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Abstract: 

Background: Cephalometric analysis is a cornerstone of orthodontic diagnosis, yet manual landmark 

identification is time-consuming and subject to intra- and inter-examiner variability. Over the past decade, deep 
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learning (DL) — particularly convolutional neural networks (CNNs) — has been applied to automate landmark 

detection on two-dimensional (2D) lateral cephalograms and three-dimensional (3D) cone-beam computed 

tomography (CBCT), and, more recently, to support downstream diagnostic decisions such as skeletal 

classification and extraction planning. 

Objective: To synthesize the current evidence on the accuracy, validation, and clinical integration of artificial 

intelligence (AI) in automated cephalometric analysis and orthodontic diagnosis, and to identify the conditions 

under which these tools can be safely incorporated into clinical workflows. 

Methods: Narrative review of systematic reviews, meta-analyses, scoping reviews, diagnostic accuracy studies, 

and validation studies of commercial software published between 2016 and 2026, retrieved from 

PubMed/MEDLINE and complementary databases. 

Results: Pooled evidence indicates that DL-based landmark detection on 2D cephalograms achieves mean errors 

clustered around the 2-mm clinical threshold, with approximately 80% of landmarks detected within 2 mm; 3D 

landmarking on CBCT shows higher and more heterogeneous errors, although accuracy has improved with each 

publication year. AI models for sagittal skeletal classification and extraction decision support reach accuracies 

above 90% in single-center datasets. However, independent validation of commercial platforms reveals 

statistically significant — and in CBCT-based systems clinically relevant — systematic bias in core sagittal 

angles, arguing against standalone use. 

Conclusion: AI-driven cephalometry is accurate and time-efficient enough to function as a decision-support tool 

under expert supervision, particularly in semi-automatic workflows. Generalizability across imaging devices and 

populations, transparent reporting, and external validation of commercial systems remain the main barriers to 

fully autonomous clinical integration. 

Key Word: Artificial intelligence; Cephalometry; Deep learning; Orthodontic diagnosis; Convolutional neural 

networks; Cone-beam computed tomography; Clinical decision support. 
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I. Introduction 

Since Broadbent introduced the standardized lateral cephalogram in 1931, cephalometric analysis has 

remained one of the most widely used diagnostic instruments in orthodontics and dentofacial orthopedics. Its 

clinical value rests on the reproducible identification of anatomical landmarks from which angular and linear 

measurements are derived, allowing clinicians to classify skeletal and dental relationships, estimate growth 

patterns, plan treatment mechanics, and evaluate outcomes. Yet the reliability of the method has always been 

constrained by a human bottleneck: landmark identification is time-consuming, requires extensive training, and is 

subject to substantial intra- and inter-examiner variability, particularly for landmarks located on curved or low-

contrast structures such as gonion, orbitale, and porion. 

The application of artificial intelligence (AI) — and, more specifically, of machine learning (ML) and 

deep learning (DL) — to orthodontic imaging has expanded rapidly in the last decade. A scoping review of the 

literature up to 2020 identified 62 studies on AI and ML in orthodontics, of which more than two-thirds had been 

published within the preceding ten years [1]. A parallel systematic review documented the scope and performance 

of AI-based models used for orthodontic diagnosis, treatment planning, and prognosis, concluding that most 

applications relied on artificial neural networks and convolutional neural networks (CNNs) [2]. The most recent 

scoping review, covering 71 studies, classified AI applications into three domains — diagnostics (n = 29), 

landmark identification (n = 20), and treatment planning (n = 22) — and found that anatomical landmark detection 

remains the most extensively studied area, while emphasizing that human supervision continues to be essential 

[3]. 

Automated cephalometric landmark detection was among the first orthodontic tasks addressed by DL, 

and the field has now matured sufficiently to be summarized by several systematic reviews and meta-analyses [4]. 

In parallel, a second wave of research has moved “beyond landmarks,” using AI to classify sagittal skeletal 

patterns directly from images, to predict the need for extractions or orthognathic surgery, and to support treatment 

planning. A third and more recent stream has begun to validate commercially available AI cephalometric 

platforms against expert manual analysis under real clinical conditions — with results that are less uniformly 

optimistic than the algorithm-development literature. 

