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Abstract: 
Accurate cephalometric landmark identification is challenging because manual tracing is time-consuming, operator-dependent and 
prone to observer variability. Therefore, it is of interest to compare the AI-assisted and manual identification of 20 landmarks on 120 
pre-treatment lateral cephalograms. Mean landmark error was 1.08 ± 0.46 mm manually and 1.34 ± 0.62 mm with AI, with lower AI 
accuracy for bilateral and low-contrast landmarks. AI significantly reduced tracing time to 0.74 ± 0.21 min versus 8.42 ± 1.36 min 
manually (p < 0.001). Thus, data shows that AI provides clinically acceptable accuracy with substantial time savings, although expert 
verification remains necessary for anatomically ambiguous landmarks. 
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Background: 
Cephalometric analysis is a basic diagnostic technique in 
orthodontics, dentofacial orthopedics and orthognathic 
treatment planning. Standardized radiographic cephalometry 
has enabled clinicians to measure the skeletal relationships, 
dental inclinations, facial soft tissue balance, growth changes 
and treatment effects in a reproducible manner through the use 
of craniofacial landmarks since its introduction [1]. However, an 
accurate cephalometric interpretation relies on the correct 
localization of anatomical points. Landmarks that are placed 
incorrectly can change angular and linear measurements, 
diagnostic classification and treatment decisions in borderline 
skeletal and/or extraction cases [2]. Manual cephalometric 
tracing is regarded as the clinical reference technique due to its 
ability to resolve image ambiguity, visual judgement and 
anatomical knowledge. However, it is time consuming and 
subject to intra- and inter-observer variation. The identification 
of landmarks is particularly prone to error in areas where 
bilateral structures are superimposed, radiographic contrast is 
poor, the cortex is thin and soft-tissue borders are present. Errors 
have been demonstrated to be not evenly distributed across 
landmarks, some are consistently reliable, others have clinically 
relevant errors with dispersion, even when traced by 
experienced clinicians [3]. Digital cephalometric software 
facilitated storage, magnification, calculation of measurements 
and sharing of records, but it did not eliminate the subjective 
nature of landmark placement. In the conventional digital 
tracing, the operator has to define each anatomical point 
manually or semi-automatically. Thus, while digital tools 
decrease the risk of arithmetic and drafting mistakes, the 
reliability of the diagnosis remains very much reliant on human 
landmark selection. This restriction has spurred the research of 
automated landmark-detection techniques using image 
processing, statistical shape analysis, machine learning and deep 
learning [4]. The advent of deep learning has altered the course 
of automated cephalometry, as convolutional neural networks 
are able to learn the patterns of radiographs directly from 
annotated images. The use of modern detection architectures has 
been demonstrated in public benchmark challenges and 
comparative studies to be able to detect multiple cephalometric 
landmarks with errors that are close to the range of trained 
human observers under controlled imaging conditions [5]. Fully 

automated quantitative cephalometry has also shown that 
algorithmic systems can produce landmark coordinates and 
cephalometric measurements without the need for manual 
digitization of the landmarks, which opens the door to rapid 
chairside analysis and large-scale orthodontic data processing 
[6]. In recent years, object-detection and convolutional 
architectures have been used to achieve significant gains in 
speed and localization accuracy. The performance of the various 
deep-learning methods depends on the number of training 
radiographs, the quality of the annotations, the definition of the 
landmarks, the quality of the radiographs, the skeletal pattern 
and the image preprocessing. Automated systems could be very 
accurate for clear midline skeletal landmarks, but may have 
larger deviations for porion, orbitale, condylion, gonion, root 
apex and soft-tissue points, where the anatomical borders are 
less distinct [7]. It is therefore crucial to evaluate these systems in 
comparison with human examiners before they can be used as 
independent diagnostic systems [8]. Mean error is not the only 
measure that needs to be evaluated in a clinically relevant 
comparison. The percentage of landmarks detected within a 
defined clinical range, the agreement in the cephalometric 
measurements derived the impact on the diagnostic 
classification and time savings are all equally significant. In 
research, a mean radial error of less than 2 mm is generally 
accepted as a practical criterion, but this may have different 
clinical significance depending on the landmark and the 
cephalometric measurement involved [9]. Furthermore, if the 
point is on a short reference segment or close to a critical 
diagnostic plane, a small error in the coordinates may have a 
significant impact on the angle measurements [10]. AI's use in 
orthodontics should be carefully validated. While automatic 
landmarking can help to increase the efficiency of the workflow, 
reduce repetitive manual tasks and facilitate consistent 
preliminary tracing, radiographic artifacts, anatomic variation, 
differences in growth stage, orthodontic appliances, facial 
asymmetry and syndromic features can pose a challenge to 
automated algorithms. As of now, there is some evidence that AI 
has the potential to be promising but needs to be supervised by 
the clinician, particularly for definitive diagnosis, treatment 
planning, or surgical simulation [11]. Therefore, it is of interest to 



ISSN 0973-2063 (online) 0973-8894 (print)  

©Biomedical Informatics (2026) Bioinformation 22(7): 4170-4175 (2026) 
 

4172 

 

compare the manual and AI identification of cephalometric 
landmarks on a set of standard lateral cephalograms.  
 
