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Abstract 

Background: Artificial intelligence (AI) has expanded the analytical capabilities of craniofacial radiology, 

enabling automated detection, anatomical segmentation, quantitative image analysis, and increasingly integrated 

computational modeling. Its clinical significance, however, remains heterogeneous and is rarely demonstrated beyond 

technical performance. Objective: To critically synthesize AI applications in panoramic radiography, cephalometric 

imaging, cone-beam computed tomography (CBCT), conventional computed tomography (CT), and magnetic 

resonance imaging (MRI), and to organize them within a functional framework that distinguishes detection, 

quantification, morphological phenotyping, and clinical decision support. Methods: Structured narrative review. 

PubMed/MEDLINE, Scopus, Web of Science, and IEEE Xplore were searched for studies published between January 

2018 and June 2026, supplemented by foundational earlier work and methodological guidance. Studies were prioritized 

according to reference-standard quality, independence of test data, multicenter or external validation, and the presence 

of clinical or longitudinal endpoints. The proposed Craniofacial AI Diagnostic Continuum was positioned against the 

hierarchical model of diagnostic imaging efficacy. Evidence synthesis: Representative studies show mature 

performance for cephalometric landmark localization, fracture and lesion detection, and tooth, bone, and mandibular-

canal segmentation, including multicenter datasets of several thousand examinations. In contrast, morphological 

phenotyping and multimodal decision support rest on few cohorts, mostly single center, with prospective longitudinal 

validation reported only exceptionally (e.g., temporomandibular joint osteoarthritis progression). External validation, 

calibration, and evaluation of clinical impact remain uncommon. Conclusions: The continuum adds a phenotyping level 

that has no direct counterpart in classical efficacy hierarchies and makes explicit which evidence each level requires. 

Increasing algorithmic complexity does not confer clinical value; future research should prioritize reproducible 

morphometry, external and prospective validation, and outcome-based evaluation. 

Keywords: AI; craniofacial imaging; panoramic radiography; cephalometry; CBCT; MRI; morphological 

phenotyping. 

 

1. Introduction 

Craniofacial radiology encompasses 

imaging techniques used to investigate 

anatomical, developmental, traumatic, 

degenerative, and pathological conditions of 

the craniofacial complex. Panoramic and 

cephalometric radiography provide accessible 

two-dimensional representations, whereas 

CBCT and CT enable three-dimensional 

assessment of osseous anatomy. MRI 

complements these modalities by visualizing 

soft tissues, articular structures, and bone 

marrow. 

Interpretation remains challenging 

because of anatomical complexity, 

morphological variability, superimposition, 

artifacts, and acquisition differences. Many 

clinical procedures still require manual 

landmark identification, segmentation, and 

linear, angular, or volumetric measurements, 

which are time-consuming and observer-

dependent. 
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Artificial intelligence, particularly 

machine learning and deep learning, has 

introduced automated identification, 

localization, segmentation, and quantitative 

image analysis. Early work demonstrated 

convolutional neural network (CNN) methods 

for cephalometric landmark localization [1] 

and radiographic detection of periodontal 

bone loss [2], and more recent CBCT studies 

illustrate substantial advances in anatomical 

segmentation and efficiency [3–5]. A 

systematic review of dental and maxillofacial 

radiology found that most applications 

concentrated on cephalometric landmarks, 

osteoporosis, cysts and tumors, and 

periodontal or periapical disease, while 

emphasizing that reliability and applicability 

required further verification before clinical 

use [6]. 

Technical performance does not by 

itself establish clinical utility. Across medical 

imaging, only 6% of 516 AI diagnostic 

accuracy studies published in 2018 performed 

external validation, and none combined a 

diagnostic cohort design, multiple 

institutions, and prospective data collection 

[7]. Quantitative outputs may be accurate 

without defining clinically meaningful 

phenotypes or improving decisions. This 

review therefore (i) proposes a functional 

distinction between detection, quantification, 

phenotyping, and decision support; (ii) relates 

this distinction to the established hierarchy of 

diagnostic imaging efficacy [8]; and (iii) 

appraises representative evidence across 

modalities, using the temporomandibular joint 

(TMJ) as an illustrative case. 

