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Background: Artificial intelligence (Al), particularly convolutional neural networks (CNNs) and vision transformers
(ViTs), is transforming dental radiographic diagnosis across multiple clinical domains. Methods: A narrative review
searched PubMed, PubMed Central, BMC Oral Health, and Google Scholar for systematic reviews, meta-analyses, and
original studies published between 2019 and 2025, covering ten domains: caries detection, periapical lesion identification,
alveolar bone loss, peri-implant assessment, tooth detection and segmentation, cone-beam computed tomography (CBCT)
analysis, vertical root fracture (VRF) detection, cephalometric landmark analysis, dental anomaly detection, and Al-versus-
clinician comparison. Results: Pooled sensitivity was 0.94 and specificity 0.91 for caries detection on bitewing radiographs.
Periapical Al sensitivity was 92.9% with specificity of only 58.6%, yielding a positive predictive value of 15.3%. Peri-
implant bone loss assessment achieved AUC of 0.94. Vision transformers outperformed CNNs in 58% of dental imaging
studies. VRF detection accuracy ranged from 75% to 97.8%. Cephalometric landmark detection rate reached 98.29%. Al
diagnosed radiographs in 1.5 seconds versus 53.8 seconds for clinicians. ANSI/ADA Standard 1110-1:2025 provides the
first formal dental Al validation framework. Conclusions: Al achieves substantial and reproducible diagnostic accuracy
across dental radiographic tasks. High false-positive rates, demographic dataset bias, limited multi-centre external
validation, and regulatory gaps must be resolved before broad clinical implementation.
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INTRODUCTION (Litjens et al., 2017). Dentistry, with its heavy reliance
on radiographic imaging for diagnosis and treatment

planning, represents a particularly compelling setting for
Al-assisted clinical decision support.

The integration of artificial intelligence (AI)
into clinical medicine has accelerated markedly over the
past decade, propelled by advances in computational
power, the growing availability of large annotated
clinical datasets, and fundamental breakthroughs in deep
learning methodology (Topol, 2019). Among the most
impactful healthcare applications of Al is image-based
diagnostic analysis, where deep learning systems have
demonstrated performance comparable to—and in
certain domains exceeding—that of trained specialists

Dental radiographs encompass a spectrum of
modalities—periapical, bitewing, panoramic, lateral
cephalometric, and cone-beam computed tomography
(CBCT)—each critical to the identification of specific
pathologies and anatomical structures. Interpretation of
these images is time-consuming and subject to inter-
observer variability (Schwendicke et al, 2020).
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Automated analysis systems powered by CNNs, YOLO-
based object detectors, vision transformers (ViTs), and
emerging multimodal large language models (LLMs)
offer the potential to standardize diagnostic workflows,
reduce missed diagnoses, and augment clinician
performance across a wide range of radiographic tasks.

The published literature in this field has grown
substantially in volume and breadth, now encompassing
original studies, systematic reviews, meta-analyses, and

umbrella reviews across multiple diagnostic tasks and
radiographic modalities. The aim of this comprehensive
narrative review is to synthesize the evidence across ten
key clinical domains, address persistent limitations
including dataset bias and regulatory gaps, and evaluate
the current and future role of Al as a clinical decision-
support tool in dental radiographic diagnosis. A
flowchart illustrating the literature search strategy and
review scope is presented in Figure 1.
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Figure 1. Flowchart of literature search strategy and narrative review scope across 10 diagnostic domains.
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Figure 1: Flowchart illustrating the literature search strategy, databases consulted, and the ten diagnostic
domains covered in this narrative review. Domains are colour-coded by clinical specialty

Artificial Intelligence in Dental Caries Detection

Dental caries is the most prevalent non-
communicable disease globally, and its radiographic
identification—particularly of early interproximal and
occlusal lesions—represents a high-volume diagnostic
challenge in general dental practice. The majority of
published Al studies in dentistry have focused on caries
detection, reflecting its clinical significance and the
relative availability of annotated radiographic datasets
(Negi et al., 2024).

