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Abstract: The integration of artificial intelligence (Al) into maxillofacial imaging represents a significant
advancement in diagnostics and therapy. This review explores the ethical implications of Al in this specialized
area, addressing concerns such as data privacy, informed consent, and algorithmic bias. It highlights the
potential benefits of Al for patient outcomes and clinical efficiency while acknowledging risks associated with
reliance on automated systems. The review aims to establish a framework for ethical guidelines to ensure that
Al enhances patient care. Al's application in various industries has gained momentum, with dentistry,
particularly oral and maxillofacial radiology, emerging as a promising field. Recent studies have focused on
convolutional neural networks for tasks such as image classification, detection, segmentation, and refinement.
These Al systems support radiographic diagnosis, image analysis, forensic dentistry, and image quality
enhancement. However, optimal performance requires large, well-labeled datasets, necessitating significant
input from oral and maxillofacial radiologists, which can be time-intensive. For Al to be effectively integrated
into clinical practice, several challenges must be overcome, including the creation of comprehensive open
datasets, understanding Al judgment criteria, and addressing DICOM hacking threats. By developing solutions
alongside Al advancements, the technology can significantly evolve, potentially transforming automated
diagnosis, treatment planning, and tool development. Oral and maxillofacial radiologists will play a crucial
role in shaping Al applications in their field, leveraging their expertise in interpreting radiographic images.
Keywords: Artificial Intelligence, Oral Radiology, Ethical Guidelines, Maxillofacial Imaging, Patient
Algorithmic Bias, Data Security, Diagnostic Accuracy, Regulatory Frameworks
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I.  Introduction:

Al, once viewed as a distant aspiration, has gradually evolved into a tangible reality across various
sectors, including healthcare and dentistry.! Recently, Al has found applications in the analysis of radiographic
images within oral and maxillofacial radiology.? The field originated at a summer workshop at Dartmouth in
1956, paving the way for significant research areas such as neural networks, natural language processing, and
computational theory. However, despite initial optimism, Al faced numerous challenges.® The "artificial
intelligence winter," marked by diminished funding and interest, occurred from 1974 to 1980 and again from
1987 to 1993.% This decline was partly due to the gap between unrealistic expectations and the limitations of that
time regarding data availability and the computational power necessary to tackle complex problems.® In the late
1990s, Al experienced resurgence when Deep Blue, IBM's expert system, defeated world chess champion Garry
Kasparov.® In the early 21st century, powerful Al systems like Watson and AlphaGo captured global attention
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by surpassing human capabilities in tasks previously thought to be exclusively human.” The historical
perspective on the function of Al in oral and maxillofacial imaging is vast (Table 1).2

Table 1: Historical Overview of Al in Imaging

Period Key Developments Impact on Imaging Ethical
Considerations

Past Few Reliance on Limited analysis and Minimal focus on

Decades traditional methods diagnostics ethics
(X-rays, manual capabilities
interpretation)

Early 2000s Advancements in Enhanced image Emerging concerns
computer vision and analysis through Al about data privacy and
machine learning algorithms consent

2010s Rise of deep learning Significant Increased focus on
technologies (e.g., improvements in algorithmic bias and
CNNs) image classification ethical guidelines

and segmentation

Present Ongoing evolution of Integration into Emphasis on
Al in imaging various dental responsible and

applications, equitable use of Al,
improving diagnostic need for regulatory
precision frameworks

More recently, advancements in deep learning have enabled the development of autonomous vehicles and
produced.Al systems that have passed the Turing test, indicating a degree of intelligence. Al is subtly integrating
into everyday life through conveniences like smart speakers and content recommendation systems.® The rise of
deep learning also presents exciting opportunities for automating dental and medical image analysis.
Significant advancements have been made across various Al fields, including medical image analysis, data
mining, robotic systems, and natural language processing.!' Nevertheless, concerns persist regarding the
reliability of Al-generated diagnoses and the rationale behind Al decision-making.'? For Al to evolve
effectively, it is crucial to consider the concept of explainable Al and the necessity of human oversight.®®
Additionally, addressing the risk of malicious use of Al in diagnostic contexts is a pressing concern.'* Machine
learning is a subset of artificial intelligence dedicated to the scientific exploration of computational models that
can improve their performance through experience, without relying on explicit instructions.*®
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Figure 1: Basic machine learning workflow for model development

imaging: a review of recent progress. Peer J. 2021; 9:e11451.