2. Material and Methods 

This manuscript is a structured narrative 

review. A narrative design was chosen 

because imaging modalities, target 

conditions, algorithms, reference standards, 

and performance measures are too 

heterogeneous for quantitative pooling. The 

manuscript was prepared with reference to the 

six items of the Scale for the Assessment of 

Narrative Review Articles (SANRA): 

justification of importance, explicit aims, 

description of the literature search, 

referencing, scientific reasoning, and 

presentation of relevant endpoint data [9]. 

PubMed/MEDLINE, Scopus, Web of 

Science, and IEEE Xplore were searched for 

records published between January 2018 and 

June 2026. The search combined three 

concept groups with Boolean operators: (1) 

artificial intelligence, machine learning, deep 

learning, convolutional neural network, 

transformer, radiomics; (2) craniofacial, 

maxillofacial, dentomaxillofacial, panoramic, 

cephalometric, cone-beam computed 

tomography, computed tomography, 

magnetic resonance imaging, 

temporomandibular joint; and (3) 

segmentation, landmark, detection, 

classification, morphology, shape analysis, 

phenotype, prediction, decision support. 

Reference lists of included systematic reviews 

were screened, and foundational studies 

published before 2018 were added when they 

introduced methods or benchmarks still in use 

(table 1).  
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Table 1.The web search results. 

Aim Records identified by review authors Studies included 

Generative AI in dental and maxillofacial radiology 2,060 43 

AI in TMJ osteoarthritis on CBCT 2,543 9 

AI in the diagnosis of TMJ disorders 1,497 5 reviews 

AI in cephalometry Not reported here 20 

 

Original studies were prioritized when 

they reported (a) a clearly defined reference 

standard; (b) a test set separated from training 

data at the patient level; (c) multicenter, multi-

device, or external validation; and (d) clinical, 

longitudinal, or reader-study endpoints. 

Methodological guidance on reporting and 

validation was included where directly 

relevant: CLAIM 2024 [10], the dental AI 

checklist [11], TRIPOD+AI [12], and 

DECIDE-AI [13]. Evidence was appraised in 

relation to dataset characteristics, imaging 

modality, reference standard, validation 

approach, metrics, and clinical relevance. The 

proposed continuum is an interpretive 

framework, not a validated classification or 

risk-of-bias instrument. 

 

3. Conceptual Framework: The 

Craniofacial AI Diagnostic Continuum 

3.1. Four functional levels 

The continuum describes four analytical 

functions: (1) detection—localization or 

classification of structures and abnormalities; 

(2) quantification—segmentation, 

dimensions, volumes, surface shape, and 

radiomic features; (3) phenotyping—

reproducible multidimensional morphological 

patterns that summarize anatomical variation 

beyond isolated measurements; and (4) 

clinical decision support—integration of 

imaging information with clinical data for a 

defined diagnostic, prognostic, or therapeutic 

decision (Figure 1, Table 2). The levels can 

overlap and do not imply that every system 

must progress sequentially; a well-validated 

detection model may be more useful than a 

poorly validated phenotyping model. 

 

 
Figure 1. Proposed Craniofacial AI Diagnostic Continuum 
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Table 2. Functional levels of the Craniofacial AI Diagnostic Continuum and their closest correspondence in the 

hierarchical model of diagnostic imaging efficacy [8]. 

Level Question AI output Required validation Closest 

Fryback–Thornbury 

level 

Detection Is a structure or 

abnormality present, 

and where? 

Localization, 

classification 

Sensitivity, specificity, 

calibration, external 

testing 

Level 2 (diagnostic 

accuracy) 

Quantification What are its 

anatomical 

properties? 

Volumes, 

dimensions, shape, 

radiomic features 

Dice with boundary 

metrics, ICC, 

measurement error 

Level 1–2 (technical 

and measurement 

accuracy) 

Phenotyping Are there stable, 

distinct 

morphological 

patterns? 