The present narrative review synthesizes these three streams of evidence. It addresses four questions: (1) 

how accurate is AI-driven landmark detection on 2D and 3D images; (2) how far has AI progressed from 

landmarking to diagnostic decision support; (3) how reliable are commercial AI cephalometric systems when 

validated independently; and (4) what conditions must be met for safe clinical integration. The review also situates 

these findings within the broader context of public oral health systems, where diagnostic efficiency and access to 

specialist expertise are unevenly distributed. 
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II. Methodology 

This narrative review was based on a structured, non-systematic search of PubMed/MEDLINE, Scopus, 

and Google Scholar, complemented by manual screening of reference lists, covering publications from January 

2016 to September 2026. Search terms combined “artificial intelligence,” “deep learning,” “convolutional neural 

network,” and “machine learning” with “cephalometric,” “cephalometry,” “landmark detection,” “orthodontic 

diagnosis,” “skeletal classification,” and “treatment planning.” Priority was given to systematic reviews and meta-

analyses, scoping reviews, diagnostic accuracy studies with expert-based reference standards, and independent 

validation studies of commercial software. Only studies indexed in peer-reviewed journals and with verifiable 

bibliographic metadata (DOI or PubMed identifier) were retained. Twenty references were selected for citation. 

Given the narrative design, no formal risk-of-bias assessment or quantitative pooling was performed; where 

pooled estimates are reported, they are those published by the cited meta-analyses. 

 

III. From Manual Tracing to Automated Landmarking: Technical Foundations 

A. Evolution of automated landmark detection 

Early attempts at computer-assisted landmarking relied on knowledge-based rules, edge detection, pixel-

intensity thresholds, and template matching; their performance was inconsistent and highly sensitive to image 

quality [5]. The decisive shift came with the adoption of CNNs, which learn hierarchical image features directly 

from annotated training data rather than from hand-crafted rules. Comparative studies within the systematic 

literature consistently show that DL-based methods outperform earlier knowledge-based, atlas-based, and shallow 

machine learning approaches [5]. Contemporary architectures include heatmap-regression CNNs, cascaded or 

two-stage CNNs that first localize a region of interest and then refine the landmark position, single-shot detectors 

such as YOLO (You Only Look Once), Bayesian CNNs that produce confidence regions around each prediction, 

and, most recently, vision transformers. 

 

B. Fully automated analysis on 2D lateral cephalograms 

An early and influential example of a complete DL pipeline was the customized CNN developed by Kunz 

et al., which was trained to perform a fully automated cephalometric analysis on lateral cephalograms and 

evaluated against a panel of experienced examiners. The authors reported that the algorithm’s landmark positions 

and derived measurements were within the range of variability observed among human experts for most 

parameters, which established the plausibility of fully automated 2D analysis [6]. Subsequent work addressed 

generalizability, a recurrent weakness of single-center models. Kim et al. trained cascade CNNs on lateral 

cephalograms collected from multiple centers nationwide, deliberately exposing the model to variation in devices, 

exposure settings, and patient characteristics, and reported clinically acceptable accuracy for automated 

identification of lateral cephalometric landmarks across this heterogeneous sample [7]. 

 

C. Three-dimensional landmarking on CT and CBCT 

The extension of DL landmarking to 3D volumetric data is technically more demanding: the search space 

increases by an order of magnitude, annotated 3D datasets are scarce, and clinical CBCT/CT images frequently 

contain metal artifacts from restorations and appliances. Dot et al. demonstrated automatic 3D cephalometric 

landmarking via DL on a clinically relevant test dataset randomly drawn from presurgical CT scans, of which 

more than 90% contained metal artifacts, and reported accuracy compatible with clinical use in semi-automatic 

workflows [8]. A meta-analysis restricted to 3D automated landmarking found an overall mean error of 2.44 mm 

with very high heterogeneity between studies, but also a statistically significant improvement in accuracy with 

each successive year of publication, indicating rapid algorithmic progress [9]. 

 

IV. Diagnostic Accuracy of AI Landmark Detection: Evidence from Systematic Reviews and 

Meta-Analyses 

The most rigorous synthesis of the first generation of DL landmarking studies is the meta-analysis by 

Schwendicke et al., which included 19 diagnostic accuracy studies published between 2017 and 2020, all 

employing CNNs and mostly using 2D lateral radiographs, with a mean of 30 landmarks tested per study. 

Landmark prediction error centered around the 2-mm threshold conventionally accepted as clinically tolerable, 

and approximately 80% of landmarks were detected within 2 mm. The authors nevertheless judged the risk of bias 

to be high, principally because of data selection and reference-standard conduct, and cautioned that the evidence 

was of limited generalizability and robustness [4]. 

