ARTIFICIAL INTELLIGENCE IN DENTAL HEALTH INFORMATICS: ADVANCING EARLY DIAGNOSIS, CLINICAL DECISION-MAKING, AND ECONOMIC EFFICIENCY
Abstract
[bookmark: _GoBack]Artificial intelligence (AI) is increasingly transforming dental health informatics by integrating advanced computational techniques into clinical decision-making and healthcare management. In dentistry, where diagnosis and treatment planning rely heavily on the interpretation of radiographic and clinical data, AI technologies—particularly machine learning and deep learning algorithms—have demonstrated considerable potential in improving diagnostic accuracy and efficiency. Recent studies have reported that deep learning models applied to dental radiographs can achieve diagnostic accuracies ranging from 85–94% in detecting dental caries and other radiographic pathologies, often performing at levels comparable to experienced clinicians. This review provides a comprehensive overview of the current applications of artificial intelligence in dental health informatics, with particular emphasis on diagnostic imaging, clinical decision-support systems, and predictive analytics for treatment planning. The review evaluates the performance of AI-assisted diagnostic tools in comparison with clinician interpretation and examines their role in improving workflow efficiency and reducing diagnostic variability in dental practice. In addition, key barriers to the clinical implementation of AI technologies are discussed, including challenges related to data quality, algorithm transparency, ethical considerations, patient privacy, and limitations in digital infrastructure. The economic implications of AI integration in dentistry are also examined, particularly with respect to cost–benefit considerations and the long-term value of early disease detection in preventive dental care. Evidence suggests that AI-assisted diagnostic systems may improve early detection of oral diseases, optimize resource utilization, and support evidence-based clinical decision-making. Although artificial intelligence holds significant promise for advancing dental health informatics and improving the quality of oral healthcare delivery, its most effective role is as a supportive tool that augments clinician expertise rather than replacing clinical judgment. Careful consideration of ethical, regulatory, and implementation challenges will therefore be essential for the safe and effective integration of AI technologies into routine dental practice. This review underscores a comprehensive understanding of how AI technologies can support clinicians, enhance diagnostic accuracy, and contribute to the advancement of dental health informatics.
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Introduction
Artificial intelligence (AI) is increasingly transforming healthcare by enabling advanced analysis of large and complex datasets that exceed the capabilities of traditional clinical methods. Through machine learning and deep learning algorithms, AI systems can identify patterns within medical data and assist clinicians in making more accurate and timely diagnostic decisions. Over the past decade, AI technologies have been integrated into several medical disciplines, including radiology, oncology, cardiology, and pathology, where diagnostic processes rely heavily on imaging and pattern recognition. These developments have demonstrated the potential of AI to improve diagnostic accuracy, optimize clinical workflows, and support evidence-based healthcare delivery.
Dentistry represents a particularly suitable field for the application of artificial intelligence because diagnostic decision-making frequently depends on the interpretation of radiographic images, clinical photographs, and structured clinical datasets. The increasing adoption of digital radiography, panoramic imaging, and cone-beam computed tomography (CBCT) has generated large volumes of imaging data that require careful interpretation. Analyzing these datasets can be time-consuming and subject to variability among clinicians. AI-based systems, particularly those utilizing deep learning architectures such as convolutional neural networks (CNNs), have demonstrated the ability to analyze dental images and detect pathological patterns with diagnostic performance approaching that of experienced clinicians.
One of the most promising applications of AI in dentistry is the early detection of common oral diseases. Conditions such as dental caries, periodontal disease, and periapical pathology often begin with subtle radiographic changes that may be difficult to detect during routine clinical examination. Early diagnosis is essential for implementing preventive or minimally invasive treatments and for reducing the need for complex restorative or surgical procedures. Studies have demonstrated that AI algorithms trained on dental radiographs can detect carious lesions, periodontal bone loss, and periapical pathology with high sensitivity, highlighting their potential role as supportive diagnostic tools.
Artificial intelligence has also shown promise in the early detection of oral malignancies. Oral squamous cell carcinoma remains one of the most prevalent oral cancers worldwide, and early diagnosis significantly improves patient prognosis. AI-driven models trained on clinical photographs and histopathological datasets have demonstrated encouraging performance in distinguishing malignant lesions from benign oral conditions. Such technologies may assist clinicians in identifying suspicious lesions that require further investigation or biopsy, thereby improving screening programs and patient outcomes. Early identification of oral malignancies significantly improves patient prognosis and survival outcomes, particularly when screening is performed opportunistically during routine dental examinations [46].
In addition to diagnostic applications, AI technologies are increasingly being used in clinical decision-support systems. Machine learning algorithms can analyze multiple variables simultaneously, including patient history, imaging findings, and risk factors, to assist clinicians in treatment planning. Predictive models may help estimate disease progression, treatment success, or potential complications, thereby supporting personalized treatment strategies. Importantly, most researchers emphasize that AI systems should function as supportive tools rather than replacements for clinician expertise.
Despite these promising developments, several challenges continue to limit the widespread adoption of AI in dental practice. These challenges include limited availability of large annotated datasets, variability in imaging protocols, concerns regarding algorithm transparency, ethical issues related to data privacy, and the need for regulatory frameworks governing AI-based medical technologies. Addressing these challenges is essential to ensure that AI systems are safe, reliable, and applicable across diverse clinical settings.
Furthermore, the economic implications of AI implementation in dentistry require careful evaluation. Although integrating AI technologies may require initial investment in digital infrastructure and training, early disease detection and improved workflow efficiency may ultimately reduce long-term healthcare costs. Understanding both the clinical and economic impact of AI technologies is therefore important for guiding their responsible integration into dental healthcare systems.
Given the rapid evolution of artificial intelligence technologies and their increasing relevance to dental practice, a comprehensive evaluation of their clinical applications, limitations, and economic implications is necessary. Therefore, this review aims to examine the role of AI in dental health informatics, with particular emphasis on diagnostic imaging, clinical decision support systems, barriers to implementation, and the economic impact of AI integration in dentistry. Advanced imaging modalities such as optical coherence tomography have demonstrated promising diagnostic accuracy for detecting oral squamous cell carcinoma in clinical settings [47, 48]. 
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Figure 1. Artificial Intelligence Workflow in Dental Health Informatics
This figure illustrates a typical workflow of artificial intelligence applications in dentistry. The process begins with data acquisition from digital radiographs, CBCT images, and clinical records. The collected data undergo preprocessing and annotation before being used to train machine learning or deep learning models. After model training and validation, the AI system can be deployed in clinical environments to assist with radiographic interpretation, disease detection, and clinical decision support.
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Figure 2 Artificial Intelligence Workflow for Automated Tooth-Level Diagnosis Using CBCT Imaging
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Figure 3  Typical artificial intelligence workflow in dentistry, beginning with data acquisition, followed by data preprocessing, model training, validation, clinical deployment, and finally integration into clinical decision-support systems.
Given the rapid advancements in artificial intelligence and its growing relevance to dental practice, a comprehensive understanding of its applications and limitations is essential for clinicians and researchers alike. This review, therefore, aims to explore the current role of AI in dental health informatics from a clinical perspective. Particular emphasis is placed on diagnostic imaging, clinical decision support systems, barriers to implementation, and the economic implications of AI integration in dentistry. 
Specific objectives
The objective of this review is to examine the evolving role of artificial intelligence (AI) in dental health informatics and its implications for modern dental practice. Specifically, this review aims to:
1. Summarize current applications of AI in dental diagnostics, including the detection of dental caries, periodontal disease, and oral malignancies. 
2. Evaluate the performance of AI-assisted diagnostic systems in comparison with clinician judgment in dental imaging and clinical decision-making. 
3. Discuss the integration of machine learning and deep learning models into dental workflows, including radiographic interpretation and treatment planning. 
4. Identify key barriers to the clinical adoption of AI in dentistry, such as data quality issues, ethical concerns, algorithm transparency, and infrastructure limitations. 
5. Assess the economic implications of AI implementation in dental care, with emphasis on cost-effectiveness, workflow efficiency, and long-term benefits for preventive dentistry. 