Clusters, shape 

modes, phenotype 

scores 

Resampling stability, 

replication in 

independent cohorts, 

construct validity 

No direct equivalent; 

precedes Levels 3–4 

Decision 

support 

How should 

diagnosis or care 

change? 

Risk estimates, 

recommendations 

Reader studies, decision-

curve analysis, 

prospective impact 

Levels 3–5 

(diagnostic thinking, 

management, patient 

outcome) 

3.2. Relation to the hierarchical 

model of diagnostic efficacy 

Fryback and Thornbury described six 

levels of diagnostic imaging efficacy, from 

technical image quality and diagnostic 

accuracy to effects on diagnostic thinking, 

patient management, patient outcomes, and 

societal costs and benefits, and argued that 

efficacy at a lower level is necessary but not 

sufficient for efficacy at a higher one [8]. The 

present continuum is compatible with this 

logic but answers a different question. The 

efficacy hierarchy classifies the type of 

evidence available for an imaging test, 

whereas the continuum classifies the type of 

information an AI system produces. The two 

are therefore complementary: Table 1 

indicates, for each functional level, which 

efficacy levels must be demonstrated before 

clinical claims are justified. 

The main addition of the continuum is 

the phenotyping level. Classical efficacy 

models assume a predefined target condition 

with a reference standard. Morphological 

phenotyping instead derives candidate 

categories from the data themselves, so its 

first validation task is not diagnostic accuracy 

but construct validity: whether the patterns are 

stable, reproducible across samples and 

scanners, and associated with independently 

measured clinical variables. Making this step 

explicit prevents computationally derived 

groupings from being presented as diagnostic 

entities before such evidence exists. 

4. Artificial Intelligence Across 

Craniofacial Imaging Modalities 

Modality-specific evaluation is 

necessary because an AI prediction is 

constrained by the physical information 

present in its source image. Panoramic and 

cephalometric radiographs provide projected 

anatomy, CBCT emphasizes high-resolution 

osseous geometry, conventional CT offers 

standardized attenuation values and broader 

anatomical coverage, and MRI provides 

complementary soft-tissue contrast. A 

multimodal model must therefore 

demonstrate added diagnostic value over its 

best single-modality comparator, rather than 
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merely aggregate inputs (Figure 2). 

Representative studies are summarized in 

Table 2. 

 
Figure 2. Conceptual multimodal integration pathway (schematic; not patient imaging data). 

4.1. Panoramic radiography 

Panoramic radiography is widely 

available and suited to automated screening. 

Krois et al. reported a mean classification 

accuracy of approximately 0.81 for 

periodontal bone-loss detection on panoramic 

image segments [2]. A modified YOLOv3 

detector was trained on 1,282 panoramic 

radiographs covering dentigerous cysts, 

periapical cysts, odontogenic keratocysts, 

ameloblastomas, and normal jaws [14], and a 

Faster R-CNN model with a Swin-

Transformer backbone, developed on 6,404 

radiographs from 5,621 patients, achieved an 

F1 score of 0.947 and an area under the curve 

(AUC) of 0.977 for mandibular fracture 

detection [15]. These studies were, however, 

single-center and retrospective. Positioning, 

magnification, distortion, and 

superimposition further limit quantitative 

interpretation, so AI-assisted condylar 

measurements on panoramic images should 

not be treated as equivalent to three-

dimensional morphology. 

4.2. Cephalometric imaging 

Cephalometry is the best-benchmarked 

craniofacial AI task. The International 

Symposium on Biomedical Imaging (ISBI) 

2015 challenge established a public dataset 

and evaluation framework for lateral 

cephalometric landmark detection [16]; a 

random-forest regression-voting approach 

that won the challenge was developed into a 

fully automatic system reported to perform 

within the inter-observer variability of two 

clinical experts [17], and an early CNN 

approach reported a 75.3% successful 

detection rate within 2 mm [1]. Automated 

localization can reduce repetitive work and 

enable standardized large-scale analysis. 

Localization error should nevertheless be 

interpreted in terms of derived angular and 

linear measurements and their clinical 

thresholds, and repeated testing on a single 

public benchmark carries a risk of overfitting 

to its acquisition characteristics. 