CNNs have emerged as the dominant
architecture for radiographic caries detection. A
systematic review published in BMC Oral Health
analyzed twenty studies across periapical, bitewing, and
panoramic radiograph types, reporting consistently high
sensitivity and specificity metrics, with CNN-based
models outperforming earlier machine learning
approaches (Mertens et al., 2024). For approximal caries
on bitewing radiographs—the most common
radiographic caries presentation—a systematic review
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and meta-analysis found pooled sensitivity of 0.94 and
specificity of 0.91, performance comparable to
experienced clinicians (Kithnisch et al, 2024). An
umbrella review by Negi et al., (2024) confirmed that
CNN s consistently outperformed multilayer perceptrons
and support vector machines. YOLO-based architectures
have also demonstrated high performance: a YOLOvVS5s
model evaluated on the DENTEX CHALLENGE 2023
dataset achieved precision of 99.6%, recall of 98.9%, and
mAP50 of 99.5% for tooth-level caries identification.
The clinical application of deep learning for multistage
caries detection on panoramic radiographs, evaluated in
Scientific Reports, demonstrated feasibility of automated
caries staging (Pornprasertsuk-Damrongsri ef al., 2025).
Despite these results, variability in reported performance
across studies is driven by differences in image
acquisition protocols, preprocessing, ground-truth
labeling, and the radiographic stage of caries being
detected.

Artificial Intelligence in Periapical Lesion Detection

Periapical pathology manifests radiographically
as radiolucencies at root apices, and its accurate
identification is essential for endodontic management. A
narrative review published in PubMed Central evaluating
studies between 2021 and 2025 confirmed high overall
diagnostic accuracy of CNN-based systems for
periapical radiolucency identification (Makaremi et al.,
2025). A diagnostic accuracy study reviewing twenty-
four studies also confirmed high sensitivity in periapical
Al detection (Ahmed et al., 2025).

A critical clinical concern is the false positive
paradox. One comprehensive evaluation reported Al
sensitivity of 92.9% and negative predictive value of
99% for periapical assessment; however, specificity was
only 58.6%, yielding a positive predictive value of just
15.3% (Sparnon et al., 2026). In clinical settings where
periapical lesion prevalence is modest, the majority of
Al-flagged cases will be false positives, risking
unnecessary endodontic intervention. Clinicians must
understand the statistical relationship between model
specificity, disease prevalence, and positive predictive
value when interpreting Al-generated alerts (see Figure
2 and Table 1).

Artificial Intelligence in Alveolar Bone Loss and Peri-
Implant Bone Level Assessment

Periodontal bone loss, quantified as reduction in
alveolar crest height relative to the cementoenamel
junction (CEJ), is central to periodontal staging and
monitoring. A study employing CNN architectures for
automatic tooth recognition and periodontal bone loss
measurement on digital radiographs demonstrated the
feasibility of end-to-end automated periodontal
assessment (Chen et al., 2023). A deep learning model
for automated periodontitis staging on panoramic
radiographs demonstrated clinically relevant accuracy
for Al-based staging (Xue et al., 2024). A YOLOvS8x-seg
approach achieved intra-class correlation coefficients of

up to 0.80 for bone loss severity and 87% accuracy for
pattern classification (Wimalasiri et al, 2026). An
evaluation of a commercial Al application by dental
professionals found reliable bone level estimates suitable
for decision support (Lee et al., 2025).

Al has also been applied to peri-implant
marginal bone loss detection. A systematic review and
meta-analysis (Atieh et al., 2026) including nine studies
and 7,284 implants found pooled sensitivity of 0.84 (95%
CI: 0.72-0.91), specificity of 0.91 (95% CI: 0.81-0.96),
and AUC of 0.94 for Al-based peri-implant bone loss
detection on dental radiographs. A YOLOvS8-based
model for classifying peri-implant bone loss on CBCT
images achieved 0.88 three-class accuracy with Kappa of
0.954 (Madani & Fakhar, 2026).

Artificial Intelligence in Tooth Detection and
Segmentation on Panoramic Radiographs

Automated tooth detection and segmentation on
panoramic radiographs is a prerequisite for downstream
Al diagnostic tasks. A systematic review and meta-
analysis in Bonfanti-Gris ef al., (2025) identified twenty
relevant studies from 2,207 records, confirming
consistently high pooled accuracy across deep learning
architectures (Bonfanti-Gris et al., 2025). A study
comparing YOLO-V4 with Faster R-CNN on 1,200
panoramic radiographs reported YOLO-V4 mean
precision of 99.90%, recall of 99.18%, and F1 score of
99.54%, outperforming Faster R-CNN (Yilmaz et al.,
2023). Al has also demonstrated utility in impacted tooth
identification and detection of multiple treatment
features including restorations, endodontic posts, and
prostheses on panoramic radiographs in a single
inference pass (Khurshid et al., 2025).