Ren R, Luo H, Su C, Yao Y, Liao W. Machine learning in dental, oral and craniofacial
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To create a model for making predictions or decisions, a machine learning algorithm requires training
data.® It is typically classified into supervised, unsupervised, and reinforcement learning.!” Supervised learning
involves annotating each input and primarily addresses tasks related to classification and regression, where
expert radiologists are crucial for labeling diagnostic images.*® In contrast, unsupervised learning involves
systems that independently learn from unlabeled data, concentrating on grouping and distribution analysis
tasks.® Reinforcement learning algorithms acquire knowledge through positive or negative feedback in dynamic
environments, finding applications in areas such as robotics, gaming, and computer vision.?> Deep learning
(Figure 2) is a specialized subset of machine learning that evolved from neural network research in the 1980s.%

Figure 2: Al and deep learning in oral and maxillofacial radiology
Courtesy: https://www.oralhealthgroup.com/features/artificial-intelligence-and-deep-learning-in-
dental-radiology-a-way-forward-in-point-of-care-radiology/

While it shares similarities with traditional machine learning by utilizing data for model training, deep
learning systems are distinguished by their ability to extract high-level abstractions and intricate features from
large datasets through multiple nonlinear transformations using artificial neural networks.?? Since LeCun and
colleagues introduced a deep neural network in 1989 that learned from data via a back propagation algorithm,
deep learning has progressed rapidly. 23This advancement is attributed to overcoming over fitting challenges, the
use of high-performance graphics processing units, and the increasing availability of large datasets.?*
Convolutional neural networks (CNNSs), a type of deep learning architecture, have been pivotal in recent
breakthroughs in artificial intelligence, particularly in analyzing large and complex images.?®> Deep neural
networks learn from data by minimizing the discrepancy between predictions and actual labels through iterative
processes, with error minimization occurring gradually by differentiating the error of mini-batches or segmented
datasets (Figure 3, 4).
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Figure 3: Key domains of artificial intelligence employed in medical imaging.
Courtesy: Ren R, Luo H, SuC, Yao Y, Liao W. Machine learning in dental, oral and craniofacial
imaging: a review of recent progress. Peer J. 2021; 9:e11451.
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Figure 4: Various domains of artificial intelligence (Al) and data science, along with the three phases of
Al development
Courtesy: Ren R, Luo H, Su C, Yao Y, Liao W. Machine learning in dental, oral and craniofacial
imaging: a review of recent progress. PeerJ. 2021; 9:e11451.

CNNs have also been utilized as key components in the field of oral and maxillofacial radiology.
%Recently, generative adversarial networks (GANs) were introduced; these models generate new data that
mimic the original data and consist of two networks that are trained in opposition to each other. Enhanced GAN

models using CNNs have been applied to radiographic images. CNNs in the radiology field can be employed for
classification, detection, and segmentation (Figure 5).%
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Figure 5: Convolutional neural network in field of roral and maxillofacial radiology
Courtesy: Schwendicke F, Golla T, Dreher M, Krois J. Convolutional neural networks for dental image
diagnostics: A scoping review. J Dent. 2019; 91:103226.

Classification encompasses a wide range of tasks, from determining the presence or absence of disease
to identifying the type of malignancy.?® With advancements in computing power, deeper and more intricate
CNN models have been developed to address classification challenges in radiographic image analysis.?
Detection aims to identify and localize areas with lesions or specific anatomical structures in radiographic
images.>® CNNs for detection tasks are fundamentally similar to those used for classification; however, several
layers with additional functions, such as region proposals or regression, have been integrated into CNNs for
disease detection.®! Segmentation has been utilized to delineate various anatomical structures or lesions in
images obtained from different modalities, including plain radiography, CT, MRI, and ultrasound images.* This
comprehensive review underscores the transformative potential of Al in maxillofacial imaging, emphasizing its
ability to enhance diagnostic accuracy and streamline treatment planning. It critically examines the ethical
implications of Al integration, tackling vital issues such as patient consent, data security, and algorithmic bias.?
Furthermore, the review highlights the urgent need for robust regulatory frameworks to guide ethical Al
practices and advocates for interdisciplinary collaboration among dental professionals, technologists, and
ethicists. By proactively addressing these challenges, the dental and radiology communities can harness the full
benefits of Al, all while prioritizing patient safety and fostering trust in maxillofacial care. This approach not
only paves the way for innovative advancements but also ensures that ethical considerations remain at the
forefront of patient-centered care.*