More recent reviews have confirmed and refined these estimates. A 2022 systematic review following 

PRISMA-DTA concluded that AI identifies cephalometric landmarks with accuracy comparable to human 

examiners and superior to earlier machine learning methods [5]. A 2023 meta-analysis reported that automated 

methods and expert examiners did not differ significantly for most landmarks and measurements, while noting 

persistent heterogeneity in study design and reference standards [12]. A systematic review of algorithms published 
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between 2013 and 2023 found that CNN-based systems achieved point-localization accuracy ranging from 64.3% 

to 97.3%, with a mean error of approximately 1.04 mm, although six of the thirteen included studies were judged 

to be at high risk of bias [11]. 

The meta-analysis by Hendrickx et al., with a search extending to January 2024, is the first to pool 2D 

and 3D evidence side by side. AI-driven landmark detection on 2D cephalograms and 3D CBCT images exhibited 

high accuracy and marked time efficiency, with the majority of 2D studies indicating superior automated 

performance; however, the error rates reported by 3D studies were inconsistent, and the authors advised clinicians 

to remain vigilant regarding the risk of inaccurate landmark identification and stressed that generalizability and 

robustness still require improvement [10]. 

Head-to-head diagnostic studies illustrate how these pooled estimates translate to individual algorithms. 

Bulatova et al. compared a YOLOv3-based commercial system with manual tracing on 110 cephalograms from 

the American Association of Orthodontists Foundation Legacy collection, evaluating 16 landmarks; agreement 

was clinically acceptable for most points, but accuracy varied by landmark, reflecting the well-known difficulty 

of structures with poorly defined edges [13]. Jeon and Lee compared measurements generated by an automatic 

CNN-based program with those of a conventional cephalometric program in 35 patients and found that most 

angular and linear parameters did not differ to a clinically meaningful degree, although selected measurements 

dependent on hard-to-locate landmarks showed larger discrepancies [14]. Taken together, the accuracy literature 

supports a consistent conclusion: DL landmarking is at, or very near, expert level for 2D images on average, but 

performance is landmark-specific, dataset-dependent, and less mature in 3D. 

 

V. Beyond Landmarks: AI in Orthodontic Diagnosis and Decision Support 
A. Automated skeletal classification 

A conceptually different approach bypasses explicit landmarking altogether and trains a network to 

output a diagnostic category directly from the image. Yu et al. developed an AI system for automated sagittal and 

vertical skeletal classification from lateral cephalograms and reported classification accuracy exceeding 90% 

when compared with expert diagnosis, establishing end-to-end image-to-diagnosis as a viable paradigm [15]. Kim 

et al. subsequently trained a deep CNN on 1,574 cephalometric images classified by ANB angle into Class I, II, 

and III, and compared its performance with an automated-tracing AI software that derives the classification from 

three detected landmarks; the direct DCNN classifier produced an immediate diagnosis and performed at least as 

well as the landmark-based pipeline, suggesting that the two strategies may be complementary [16]. 

 

B. Extraction and treatment-planning decisions 

The use of neural networks for treatment decisions predates the DL era. Jung and Kim trained a neural 

network on cephalometric and model measurements to determine whether a patient required extraction and, if so, 

which extraction pattern was indicated, reporting high agreement with expert orthodontists and thereby 

demonstrating that AI could support one of the most consequential decisions in orthodontic planning [17]. The 

scoping review by Gracea et al. identified 22 treatment-planning studies covering extraction decisions, 

orthognathic surgery need, growth prediction, and soft-tissue outcome prediction; the authors concluded that AI 

shows potential in improving time efficiency and reducing operator variability, but that its accuracy and reliability 

have not yet consistently surpassed those of expert clinicians, so that human supervision remains essential at all 

moments [3]. 

 

VI. Independent Validation of Commercial AI Cephalometric Platforms 

A critical distinction must be drawn between algorithm-development studies, in which a model is 

evaluated on a held-out subset of the same dataset used for training, and independent validation of commercial 

products in a clinical setting. The latter is far scarcer and considerably more sobering. Mercier et al. analyzed 408 

lateral cephalograms with three methods — manual landmark localization, fully automatic AI localization, and 

semi-automatic AI localization with clinician correction — across 15 skeletal, dental, and soft-tissue variables. 

Statistically significant differences in landmark positioning were detected among the three techniques, although 

almost all were not clinically significant; the semi-automatic option was more accurate than the fully automatic 

one and faster than conventional tracing, whereas the fully automatic version tended to systematically over- or 

underestimate specific measurements [18]. 