Artificial Intelligence in Cone-Beam Computed
Tomography and Three-Dimensional Dental Imaging

Cone-beam computed tomography (CBCT)
provides three-dimensional radiographic data with high
spatial resolution and is indispensable in implantology,
orthodontics, endodontics, and oral surgery. A landmark
study published in Nature = Communications
demonstrated a fully automatic Al system capable of
simultaneously segmenting individual teeth and alveolar
bone from CBCT images, achieving average Dice scores
of 96.5% for tooth segmentation, 95.4% for alveolar
bone, 93.6% for maxillary sinus, and 94.8% for
mandibular canal segmentation (Chen et al., 2022). A
systematic review of Al for tooth segmentation in CBCT
images, published in Applied Sciences in 2024,
confirmed that U-Net and V-Net architectures represent
the dominant and most effective approaches (Tarce et al.,
2024). A systematic review of alveolar bone
segmentation in CBCT for periodontal regeneration
assessment confirmed that deep learning methods enable
reliable automated measurement of periodontal defects
(Mohammed et al., 2025). A deep learning framework
for automated dental tissue segmentation and diagnostic
report generation from CBCT was published in PubMed
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Central in 2025 (Zhou et al., 2025). For surgical
planning, deep learning models based on nnU-Net v2
have been developed for automatic segmentation of
impacted canines in CBCT scans (Unal et al., 2025).
YOLOvS8-based architectures for peri-implant bone loss
detection and classification on CBCT have further
demonstrated that 3D imaging can enhance implant
monitoring accuracy beyond 2D radiographs (PMC,
2025d).

Vision Transformers and Emerging Architectures in
Dental Radiographic Al

A systematic review evaluating ViTs and CNNs
in dental image processing, published in BMC Oral
Health in 2025 (Felek et al., 2025), identified 21 eligible
studies from 2,596 screened records. ViT-based models
demonstrated the highest performance in 58% of the
included studies, a finding with immediate implications
for model selection in new Al development (Felek ef al.,
2025). The architectural basis for this advantage lies in
the global attention mechanism of transformers, which
captures long-range spatial dependencies across entire
radiographic images without the local receptive field
constraints of CNNs. A study evaluating ViT for
furcation involvement classification on panoramic
radiographs demonstrated improved accuracy over
CNN-based alternatives (Zhang et al., 2025). A
transformer-based model for early dental caries detection
on panoramic radiographs confirmed superior detection
performance compared to CNN benchmarks (Wang &
Li, 2026). A systematic review of hybrid CNN-ViT
architectures for radiological image analysis identified
hybrid models as demonstrating best overall
performance across medical imaging tasks (Kim et al.,
2024). Future dental Al development should
systematically evaluate and incorporate ViT and hybrid
architectures alongside established CNN baselines.

Artificial Intelligence in Vertical Root Fracture
Detection

Vertical root fracture (VRF) is one of the most
diagnostically challenging and clinically consequential
pathologies in endodontics, frequently detected late due
to subtle and variable radiographic presentation, and
typically necessitating tooth extraction upon confirmed
diagnosis. A systematic review published in Diagnostics
in 2026 (PMC12896978) searched PubMed, Scopus,
Web of Science, and the Cochrane Library through
January 2025, identifying nine eligible studies. CNN-
based models demonstrated accuracy ranging from 75%
to 97.8%, sensitivity of 75% to 98%, and specificity of
60% to 99% (Alshahrani et al, 2026). A second
systematic review in the Journal of Endodontics (2026)
identified seven eligible studies and confirmed this
performance range, with study quality assessed using
QUADAS-2 (Patil et al., 2026). Diagnostic performance
was substantially influenced by study design: ex vivo
studies consistently reported higher metrics than in vivo
studies. An ensemble model combining VGG16,
VGG19, and ResNet50 via a voting technique

demonstrated improved accuracy over single-model
approaches for root fracture detection on periapical
radiographs (Abdelazim & Fouad, 2024). A systematic
review specifically evaluating Al on periapical
radiographs (Tasdemir et al, 2026) confirmed that
CBCT-based Al achieves the highest in vivo diagnostic
metrics, while periapical Al performs best in controlled
ex vivo environments.