Artificial Intelligence Models Used in Dentistry
Artificial intelligence encompasses a broad spectrum of computational approaches designed to simulate aspects of human cognitive processes, including learning, reasoning, and pattern recognition. Within dentistry, these technologies are primarily implemented through machine learning and deep learning models capable of processing large datasets derived from radiographic images, clinical records, and patient information. The application of these computational tools has expanded significantly over the past decade as dental practice has increasingly transitioned toward digital imaging systems and electronic health records. Such digitalization has created large repositories of clinical data that can be analyzed using advanced algorithms, thereby enabling the development of intelligent systems capable of assisting clinicians in diagnosis and treatment planning [2,3].
Machine learning refers to computational techniques that allow algorithms to learn patterns from data without being explicitly programmed for each specific task. In the context of dental informatics, machine learning models can analyze imaging datasets, identify diagnostic patterns, and generate predictions regarding disease presence or progression. Traditional machine learning approaches often rely on structured datasets in which relevant features are manually extracted and provided to the algorithm. These features may include radiographic measurements, anatomical landmarks, or clinical variables such as patient age, oral hygiene status, and medical history. By analyzing these variables, machine learning models can classify images or predict disease outcomes with increasing accuracy as more data becomes available [26].
Among the most widely used machine learning algorithms in dentistry are support vector machines (SVMs), decision tree models, and random forest algorithms. Support vector machines are supervised learning methods that classify data by identifying the optimal boundary separating different categories within a dataset. In dental research, SVM models have been applied to differentiate between normal and pathological structures on radiographic images and to classify various types of dental lesions. These algorithms are particularly useful when working with smaller datasets because they can achieve reliable classification performance even when the number of available training samples is limited.
Random forest algorithms represent another important machine learning technique used in dental informatics. These models operate by constructing multiple decision trees and combining their predictions to generate a final outcome. Random forest models are particularly effective when analyzing complex clinical datasets containing numerous variables. In dentistry, they have been used to predict periodontal disease risk, estimate treatment outcomes, and analyze patient behavioral factors associated with oral health. By integrating multiple clinical parameters, these algorithms can assist clinicians in identifying patients who may benefit from preventive interventions or more intensive monitoring.
While traditional machine learning models rely heavily on manual feature extraction, deep learning represents a more advanced approach capable of automatically learning relevant features directly from raw data. Deep learning algorithms are typically based on artificial neural networks, which are computational structures inspired by the architecture of the human brain. These networks consist of multiple interconnected layers that process data sequentially, allowing the system to identify increasingly complex patterns within the dataset. The ability of deep learning algorithms to automatically extract features makes them particularly suitable for analyzing medical images, where subtle patterns may be difficult to define manually.
Among deep learning architectures, convolutional neural networks (CNNs) have emerged as the most widely used model for dental imaging analysis. CNNs are specifically designed to process visual data by applying convolutional filters that detect patterns such as edges, textures, and shapes within an image. As the network processes the image through successive layers, it learns to recognize increasingly complex features that correspond to specific anatomical structures or pathological findings. This hierarchical feature extraction allows CNN models to identify dental diseases with a high degree of accuracy.
In dental radiology, CNN-based systems have been successfully applied to the detection of dental caries, periapical lesions, periodontal bone loss, and impacted teeth. Studies evaluating the performance of deep learning algorithms in caries detection have demonstrated promising results, with some models achieving diagnostic sensitivity comparable to experienced clinicians [6,7]. These findings highlight the potential of CNN-based systems to function as supportive diagnostic tools in routine dental practice.
Another area in which CNN models have shown significant promise is the analysis of panoramic radiographs and cone-beam computed tomography (CBCT) images. These imaging modalities generate large volumes of anatomical information that can be challenging to interpret, particularly when evaluating subtle pathological changes. Deep learning algorithms trained on large imaging datasets can analyze these images efficiently, identifying anatomical landmarks, detecting lesions, and assisting clinicians in treatment planning. For example, CNN models have been developed to automatically detect tooth structures and assign tooth numbering in panoramic radiographs, which can streamline digital charting processes in clinical settings [21]. Comparative clinical studies evaluating different diagnostic methods have highlighted the importance of combining radiographic and visual examination techniques for accurate detection of occlusal caries [49].

