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Artificial intelligence in diagnostic and laboratory
dentistry: Current applications and future
perspectives

AHAA 5t EopoA AEAs 71e<] 283 vl

Yeon-Hee Lee

Editor-in-Chief, Korean Academy of Laboratory & Diagnostic Dentistry, Seoul, Korea

............................................................................................................................................................

This review comprehensively examines the current status, clinical applicability, and future directions of artificial
intelligence (Al) in diagnostic and laboratory dentistry. Dental Al primarily utilizes deep learning models based on
radiographic and histopathological images to assist in diagnosis of conditions including dental caries, periodon-
tal disease, periapical lesions, implant-related assessments, temporomandibular disorders, and oral squamous cell
carcinoma (OSCC), enhancing diagnostic sensitivity and specificity. Recently, Al applications have expanded to
salivary and blood biomarker analyses, integrating inflammatory cytokines (IL-18, TNF-a, MMP-8), OSCC-related
proteins (CYFRA 21-1, SCC-Ag, p53), salivary microbiome profiles, and blood-based indicators such as C-reactive
protein, HbAlc, and bone metabolism markers, enabling predictive and personalized diagnostic modeling. The
potential use of large language models (LLMs) has garnered attention, offering capabilities for analyzing elec-
tronic health records and clinical text data to support diagnosis, recommend treatment strategies, and assist in
patient counseling and education. In the United States, several dental Al platforms, including Pearl Inc.’s Second
Opinion®, have received FDA 510(k) clearance and are entering clinical practice, while in Korea, commercializa-
tion is progressing through Ministry of Food and Drug Safety approvals. Nevertheless, challenges remain, includ-
ing insufficient data standardization, limited multi-institutional datasets, legal and ethical considerations, and in-
tegration with clinical workflows. To address these issues, multi-institutional prospective validation, development
of generalizable models, multimodal Al research, and implementation of explainable Al are necessary. Overall,
dental Al is evolving beyond image interpretation toward a multimodal clinical decision support system that in-
tegrates imaging, biomarkers, clinical information, and LLMs to support personalized diagnostics and treatment
planning after validation.. (f Korean Dent Assoc 2026, 64(5): 174-183)

Key words : Dentistry; Diagnosis; Clinical Laboratory Techniques; Artificial Intelligence; Deep Learning; Large
Language Models
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Table 1. Distribution of research fields in artificial intelligence applications in dentistry
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Research Field Representative Al Applications Approximate Proportion
Oral radiology / imaging Caries detection, periapical lesion detection, periodontal bone ~48%
loss analysis, tooth segmentation
Implantology and surgical planning  Implant planning, implant detection, peri-implant bone loss ~32%
analysis
Orthodontics Cephalometric landmark detection, growth prediction, treatment ~ ~7%
planning
Periodontology Periodontal disease prediction, bone loss staging ~5%
Oral and maxillofacial surgery Lesion detection, surgical navigation ~4%
Other diagnostic applications Oral cancer detection, microbiome analysis, digital pathology ~4%

Note: Al research in dentistry has primarily focused on radiographic image analysis, with a large proportion of studies dedicated
to imaging-based diagnostic applications, such as caries detection, periodontal bone loss evaluation, and periapical lesion detec-
tion. In contrast, Al applications in orthodontics, oral and maxillofacial surgery, and other diagnostic domains remain in the early

stages of development.
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Table 2. Comparison of diagnostic accuracy of Al models in dentistry

Disease Al model / Technique Data type Performance metrics ~ Key features / Limitations
Dental caries CNN-based deep Bitewing Sensitivity 0.85-0.92  Early caries detection and tooth-level
learning radiographs Specificity 0.80-0.88  risk assessment. Difficulty detecting
lesions near metallic restorations;
generalization across different imaging
devices needed.

Periodontal disease ~~ CNN / U-Net Panoramic AUC 0.86-0.91 Automated measurement of alveolar
and periapical Accuracy 0.82-0.88 bone height and analysis of bone loss
radiographs patterns.

2D images cannot fully assess depth/
shape; accuracy reduced in patients
with large bone density variations.

Periapical lesion 3D CNN / Deeplab CBCT and Sensitivity 0.80-0.89  Lesion location, size, and morphology
periapical Specificity 0.78-0.86  classification possible.
radiographs Low sensitivity for small early lesions;

performance affected by metallic
artifacts in CBCT.

Temporomandibular ~ CNN-based MRI deep  MRI AUC 0.84-0.90 Automated detection of joint effusion;

disorders learning accuracy improves when combined

with clinical data.
Single imaging modality cannot fully
evaluate function or pain.

Oral squamous cell CNN / VGGNet Clinical Sensitivity 0.88-0.95  Early lesion detection and boundary

carcinoma
histopathology

photographs and

Specificity 0.85-0.93  delineation possible.
Most studies are retrospective and
single-center; external validation

required.

Note: Al models in dentistry have demonstrated high diagnostic performance across multiple domains, but limitations include
reliance on retrospective or single-center data, challenges in generalization across imaging modalities, and reduced accuracy in
complex cases. Future studies should focus on multi-center, prospective validation and multimodal integration. Al: Artificial Intel-
ligence, CNN: Convolutional Neural Network, U-Net: U-Net Neural Network, CBCT: Cone Beam Computed Tomography, MRI:
Magnetic Resonance Imaging, AUC: Area Under the Curve, OSCC: Oral Squamous Cell Carcinoma
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Table 3. Representative FDA-cleared artificial intelligence systems for dental radiographic diagnosis.

Al system Manufacturer ~ City, FDA Version / Type Target imaging Main diagnostic functions
country  clearance
year
Overjet Overjet Inc. Boston, 2021 Clinical decision  Bitewing, Automated measurement of
Dental Al MA, USA support software  Periapical periodontal bone loss, detection of
radiographs caries, radiographic annotation
Second Pearl Inc. Los 2022 Software as a Bitewing, Detection of dental caries, calculus,
Opinion Angeles, Medical Device Periapical, periodontal bone loss, periapical
CA, USA (SaMD) Panoramic radiolucency, impacted teeth
radiographs
Denti.Al Denti.Al Inc. Toronto, 2022 Al radiographic ~ Panoramic Detection of dental pathologies
Detect ON, detection and intraoral including caries, periapical lesions,
Canada software radiographs bone loss
Adravision  AdraImaging SanJose, 2023 Periodontal Bitewing and Automated periodontal bone level
Perio Inc. CA, USA radiographic periapical measurement and periodontal
analysis Al radiographs disease assessment

Note: This table summarizes representative artificial intelligence systems for dental radiographic analysis that have been cleared
as medical devices by the U.S. FDA. Most of these systems provide automated detection of dental lesions and quantitative
analysis of alveolar bone levels from radiographs, functioning as clinical decision support tools to assist dental professionals in

diagnosis.
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