
	

Deep Learning in Dental Image Analysis: A  
Comprehensive Review of Current Applications 

and Future Directions

1

MedDocs Publishers

Received: Feb 25, 2026
Accepted: Mar 17, 2026
Published Online: Mar 24, 2026
Journal: Journal of Case Reports and Medical Images
Publisher: MedDocs Publishers LLC
Online edition: http://meddocsonline.org/
Copyright: © Omid P (2026). This Article is
distributed under the terms of Creative Commons 
Attribution 4.0 International License

*Corresponding Author(s):  Omid Panahi
University of the People, Department of Healthcare  
Management, California, USA.
Email: panahi.omid@gmail.com

Journal of Case Reports and Medical Images

Open Access | Review Article

Cite this article: Omid P. Deep Learning in Dental Image Analysis: A Comprehensive Review of Current Applications 
and Future Directions. J Case Rep Clin Images. 2025; 8(1): 1172.

ISSN: 2639-9237

Omid Panahi*
University of the People, Department of Healthcare Management, California, USA.

Introduction

The digital transformation of dentistry has resulted in an 
exponential increase in imaging data requiring interpretation. 
Dental professionals routinely analyze periapical radiographs, 
panoramic images, cephalometric radiographs, and three-di-
mensional CBCT scans for diagnostic and treatment planning 
purposes. However, human interpretation is inherently limited 
by factors including inter-observer variability, cognitive fatigue, 

and the subtle nature of early pathological changes. These limi-
tations create an urgent need for computational tools that can 
enhance diagnostic accuracy and consistency [1-12].

Deep learning, a subset of machine learning inspired by 
the hierarchical processing architecture of the human brain, 
has revolutionized computer vision across multiple domains. 
In medical imaging, deep learning models have demonstrated 
remarkable capabilities in detecting abnormalities, segmenting 
anatomical structures, and predicting clinical outcomes. The ap-
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Deep learning, a specialized branch of artificial intel-
ligence, has emerged as a transformative technology in 
dental image analysis, offering unprecedented capabilities 
in automated detection, classification, and segmentation 
of oral and maxillofacial structures. This comprehensive 
review examines the application of deep learning architec-
tures, particularly Convolutional Neural Networks (CNNs), in 
analyzing various dental imaging modalities including intra-
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Tomography (CBCT), and intraoral photographs. The review 
synthesizes findings from over 100 studies published be-
tween 2015 and 2023, covering applications in caries detec-
tion, periodontal disease assessment, orthodontic analysis, 
implant planning, and pathology identification. Deep learn-
ing models have demonstrated diagnostic performance 
comparable to or exceeding that of experienced clinicians, 
with sensitivity and accuracy rates consistently above 85% 
for common diagnostic tasks. However, challenges including 
dataset heterogeneity, annotation standardization, model 
interpretability, and clinical integration remain significant 
barriers to widespread adoption. This article provides a de-
tailed analysis of deep learning architectures, training meth-
odologies, performance metrics, and validation approaches 
specific to dental imaging. Future directions including mul-
timodal integration, longitudinal analysis, and real-time 
clinical decision support are discussed, providing a compre-
hensive framework for researchers and clinicians seeking to 
understand and implement deep learning in dental practice.
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plication of these techniques to dental imaging holds particular 
promise given the image-intensive nature of dental practice and 
the well-defined anatomical structures visible in dental radio-
graphs.

This review provides a comprehensive examination of deep 
learning applications in dental image analysis, with specific fo-
cus on: (1) fundamental deep learning architectures and their 
adaptation to dental imaging, (2) current applications across 
dental specialties, (3) technical considerations in model devel-
opment and validation, (4) challenges and limitations, and (5) 
future directions for research and clinical implementation [13-
15].

Deep learning fundamentals for dental image analysis

Neural network architectures

Convolutional Neural Networks (CNNs) form the foundation 
of most deep learning applications in dental image analysis. 
These networks consist of multiple layers that progressively ex-
tract hierarchical features from input images. Early layers detect 
simple patterns such as edges and corners, while deeper layers 
identify complex structures corresponding to anatomical fea-
tures and pathological changes [16-18].