4.3. Cone-beam computed 

tomography 

CBCT supports three-dimensional 

segmentation, morphometry, volumetry, and 
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surface analysis. Verhelst et al. developed a 

layered deep-learning mandibular 

segmentation method [3]. Preda et al. reported 

a mean Dice similarity coefficient of 92.6% 

and automated maxillofacial segmentation in 

approximately 39 seconds versus more than 

two hours manually [4]. Cui et al. analyzed 

4,938 CBCT examinations from 15 centers, 

reporting average Dice scores of 91.5% for 

teeth and 93.0% for alveolar bone [5]. For the 

mandibular canal, a fully convolutional 

network trained on 637 coarsely annotated 

volumes reached a mean curve distance of 

0.56 mm [18], and a subsequent study tested 

the system on 150 scans from five scanners in 

European and Southeast Asian institutions, 

including devices absent from training [19]. 

Mandibular fracture detection on CBCT has 

also been benchmarked with publicly released 

code [20]. 

These results indicate strong 

segmentation feasibility and, increasingly, 

cross-device generalizability, but do not 

establish diagnostic or therapeutic benefit. 

CBCT grey values are not standardized and 

vary considerably between devices and 

protocols [21]; together with voxel size, field 

of view, and artifacts, this variability limits 

the reproducibility of texture and radiomic 

features unless intensities are harmonized and 

feature definitions follow standardized 

references [22]. 

4.4. Conventional computed 

tomography 

CT is essential for selected craniofacial 

trauma, complex skeletal pathology, tumors, 

and reconstruction. A two-stage U-Net and 

ResNet pipeline trained on CT scans of 686 

patients with mandibular fractures reported 

high accuracy and reliability for fracture 

detection and classification against a 

reference standard set by three experienced 

maxillofacial surgeons [23], and a similar 

segmentation-then-classification approach 

has been applied to zygomatic fractures [24]. 

Clinical validation should consider subtle and 

multiple fracture patterns, postoperative 

changes, and unexpected abnormalities. An 

algorithm validated for a narrow task should 

not be assumed to interpret the entire 

examination. 

4.5. Magnetic resonance imaging 

MRI provides complementary soft-

tissue information, particularly on TMJ disc 

position and morphology, effusions, marrow 

abnormalities, and selected lesions. A CNN 

for anterior disc displacement was developed 

on sagittal MRI of 2,520 TMJs from 1,260 

patients [25]; a proof-of-concept study 

segmented the articular disc on 217 images 

from 20 participants [26]; and a multistage 

system combining region-of-interest 

detection, segmentation of the disc, condyle, 

fossa, and articular eminence, and 

classification was trained on 618 TMJ cases 

from two hospitals with internal and external 

validation [27]. Imaging abnormalities do not 

independently establish pain, functional 

impairment, or treatment need, and 

integration of MRI with CBCT or CT requires 

registration, harmonized reference standards, 

and clinical testing. 

4.6. Cross-modality evidence 

synthesis 

Table 3 shows a consistent pattern. Most 

studies operate at the detection and 

quantification levels, report overlap or 

accuracy metrics on retrospective data and 

validate internally. Multicenter or cross-
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device testing is now reported for 

segmentation tasks [5,19], but rarely for 

detection. Phenotyping and decision-support 

studies are few, concentrated in TMJ 

osteoarthritis, and based on cohorts of 

approximately 100 patients; only one of the 

studies identified here reported prospective 

longitudinal endpoints [28]. None reported a 

reader study measuring the effect of AI 

assistance on clinicians’ decisions. 

5. From Automated Detection to 

Quantitative Morphological 

Characterization 

Detection identifies whether and where 

a structure or abnormality is present. 

Quantification characterizes dimensions, 

volumes, surface shape, spatial relationships, 

and texture. Segmentation provides 

anatomical boundaries for many downstream 

measurements, but boundary uncertainty 

propagates into volume and shape estimates; 

studies should therefore report measurement 

reproducibility in addition to segmentation 

overlap. Computational shape analysis may 

reveal anatomical variation missed by isolated 

distances and angles. Radiomic features 

require intensity harmonization and 

standardized definitions[22], and should not 

be called clinical biomarkers without 

independent validation. 
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Table 3. Representative evidence for AI in craniofacial imaging, ordered by level of the continuum. 