In addition to imaging analysis, artificial intelligence is increasingly being applied to the interpretation of clinical records through natural language processing (NLP). NLP is a branch of AI that enables computers to understand and analyze human language. In dental informatics, NLP techniques can extract relevant clinical information from electronic dental records, including patient symptoms, diagnoses, and treatment outcomes. By converting unstructured text data into structured datasets, NLP algorithms facilitate large-scale clinical research and improve the organization of patient records.
The integration of NLP with other AI technologies may also support the development of advanced clinical decision support systems. Such systems can combine imaging findings with patient history, risk factors, and treatment records to generate diagnostic suggestions or treatment recommendations. Although these technologies are still evolving, they represent an important step toward more comprehensive digital healthcare systems capable of assisting clinicians in complex decision-making processes.
From a clinician’s perspective, the adoption of AI technologies must ultimately translate into practical benefits within daily practice. One of the most significant advantages of AI models is their ability to process large datasets rapidly and consistently. In busy clinical environments, clinicians may be required to interpret dozens of radiographs within a limited time frame. AI systems can assist by pre-screening images and highlighting areas of potential concern, thereby allowing clinicians to focus their attention on cases requiring detailed evaluation.
However, it is important to recognize that AI models are highly dependent on the quality and diversity of the data used during training. Algorithms trained on limited or biased datasets may perform poorly when applied to different patient populations or imaging conditions. For example, variations in radiographic equipment, exposure settings, and image quality can significantly influence algorithm performance. Consequently, the development of robust AI systems requires large and diverse datasets that accurately represent real-world clinical scenarios.
Another important consideration involves the interpretability of AI algorithms. Deep learning models are often described as “black box” systems because their internal decision-making processes may be difficult to interpret. For clinicians, understanding the rationale behind a diagnostic suggestion is critical for maintaining trust in AI-assisted systems. Recent research has therefore focused on developing explainable AI models that provide visual or statistical explanations for their predictions. Such developments may enhance clinician confidence and facilitate the integration of AI tools into routine clinical workflows. The diverse applications of artificial intelligence across different dental specialties are summarized in Table 1.
The implementation of AI technologies also requires collaboration between dental professionals, computer scientists, and healthcare policymakers. Developing clinically useful algorithms involves not only technical expertise but also a deep understanding of dental pathology and clinical workflow. Interdisciplinary collaboration is therefore essential to ensure that AI systems address real clinical needs rather than purely theoretical problems.
As digital dentistry continues to evolve, AI models are expected to become increasingly integrated into diagnostic and treatment planning systems. Automated radiographic interpretation, digital treatment simulations, and predictive analytics may eventually become routine components of dental practice. Such technologies have the potential to enhance diagnostic precision, improve treatment outcomes, and support evidence-based decision-making.
Nevertheless, the successful integration of AI into dentistry will depend on maintaining a balance between technological innovation and clinical judgment. While AI systems can provide valuable analytical support, the ultimate responsibility for patient care remains with the clinician. Human expertise, ethical reasoning, and patient-centered decision-making cannot be replaced by algorithms. Instead, the future of dental health informatics will likely be defined by a collaborative relationship in which artificial intelligence complements the diagnostic and therapeutic skills of dental professionals.
Table 1. Applications of AI in Dental Health Informatics
	Domain
	AI Application
	Clinical Benefit

	Conservative Dentistry
	Caries detection (bitewing radiographs)
	Early diagnosis, minimally invasive treatment

	Periodontology
	Bone loss quantification
	Improved staging and grading

	Oral Medicine
	Oral cancer detection
	Early intervention, improved survival

	Oral Radiology
	Automated lesion detection
	Reduced diagnostic variability

	Orthodontics
	Cephalometric analysis
	Faster treatment planning

	Implantology
	Implant planning (CBCT-based AI)
	Increased precision, reduced surgical errors

	OMFS
	Pathology detection, surgical simulation
	Better decision-making and outcomes