The basic CNN architecture includes

•	 Convolutional layers: Apply learnable filters to input images, 
producing feature maps that highlight specific patterns

•	 Activation functions: Introduce non-linearity, typically using 
Rectified Linear Units (ReLU)

•	 Pooling layers: Reduce spatial dimensions while preserving 
important features

•	 Fully connected layers: Integrate extracted features for final 
classification or regression tasks

•	 Output layers: Generate predictions using appropriate acti-
vation functions (softmax for classification, linear for regres-
sion)

Advanced architectures in dental imaging

Several advanced CNN architectures have been successfully 
adapted for dental image analysis:

ResNet (Residual Networks): Introduces skip connections 
that allow gradients to flow directly through the network, en-
abling training of much deeper architectures. ResNet variants 
(ResNet-50, ResNet-101) have been widely used for caries clas-
sification and anatomical landmark detection [19-25].

U-Net: Originally developed for biomedical image segmen-
tation, U-Net features a symmetric encoder-decoder structure 
with skip connections that preserve spatial information. This 
architecture has become the standard for tooth segmentation, 
bone boundary detection, and lesion delineation in dental im-
ages.

DenseNet: Connects each layer to every other layer in a 
feed-forward fashion, promoting feature reuse and reducing 
parameter count. DenseNet has shown excellent performance 
in multi-class classification tasks including differential diagnosis 
of maxillofacial lesions [26-30].

YOLO (You Only Look Once) and SSD (Single Shot Detector): 
These architectures enable real-time object detection and have 

been applied to tooth detection, numbering systems, and caries 
localization in clinical settings [31].

Vision Transformers (ViT): Emerging architectures that apply 
transformer mechanisms, originally developed for natural lan-
guage processing, to image analysis. Early studies suggest ViT 
may offer advantages in capturing long-range dependencies in 
dental images [32].

Transfer learning and domain adaptation

Training deep learning models from scratch requires large, 
annotated datasets that are rarely available in dentistry. Trans-
fer learning addresses this limitation by leveraging models pre-
trained on large natural image datasets (typically ImageNet, 
containing 1.2 million images across 1000 categories). The 
pre-trained model’s feature extraction capabilities are retained 
while the final layers are fine-tuned on dental imaging data [33].

This approach offers several advantages:

•	 Reduced training data requirements

•	 Faster convergence during training

•	 Improved generalization, particularly for small datasets

•	 Leveraging of general visual features (edges, textures, 
shapes) learned from natural images

Domain adaptation techniques further refine transfer learn-
ing by addressing distributional differences between source and 
target domains, such as variations in imaging equipment or ac-
quisition protocols [34].

Applications in dental imaging modalities

Intraoral radiographs

Intraoral radiographs, including periapical and bitewing 
views, represent the most common imaging modality in general 
dental practice. Their high resolution and detailed visualization 
of individual teeth make them ideal for deep learning analysis 
[35].

Caries detection:

Dental caries detection has been the most extensively stud-
ied application of deep learning in intraoral radiography. Early 
studies using custom CNN architectures achieved accuracy rates 
of 82-89% for proximal caries detection. More recent approach-
es utilizing ensemble methods and attention mechanisms have 
pushed accuracy to 92-95%, with sensitivity exceeding 90% for 
enamel and dentin lesions [36].

Key methodological advances include:

•	 Region proposal networks that automatically identify inter-
proximal spaces for focused analysis

•	 Multi-view analysis combining bitewing and periapical views 
of the same tooth

•	 Lesion severity classification based on radiographic depth 
(E1, E2, D1, D2, D3 according to ICDAS criteria)

•	 Caries activity prediction incorporating radiographic features 
and patient risk factors

Comparative studies have consistently shown that deep 
learning models match or exceed the performance of general 
dentists, while approaching the accuracy of experienced spe-
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cialists. Importantly, AI assistance has been shown to reduce 
inter-examiner variability and improve the performance of less 
experienced practitioners [37].

Periapical poathology:

Detection of periapical radiolucencies indicative of apical 
periodontitis, radicular cysts, or periapical granulomas rep-
resents another important application. Deep learning models 
trained on histologically confirmed cases can differentiate be-
tween these entities with accuracy exceeding 85%, considering 
features such as lesion margins, internal density, and relation-
ship to the root apex [38].

Multi-class classification systems can distinguish between:

•	 Healthy periapical tissues

•	 Asymptomatic apical periodontitis

•	 Acute apical abscess

•	 Radicular cyst

•	 Periapical scar

These distinctions have significant treatment implications, 
potentially reducing unnecessary endodontic interventions or 
facilitating timely surgical referral.