Il.  Discussion:

The integration of Al in maxillofacial imaging represents a transformative shift in diagnostic
capabilities, offering enhanced accuracy and efficiency. However, this evolution raises critical ethical
considerations regarding patient consent, data privacy, and potential biases inherent in Al algorithms.3® As Al
tools increasingly assist in diagnostic processes, it is imperative to navigate these ethical complexities to ensure
patient welfare and trust.®® Engaging dental professionals, regulatory bodies, and patients in discussions about
the responsible use of Al is essential to harness its benefits while safeguarding ethical standards in maxillofacial
care.’” The thoughtful and ethical implementation of Al in dentistry necessitates a careful evaluation of various
factors that determine suitable applications, ensuring it enhances the quality of oral and overall health while
remaining cost-effective. This underscores the importance of responsible use in clinical environments.® Both the
dentist and the patient, or their authorized representative, must concur that Al tools are the best choice, and
delivering excellent care necessitates a comprehensive understanding of best practices and their execution.®® Al
should be considered if it enhances the quality of oral and overall health while remaining cost-effective. Both
the dentist and the patient, or their authorized representative, must agree that Al tools are the optimal option.*
Providing excellent care requires a thorough understanding of best practices and their application. A diligent
dental professional contemplating the integration of Al should ask whether the software aligns with the goal of
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achieving optimal patient outcomes. It is crucial to assess the scientific evidence supporting these claims, the
legal regulations governing Al use in dentistry, and the necessity of obtaining informed consent within a
minimal intervention framework.*Addressing these factors will help ensure that Al is utilized responsibly and
ethically, in accordance with best practices in patient care.*?> The advantages that Al can offer dental practices
include enhanced diagnostic accuracy, increased efficiency, and personalized treatment options.*3Al-driven
tools can expedite diagnostic processes and provide dentists with convenient access to patient medical and
dental histories, which is essential for formulating tailored treatment plans, especially for patients with complex
medical backgrounds.** Additionally, Al technology can help diminish disparities by improving access to oral
and dental healthcare services in underserved areas, particularly for applications like oral cancer detection,
periodontitis, or caries diagnosis.**From a sustainability perspective, if Al is utilized for preventive measures or
early detection of oral conditions, it could significantly reduce costs and resource allocation for treatments.*¢ Al
has the potential to transform the workforce landscape, encourage business collaborations, and enhance patient
engagement.*” Furthermore, Al could facilitate knowledge sharing by compiling extensive datasets to create a
repository of methodologies and practices for comparative analysis against outcomes. However, the risks
associated with Al implementation in dental practice must be acknowledged, particularly regarding its overall
benefits and reliability for specific patient demographics. There is widespread concern in medical Al that
inadequate performance across various racial, age, or gender groups may arise from insufficiently representative
training datasets.*® Consequently, dental professionals should actively engage in the development and oversight
of Al-based software; if they identify certain models as ineffective predictors for specific groups, they should
conduct preliminary testing on cases involving their patients. “° The lack of diversity in dental datasets presents
challenges to Al utilization due to factors such as morphological differences between male and female teeth and
variations in facial bone structure due to age and sex.>*These anatomical aspects are vital for dental restorative
treatment planning.® Oral diseases are complex conditions influenced by numerous genetic and environmental
factors, resulting in diverse clinical presentations and disease progression, as well as differences in susceptibility
to treatment or prevention.52Significant environmental factors like smoking or diet are shaped by cultural and
ethnic backgrounds, though they can also vary among individuals within the same ethnic group.5® The oral
microbiome is the second-largest microbiome in the human body, comprising over 700 distinct microbial
species and demonstrating considerable diversity across different age groups, including adults and children.>
For example, consider an Al-driven recommendation system designed for tooth extraction in orthodontic
treatment that relies on cephalometric analysis.%® Research indicates variations in cephalometric landmarks
between Caucasian and African-American men.>® If the training data used to develop the Al system lacks
representation from African-American men, the system may generate treatment recommendations that are
unsuitable for this demographic.5” Therefore, Al systems must undergo pilot testing in dental clinics under
clinician supervision to enhance their use and build trust in the system.*Bias in Al can emerge during the model
training process. When Al makes predictions, it relies on patterns learned from the input data during training,
where labels are matched to data features.>® The model may inadvertently adopt biases, prejudices, or
preferences present in the training data, infusing human biases into the Al system. While Al excels at