Applications of Artificial Intelligence in Dental Diagnostics and Early Disease Detection
The application of artificial intelligence in dental diagnostics has expanded rapidly in recent years, largely driven by advancements in digital imaging technologies and the availability of large clinical datasets. Diagnostic procedures in dentistry rely heavily on the interpretation of radiographic images, intraoral photographs, and clinical findings, making the field particularly well suited for AI-driven analysis. Machine learning and deep learning models have demonstrated significant potential in assisting clinicians with the early detection of common oral diseases, thereby improving treatment outcomes and supporting preventive approaches to patient care. From a clinician’s perspective, the integration of AI into diagnostic workflows has the potential to reduce diagnostic variability, enhance efficiency, and support evidence-based clinical decision-making.
One of the most extensively studied applications of artificial intelligence in dentistry is the detection of dental caries. Dental caries remains one of the most prevalent oral diseases worldwide and is a major cause of tooth structure loss and restorative treatment. Early detection of carious lesions is critical for implementing minimally invasive treatment strategies and preventing disease progression. However, identifying early enamel lesions on radiographs can be challenging, particularly when lesions are subtle or masked by overlapping anatomical structures. Deep learning algorithms, particularly convolutional neural networks (CNNs), have demonstrated promising results in identifying carious lesions on bitewing radiographs with high sensitivity and accuracy [6,7]. These algorithms are capable of analyzing radiographic images pixel by pixel, identifying patterns associated with demineralization and early enamel breakdown that may be difficult for clinicians to detect during routine examination.
From a clinical standpoint, AI-assisted caries detection may serve as a valuable adjunct to traditional diagnostic methods. While experienced clinicians often rely on a combination of visual inspection, tactile examination, and radiographic interpretation, AI systems can provide an additional layer of analysis that may improve diagnostic confidence. Studies comparing the diagnostic performance of AI models and clinicians have shown that AI systems often demonstrate higher sensitivity in detecting early lesions, whereas clinicians tend to exhibit greater specificity by avoiding false-positive diagnoses [9]. When used together, these complementary strengths can enhance overall diagnostic accuracy and support more reliable treatment planning.
Artificial intelligence has also shown considerable promise in the diagnosis of periodontal disease. Periodontal diseases are characterized by inflammation and progressive destruction of the supporting structures of the teeth, including the periodontal ligament and alveolar bone. Radiographic evaluation of alveolar bone levels plays a critical role in assessing disease severity and determining appropriate treatment strategies. However, measurement of bone loss on radiographs can vary between clinicians due to differences in interpretation and measurement techniques. AI-based systems have been developed to automatically assess periodontal bone loss on panoramic and periapical radiographs, providing standardized measurements that can assist clinicians in evaluating disease progression [17].
These automated assessment systems analyze radiographic landmarks and calculate the distance between the cemento-enamel junction and the alveolar crest, which serves as a key indicator of periodontal bone loss. By providing consistent and objective measurements, AI systems may reduce interobserver variability and improve the monitoring of periodontal disease over time. In addition, such technologies may support large-scale epidemiological studies by enabling rapid analysis of radiographic datasets from population-based screenings.
Another important application of artificial intelligence in dental diagnostics involves the identification of periapical pathology. Periapical lesions often arise as a result of pulpal infection and may present as radiolucent areas around the root apex on radiographic images. Detecting these lesions can sometimes be challenging, particularly when lesions are small or located in anatomically complex regions. Deep learning algorithms trained on radiographic datasets have demonstrated the ability to identify periapical lesions with high accuracy, often matching the diagnostic performance of experienced clinicians [20]. These systems can assist clinicians in identifying areas that require further evaluation, thereby improving diagnostic efficiency in busy clinical environments. Population-based screening strategies play an important role in improving early detection of oral cancer and reducing disease-related morbidity and mortality [50].
Artificial intelligence has also been applied in orthodontic diagnostics, where accurate identification of anatomical landmarks is essential for treatment planning. Orthodontic analysis often involves the evaluation of cephalometric radiographs, which require the precise identification of skeletal and dental landmarks. Manual landmark identification can be time-consuming and may vary between clinicians depending on their level of experience. AI-driven systems have been developed to automatically identify cephalometric landmarks on radiographs, enabling rapid and standardized orthodontic analysis [23, 51, 52]. Such technologies may significantly reduce the time required for orthodontic treatment planning while improving consistency in measurements.
Beyond radiographic analysis, artificial intelligence is increasingly being used in the detection of potentially malignant oral disorders and oral cancers. Oral squamous cell carcinoma remains a major global health concern, particularly in regions with high prevalence of tobacco and alcohol use. Early detection of oral cancer significantly improves prognosis and survival rates; however, early-stage lesions may be difficult to identify during routine clinical examinations. AI-based diagnostic models trained on clinical photographs and histopathological images have shown encouraging results in identifying suspicious lesions and distinguishing malignant changes from benign oral conditions [8]. These systems analyze subtle variations in tissue color, texture, and morphology that may not be readily apparent to the human eye.
From a clinical perspective, AI-assisted screening tools may be particularly valuable in community health programs and primary care settings where access to specialist expertise is limited. Automated screening systems could assist general practitioners in identifying lesions that require referral to oral medicine or oral surgery specialists. In this way, AI technologies may contribute to earlier diagnosis and improved patient outcomes.
Another area in which artificial intelligence is demonstrating growing relevance is implant dentistry. Successful implant placement requires careful evaluation of bone quality, anatomical structures, and prosthetic considerations. Cone-beam computed tomography (CBCT) has become an essential imaging modality for implant planning, providing three-dimensional visualization of the maxillofacial region. However, interpreting CBCT datasets requires significant expertise and time. AI-based systems have been developed to assist clinicians in analyzing CBCT images, identifying anatomical landmarks, and evaluating bone volume and density for implant placement [22]. These systems can also help detect critical structures such as the inferior alveolar nerve and maxillary sinus, thereby reducing the risk of surgical complications.