Materials and Methods: 
Study design and setting:  

This was an original observational comparative study that used 
anonymized pretreatment digital lateral cephalograms in an 
orthodontic diagnostic laboratory. The study was conducted as 
an in vitro/digital image analysis study since all measurements 
were made on the radiographic records without any direct 
patient intervention. The primary outcome was Euclidean 
landmark identification error (mm) and secondary outcomes 
were landmark detection within clinical thresholds, 
cephalometric measurement agreement and tracing time.  
 
Sample size:  
A total of 120 lateral cephalograms were included. Based on a 
preliminary pilot assessment of 20 images, the minimum sample 
size was calculated to be 100 radiographs at a power of 80% and 
alpha error of 0.05. Finally, 120 radiographs were chosen to 
compensate for the variability of the images and possible 
exclusions.  
 
Inclusion criteria:  
Digital lateral cephalograms of patients aged 12 to 30 years were 
included if the image provided good visibility of the cranial 
base, maxilla, mandible, dentition and soft-tissue profile of the 
face. Images were only considered if they were taken in natural 
head position and with teeth in maximum intercuspation and 
lips at rest. The radiographs needed to be in DICOM or high 
resolution TIFF format and included a calibration ruler or a 
pixel-to-millimeter scale. The exclusion criteria were as follows: 
images with craniofacial syndromes, cleft lip or palate, previous 
orthognathic surgery, trauma-related skeletal deformity, 
excessive motion blur magnification distortion, incomplete soft-
tissue profile, extensive metallic artifacts obscuring landmarks 
and missing calibration data. Repeat radiographs of the same 
patient were not included.  
 
Image standardization:  
All images were anonymized and transferred to the 
cephalometric analysis software which was calibrated for the 
purpose. Only geometric correction to improve visualization 
was not performed, as contrast and brightness were 
standardized. All the radiographs were given a coded 
identification number. The AI-based tracing module 
automatically generated the coordinates for all the landmarks 
selected and manual tracing was done separately on the same 
images. Twenty landmarks were chosen to represent the skeletal, 
dental and soft-tissue areas. Sella, nasion, orbitale, porion, 
anterior nasal spine, posterior nasal spine, A point, B point, 
pogonion, menton, gonion, condylion, articulare and gnathion 
were the skeletal landmarks used. Dental landmarks were the tip 
of the upper incisor, the apex of the upper incisor, the tip of the 
lower incisor and the apex of the lower incisor. Soft-tissue 
landmarks were soft-tissue nasion and soft-tissue pogonion. This 

set was selected because it contained relatively stable landmarks 
as well as landmarks that were known to be difficult because of 
superimposition or low contrast. Manual tracing: Manual tracing 
was carried out by two orthodontists with over 5 years of 
experience, who traced independently. All examiners were 
calibrated prior to data collection with 15 cephalograms which 
were not part of the final sample. A written operational guide 
was used to identify landmarks. Intra-examiner reliability was 
determined after four weeks when 30 randomly selected 
radiographs were re-traced by each examiner. After 
discrepancies of > 2 mm were resolved by joint review, a 
consensus reference standard was created by averaging the 
coordinates of both examiners.  
 
AI-based landmark identification:  

Automated tracing was carried out with a commercially 
available AI cephalometric analysis system with deep-learning 
landmark recognition. The system gave x-and y-coordinate 
values for all landmarks and automatically computed standard 
cephalometric measurements. There was no manual correction 
prior to the main analysis, which was intended to assess the raw 
performance of AI. Gross coordinate export errors were not 
detected and were only manually verified after data export. 
 
Outcome measurements:  

The differences between the x-axis and the y-axis of each 
landmark and the Euclidean distance from the consensus 
reference standard were calculated for each landmark. The main 
accuracy criterion was mean radial error. Landmarks were also 
considered clinically acceptable if within 1 mm, 2 mm and 3 mm 
of the reference coordinate. Cephalometric measurements were 
SNA, SNB, ANB, mandibular plane angle, upper incisor to NA 
angle, lower incisor to NB angle and soft-tissue facial convexity. 
The time elapsed from the opening of the image until the 
completion of the landmark coordinates was recorded.  
 