Artificial Intelligence in Cephalometric Landmark
Detection

Lateral cephalometric radiographs are among
the most frequently used dental radiograph types in
orthodontic diagnosis and treatment planning. A
systematic review and meta-analysis published in
Bioengineering in December 2024 (Ribas-Sabartes et al.,
2024) evaluated CNN-based Al algorithms for
cephalometric point detection, reporting localization
accuracy of 64.3-97.3%, with mean radial errors of
1.04-3.40 mm—within or near the clinically accepted
threshold of 2 mm for most landmarks. A
complementary systematic review and meta-analysis by
Kunz et al., (2021) (Schwendicke ef al., 2021) covering
19 studies found that deep learning models detected a
mean of 30 cephalometric landmarks per image, with
performance approaching expert-level accuracy for
many but not all landmarks. A 2024 pilot study using
Mask R-CNN (Jiao et al., 2024) achieved a detection rate
of 98.29% with average radial errors ranging from 0.56
to 9.51 mm (mean 2.19 mm), indicating that
anatomically variable landmarks remain challenging. A
critical review in Artificial Intelligence Review (Neeraja
& Jani Anbarasi, 2025) concluded that while Al
cephalometric analysis generates results significantly
faster and more reproducibly than manual tracing,
accuracy for complex landmarks still does not
consistently match experienced orthodontists, and Al
should currently function as a time-saving first-pass tool
subject to expert review.

Artificial Intelligence in Detection of Dental
Anomalies

Dental anomalies including supernumerary
teeth (hyperdontia) and congenitally missing teeth
(hypodontia) have clinically significant implications for
orthodontic treatment planning. A study published in the
European Journal of Orthodontics in 2025 assessed the
diagnostic accuracy of Diagnocat™ Al software in
detecting congenitally missing and supernumerary teeth
on panoramic radiographs, representing one of the first
evaluations of a commercial Al system for these specific
anomalies (Makrygiannakis et al., 2025). A PLOS One
study assessed a deep learning-based automated
detection system for supernumerary teeth in pediatric
panoramic radiographs, with a DetectNet-based model
achieving 96% accuracy in identifying impacted
supernumerary teeth (Uzel et al., 2025). U-Net-based
deep learning has additionally been evaluated for
simultaneous tooth segmentation and agenesis detection
in panoramic radiographs (Tunc et al, 2025),
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demonstrating that segmentation architectures can
identify absence of expected tooth germs in mixed
dentition panoramic images for automated hypodontia
screening.

Comparison of Artificial Intelligence Performance
with Dental Clinicians

A systematic review and meta-analysis
published in Clinical and Experimental Dental Research
in 2026 (Alabdulkareem ef al., 2026) found that deep
learning algorithms improved average clinician
sensitivity from 60.7% to 85.9% when used as a
decision-support tool. Mean Al diagnosis time per
periapical radiograph was 1.5 + 0.3 seconds, compared
with a clinician mean of 53.8 + 46.0 seconds—a nearly
35-fold speed advantage. For caries detection
specifically, AI demonstrated sensitivity of 88% and
specificity of 91%, compared with human sensitivity of
84% and specificity of 88%. A diagnostic accuracy study
evaluating panoramic radiographs by Al compared with

human reference readers (Turosz et al., 2024) confirmed
that Al consistently demonstrated higher average
sensitivity than clinicians across a range of pathological
findings. A systematic review and meta-analysis for peri-
implant marginal bone loss (Atieh ef al., 2026) found Al
specificity of 0.91 versus clinician specificity of 0.70,
representing the most distinctive Al advantage for bone
loss tasks. These findings are summarized in Table 3 and
Figure 3.

These results collectively suggest that Al
functions most effectively as a complementary tool
augmenting clinician capability rather than replacing
clinical judgment. The greatest performance gains from
Al adoption are expected for generalist practitioners
managing high radiograph volumes and for expanding
diagnostic access in settings where specialist expertise is
limited.