In addition to improving diagnostic accuracy, artificial intelligence may enhance workflow efficiency in dental practice. Automated detection systems can rapidly analyze radiographic images and highlight areas of potential concern, allowing clinicians to focus their attention on cases requiring detailed evaluation. In high-volume clinical environments, such as hospital dental departments or community clinics, AI-assisted screening tools may significantly reduce the time required for radiographic interpretation.
Several studies evaluating deep learning models for caries detection have reported diagnostic accuracies ranging between 85% and 94%, with sensitivity levels often exceeding those observed in conventional radiographic interpretation. Such findings highlight the ability of AI algorithms to identify subtle radiographic patterns associated with early enamel demineralization.
Despite these promising applications, clinicians need to recognize that AI technologies are not intended to replace professional judgment. The interpretation of diagnostic findings must always be considered within the broader context of the patient’s clinical presentation, medical history, and treatment goals. AI systems function most effectively as supportive tools that augment clinician expertise rather than as independent decision-making systems.
Furthermore, the reliability of AI algorithms depends heavily on the quality of the data used during training. Algorithms trained on limited or biased datasets may produce inaccurate results when applied to different patient populations or imaging conditions. Therefore, ongoing research and validation studies are essential to ensure that AI systems perform consistently across diverse clinical environments. Computer-aided diagnostic systems using radiographic analysis have demonstrated potential in improving the detection of dental caries and supporting clinical decision-making [53,54].
Artificial Intelligence vs Clinician Decision-Making in Dentistry
The increasing integration of artificial intelligence (AI) into dental diagnostics has generated significant interest regarding how AI-based systems compare with clinician decision-making. Early studies evaluating AI in healthcare primarily focused on determining whether algorithms could match or surpass human diagnostic accuracy. However, more recent perspectives emphasize the complementary relationship between AI systems and clinician expertise. Dentistry involves complex clinical reasoning that extends beyond radiographic interpretation to include patient history, clinical examination findings, behavioral risk factors, and treatment preferences. Consequently, evaluating the role of AI in dental decision-making requires consideration of both technological performance and the contextual judgment provided by clinicians.
Artificial intelligence systems, particularly those based on deep learning architectures such as convolutional neural networks (CNNs), have demonstrated remarkable ability in identifying patterns within large imaging datasets. In dental radiology, CNN models trained on annotated radiographs can rapidly analyze images and detect pathological changes associated with dental caries, periodontal bone loss, and periapical lesions. Several studies have reported that AI systems can achieve diagnostic sensitivity comparable to experienced clinicians when detecting proximal caries or identifying radiolucent lesions on bitewing radiographs [5,6]. Such findings highlight the potential of AI technologies to function as valuable diagnostic adjuncts in routine dental practice.
Meta-analyses comparing deep learning systems with clinician interpretation have demonstrated that AI models may achieve diagnostic accuracies between 80–92% in radiographic lesion detection, while experienced clinicians typically demonstrate comparable accuracy but higher specificity due to contextual clinical interpretation.
Despite these encouraging results, diagnostic accuracy in dentistry involves more than simply identifying radiographic abnormalities. Clinicians interpret radiographic findings within the broader clinical context of each patient. Factors such as symptoms, caries risk assessment, dietary habits, oral hygiene practices, and medical history often influence diagnostic interpretation and treatment planning. Artificial intelligence algorithms may successfully detect radiographic patterns suggestive of disease but often lack the contextual awareness required to incorporate these additional variables unless specifically trained using comprehensive clinical datasets. Key differences between artificial intelligence systems and clinician decision-making processes in dental diagnostics are presented in Table 2.
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Fig. 4. Human–AI Collaboration Model in Dentistry
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Figure 5 Human–AI collaboration model in dentistry, where AI systems generate diagnostic suggestions that are interpreted by clinicians within the clinical context, leading to informed decision-making and improved patient outcomes.
For example, a radiographic radiolucency suggestive of early proximal caries may not necessarily require operative intervention. An experienced clinician may evaluate lesion activity, fluoride exposure, and the patient’s oral hygiene status before deciding on a preventive or restorative treatment approach. In contrast, an AI algorithm trained solely on radiographic images may identify the lesion but cannot independently determine the most appropriate management strategy. Therefore, AI-generated outputs must be interpreted by clinicians who possess the necessary clinical knowledge to guide patient-centered treatment decisions.
Another important consideration when comparing AI systems with clinicians involves the balance between sensitivity and specificity. Artificial intelligence models often demonstrate high sensitivity, meaning they are capable of detecting a large proportion of potential pathological findings. However, increased sensitivity may be associated with higher false-positive rates, as algorithms may identify radiographic patterns that resemble disease but do not correspond to clinically significant pathology. Clinicians, relying on experience and contextual interpretation, may demonstrate greater specificity by avoiding unnecessary diagnoses or interventions. 
Recent studies evaluating AI-assisted screening models have reported diagnostic accuracies exceeding 90% in differentiating malignant from benign oral lesions, suggesting that such systems may support early identification of suspicious lesions during routine clinical examinations.
These differences highlight the potential advantages of combining AI analysis with clinician expertise. In clinical practice, AI systems may function as preliminary screening tools that identify areas of potential concern on radiographs. The clinician can then evaluate these highlighted regions and determine whether the findings are clinically relevant. Such collaborative workflows may ultimately improve diagnostic accuracy while reducing the likelihood of missed lesions.
Artificial intelligence may also assist in reducing interobserver variability in radiographic interpretation. Differences in clinician training, experience, and fatigue can influence diagnostic outcomes. AI algorithms provide consistent analytical outputs and may serve as a standardized “second reader” during image interpretation. By highlighting suspicious regions on radiographs, AI systems may help clinicians identify subtle findings that might otherwise be overlooked during routine examinations.
Table 2. Comparison of AI vs Clinician Decision-Making in Dentistry
	Parameter
	Artificial Intelligence
	Clinician