Periodontal bone assessment

Assessment of alveolar bone levels on intraoral radiographs 
is fundamental to periodontal diagnosis and treatment plan-
ning. Deep learning models can automatically:

•	 Detect the Cementoenamel Junction (CEJ) and alveolar crest

•	 Measure linear distances between these landmarks

•	 Calculate bone loss percentages relative to root length

•	 Classify periodontitis severity according to established stag-
ing systems

•	 Detect furcation involvement and angular bone defects

Automated measurements show excellent correlation with 
manual measurements (intraclass correlation coefficients >0.9) 
while reducing measurement time from minutes to seconds. 
Longitudinal analysis capabilities enable objective assessment 
of disease progression or response to therapy [39-45].

Panoramic radiographs

Panoramic radiographs provide a broad overview of the 
maxillofacial region and are widely used for screening, treat-
ment planning, and assessment of pathologies affecting mul-
tiple quadrants [46-50].

Automated tooth detection and numbering

Tooth detection and numbering according to the FDI (Fé-
dération Dentaire Internationale) system is a prerequisite for 
many automated analysis tasks. Deep learning object detection 
frameworks (YOLOv4, Faster R-CNN) achieve mean average pre-
cision (mAP) exceeding 95% for tooth detection, even in chal-
lenging cases with crowding, missing teeth, or dental restora-
tions [51-53].

Numbering accuracy approaches 98% for permanent den-
tition, with lower but still impressive performance for mixed 
dentition where primary and permanent teeth coexist. These 

systems can also detect and classify:

•	 Impacted teeth (particularly third molars)

•	 Supernumerary teeth

•	 Congenitally missing teeth

•	 Dental anomalies (fusion, gemination, dens invaginatus)

Maxillofacial pathology detection:

Panoramic radiographs reveal a wide range of pathologies 
including odontogenic cysts and tumors, malignant lesions, and 
systemic conditions affecting the jaws. Deep learning systems 
trained on large datasets of histopathologically confirmed cases 
can:

•	 Detect radiolucent lesions (odontogenic keratocysts, amelo-
blastomas, central giant cell granulomas)

•	 Identify radiopaque lesions (cemento-osseous dysplasias, 
osteomas, odontomas)

•	 Classify lesions as benign or potentially malignant

•	 Detect signs of systemic disease (hyperparathyroidism, Pag-
et’s disease, Langerhans cell histiocytosis)

Performance metrics vary by lesion type and radiographic 
characteristics, with sensitivity ranging from 82-94% and speci-
ficity from 88-96%. Detection of malignant lesions, while more 
challenging due to their rarity, achieves sensitivity approaching 
90% in specialized systems.

Carotid artery calcification detection

Panoramic radiographs incidentally capture portions of the 
carotid arteries, and calcifications in these vessels may indicate 
increased cardiovascular risk. Deep learning systems can detect 
carotid artery calcifications with sensitivity exceeding 85%, po-
tentially enabling opportunistic cardiovascular screening during 
routine dental examinations [54].

Cephalometric radiographs

Cephalometric analysis is fundamental to orthodontic di-
agnosis and treatment planning. Traditional manual landmark 
identification is time-consuming (15-20 minutes per image) and 
subject to significant inter- and intra-operator variability [55].

Automated landmark detection:

Deep learning approaches to cephalometric landmark detec-
tion have evolved from regression-based methods to heatmap 
regression and spatial configuration networks. State-of-the-art 
systems detect 80+ anatomical landmarks with mean errors of 
1.5-2.0 mm, comparable to inter-expert variability [56].

Key technical innovations include:

•	 Multi-resolution analysis: Coarse-to-fine approaches that 
first localize regions of interest before precise landmark 
placement

•	 Anatomical constraints: Incorporating prior knowledge of 
spatial relationships between landmarks

•	 Ensemble methods: Combining predictions from multiple 
models to improve accuracy

•	 Uncertainty estimation: Providing confidence intervals for 
landmark positions
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Automated cephalometric analysis

Beyond landmark detection, deep learning systems can au-
tomatically:

•	 Generate complete cephalometric analyses (Steiner, Tweed, 
McNamara, Ricketts)

•	 Calculate angular and linear measurements

•	 Classify skeletal patterns (Class I, II, III)

•	 Assess growth patterns and predict future growth

•	 Simulate orthognathic surgery outcomes

These capabilities reduce analysis time to seconds while 
maintaining consistency across repeated measurements and 
different operators.

Cone-beam computed tomography

CBCT provides three-dimensional visualization of maxillo-
facial structures essential for implant planning, assessment of 
impacted teeth, and evaluation of complex pathology.