Summary Tables

Table 1: Summary of Al Diagnostic Performance Across Dental Radiographic Tasks

Diagnostic Modality Architecture | Sensitivity | Specificity | Additional Key Reference

Task Metric

Caries Bitewing / CNN, YOLO | 0.94 0.91 mAP50: 99.5% | Kiihnisch et al.,

Detection Periapical / (YOLO) 2024; Negi et al.,

OPG 2024

Periapical Periapical CNN 0.929 0.586 A PPV: 15.3% Ahmed et al.,

Lesion radiograph (low prev.) 2025; Sparnon et

Detection al., 2026

Alveolar Bone | Panoramic YOLOVS, ~0.85 ~0.87 ICC: 0.80 Xue et al., 2024;

Loss radiograph Faster R-CNN (severity) Wimalasiri ef al.,
2026

Peri-implant Periapical / CNN, 0.84 0.91 AUC: 0.94; Atieh et al., 2026

Bone Loss CBCT YOLOvV8 Kappa 0.954

Tooth Panoramic YOLO-V4, 0.991 0.992 F1:99.54%; Yilmaz et al.,

Detection radiograph YOLOvS (prec.) (rec.) mAP50: 99.5% | 2023

CBCT Tooth CBCT (3D) U-Net, V-Net | Dice: — Mandibular Chen et al., 2022

Segmentation 96.5% canal: 94.8%

Vertical Root Periapical / CNN 75-98% 60-99% Accuracy: 75— Patil et al., 2026;

Fracture CBCT (ensemble) 97.8% Alshahrani et al.,
2026

Cephalometric | Lateral CNN, Mask DR: — Mean error: Ribas-Sabartes et

Landmarks cephalogram | R-CNN 98.29% 1.04-3.40 mm al., 2024

Dental Panoramic DetectNet, 96% — Supernumerary | Makrygiannakis et

Anomaly radiograph YOLO accuracy & hypodontia al., 2025; Uzel et

Detection al., 2025

A Low specificity despite high sensitivity — clinicians should be aware of elevated false-positive rates in periapical Al
diagnosis. OPG = orthopantomogram, ICC = intra-class correlation coefficient; DR = detection rate; Prec. =
precision; Rec. = recall; Prev. = prevalence.
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Figure 2: Grouped bar chart showing pooled Al sensitivity and specificity across six diagnostic tasks. The amber
dashed line marks the 0.90 performance threshold. The low specificity in periapical lesion detection (0.586) is
highlighted in red, reflecting the clinically significant false-positive paradox reported by Sparnon et al, (2026).
VREF values represent midpoints of the reported range (sensitivity 75-98%, specificity 60—99%)

Table 2: Comparison of Al Architectures Used in Dental Radiographic Diagnosis

pathology Q&A

(BMC OralH 2025)

Architecture Type Key Dental Best Reported Key Advantage
Application Performance

CNN (ResNet, Deep learning | Caries detection, Sensitivity 0.94 / Proven accuracy; widely

VGG, AlexNet) periapical lesions, VRF | Specificity 0.91 (caries, validated; transfer
detection bitewing) learning from ImageNet

YOLO (v4, v5, Object Tooth detection, caries | Precision 99.90%; Real-time inference;

v8) detection staging, implant mAP50 99.5%; F1 simultaneous multi-class
classification 99.54% detection

Faster R-CNN Object Tooth localization, Precision 93.67%; recall | Strong localization;

detection bone loss measurement | 90.79% anchor-based precision

U-Net / V-Net Segmentation | CBCT tooth and bone | Dice score 93.6-96.5% Pixel-level precision;

segmentation across dental structures ideal for 3D volumetric
data

Vision Transformer Furcation Highest performance in Global attention captures

Transformer classification, 58% of dental imaging long-range spatial

(ViT) panoramic caries, studies (n=21) dependencies
multi-label tasks

Hybrid CNN + Hybrid Multi-task dental Best overall performance | Combines local texture

ViT imaging; panoramic across radiological image | (CNN) with global
analysis tasks context (ViT)

Multimodal LLM | Foundation Diagnostic report Preliminary; 123 oral Natural language output;

(GPT-40, BLIP-2) | model generation, oral pathology cases assessed | integrates image +

clinical context

CNN = convolutional neural network; YOLO = You Only Look Once; R-CNN = region-based CNN; ViT = vision
transformer, LLM = large language model; CBCT = cone-beam computed tomography.
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Figure 3: Comparative bar chart of Al versus dental clinician diagnostic performance for three tasks. Green labels
indicate the percentage advantage of Al over the clinician. AI diagnostic speed was 1.5 + 0.3 s versus clinician 53.8 +
46.0 s per periapical radiograph (~35x faster). Sources: Alabdulkareem et al., (2026); Atieh et al., (2026).