	Diagnostic Accuracy
	High (especially imaging-based)
	High (experience-dependent)

	Consistency
	Excellent
	Variable

	Speed
	Rapid
	Moderate

	Contextual Judgment
	Limited
	Strong

	Fatigue Influence
	None
	Present

	Ethical Reasoning
	Absent
	Present

	Adaptability
	Limited in rare cases
	High



However, several limitations remain. Artificial intelligence systems depend heavily on the datasets used during training. Algorithms trained on limited or biased datasets may demonstrate reduced accuracy when applied to new patient populations or imaging environments. Variations in radiographic equipment, exposure parameters, and image quality can also influence algorithm performance. Consequently, clinicians must continue to exercise professional judgment when interpreting AI-generated outputs.
Another important issue concerns the interpretability of AI algorithms. Many deep learning systems operate as complex computational models whose internal processes are difficult to interpret. This “black box” nature has raised concerns within the medical community regarding transparency and accountability in AI-assisted decision-making [36]. Clinicians may be reluctant to rely on algorithm-based recommendations if the reasoning behind those conclusions cannot be clearly explained.
To address this challenge, researchers have developed explainable artificial intelligence (XAI) methods that provide visual representations of algorithm reasoning. For instance, heatmaps or saliency maps can highlight the specific regions of a radiographic image that contributed to a diagnostic prediction. Such techniques allow clinicians to verify whether the AI system’s interpretation aligns with their own assessment.
Importantly, clinical decision-making in dentistry involves ethical considerations, patient communication, and individualized treatment planning. Discussions regarding treatment options, financial considerations, long-term prognosis, and patient preferences are integral aspects of dental care that cannot be replicated by computational systems. These human-centered elements remain essential components of clinical practice.
For these reasons, the most realistic model for AI integration in dentistry is one in which artificial intelligence functions as a supportive tool that augments clinician expertise. This concept of “augmented intelligence” emphasizes the collaborative relationship between computational systems and healthcare professionals [42]. AI algorithms provide analytical support by processing large datasets and identifying patterns, while clinicians interpret these findings within the broader context of patient care.
Evidence from other medical disciplines suggests that diagnostic accuracy often improves when AI systems and clinicians work together compared with either approach alone [10]. Similar collaborative models are likely to become increasingly important in dentistry as AI technologies continue to evolve. Ultimately, the goal of integrating artificial intelligence into dental practice should be to enhance clinical decision-making while preserving the essential role of professional judgment.
Barriers to AI Adoption in Dental Practice
Despite the considerable potential of artificial intelligence in dental health informatics, the integration of AI technologies into routine dental practice remains limited. Several technical, ethical, regulatory, and practical challenges must be addressed before AI systems can be widely adopted in clinical environments. Understanding these barriers is essential for clinicians, researchers, and policymakers seeking to implement AI-based technologies responsibly within dental healthcare systems.
One of the most significant challenges involves the availability and quality of training datasets used for developing AI algorithms. Machine learning models require large volumes of accurately labeled clinical data to achieve reliable performance. In dentistry, however, standardized datasets containing well-annotated radiographic images and comprehensive clinical information remain relatively scarce. Many existing datasets originate from single institutions or limited patient populations, which may reduce the generalizability of AI models across different clinical settings [11].
Variability in radiographic acquisition protocols further complicates algorithm development. Differences in imaging equipment, exposure parameters, image resolution, and patient positioning can significantly influence radiographic appearance. Algorithms trained on images obtained from one imaging system may perform poorly when applied to images acquired using different technologies. Developing robust AI models therefore requires multicenter datasets that reflect the diversity of real-world clinical environments.
Another important barrier relates to the interpretability of AI algorithms. Deep learning models often function as complex computational systems whose internal processes are difficult to interpret. This lack of transparency may create uncertainty among clinicians who are ultimately responsible for patient care decisions. Without clear explanations of how AI systems arrive at diagnostic conclusions, clinicians may hesitate to rely on algorithm-generated recommendations [36].
Ethical considerations also represent a significant challenge. Algorithmic bias may occur when training datasets do not adequately represent diverse patient populations. If AI systems are developed using data derived from limited demographic groups, diagnostic performance may vary across different populations. Such disparities could potentially contribute to unequal healthcare outcomes if not carefully addressed [12].
Patient privacy and data security represent additional concerns. AI development often requires access to large datasets containing radiographic images, clinical records, and demographic information. Protecting patient confidentiality is essential when collecting and utilizing these datasets. Secure data storage systems, anonymization protocols, and strict adherence to healthcare data protection regulations are therefore necessary when implementing AI technologies.
Regulatory frameworks for AI-based medical technologies are still evolving. Traditional regulatory processes were designed primarily for static medical devices rather than adaptive algorithms that may change over time through continuous learning. Developing regulatory pathways that ensure both patient safety and technological innovation remains an ongoing challenge for healthcare authorities [38]. The major categories of barriers affecting the adoption of artificial intelligence technologies in dental practice are summarized in Table 3.
Economic considerations also influence the adoption of AI in dental practice. Implementing AI systems requires investment in compatible digital infrastructure, software platforms, and clinician training. For smaller dental practices with limited financial resources, these costs may represent a significant barrier. Demonstrating clear improvements in diagnostic accuracy, efficiency, and patient outcomes will therefore be essential for encouraging broader adoption.
Clinician acceptance is another important factor influencing AI integration. Many dental professionals have limited exposure to machine learning technologies during their formal education. As a result, some practitioners may feel uncertain about how AI systems function or how they should be incorporated into clinical workflows. Educational initiatives that introduce dental professionals to AI principles and applications may help address these concerns.
Table 3. Barriers to AI Adoption in Dentistry
	Category
	Barrier
	Impact