The most demanding test to date concerns AI cephalometry performed on CBCT volumes. Kazimierczak 

et al. evaluated two commercial platforms in 135 patients who had undergone concurrent CBCT and lateral 

cephalometric imaging, using manual 2D Steiner and Ricketts analyses as the reference standard. Both systems 

showed systematic bias for key skeletal and dental measures: for one platform, SNA differed by +3.40°, SNB by 

+5.88°, and ANB by −2.48°, with 95% confidence intervals for sentinel angles commonly exceeding ±2°. The 

authors concluded that, in their current form, the evaluated AI CBCT cephalometry tools do not match manual 

2D cephalometry closely enough for standalone clinical use, because differences of 3–6° in core sagittal angles 
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are large enough to change diagnosis and treatment plans [19]. This finding does not contradict the favorable 

meta-analytic evidence on 2D landmarking; rather, it exposes the gap between landmark-level accuracy reported 

in research settings and measurement-level reliability of proprietary systems whose training data, architectures, 

and validation procedures are undisclosed. 

 

VII. Clinical Integration: Workflow, Time Efficiency, Education, and Human Oversight 

A. Time efficiency and workflow 

The most robust and consistent advantage of AI cephalometry is speed. Across the systematic literature, 

automated landmarking is completed in seconds rather than the 10–20 minutes typically required for manual 

digital tracing, and the meta-analysis by Hendrickx et al. identified time efficiency as a benefit common to both 

2D and 3D systems [10]. In the diagnostic study by Mercier et al., the fully automatic mode was the fastest, 

followed by the semi-automatic mode, with conventional digital tracing the slowest, and the semi-automatic mode 

combined this speed advantage with the highest accuracy among the AI options [18]. This favors a workflow in 

which AI produces an initial landmark set that the clinician reviews and corrects — a model that preserves the 

efficiency gain while retaining professional accountability. 

 

B. Human oversight as a design requirement 

Every systematic review and scoping review included in this synthesis, from 2021 to 2025, converges on 

the same recommendation: AI cephalometry should be implemented as a decision-support tool under expert 

supervision, not as an autonomous diagnostic system [3,4,10]. The commercial validation studies transform this 

from a precautionary principle into an empirical necessity, since systematic biases of several degrees in SNA, 

SNB, and ANB would be invisible to a clinician who did not verify the output [19]. Landmark-specific verification 

is particularly important for points with historically low success detection rates, such as gonion, orbitale, porion, 

and the soft-tissue profile. 

 

C. Education and expertise 

AI landmarking offers educational value beyond clinical efficiency. For orthodontic residents and general 

dentists, automated tracing with confidence estimates can serve as an immediate reference against which manual 

identification is compared, accelerating skill acquisition. Conversely, over-reliance on automated outputs risks 

the erosion of landmarking competence, which remains essential precisely because supervision of AI presupposes 

the ability to recognize its errors. The systematic review by Bichu et al. noted that translation of AI into clinical 

practice has lagged behind the volume of publications, in part because of such workforce and training 

considerations [1]. 

 

VIII. Limitations of the Current Evidence and Research Gaps 

Several limitations recur across the literature. First, most algorithm-development studies use a single 

imaging device, a single institution, and a single population, so that reported accuracy overestimates real-world 

performance; multi-center, multi-device, and multi-ethnic datasets such as those used by Kim et al. and Dot et al. 

remain the exception [7,8]. Second, reference standards are inconsistent: some studies rely on one annotator, 

others on the consensus of several, and few report the intra- and inter-examiner reliability of the reference itself, 

even though this ceiling limits the maximum achievable accuracy of any model [4]. Third, risk of bias is high in 

the majority of included studies according to QUADAS-2 assessments [4,11]. Fourth, commercial systems are 

rarely subjected to external validation, and when they are, systematic biases emerge that are absent from vendor-

reported figures [18,19]. Fifth, 3D landmarking on CBCT remains markedly less mature than 2D, with mean 

errors above 2 mm and inconsistent results across studies [9,10]. Finally, outcome measures are almost exclusively 

technical (mean radial error, success detection rate); no study has yet demonstrated that AI cephalometry improves 

treatment decisions, treatment outcomes, or patient-reported outcomes — the clinical endpoints that ultimately 

justify adoption. 

Priority research directions therefore include: prospective, multi-center validation studies of commercial 

platforms with pre-registered protocols; standardized reporting of AI diagnostic accuracy studies in dentistry; 

open benchmark datasets that reflect ethnic, age, and device diversity; uncertainty quantification that flags low-

confidence landmarks for mandatory review; and, above all, trials linking AI-assisted diagnosis to treatment 

decisions and outcomes. 

