al-powered system trained on large databases of dental X-rays.

o Assists in detecting cavities, cysts, and tumors.

o Reduced missed caries diagnoses by 43% and decreased incorrect diagnoses by 15% in
clinical trials.

3. Diagnocat (https://eu.diagnocat.com/)

o Al-driven analysis of dental X-rays and CBCT scans.

o Creates 3D models of maxilla and mandible in STL file format, aiding in precise implant
planning.

o Reduces diagnostic errors and enhances efficiency, particularly for inexperienced clinicians.
As Al continues to advance, automated radiographic analysis is expected to further improve
diagnostic reliability and streamline treatment workflows.

Challenges Hindering Al Adoption in Dentistry

Key Barriers to Al Integration in Dental Care

1. Limited Access to High-Quality Datasets

Al algorithms require large and diverse datasets for training. However, dental datasets often
suffer from incompleteness, small sample sizes, and lack of standardization. Access to medical
and dental records is further restricted due to privacy laws and organizational barriers, making
Al model training difficult.

2. Interoperability Issues

Many dental practices use non-standardized software and imaging systems, which may not be
compatible with Al platforms. Seamless data integration between Al systems and existing dental
software requires the development of standardized protocols and interfaces.
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3. Ethical and Legal Considerations

The implementation of Al in dentistry raises concerns regarding patient privacy, data security,
and liability. Regulations such as HIPAA (Health Insurance Portability and Accountability
Act) require strict data governance and encryption to protect patient information.

4. High Implementation Costs

For many smaller dental practices, acquiring Al-based hardware, software, and training
programs is financially challenging. The cost of Al integration remains a major deterrent to
widespread adoption.

5. Resistance to Change

Traditional dental practices may be hesitant to adopt Al due to:
« Concerns about accuracy and reliability.

e Reluctance to shift from manual to automated workflows.
o Lack of Al literacy among dental professionals.

6. Shortage of Al Expertise in Dentistry

The dental industry has not prioritized Al research, leading to a lack of Al expertise among
practitioners. To bridge this gap, collaboration between Al specialists and dental professionals
Is essential. Incorporating Al-focused education into dental curricula can help build a tech-
savvy workforce.

Overcoming these challenges is crucial for Al to fully transform dental diagnostics, treatment
planning, and patient care.

Conclusion

Al has the potential to revolutionize oral healthcare by automating routine tasks, enhancing
diagnostic accuracy, and streamlining treatment workflows. However, Al should be seen as a
supplementary tool rather than a replacement for human expertise.

Despite existing challenges—such as data limitations, ethical concerns, cost constraints, and
resistance to change—AlI remains a valuable asset in dentistry. Long-term clinical validation
and careful algorithm design are essential to ensure fair, unbiased, and reproducible results.
Future advancements should continue to prioritize human oversight while harnessing AI’s
capabilities to process large datasets, optimize diagnostics, and enhance patient care. Although
Al is reshaping modern dentistry, the final decision will always rest with the clinician.
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