Segmentation of anatomical structures:

Manual segmentation of CBCT data is extremely time-con-
suming, limiting clinical application. Deep learning, particularly 
3D U-Net architectures, enables automated segmentation of:

•	 Individual teeth and roots

•	 Maxilla and mandible

•	 Maxillary sinus

•	 Inferior alveolar canal

•	 Temporomandibular joint structures

Dice similarity coefficients for tooth segmentation typically 
exceed 0.95, while segmentation of the inferior alveolar canal 
(a challenging task due to its small size and variable corticaliza-
tion) achieves values of 0.85-0.90 [57-62].

Implant planning applications:

Deep learning systems integrated with implant planning 
software can:

•	 Measure available bone height and width at potential im-
plant sites

•	 Identify and highlight the inferior alveolar canal, maxillary 
sinus, and adjacent teeth

•	 Suggest optimal implant dimensions and positions

•	 Predict bone density based on Hounsfield unit distribution

•	 Assess the need for bone augmentation procedures

These capabilities streamline the planning process and may 
reduce the risk of surgical complications.

Airway analysis:

CBCT assessment of the upper airway is increasingly impor-
tant in sleep apnea evaluation and orthognathic surgery plan-
ning. Deep learning segmentation of the pharyngeal airway 
achieves accuracy comparable to manual methods while reduc-
ing analysis time from 30 minutes to seconds. Automated mea-
surements include:

•	 Minimum cross-sectional area

•	 Volume

•	 Three-dimensional shape analysis

•	 Classification of obstruction patterns

Intraoral photographs

Digital photography is increasingly integrated into dental 
practice for documentation, patient communication, and re-
mote consultation [63].

Caries detection and risk assessment:

Deep learning analysis of intraoral photographs comple-
ments radiographic assessment, particularly for visible coro-
nal caries. Models trained on annotated photographs achieve 
sensitivity of 88-93% for cavitated lesions and 75-85% for non-
cavitated lesions. Integration with fluorescence imaging (e.g., 
quantitative light-induced fluorescence) further enhances early 
caries detection.

Oral potentially malignant disorders:

Screening for oral potentially malignant disorders (leukopla-
kia, erythroplakia, oral submucous fibrosis) and early oral can-
cer is critical for improving outcomes. Deep learning analysis of 
intraoral photographs can:

•	 Detect suspicious mucosal lesions

•	 Classify lesions as low-risk or high-risk based on visual char-
acteristics

•	 Track lesion evolution over time

•	 Triage patients for specialist referral

Performance in research settings shows sensitivity of 85-90% 
and specificity of 80-85%, approaching that of experienced oral 
medicine specialists [64].

Shade matching and esthetic analysis:

Deep learning systems for dental shade matching analyze 
photographs under standardized conditions to recommend 
appropriate composite or ceramic shades, reducing the sub-
jectivity inherent in visual shade selection. Esthetic analysis ap-
plications assess tooth proportions, gingival display, and smile 
characteristics for treatment planning in cosmetic dentistry 
[65].

Technical considerations in model development

Dataset requirements and preparation

The quality and characteristics of training data fundamen-
tally determine deep learning model performance. Optimal da-
tasets for dental imaging should include:

•	 Size: While transfer learning reduces requirements, 1000-
5000 images per class are typically needed for robust per-
formance

•	 Diversity: Representation of different equipment manufac-
turers, exposure settings, patient demographics, and patho-
logical variations

•	 Annotation quality: Gold standard annotations by multiple 
experts with established consensus



5

MedDocs Publishers

Journal of Case Reports and Medical Images

•	 Balance: Adequate representation of normal findings and 
pathological conditions of varying severity

Data preparation steps include:

•	 Preprocessing: Standardization of image size, intensity nor-
malization, artifact reduction

•	 Augmentation: Artificial generation of training variants 
through rotation, scaling, contrast adjustment, and elastic 
deformation

•	 Annotation formats: Bounding boxes for detection tasks, 
pixel-wise masks for segmentation, image-level labels for 
classification

Training strategies

Effective training of deep learning models for dental imaging 
requires careful consideration of:

•	 Loss functions: Cross-entropy for classification, Dice loss or 
combined losses for segmentation, smooth L1 loss for re-
gression tasks

•	 Optimization algorithms: Adam and SGD with momentum 
are most commonly used

•	 Learning rate scheduling: Warm-up, step decay, or cosine an-
nealing to improve convergence