Table 3: Al vs. Dental Clinician Performance Comparison Across Diagnostic Tasks

Diagnostic Al Clinician Al Clinician Additional Source
Task Sensitivity Sensitivity | Specificity | Specificity | Finding
Dental Caries 88% 84% 91% 88% Al: modest Alabdulkareem
Detection advantage on both etal., 2026

metrics
General 85.9% 60.7% NR NR Al improved Alabdulkareem
Radiographic clinician sensitivity | et al., 2026
Diagnosis by +25.2%; speed:

1.5svs53.8s
Peri-implant 84% 78% 91% 70% Al specificity Atieh et al.,
Bone Loss advantage: +21%; 2026

AUC 0.94
Periapical 92.9% ~85%%* 58.6% ~75%%* Al sensitivity high | Ahmed et al.,
Lesion but low specificity | 2025; Sparnon
Detection — elevated FP rate | et al., 2026
Panoramic Higher Lower Variable Variable Al consistently Turosz et al.,
Radiograph sensitivity sensitivity higher avg. 2024
Assessment (overall) sensitivity across

findings

NR = not reported; FP = false positive; * = approximate figures based on comparable studies. Clinician performance
varies by experience level; values represent general practitioners unless otherwise noted.

Table 4: Key Limitations, Evidence Gaps, and Recommended Actions in Dental AI Research

Challenge Current Status Supporting Evidence Recommended Action
Demographic & Only 31.2% of dental Al Uribe et al., 2024 (JDR) | Mandate FAIR data reporting; recruit
geographic datasets report ethical — characterization of datasets from LMICs; require
dataset bias approval; marked geographic | 100+ publicly available demographic metadata in all
skew toward high-income dental Al datasets published Al studies
countries
High false- Al periapical PPV: 15.3% Sparnon et al., 2026 — Report prevalence-adjusted metrics
positive rates despite 92.9% sensitivity; false positive paradox (PPV, FDR); set clinical decision
(periapical) specificity 58.6% analysis thresholds based on local prevalence;
never deploy Al periapical screening
without clinician verification
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Challenge Current Status

Supporting Evidence

Recommended Action

Limited external | Most published models
validation

Schwendicke ef al., 2020 | Require prospective multi-centre
validated on single-centre or | (JDR); reporting

external validation before any clinical

minority achieve high
APPRAISE-AI scores

single-country datasets; checklist review PMC approval recommendation; register
prospective multi-centre 2025 validation studies on
validation studies are sparse ClinicalTrials.gov
Inconsistent Majority of studies do not Khurshid et al., 2025 — | Mandate APPRAISE-AIL STARD,
reporting quality | report FDR, FOR, or Al reporting checklists and TRIPOD-AI reporting; journals
confidence intervals; only review should require reporting checklist as

supplementary material

Model Most CNN/YOLO models
interpretability provide probability outputs
("black box")
Grad-CAM used
inconsistently

Schwendicke et al.,
2020; general XAl
without visual explanation; literature

Standardize use of Grad-CAM or
SHAP visualizations in dental Al
publications; require XAl output for
clinical deployment

ANSI/ADA 1110-1:2025 is
the first U.S. standard;
covers 2D radiograph
annotation only; CBCT and
multimodal Al not yet
addressed

Regulatory
fragmentation

American Dental
Association, 2025 —
ANSI/ADA Standard
1110-1:2025

Extend standardization to CBCT and
multimodal Al inputs; align with
FDA SaMD framework; pursue
ISO/TC 106 harmonization

FAIR = Findable, Accessible, Interoperable, Reusable; LMICs = Low- and Middle-Income Countries; PPV = Positive
Predictive Value; FDR = False Discovery Rate; FOR = False Omission Rate; Grad-CAM = Gradient-weighted Class
Activation Mapping, SHAP = SHapley Additive exPlanations; SaMD = Sofiware as a Medical Device; ADA = American
Dental Association; ISO/TC 106 = ISO Technical Committee for Dentistry.