Study Modality and task Data and validation Key reported result Level 

Wang et al. 2016 

[16] 

Cephalometry; 

landmark detection 

benchmark 

ISBI 2015 public 

dataset; 7 methods 

compared 

Common benchmark 

and evaluation 

framework 

Detection 

Lindner et al. 2016 

[17] 

Cephalometry; 19 

landmarks 

Fully automatic system; 

earlier version won ISBI 

2015 

Within inter-observer 

variability of two 

experts 

Detection 

Kwon et al. 2020 

[14] 

Panoramic; cysts and 

tumors 

1,282 radiographs, 4 

lesion classes + normal; 

internal test 

High sensitivity, 

specificity, and AUC 

(internal) 

Detection 

Vinayahalingam et 

al. 2022 [15] 

Panoramic; 

mandibular fractures 

6,404 radiographs, 5,621 

patients; single center 

F1 0.947; AUC 0.977 Detection 

Wang X et al. 2022 

[23] 

CT; mandibular 

fractures 

686 patients; 

train/validation/test 

222/56/408 scans 

High accuracy vs 

surgeon-annotated 

reference 

Detection 

van Nistelrooij et 

al. 2024 [20] 

CBCT; mandibular 

fractures 

171 scans with and 164 

without fractures; public 

code 

Precision 0.978; 

sensitivity 0.956 

Detection 

Lee YH et al. 2022 

[25] 

MRI; TMJ anterior 

disc displacement 

2,520 TMJs, 1,260 

patients 

CNN-based automated 

detection 

Detection 

Yu et al. 2024 [27] MRI; TMJ disc 

displacement 

618 cases, 2 hospitals; 

internal and external 

validation 

Precision >92% for 

classification 

Detection / 

quantification 

Ito et al. 2022 [26] MRI; TMJ disc 

segmentation 

217 images, 20 

participants 

Proof of concept Quantification 

Preda et al. 2022 

[4] 

CBCT; maxillofacial 

segmentation 

144 scans Dice 92.6%; 39.1 s vs 

132.7 min manual 

Quantification 

Cui et al. 2022 [5] CBCT; tooth and 

alveolar bone 

4,938 scans, 4,215 

patients, 15 centers 

Dice 91.5% (teeth), 

93.0% (bone) 

Quantification 

Jaskari et al. 2020 

[18] 

CBCT; mandibular 

canal 

637 training volumes; 15 

voxel-level test volumes 

Mean curve distance 

0.56 mm 

Quantification 

Järnstedt et al. 

2022 [19] 

CBCT; mandibular 

canal 

982 training scans; 150 

test scans, 5 scanners, 2 

regions 

Symmetric mean 

curve distance 0.39 

mm vs consensus 

Quantification 

Schneider et al. 

2023 [29] 

Panoramic; tooth 

segmentation 

4,177 radiographs, 9 

centers; federated 

learning 

Federated 

outperformed local 

training in 8 of 9 

centers 

Quantification 

de Dumast et al. 

2018 [30] 

CBCT; 3D condylar 

shape 

259 training condyles; 

34 test condyles 

91% agreement with 

clinician consensus on 

5 degenerative stages 

Phenotyping 

Bianchi et al. 2020 

[31] 

CBCT radiomics + 

clinical + biological 

markers; TMJ OA 

52 markers; cross-

sectional, single cohort 

AUC 0.870 for TMJ 

OA status 

Decision 

support 

(diagnostic) 

Al Turkestani et al. 