classification tasks, ethical principles such as fairness and equity ultimately depend on human oversight.®
Continuous monitoring of Al systems is crucial to identify and rectify any errors or biases that may arise.
Furthermore, understanding the rationale behind Al recommendations is essential; for Al to be considered
transparent, it must be comprehensible to external observers.®* A lack of transparency can undermine trust in Al
and make the system more vulnerable to cyber threats.®? Conversely, excessive transparency may compromise
privacy by exposing personal information in the underlying datasets. Thus, achieving a balance between
transparency and privacy is vital in the development and deployment of Al. Dentists must acquire specific skills
related to the safe and effective application of Al in dental treatments to ensure they are well-equipped to
navigate the complexities of this technology.%® This involves gaining knowledge of Al algorithms,
understanding data management practices, and recognizing the ethical implications of Al use.5 Ongoing
education and training programs are essential to keep dental professionals informed about the latest
advancements in Al, enabling them to leverage these tools to enhance patient care and outcomes. This includes
understanding Al algorithms, data management practices, and the ethical implications of Al use.% Continuous
education and training programs should be implemented to keep dental professionals updated on advancements
in Al, enabling them to leverage these tools for improved patient care and outcomes.%®A recent survey
conducted among experienced dentists and final-year undergraduates at the School of Dental Medicine,
University in Belgrade, indicates that both working experience and holding a specialization or PHD correlate
with greater motivation and knowledge regarding Al utilization.®’However, undergraduates exhibit skepticism
about the necessity of using Al in practice, suggesting a potential slow adoption of Al in dental settings. This
reluctance among the dental community at Belgrade University highlights a clear lack of basic and ongoing
education on the subject, along with concerns about Al potentially replacing dentists.58Additionally, anxiety
stemming from the absence of regulatory policies is a significant factor, given the legal uncertainties it may pose
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for both patients and dentists when employing Al software.%® It’s important to recognize that widespread Al
adoption could empower general dentists to achieve the diagnostic and treatment capabilities of specialists by
using Al software as decision-support tools. However, this scenario raises concerns regarding responsibility and
liability, as general dentists may not possess the necessary training to operate at a specialist level. Therefore,
educational programs in dental studies, along with training on Al utilization, are essential for fostering
responsible Al use in dental practice.%® Guidelines for Al utilization indicate that a diligent dental professional
seeking to integrate Al must consider several key factors, including the presence of legal regulations governing
its application, the assignment of accountability in cases of adverse effects resulting from Al use, and the
appropriate handling of data gathered through Al implementation. These considerations are vital for ensuring
ethical practices and compliance with relevant laws while protecting patient welfare and privacy.% Before
implementation in dentistry and medicine, Al-based software must secure approval from relevant regulatory
authorities to guarantee patient safety and data protection. This process necessitates validation by both dental
professionals and software developers, along with ongoing oversight of the software's safety and effectiveness.®’
Regulatory policies, standards, and guidelines must be established to enhance transparency, safeguard patient
interests, and enforce rigorous data management protocols. The regulatory framework should clarify whether the
Al software has been assessed by entities like the Food and drug administration (FDA) or other regulatory
authorities, as well as define the dentist's role in utilizing Al—whether to adhere to Al recommendations or to
disregard them if they disagree.%® Additionally, protocols should be developed for scenarios in which dentists
receive conflicting advice from Al, potentially involving consultation with a colleague or a panel of experts for
further evaluation and decision-making. 8°Currently, Al-based software in dentistry serves as a supportive tool
for clinical decisions rather than a primary decision-making resource, highlighting the necessity of dentist
oversight over the Al system.”® By the end of 2022, the FDA had authorized over 500 Al-enabled medical
devices, primarily utilized in radiology.” In dentistry, several Al applications have received FDA approval to
enhance the interpretation of radiographs, including Video Health's Al algorithm, which has shown superiority
over dentists in detecting caries, reducing misdiagnoses by approximately 15%.7> Overjet's Dental Assist
software automatically assesses bone loss in radiographs, enabling the swift initiation of periodontal disease
treatment.” Similarly, Pearl's Second Opinion solution assists dentists in identifying issues such as cavities,
tartar, and inflammation. However, recent critiques of the FDA's regulatory practices regarding Al have
emerged, with authors highlighting the absence of established best practices for evaluating Al algorithms
(Figure 6) to ensure their reliability and safety.”™

Data and
Outcomes

l Outcomes

Human
Engineered
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Feature
Learning

! !