•	 Regularization: Dropout, weight decay, and batch normaliza-
tion to prevent overfitting

•	 Class imbalance handling: Weighted loss functions, focal 
loss, or oversampling of minority classes

Validation and performance assessment

Rigorous validation is essential for establishing model reli-
ability and generalizability:

•	 Internal validation: Cross-validation or held-out test sets 
from the same source population

•	 External validation: Testing on data from different institu-
tions, equipment, or populations

•	 Clinical validation: Prospective studies comparing AI-assisted 
vs. unassisted clinician performance

Performance metrics should be selected based on task 
type:

•	 Classification: Accuracy, sensitivity, specificity, precision, F1 
score, AUC-ROC

•	 Detection: Precision, recall, mean average precision (mAP), 
intersection over union (IoU)

•	 Segmentation: Dice similarity coefficient, Hausdorff dis-
tance, volumetric similarity

•	 Regression: Mean absolute error, root mean square error, 
intraclass correlation coefficient

Interpretability and explainability

The clinical acceptance of deep learning systems depends on 
interpretability. Key approaches include:

•	 Saliency maps: Highlighting image regions most influ-
ential in model decisions

•	 Gradient-weighted Class Activation Mapping (Grad-CAM): 
Producing coarse localization maps showing important re-
gions

•	 SHAP (SHapley Additive exPlanations): Quantifying feature 
contributions to individual predictions

•	 Concept activation vectors: Linking model decisions to clini-
cally meaningful concepts

Interpretability is particularly important for:

•	 Building clinician trust in AI recommendations

•	 Identifying potential failure modes or biases

•	 Meeting regulatory requirements for transparent decision-
making

•	 Educational applications where understanding model rea-
soning supports learning

Clinical implementation and validation

Integration into clinical workflow

Successful clinical implementation requires seamless inte-
gration with existing systems:

•	 Picture Archiving and Communication Systems (PACS) for im-
age access and storage

•	 Practice management software for patient data integration

•	 Treatment planning software for therapeutic applications

Implementation models include:

•	 Cloud-based services: Offering scalability and automatic up-
dates but requiring internet connectivity and raising data pri-
vacy considerations

•	 On-premise deployment: Providing data control and offline 
functionality but requiring local infrastructure and mainte-
nance

•	 Hybrid approaches: Combining local preprocessing with 
cloud-based analysis for computationally intensive tasks

Regulatory approval and standards

Regulatory pathways for dental AI systems vary by jurisdic-
tion:

•	 FDA (United States): 510(k) clearance for systems substan-
tially equivalent to predicate devices; De Novo pathway for 
novel technologies

•	 CE Mark (European Union): Conformity assessment under 
Medical Device Regulation (MDR)

•	 PMDA (Japan): Approval through pharmaceutical and medi-
cal device agency

Regulatory submissions typically require:

•	 Technical documentation of model architecture and training

•	 Validation studies demonstrating safety and effectiveness

•	 Risk analysis and mitigation strategies

•	 Quality management system certification
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Clinical validation studies

Well-designed clinical validation studies are essential for es-
tablishing real-world performance. Key considerations include:

•	 Study population: Representative of intended use popula-
tion with adequate diversity

•	 Comparison groups: AI performance versus expert clinicians, 
general practitioners, and combinations

•	 Outcome measures: Diagnostic accuracy, time efficiency, im-
pact on treatment decisions, patient outcomes

•	 Study design: Prospective, multi-center designs with consec-
utive patient enrollment

Recent validation studies have demonstrated:

•	 15-30% reduction in interpretation time with AI assistance

•	 20-40% reduction in missed findings, particularly subtle ear-
ly lesions

•	 Standardization of diagnoses across clinicians with varying 
experience levels

•	 High acceptance rates among both clinicians and patients

Challenges and limitations

Technical challenges

Dataset Limitations: Annotated dental imaging datasets re-
main relatively small compared to other medical imaging domains. 
Public datasets are scarce, and privacy concerns limit data shar-
ing. Creation of large, diverse, well-annotated datasets requires 
substantial resources and multi-institutional collaboration.

Domain Shift: Models trained on data from specific equip-
ment or populations may not generalize to different clinical 
settings. Differences in image resolution, contrast, patient po-
sitioning, and demographic characteristics can significantly im-
pact performance.

Class Imbalance: Pathological conditions are inherently less 
common than normal findings, potentially biasing models to-
ward false negatives. Rare conditions may be underrepresented 
or absent from training data entirely.