2024 [28] 

CBCT radiomics, 

shape + clinical + 

biological; TMJ OA 

progression 

Prospective; 106 

participants, 74 followed 

2–3 years 

AUC 0.72; F1 0.82 for 

progression 

Decision 

support 

(prognostic) 

AUC, area under the receiver operating characteristic curve; CBCT, cone-beam computed tomography; CT, computed 

tomography; ISBI, International Symposium on Biomedical Imaging; MRI, magnetic resonance imaging; OA, osteoarthritis; TMJ, 

temporomandibular joint. Results are those reported by the original authors; metrics are not directly comparable across tasks. 
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6. AI-Driven Craniofacial Morphological 

Phenotyping 

Morphological phenotyping seeks 

reproducible patterns of anatomical variation 

rather than isolated measurements. AI can 

integrate many shape descriptors using 

clustering, representation learning, or 

statistical shape models. Mandibular and 

condylar phenotyping might incorporate 

condylar dimensions, curvature, volume, 

orientation, and bilateral asymmetry. Existing 

work illustrates both potential and limits: a 

neural-network classifier of three-

dimensional condylar morphology staged 

degenerative change in close agreement with 

clinician consensus, but was trained against 

clinician-defined categories on a single cohort 

[30]. 

A defensible phenotyping pipeline 

should begin with segmentation quality 

assurance and repeated anatomical 

measurements, followed by harmonization of 

acquisition-related variation. Unsupervised 

clusters should be assessed using resampling 

stability, sensitivity analyses across analytical 

choices, and an independent validation cohort. 

Associations with age, skeletal pattern, 

symptoms, and independently defined 

outcomes should be prespecified where 

possible; otherwise phenotype labels risk 

becoming descriptive groupings without 

established biological meaning. 

Computational clusters are not automatically 

disease entities. 

7. From Imaging Biomarkers to 

Clinical Decision Support 

Clinical decision support uses imaging-

derived information alongside clinical context 

to inform diagnosis, risk stratification, 

monitoring, or treatment planning. Predictive 

claims require longitudinal endpoints; cross-

sectional classification cannot establish future 

progression. Multimodal models require 

robust registration and explicit handling of 

missing modalities, and should demonstrate 

incremental value over clinical variables 

alone. 

Utility should be tested in reader-

assistance or prospective workflow studies 

comparing clinicians with and without AI, 

with outcomes that include missed findings, 

calibration of risk estimates, changes in 

management, interpretation time, and 

potential downstream harms. Decision-curve 

analysis can quantify net benefit across 

clinically meaningful threshold probabilities 

[32]. Early clinical evaluations should be 

reported according to DECIDE-AI [13], and 

prediction models according to TRIPOD+AI 

[12]. 

8. Case Study: The 

Temporomandibular Joint Across the 

Continuum 

The TMJ illustrates all four levels and 

the evidence each requires. At the detection 

level, CNNs identify anterior disc 

displacement on MRI [25,27]. At the 

quantification level, the articular disc can be 

segmented on MRI [26], while CBCT 

supports condylar surface models and 

trabecular texture features. At the 

phenotyping level, three-dimensional 

condylar shape has been used to stage 

degenerative change [30]. At the decision-

support level, models combining CBCT 

radiomics with clinical and salivary or serum 

biomarkers discriminated TMJ osteoarthritis 
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status in cross-sectional cohorts [31,33], and a 

prospective study of 106 participants, 74 of 

whom were followed for two to three years, 

predicted disease progression with an AUC of 

0.72 [28]. 

This sequence also exposes the gaps. 

Osseous CBCT features and MRI soft-tissue 

findings have largely been analyzed 

separately; structural change does not equate 

to pain or dysfunction; and the only 

longitudinal model reported moderate 

discrimination in a single prospective cohort, 

without external validation or a reader study. 

The TMJ is therefore a suitable test bed for 

genuinely multimodal, longitudinally 

validated decision support, provided that 

imaging findings are linked to standardized 

clinical diagnostic criteria. 

 

9. Methodological Challenges and 

Clinical Translation 

9.1. Reproducibility, metrics, and 

uncertainty 

Metrics should match the clinical 

question [34]. For segmentation, Dice overlap 

should be reported together with boundary-

sensitive metrics such as the 95th-percentile 

Hausdorff distance and downstream 

measurement error. For classification, 

discrimination, calibration, confidence 

intervals, and prevalence-dependent 

predictive values are needed. Dice overlap, 

landmark error, sensitivity, specificity, and 

AUC describe different tasks and cannot be 

compared directly. Patient-level data 

partitions, subgroup analyses, transparent 

missing-data handling, and explicit 

uncertainty communication guard against 

optimistic performance estimates. 