	Human
	Lack of trust, limited training
	Resistance to adoption

	Technical
	Poor data quality, lack of standardization
	Reduced accuracy

	Organizational
	High cost, infrastructure gaps
	Limited implementation

	Ethical
	Privacy concerns, bias
	Legal and moral challenges



Finally, the successful implementation of AI technologies requires interdisciplinary collaboration between dental professionals, computer scientists, and healthcare policymakers. Developing clinically relevant AI systems requires not only technical expertise but also a deep understanding of dental pathology and clinical workflows.
Addressing these challenges will be essential for enabling the responsible and effective integration of artificial intelligence into modern dental practice. 
Strengths and Limitations of Artificial Intelligence in Dentistry
Artificial intelligence technologies offer several advantages in dental diagnostics and clinical decision support. One of the primary strengths of AI systems lies in their ability to rapidly analyze large volumes of radiographic and clinical data with high consistency. Deep learning algorithms can identify subtle radiographic patterns associated with dental diseases, which may enhance early detection of conditions such as dental caries, periodontal bone loss, and periapical pathology. In addition, AI systems can help reduce interobserver variability in radiographic interpretation by providing standardized analytical outputs. Such capabilities may improve diagnostic efficiency and support evidence-based clinical decision-making, particularly in high-volume clinical environments.
Despite these advantages, several limitations must be considered when integrating AI technologies into dental practice. Artificial intelligence algorithms are highly dependent on the quality and diversity of the datasets used during training. Models developed using limited or biased datasets may demonstrate reduced accuracy when applied to different patient populations or imaging conditions. Furthermore, many deep learning systems operate as complex “black-box” models, making it difficult for clinicians to fully understand the reasoning behind algorithm-generated predictions. This lack of interpretability may limit clinician trust in AI-assisted diagnostic tools. Additionally, AI systems are primarily designed to analyze structured data and may not fully incorporate important clinical factors such as patient symptoms, medical history, and behavioral risk factors.
Consequently, artificial intelligence should be viewed as a supportive tool that complements clinician expertise rather than replacing professional judgment. The most effective approach to AI integration in dentistry involves a collaborative model in which computational analysis assists clinicians while final diagnostic and treatment decisions remain under professional clinical oversight.
Cost–Benefit Analysis and Economic Impact of AI in Dentistry
The integration of artificial intelligence into dental healthcare systems has important economic implications for clinicians, healthcare institutions, and policymakers. While AI technologies offer significant potential for improving diagnostic accuracy and clinical efficiency, their implementation requires financial investment in digital infrastructure, software systems, and professional training. Evaluating the economic impact of AI adoption in dentistry therefore involves assessing both the costs associated with implementation and the long-term benefits that may arise from improved diagnostic capabilities and preventive care.
One of the most significant economic advantages of artificial intelligence in dentistry relates to improved early disease detection. Many common oral diseases, including dental caries and periodontal disease, progress gradually and may remain asymptomatic during their early stages. When diagnosis is delayed, treatment often becomes more complex and costly, requiring procedures such as root canal therapy, periodontal surgery, or prosthetic rehabilitation. AI-assisted diagnostic systems capable of identifying early pathological changes on radiographic images may allow clinicians to intervene earlier in the disease process. Early intervention through preventive or minimally invasive treatments is generally less expensive than managing advanced disease stages, thereby reducing the overall economic burden of oral healthcare [14].
From a preventive dentistry perspective, the economic benefits of early disease detection can be substantial. Preventive interventions such as fluoride therapy, dietary counseling, and minimally invasive restorative procedures require fewer resources compared with extensive restorative or surgical treatments. AI technologies that assist clinicians in identifying early carious lesions or periodontal bone loss may therefore support a preventive approach to oral healthcare, which has long been recognized as a cost-effective strategy for improving population oral health outcomes.
Artificial intelligence may also improve efficiency in dental practice workflows. Radiographic interpretation represents a routine yet time-consuming aspect of clinical practice, particularly in high-volume dental clinics or hospital settings. AI algorithms capable of automatically analyzing radiographs and identifying potential abnormalities can streamline the diagnostic process. By highlighting areas of concern, AI systems allow clinicians to focus their attention on cases requiring detailed evaluation. This increased efficiency may reduce the time required for radiographic interpretation and potentially improve patient throughput within dental practices.
Another area in which AI may generate economic benefits involves predictive analytics for treatment planning. Machine learning models can analyze patient data, including radiographic findings, clinical parameters, and behavioral risk factors, to estimate the likelihood of disease progression or treatment outcomes. For example, predictive algorithms may identify patients at high risk for periodontal disease progression or implant failure. Early identification of high-risk patients allows clinicians to implement preventive measures or alternative treatment strategies, potentially reducing the likelihood of costly complications or treatment failures.
Despite these potential advantages, the initial costs associated with implementing AI technologies should not be underestimated. Dental practices may need to invest in compatible digital imaging systems, specialized software platforms, and secure data storage infrastructure capable of supporting AI applications. In addition, clinicians and staff may require training to effectively utilize AI-assisted diagnostic tools. For smaller dental practices with limited financial resources, these initial investments may represent a barrier to adoption.
Another economic consideration involves the ongoing maintenance and updating of AI systems. Machine learning algorithms require periodic updates and retraining to maintain optimal performance as new clinical data become available. Software licensing fees, technical support, and system upgrades may contribute to recurring operational expenses. Consequently, evaluating the long-term cost-effectiveness of AI technologies requires consideration of both initial implementation costs and ongoing maintenance expenditures.
Figure 6. Cost–Benefit Curve of AI Implementation
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Figure 7 Cost–benefit trajectory of artificial intelligence implementation in dentistry, where initial investment costs are relatively high during the early stages of adoption, but long-term benefits outweigh these costs through improved diagnostic efficiency, early disease detection, and optimized clinical workflows.
Health economic studies evaluating AI applications in healthcare have suggested that AI-assisted diagnostic systems may ultimately prove cost-effective, particularly in screening and preventive care programs [13]. For example, early detection of oral cancer through AI-supported screening tools may significantly reduce the costs associated with advanced oncologic treatment while improving patient survival outcomes. Similar benefits may be observed in large-scale population screening programs for dental diseases.
In addition to direct financial benefits, AI integration may also generate indirect economic advantages. Improved diagnostic accuracy and streamlined clinical workflows may enhance patient satisfaction and treatment outcomes. Patients who receive timely and accurate diagnoses are more likely to maintain trust in their healthcare providers and adhere to recommended treatment plans. From a practice management perspective, increased efficiency and improved clinical outcomes may contribute to stronger patient retention and practice reputation. The economic advantages and challenges associated with AI implementation in dentistry are summarized in Table 4.
Table 4. Cost vs Benefit Analysis of AI in Dentistry
	Aspect
	Costs
	Benefits