Interpretability Gap: Despite advances in explainable AI, the 
relationship between model features and clinical reasoning re-
mains incompletely understood, limiting trust and adoption.

Clinical challenges

Integration Complexity: Incorporating AI into established 
workflows requires changes in practice habits and may initially 
increase rather than decrease workload.

Medicolegal Considerations: The appropriate standard of 
care when AI recommendations conflict with clinical judgment 
remains undefined. Liability allocation between clinicians and 
AI developers is unclear.

Reimbursement: Current insurance systems generally do not 
provide separate reimbursement for AI-assisted interpretation, 
limiting economic incentives for adoption.

Training Requirements: Clinicians require training to effec-
tively use AI systems, interpret their outputs, and understand 
their limitations [66].

Ethical considerations

Algorithmic Bias: Models trained on non-representative data 
may perform poorly in certain populations, potentially exacer-
bating healthcare disparities.

Privacy and Data Security: Dental images contain identifiable 
patient information, requiring robust data protection measures 
[67].

Clinical Responsibility: Over-reliance on AI recommenda-
tions could lead to automation bias, where clinicians uncritically 
accept machine outputs.

Informed Consent: Patients should be informed when AI sys-
tems are used in their care and understand the role of automa-
tion in clinical decisions.

Future directions

Multimodal integration

•	 The next generation of dental AI systems will integrate mul-
tiple data sources:

•	 Imaging data from multiple modalities (radiographs, photo-
graphs, CBCT)

•	 Clinical data including periodontal probing, caries risk as-
sessment, and vital signs

•	 Genomic and salivary biomarkers for personalized risk as-
sessment

•	 Patient-reported outcomes and quality of life measures

•	 Treatment history and outcomes data

Multimodal deep learning architectures that fuse heteroge-
neous data types could enable comprehensive patient assess-
ment and personalized treatment recommendations.

Longitudinal analysis

Analysis of sequential imaging over time offers opportunities 
for:

•	 Disease progression modeling: Predicting future disease tra-
jectories based on current findings

•	 Treatment response assessment: Objective quantification of 
healing or disease stabilization

•	 Risk prediction: Identifying patients at elevated risk for fu-
ture disease based on longitudinal patterns

•	 Personalized recall intervals: Optimizing follow-up timing 
based on individual risk profiles

Real-time clinical decision support

Integration of AI with clinical workflows could provide real-
time support:

•	 Intraoperative guidance: Highlighting critical structures dur-
ing surgical procedures

•	 Immediate image interpretation: Providing findings during 
patient visits to guide treatment decisions

•	 Voice-activated interfaces: Allowing hands-free interaction 
during procedures

•	 Augmented reality visualization: Overlaying AI findings on 
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the clinical field of view

Federated learning and privacy-preserving AI

Federated learning enables model training across multiple 
institutions without sharing patient data. Each institution trains 
locally on its own data, and only model updates (not data) are 
shared centrally [67]. This approach:

•	 Preserves patient privacy

•	 Enables training on diverse datasets

•	 Facilitates multi-institutional collaboration

•	 Addresses regulatory barriers to data sharing

Generative models and data augmentation

Generative Adversarial Networks (GANs) and diffusion mod-
els can generate realistic synthetic dental images, offering:

•	 Augmentation of training data for rare conditions

•	 Creation of annotated datasets for research

•	 Visualization of treatment outcomes for patient education

•	 Simulation of disease progression for training and planning

Conclusions

Deep learning has emerged as a transformative technology 
in dental image analysis, with applications spanning caries de-
tection, periodontal assessment, orthodontic analysis, implant 
planning, and pathology identification. Current systems achieve 
diagnostic performance comparable to experienced clinicians 
while offering advantages in consistency, speed, and scalability 
[68].

The evidence base supporting dental AI has grown substan-
tially, with numerous well-designed studies demonstrating 
clinical utility across multiple imaging modalities and diagnostic 
tasks. However, significant challenges remain in dataset devel-
opment, model generalizability, clinical integration, and regula-
tory approval [69].

The future of deep learning in dentistry lies not in replacing 
clinicians but in augmenting their capabilities. By automating 
routine tasks, reducing diagnostic variability, and providing de-
cision support, AI systems can free clinicians to focus on com-
plex cases and patient communication. The successful integra-
tion of deep learning into dental practice will require ongoing 
collaboration between researchers, clinicians, regulators, and 
industry partners to develop systems that are accurate, inter-
pretable, and clinically useful.
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