Limitations and Challenges in Al-Based Dental
Radiographic Diagnosis

Despite the considerable diagnostic accuracy
reported across multiple domains, Al in dental
radiographic diagnosis faces substantive and interrelated
challenges summarized in Table 4.

Dataset quality, geographic diversity, and
demographic representativeness are primary concerns. A
landmark study by Uribe et al., (2024), published in the
Journal of Dental Research, characterized all publicly
available dental imaging datasets for Al, examining
resources from 2011 to 2023. Only 31.2% of datasets
reported ethical approval and 56.25% did not specify a
data use license. Geographic representation was
markedly skewed toward high-income countries, raising
serious concerns about algorithmic bias and the potential
for Al systems to perform inequitably when deployed in
diverse global clinical settings (Uribe ef al., 2024).

The false positive paradox, particularly in
periapical lesion assessment, represents a significant
clinical concern. As demonstrated above, a model with
high sensitivity but low specificity will generate
clinically unacceptable numbers of false positives when
disease prevalence is modest, and reporting of positive
predictive value alongside sensitivity and specificity
should be mandated in all dental Al studies (Sparnon et
al., 2026).

Reporting quality is inconsistent: a review of Al
reporting standards in dentistry (Khurshid et al., 2025)
found that the majority of published studies did not
achieve high-quality scores across established

frameworks, and that clinically important metrics such as
false discovery rate and false omission rate were seldom
reported. The interpretability of deep learning models—
the "black box" problem—remains a barrier to clinical
trust. ANSI/ADA Standard No. 1110-1:2025, the first
formal U.S. standard for dental AI, now provides
guidance on validation dataset annotation and data
collection for 2D radiographs, representing a critical first
step toward regulatory harmonization (American Dental
Association, 2025).

Future Directions

Multimodal LLMs represent the most
transformative emerging direction. A study in the
International Journal of Oral Science explored the
potential of multi-modal ChatGPT for dentistry,
identifying radiograph interpretation and structured
report generation as high-priority applications (Huang et
al., 2023). A study evaluating multimodal LLM
diagnostic performance in oral pathology, published in
PubMed Central in 2025 (Suarez et al, 2025),
demonstrated promising accuracy for oral lesion
identification. A BLIP-2 and Llama 3 8B-based pipeline
for automated OPG report generation was evaluated in
2025, representing the first proof-of-concept for end-to-
end multimodal dental AI reporting (Dasanayaka et al.,
2025).

Federated learning frameworks, in which Al
models are trained collaboratively across multiple
institutions without sharing patient-identifiable data,
offer a principled solution to the dataset diversity and
privacy challenges currently constraining model
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generalizability. ANSI/ADA Standard No. 1110-1:2025
and the accompanying ANSI/ADA 1109:2025 technical
report provide foundational regulatory guidance for
dental Al validation. The broader integration of Al into
dental practice management software, combined with
clinician training and transparent Al limitation
disclosures, will be essential for responsible real-world
deployment.

CONCLUSION

This  comprehensive  narrative  review
demonstrates that AI has achieved substantial and
reproducible diagnostic accuracy across ten dental
radiographic domains. Performance metrics consistently
approach or match experienced clinicians in controlled
settings, and Al provides a nearly 35-fold advantage in
diagnostic speed. The emergence of vision transformers
outperforming CNNs in 58% of dental imaging tasks, the
maturation of CBCT-based Al systems achieving Dice
scores above 93%, the development of ensemble Al for
VREF detection (accuracy 75-97.8%), and early evidence
for multimodal LLMs in dental report generation
collectively indicate that the field is entering a period of
rapid architectural and functional advancement.
However, high false-positive rates, marked demographic
and geographic bias in training datasets, limited multi-
centre external validation, inconsistent reporting quality,
and regulatory complexity remain unresolved
challenges. The publication of ANSI/ADA Standard
1110-1:2025 represents a critical first step toward
regulatory and methodological standardization. Rigorous
prospective  validation  across diverse  patient
populations, adoption of standardized reporting
frameworks, development of interpretable Al tools, and
greater regulatory engagement are essential prerequisites
for the safe and beneficial integration of Al into dental
radiographic diagnosis.
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