	Financial
	Software, hardware, maintenance
	Reduced long-term treatment costs

	Clinical
	Training time
	Improved diagnostic accuracy

	Workflow
	Integration challenges
	Faster decision-making

	Patient Outcomes
	Initial adjustment
	Early diagnosis, better prognosis



From a broader healthcare perspective, artificial intelligence may facilitate more efficient allocation of healthcare resources. Automated screening systems could enable large-scale community dental screening programs capable of identifying individuals at high risk for oral diseases. By prioritizing patients who require specialized care, such systems may improve access to dental services and reduce the burden on specialist clinics.
Ultimately, while artificial intelligence has the potential to generate substantial economic benefits in dentistry, its successful implementation requires careful planning and evaluation. Cost-effectiveness analyses must consider not only the financial costs of AI systems but also their impact on clinical outcomes, workflow efficiency, and preventive care. As research in dental health informatics continues to evolve, further economic studies will be necessary to determine the most effective strategies for integrating AI technologies into dental healthcare systems.
7. Discussion and Future Directions
Artificial intelligence is rapidly transforming many aspects of healthcare, and dentistry is increasingly benefiting from these technological advancements. As digital imaging technologies, electronic dental records, and advanced diagnostic tools become more widely adopted, the volume of clinical data generated in dental practice continues to expand. Artificial intelligence systems provide powerful analytical tools capable of processing these large datasets and identifying diagnostic patterns that may support clinical decision-making.
The findings discussed in this review demonstrate that AI technologies have considerable potential to enhance multiple aspects of dental healthcare. AI-assisted diagnostic systems have shown promising results in detecting dental caries, periodontal bone loss, periapical pathology, and oral malignancies. In addition, AI applications are being developed to assist with orthodontic analysis, implant planning, and automated dental charting. These technologies may significantly improve diagnostic efficiency and reduce variability in radiographic interpretation.
Future research in dental artificial intelligence will likely focus on developing more integrated diagnostic systems capable of analyzing multiple types of clinical data simultaneously. Current AI models often analyze individual data sources, such as radiographic images or intraoral photographs. However, combining imaging data with patient medical history, behavioral risk factors, and genetic information may allow AI systems to generate more comprehensive diagnostic predictions. Such developments may contribute to the emergence of precision dentistry, in which treatment strategies are tailored to the unique characteristics of each patient.
Another promising direction for future development involves integrating AI technologies with emerging digital dentistry systems. Advances in intraoral scanning, computer-aided design and manufacturing (CAD/CAM), and digital orthodontic planning have already transformed many aspects of dental practice. Artificial intelligence may further enhance these technologies by automating diagnostic processes, optimizing treatment planning, and predicting treatment outcomes.
Tele-dentistry represents another important area where AI technologies may play an increasingly significant role. Remote screening systems powered by artificial intelligence could allow clinicians to evaluate oral conditions using digital images transmitted through telehealth platforms. Such technologies may expand access to dental care in underserved regions where specialist services are limited. AI-assisted screening tools may help primary care providers identify patients who require referral to dental specialists, thereby improving early detection of oral diseases.
However, the future development of AI in dentistry must address several ongoing challenges. Ensuring transparency, reliability, and fairness in AI algorithms remains essential for maintaining clinician confidence and patient safety. Regulatory frameworks must continue to evolve to accommodate the unique characteristics of AI-based medical technologies while maintaining rigorous standards for safety and effectiveness.
Education will also play a critical role in facilitating the successful adoption of artificial intelligence in dental practice. Dental professionals must develop a basic understanding of AI technologies in order to effectively interpret algorithm outputs and integrate them into clinical workflows. Incorporating digital health and artificial intelligence education into dental curricula may help prepare future clinicians for the evolving landscape of technology-assisted dentistry.
Ultimately, the future of artificial intelligence in dentistry will likely be defined by collaboration between clinicians, researchers, and technology developers. Interdisciplinary research efforts will be essential for developing AI systems that address real clinical challenges and improve patient care.
Rather than replacing clinicians, artificial intelligence should be viewed as a supportive tool that enhances the diagnostic and analytical capabilities of dental professionals. By combining the computational power of AI with the clinical expertise of dental practitioners, dentistry may move toward a more precise, efficient, and patient-centered model of oral healthcare.
Conclusion
Artificial intelligence is rapidly emerging as a transformative technology in dental health informatics. Advances in machine learning and deep learning algorithms have enabled the development of systems capable of analyzing complex clinical datasets—particularly radiographic images—with diagnostic performance that increasingly approaches that of experienced clinicians. Applications of AI in dentistry now extend across multiple domains, including the detection of dental caries, periodontal disease, periapical pathology, oral malignancies, orthodontic analysis, implant planning, and clinical decision-support systems. These technologies have the potential to enhance diagnostic precision, improve workflow efficiency, and support preventive approaches to oral healthcare.
Despite these promising developments, several challenges must be addressed before artificial intelligence can be widely integrated into routine dental practice. Limitations related to dataset quality, algorithm transparency, ethical considerations, regulatory oversight, and digital infrastructure remain important barriers to implementation. Addressing these challenges will require collaborative efforts among clinicians, researchers, technology developers, and healthcare policymakers to ensure that AI technologies are safe, reliable, and clinically applicable.
Future developments in dental artificial intelligence are likely to focus on integrating multimodal clinical data—including imaging, electronic dental records, and patient risk factors—to support more personalized and predictive models of oral healthcare. Continued research, large-scale validation studies, and clinician education will be essential for ensuring responsible adoption of these technologies.
Ultimately, artificial intelligence should be viewed not as a replacement for clinician expertise but as a supportive tool that enhances diagnostic accuracy and clinical decision-making. The most effective model for the future of dentistry will involve a collaborative partnership between human clinical judgment and computational intelligence, enabling more efficient, precise, and patient-centered oral healthcare delivery.
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