Human Interpretation and Action

Figure 6: Al algorithm
Courtesy: Tandon D, Rajawat J, Banerjee M. Present and future of artificial intelligence in dentistry. J
Oral Biol Craniofac Res. 2020; 10(4):391-396.
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Their analysis of publicly available information on FDA-approved devices indicated that nearly all Al
devices received authorization based on retrospective studies, with most evaluated at a limited number of sites,
suggesting a lack of geographic diversity in their assessments.™ The supervision of dentists is vital for the safe
integration of Al tools in dentistry, as their role is essential in preventing complications and managing Al
systems, emphasizing the importance of accountability in this evolving field. However, the use of Al can lead to
automation bias, where individuals may excessively trust machine-generated decisions over conflicting human
input or data (Figure 7).7
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Figure 7: Machine Learning
Courtesy: Rasteau S, Ernenwein D, Savoldelli C, Bouletreau P. Artificial intelligence for oral and
maxillofacial surgery: A narrative review. J Stomatol Oral Maxillofac Surg. 2022; 123(3):276-
282.

Addressing accountability in the event of negative outcomes during Al use is crucial for maintaining
patient trust in these technologies.”” Responsibility could lie with various parties in the Al usage chain,
including the developing company or software engineer involved in creating the Al software, the dentist as the
primary user, or the government agency responsible for selecting, validating, and deploying Al-based systems in
healthcare settings.”® The World Health Organization (WHO) faces challenges in legally and ethically
attributing responsibility for Al use in healthcare, as this duty is shared among all contributors in the Al usage
chain: developers, providers, government entities, and healthcare institutions.”™ In the absence of clear legal
frameworks regarding the use of Al software by dentists, it is suggested that dentists bear responsibility for any
harm resulting from Al utilization. This includes situations where dentists fail to critically evaluate Al-generated
recommendations, misuse Al decision-support tools as primary diagnostic aids, or employ inadequate Al
systems in their practices.® Conversely, government agencies and healthcare facilities could also be held liable
if they endorse specific Al systems without providing sufficient training or technical assistance, or if harm arises
from inaccurate Al systems recommended for clinical use.®® Additionally, algorithm developers may be
accountable for injuries stemming from poorly designed or biased Al systems or manufacturing defects.®? It’s
important to recognize that even when assigning liability is complex, compensation for harm caused by Al
usage could still be available without ascribing blame. This parallels instances of adverse effects related to
vaccine administration, where compensation is often granted to affected individuals without attributing fault.
In such cases, there is a suggestion that compensation could be funded by the companies that develop Al
software. This approach ensures that patients receive appropriate compensation for any harm they may have
experienced without necessitating a complicated determination of fault or liability.3* Data management is a
critical ethical concern that involves the acquisition, evaluation, and storage of information, with primary focus
areas including informed consent, privacy, and data protection (Table 2).8
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Table 2: Ethical Data Management in Al

Key Factor Description

Familiarize yourself with local, state,
and federal laws related to Al use in
healthcare.

Understand Relevant Regulations

Data Privacy
Ensure compliance with data privacy

laws (e.g., HIPAA) for secure handling
of patient information.

Clinical Standards . .
Verify that Al tools meet established

clinical guidelines and standards from
dental associations.

Check for necessary licenses or
certifications for Al tools to ensure
safety and efficacy.

Licensing and Certifications

Liability and Accountability Clarify liability implications when
using Al in clinical settings and
determine accountability.

Informed Consent Communicate how Al will be used in
patient treatment and obtain informed
consent.

Monitoring and Reporting L
Implement systems for monitoring Al

performance and reporting any issues
or adverse events.

Continuous Education Stay updated on evolving legal
standards and best practices for Al in
dentistry.

Work with legal professionals to
navigate complexities of Al integration
in dental practice.

Collaborate with Legal Experts

Patient Education Inform patients about Al's role in their
care to promote transparency and trust.