 

IX. National Interest and Significance 

The relevance of AI-assisted cephalometry extends beyond the specialist practice. In large public and 

mixed health systems — including the United States, where orthodontic specialists are concentrated in urban areas 

and Medicaid orthodontic eligibility depends on standardized severity indices, and Brazil, where the Unified 

Health System (SUS) delivers primary oral health care through the Family Health Strategy with limited access to 
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specialist referral — a substantial share of malocclusion screening is performed by general dentists without 

immediate access to an orthodontist. In these settings, an accurate, supervised AI cephalometric tool can 

standardize the initial skeletal assessment, reduce the variability of eligibility determinations, shorten the time 

between screening and specialist referral, and make interceptive treatment windows in growing patients more 

likely to be captured. 

The value of capturing these interceptive windows has been quantified in a complementary narrative 

review published in this journal by Temponi et al., which examined the use of AI for the prediction of skeletal 

growth and the optimization of orthopedic and orthodontic treatment timing [20]. Reviewing literature from 1982 

to 2026, the authors reported that deep-learning models achieve pooled accuracies of approximately 80–95% for 

staging skeletal maturation from cervical vertebral maturation on lateral cephalograms and from hand-wrist 

radiographs, frequently matching or exceeding inter-observer agreement among clinicians, and highlighted that 

sex acts as both a biological and an algorithmic modifier of performance, with several systems showing lower 

accuracy in male patients during the pubertal window most relevant to treatment timing [20]. Of particular 

relevance to the present discussion, Temponi et al. framed timing accuracy as a cost variable within the U.S. fee-

for-service dental economy: a missed or mistimed growth window may convert an interceptive-treatment 

candidate (approximately US$2,000–4,500) into a combined orthodontic-orthognathic surgical candidate 

(approximately US$20,000–40,000), a differential borne by families and public payers; they further argued that, 

in Texas — where a large Medicaid-enrolled pediatric population coincides with extensive dental Health 

Professional Shortage Area designations — AI-based growth staging derived from the single cephalogram already 

obtained for routine diagnosis could offer disproportionate value where serial specialist monitoring is least 

feasible, and could improve the reproducibility of documentation submitted for Medicaid prior authorization under 

the Handicapping Labio-Lingual Deviation Index [20]. Automated landmark detection, the subject of the present 

review, is the technical foundation on which such growth-stage prediction rests, since the same cephalometric 

image and landmark set feed both the diagnostic and the timing algorithms; the two lines of evidence therefore 

converge on a single conclusion, namely that supervised AI cephalometry can extend specialist-level assessment 

to access-constrained, publicly funded settings, provided that sex-stratified calibration and independent validation 

precede deployment [20]. 

The same evidence base also defines the boundaries of responsible deployment. The demonstrated 

systematic biases of commercial CBCT-based systems [19] imply that public payers and health authorities should 

require independent validation before AI outputs are accepted as the basis for coverage decisions or treatment 

authorization. From a regulatory standpoint, the transition of AI cephalometry from research tool to medical 

device demands the same standards of external validation, transparency of training data, and post-market 

surveillance that apply to other diagnostic technologies. Investment in these safeguards is in the national interest 

of any health system seeking to expand equitable access to orthodontic diagnosis without sacrificing diagnostic 

quality. 

 

X. Conclusion 

Artificial intelligence has transformed cephalometric analysis from a manual, examiner-dependent 

procedure into a task that can be automated in seconds with accuracy approaching expert level on 2D lateral 

cephalograms. Pooled evidence places DL landmark error at or near the 2-mm clinical threshold, and end-to-end 

models for skeletal classification and extraction decision support achieve accuracies above 90% in controlled 

datasets. Nevertheless, three caveats define the current state of the art: accuracy is landmark-specific and dataset-

dependent; 3D landmarking on CBCT remains less mature and more heterogeneous; and independent validation 

of commercial platforms reveals systematic biases — clinically relevant in CBCT-based systems — that vendor-

reported figures do not disclose. The evidence therefore supports the clinical integration of AI cephalometry as a 

supervised decision-support tool, preferably in semi-automatic workflows in which the clinician reviews and 

corrects automated landmarks. Fully autonomous diagnostic use is not yet justified. Closing this gap will require 

multi-center external validation, transparent reporting, uncertainty-aware software design, and studies that connect 

AI-assisted diagnosis to treatment decisions and outcomes. 
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