Explainability displays do not replace external 

validation. CLAIM 2024 and the dental AI 

checklist support transparent reporting of data 

sources, reference standards, and evaluation 

[10,11]. 

9.2. Bias, generalizability, and data 

governance 

Models trained on narrow populations 

or a single device may fail silently elsewhere. 

In chest radiography, AI classifiers trained on 

large public datasets systematically 

underdiagnosed historically under-served 

patient groups [35]; comparable subgroup 

analyses by age, sex, ethnicity, and device are 

rarely reported in craniofacial AI. Data 

protection limits central pooling of dental 

images. Federated learning, in which models 

are trained across institutions without sharing 

images, outperformed isolated local training 

for panoramic tooth segmentation across nine 

centers, although centrally pooled training 

remained superior [29]. 

9.3. Regulatory considerations 

In the European Union, software 

intended to provide information used for 

diagnostic or therapeutic decisions is 

regulated as a medical device under 

Regulation (EU) 2017/745 [36]. AI systems 

that are, or are safety components of, such 

devices and require third-party conformity 

assessment are additionally classified as high-

risk under the Artificial Intelligence Act [37], 

which introduces obligations on data 

governance, documentation, human 

oversight, and post-market monitoring. These 

requirements align with the validation steps 

described here: a system intended for decision 

support will need evidence corresponding to 

the higher levels of Table 1, not only technical 

accuracy. 
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10. Future Research Priorities 

Future research should emphasize 

reproducible three-dimensional 

morphometry, externally validated 

anatomical phenotypes, multimodal image 

integration, longitudinal analysis, and patient-

centered outcomes. Public benchmarks with 

multicenter, multi-device test sets, analogous 

to the cephalometric challenges [16], are 

needed for CBCT and MRI tasks. Foundation 

models and generative AI may expand image 

reconstruction, enhancement, synthetic data 

generation, and representation learning, but 

anatomical fidelity and synthetic artifacts 

remain concerns [38]. Technical novelty 

should be balanced against diagnostic safety 

and patient benefit. 

11. Discussion 

The evolution of craniofacial AI is 

characterized by increasingly sophisticated 

extraction of anatomical information. 

Landmark identification and segmentation are 

technically mature, with multicenter evidence 

for some tasks, whereas phenotyping and 

multimodal decision support remain at an 

early stage. The proposed continuum 

separates computational output from clinical 

meaning and, by mapping each level to the 

efficacy hierarchy [8], makes explicit that 

quantitative features do not become clinically 

useful biomarkers without reproducibility and 

outcome-based validation. Imaging 

modalities are complementary rather than 

interchangeable, and the TMJ illustrates the 

need to combine osseous, soft-tissue, and 

clinical information without equating 

structural change with symptoms. 

This review has limitations. As a 

narrative review, it does not provide a formal 

risk-of-bias assessment or quantitative 

synthesis, and study selection may reflect the 

authors’ judgment. The studies in Table 2 are 

representative rather than exhaustive. The 

continuum is a conceptual proposal whose 

usefulness should itself be tested, for example 

by assessing inter-rater agreement when 

classifying published studies by level. 

 

12. Conclusions 

AI extends craniofacial radiology 

through detection, segmentation, quantitative 

analysis, and emerging integrated modeling. 

The Craniofacial AI Diagnostic Continuum 

distinguishes detection, quantification, 

morphological phenotyping, and clinical 

decision support, and links each to the 

evidence required for clinical claims. 

Evidence of technical feasibility is strongest 

for selected detection and segmentation tasks, 

whereas advanced phenotyping and 

multimodal decision support still require 

external, prospective, and outcome-based 

validation. The value of AI depends on 

reliable, interpretable, and actionable 

information rather than computational 

complexity alone. 
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