Dentists have a moral obligation to utilize patient data to enhance their health and dental practices
while ensuring that data usage does not create risks, result in adverse effects, or lead to discrimination.®® Given
the substantial volume of high-quality data required for Al system development, there is societal pressure to
commercialize this information. 8Patients have the right to access their data held by dentists and to understand
how it is being utilized. They also have the right to request limitations on data processing or the deletion of their
information. In accordance with the General Data Protection Regulation (GDPR) (Figure 8, 9), dentists must
implement measures to ensure data security. This includes minimizing the collection of personal data,
eliminating unnecessary information, pseudonymizing or anonymizing data whenever feasible, enhancing email
security and device encryption, and notifying patients in the event of a data breach.
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Figure 8: GDPR
Courtesy: https://deltagap.com/the-general-data-protection-regulation-gdpr/
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Figure 9: European GDPR
Courtesy: https://gtth.com/compliance-regulatory-requirements/eu-general-data-protection-regulation-
gdpr/

Informed consent: In an Al system influencing dental recommendations, obtaining informed consent from
patients is crucial. However, the intricacies of Al software development and its operational mechanisms present
challenges in communicating this complex information to patients in an understandable manner.2® Dentists face
the challenge of effectively communicating complex information about Al's role in dental care to ensure patients
make informed decisions. This includes explaining how Al is utilized in their treatment, addressing the opacity
of certain algorithms, and clarifying whether Al supports or primarily drives clinical decisions.®® Transparency
is crucial, especially regarding potential conflicts of interest, such as a dentist's financial ties to Al companies,
which can influence treatment recommendations.®* Ethically, dentists must supervise Al tools, ensuring they
enhance rather than replace human judgment, while being aware of the risks associated with Al software and the

DOI: 10.35629/076X-11104258 www.questjournals.org 51 | Page


https://deltagap.com/the-general-data-protection-regulation-gdpr/
https://gttb.com/compliance-regulatory-requirements/eu-general-data-protection-regulation-gdpr/
https://gttb.com/compliance-regulatory-requirements/eu-general-data-protection-regulation-gdpr/

Charting Ethical Terrain: The Functon of Artificial Intelligence in Oral and Maxillofacial Imaging

importance of data privacy.®?The integration of Al in dentistry has the potential to revolutionize diagnostics and
treatment planning, improving precision and efficiency, but it also raises ethical concerns about bias in
algorithms, accountability, and the need for diverse data representation.®® Ongoing education for dental
professionals about Al is vital to promote responsible use and build patient trust.% The data curation process for
Al applications is costly and time-consuming, requiring careful organization, standardization, and expert input
to ensure high-quality labeled data for effective learning.**Techniques like data augmentation and synthetic data
generation are emerging to address challenges related to data scarcity and enhance the robustness of Al systems
in dental practice.®® Most studies focused on artificial intelligence applications for automated localization of
cephalometric landmarks, diagnosis of osteoporosis, classification/segmentation of maxillofacial cysts and/or
tumors, and identification of periodontitis/periapical disease.®” The performance of artificial intelligence models
varied across different algorithms.%

Table 2: Summarizes the dental applications and imaging modalities of deep learning

Application Imaging Modality Description Key Findings
Caries Detection Intraoral Deep learning Improved accuracy
Radiography algorithms identify in detecting early
carious lesions. caries
Periodontal Disease Cone Beam Analysis of bone loss Enhanced
Assessment Computed and periodontal visualization of
Tomography pockets periodontal
(CBCT) structures
Oral Cancer Panoramic Classification of Increased sensitivity
Diagnosis Radiography lesions for and specificity in

malignancy potential detection

Implant Planning CBCT Predictive models Reduced surgical
for optimal implant errors and improved
placement outcomes

Endodontic Periapical Identification of root Higher diagnostic

Diagnosis Radiography canal issues and accuracy compared
fractures to traditional

methods

Orthodontic 3D Imaging Assessment of Streamlined

Treatment occlusion and treatment workflows
treatment planning and planning

Facial Analysis 2D and 3D Imaging Assessment of facial Enhanced analysis of
asymmetry and aesthetic and
anomalies functional outcomes

Nagi et al. reviewed the clinical applications and performance of intelligent systems in dental and maxillofacial
radiology, explaining fundamental concepts of artificial intelligence, machine learning, deep learning, neural
network training, learning algorithms, and fuzzy logic, while also discussing future prospects in areas like
radiomics, imaging biobanks, and hybrid intelligence.®

Radiographic Diagnosis: In the rapidly evolving field of oral and maxillofacial radiology, Al is transforming
diagnostic capabilities across a spectrum of conditions, including dental caries, periodontal disease,
osteosclerosis, odontogenic cysts, and issues related to the maxillary sinus and temporomandibular joints.'® The
early Al system "ORAD," developed by White at UCLA in 1995 and later upgraded to ORAD II, pioneered
differential diagnoses for oral and maxillofacial diseases by allowing users to input clinical and radiographic
details, providing a groundbreaking model for Al diagnostics.’® Research has advanced significantly since
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then.1%2 For instance, in 1999, Park et al. demonstrated the efficacy of an artificial neural network in assessing
cervical lymph node metastasis in oral squamous cell carcinoma, revealing superior effectiveness compared to
single MR imaging criteria.'®® More recent studies have utilized deep learning to diagnose conditions such as
dental caries, periodontal disease, and vertical root fractures, with notable developments like Chang et al.'s
automated method for staging periodontitis, which integrates deep learning with conventional computer-assisted
diagnosis (CAD) to achieve remarkable accuracy (Figure 10).1%4

Figure 10: Applications of Al
Courtesy: Agrawal P, Nikhade P. Artificial intelligence in dentistry: past, present, and future. Cureus.
2022; 14(7):e27405.

Al's impact extends to radiographic analysis, where it enhances tasks like tooth segmentation, bone
quality assessment, and cephalometric landmark localization.® CNNs are increasingly employed to analyze both
3D cone beam computed tomography (CBCT) and 2D images, significantly improving clinical decision-making
and reducing charting time for dentists. % For example, Al has proven valuable in assessing mandibular cortical
width and erosion in panoramic radiographs, aiding in the early detection of osteopenia and osteoporosis.*?’In
the realm of forensic dentistry, Al is revolutionizing age estimation and identification processes.’%® Despite
challenges posed by poor image quality, researchers are developing automated systems utilizing individual
CNNs for enhanced tooth recognition and age estimation, offering non-invasive alternatives with improved
accuracy over traditional methods. Image quality improvement is another critical area where Al shines.%®
Traditional denoising methods frequently fail to meet expectations, but deep learning techniques, such as CNNs
and GANSs, have demonstrated significant potential in improving the quality of medical images.**® These
advancements reduce noise and artifacts, significantly impacting diagnostic accuracy and patient outcomes.*t
For Al to thrive in oral and maxillofacial radiology, several considerations must be addressed.*? Large, well-
annotated datasets are essential, as effective deep learning algorithms rely on high-quality training data curated
by experienced radiologists.!*®* The complexity of Al systems requires meticulous attention to network
architecture and parameter configurations to minimize errors. Moreover, understanding the decision-making
processes of Al systems is vital, as their "black box" nature can hinder reliability.?'* Techniques like class
activation mapping (CAM) and guided back propagation are being explored to clarify Al predictions, aiding
radiologists in assessing the trustworthiness of these systems.!!® Additionally, precautions against DICOM
image hacking are crucial to safeguard clinical integrity. Overall, radiographic imaging remains invaluable for
diagnostics and treatment planning in dentistry. 1®As Al continues to evolve, it promises to enhance the
effectiveness of radiographic analysis, supporting oral and maxillofacial radiologists who play an essential role
in interpreting images within the context of diverse diseases. The future of dentistry is bright, with oral and
maxillofacial radiology standing at the forefront of this transformative journey.'’

Applications and Future Directions As Al continues to evolve, its integration into maxillofacial imaging is
poised for transformative advancements.’*® Future developments are likely to enhance image analysis
capabilities through sophisticated deep learning algorithms, significantly improving diagnostic accuracy and
speed.!® These innovations have the potential to facilitate personalized treatment plans by incorporating a
patient's unique genetic information and treatment history, paving the way for tailored healthcare solutions.?°
The creation of Al-driven predictive models could revolutionize early detection of conditions, leading to timely
interventions and improved patient outcomes.*? Additionally, collaborative platforms that leverage Al may
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enable real-time consultations among specialists, fostering a comprehensive and multidisciplinary approach to
patient care. However, as we embrace these advancements, it is crucial to proceed with caution.'?? Ethical
concerns surrounding data security, algorithmic transparency, and equitable access to Al technologies are
pressing issues that must be addressed. Establishing robust regulatory frameworks and ethical guidelines will be
essential to navigate these challenges, ensuring that Al serves as a valuable tool in maxillofacial imaging
without compromising patient rights or the quality of care.'?® The transformative potential of Al in maxillofacial
imaging is evident in its ability to perform tasks such as tooth segmentation, bone quality assessment, and
disease detection with remarkable precision.'?* Yet, as Al systems evolve, it is imperative to continuously
monitor their impact on clinical practice.*? Future research should focus on refining Al algorithms to minimize
bias, enhance accuracy, and improve applicability across diverse populations. Interdisciplinary collaboration
among Al developers, dental professionals, and ethicists will be critical to maximize benefits while mitigating
risks.'?® Data preparation is a foundational aspect of implementing Al effectively. The cost and complexity of
automating interpretation demand vast amounts of high-quality, well-labeled data. The process of data
curation—organizing and integrating data from various sources—is vital.®?” This includes anonymizing data,
ensuring representativeness, standardizing formats, minimizing noise, segmenting regions of interest, and
accurate annotation. In deep learning, "ground truth" refers to the reliable labels generated by experts, which
serve as the reference for training algorithms.?® Achieving high accuracy in Al applications necessitates
meticulously curated datasets with correct labels. Labeling can be achieved through direct annotations by
radiologists during image review or by utilizing information from radiology reports.*?° The former requires
significant time and effort, and may introduce variability among observers, especially in two-dimensional (2D)
radiographs where overlapping structures complicate clear delineation of three-dimensional (3D) anatomy.**° To
create comprehensive datasets, a team of radiologists often collaborates to label images, necessitating a
consensus to ensure accurate ground truth.*3 Employing intra- and inter-class correlation coefficients can
effectively assess agreement among radiologists. Furthermore, the labeling format and tools must align with the
specific tasks and deep learning models being employed.!® For instance, some models may require precise
delineation of lesion margins, while others may suffice with basic indications of lesion presence.® Close
communication between radiologists and engineers is essential to ensure the labeling process meets the
requirements of the deep learning applications being developed. The intersection of Al and maxillofacial
imaging holds great promise for the future of dental care.'® By harnessing the power of Al to improve
diagnostic capabilities and patient outcomes, while also addressing ethical and practical considerations, we can
unlock new frontiers in healthcare. This collaborative effort will ensure that Al not only enhances clinical
practice but also upholds the highest standards of patient care and safety.*%

I1l.  Conclusion:

The integration of Al in oral and maxillofacial radiology presents transformative potential, poised to
enhance diagnostic accuracy and significantly improve patient outcomes. Current applications highlight Al's
remarkable abilities in automating image analysis, identifying abnormalities, and assisting in treatment planning.
Techniques such as deep learning, particularly convolutional neural networks, have shown exceptional
effectiveness in interpreting complex radiographic data. However, this advancement comes with considerable
challenges, including concerns about data quality, algorithm transparency, and the necessity for thorough
validation in clinical environments. Ethical considerations, especially regarding patient privacy and informed
consent, must be prioritized as Al technologies continue to advance. The future of Al in this field depends on
strong collaboration between radiologists and Al developers to ensure that the technology achieves its full
potential. As research progresses and technology develops, Al's role in oral and maxillofacial radiology is
expected to expand, leading to more personalized and efficient patient care. These innovations can help address
existing disparities and improve operational efficiency in dental practices, particularly for medically
compromised patients. Nevertheless, caution is vital, as the inherent diversity in orofacial anatomy and
environmental factors influencing oral disease may introduce biases in Al decision-making. To implement Al
ethically in dentistry, key principles must be prioritized: securing approval for Al systems from recognized
regulatory bodies prior to deployment, providing extensive education and training for dentists in Al applications
with ongoing supervision and monitoring, ensuring transparency and robust data management practices to
protect patient safety and data integrity, and delivering clear and comprehensive information to patients
regarding the use of Al, especially in situations where conflicts of interest may arise. By embracing these
advancements while proactively addressing the challenges, we can shape a future for radiology that is both
groundbreaking and ethically responsible, ultimately enhancing patient care. The promise of Al in oral and
maxillofacial radiology extends beyond technology; it’s about elevating the standard of care and ensuring that
every patient receives optimal treatment.
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