Data analysis: 
Data were entered into a spreadsheet and analyzed by using the 
standard statistical software. Continuous variables were 
presented as mean ± SD. The Shapiro-Wilk test was used to 
determine normality. Paired comparisons were conducted 
between repeated manual tracing and AI tracing by paired t-test 
or Wilcoxon signed-rank test based on the distribution of the 
data. Repeated-measures analysis of variance with Bonferroni 
adjustment was used for region-wise comparisons. Intraclass 
correlation coefficients and Bland-Altman limits of agreement 
were used to assess agreement for cephalometric measurements. 
The p-value of < 0.05 was regarded as statistically significant. 
 
Results: 
All 120 cephalograms met the inclusion criteria and were 
included in the final analysis. The mean age of the sample was 
18.6 +/- 4.2 years, with 68 females (56.7%) and 52 males (43.3%). 
Image calibration was successful for all radiographs. No 
landmark was missing from the automated output, although 
some landmarks showed larger coordinate dispersion on visual 
review. Repeated manual tracing demonstrated lower mean 
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Euclidean error than AI-driven tracing when both methods were 
compared with the consensus reference standard. The overall 
mean error was 1.08 +/- 0.46 mm for repeated manual tracing 
and 1.34 +/- 0.62 mm for AI tracing (mean difference 0.26 mm; 
95% CI 0.18 to 0.34; p < 0.001). AI tracing produced a markedly 
shorter completion time than manual tracing. The mean manual 
tracing time was 8.42 +/- 1.36 minutes per radiograph, whereas 
the mean AI tracing time was 0.74 +/- 0.21 minutes (p < 0.001). 
Region-wise analysis showed that AI performed best for midline 
skeletal landmarks and least accurately for 
bilateral/superimposed skeletal landmarks. Dental landmark 
errors were intermediate, while soft-tissue landmarks showed 
variable performance depending on profile contrast. The highest 
AI error was recorded for condylion and gonion, while sella, 
nasion, A point and B point showed comparatively lower 
deviations. Table 1 shows that AI-driven landmark 

identification substantially reduced tracing time but showed a 
statistically higher mean coordinate error compared with 
repeated manual tracing. Despite this difference, most AI-
generated landmarks were within the 2-mm clinical threshold. 
Table 2 shows that landmark behavior differed according to 
anatomical region. The difference between methods was greatest 
for bilateral or superimposed skeletal landmarks, supporting the 
need for clinician review when automated coordinates are 
placed on anatomically complex structures. Table 3 shows high 
agreement between the two methods for most cephalometric 
measurements. The strongest agreement was observed for SNA 
and SNB, whereas slightly lower agreement was observed for 
dental inclination and mandibular plane measurements. 
Diagnostic skeletal class changed in 7 of 120 cases (5.8%) when 
raw AI measurements were used without manual correction.

 
 Table 1: Sample characteristics, tracing time and overall landmark identification performance 

Parameter Manual method AI-driven method p-value 

Number of cephalograms 120 120 - 
Total landmarks assessed 2400 2400 - 
Mean tracing time per image 8.42 +/- 1.36 min 0.74 +/- 0.21 min <0.001 
Overall Euclidean error 1.08 +/- 0.46 mm 1.34 +/- 0.62 mm <0.001 
Landmarks within 1 mm 49.7% 41.3% 0.014 
Landmarks within 2 mm 89.4% 82.6% 0.006 
Landmarks within 3 mm 97.8% 94.5% 0.032 

 
Table 2: Region-wise landmark identification error compared with consensus reference standard 

Landmark region No. of landmarks Manual error (mm) AI error (mm) p-value 

Midline skeletal (S, N, ANS, PNS, A, B, Pog, Me, Gn) 9 0.92 +/- 0.38 1.08 +/- 0.44 0.008 
Bilateral/superimposed skeletal (Or, Po, Go, Co, Ar) 5 1.32 +/- 0.51 1.72 +/- 0.73 <0.001 
Dental landmarks (U1 tip/apex, L1 tip/apex) 4 1.10 +/- 0.43 1.39 +/- 0.58 0.003 
Soft-tissue landmarks (N' and Pog') 2 0.98 +/- 0.41 1.28 +/- 0.55 0.011 

 
Table 3: Agreement for selected cephalometric measurements and diagnostic acceptability 

Measurement Manual mean +/- SD AI mean +/- SD ICC (95% CI) Mean difference 

SNA (degrees) 81.92 +/- 3.64 82.18 +/- 3.71 0.94 (0.91-0.96) +0.26 degrees 
SNB (degrees) 78.46 +/- 3.88 78.29 +/- 3.94 0.93 (0.90-0.95) -0.17 degrees 
ANB (degrees) 3.46 +/- 2.15 3.89 +/- 2.22 0.89 (0.84-0.92) +0.43 degrees 
Mandibular plane angle 31.28 +/- 5.94 31.86 +/- 6.10 0.88 (0.82-0.91) +0.58 degrees 
U1 to NA angle 23.74 +/- 6.42 24.31 +/- 6.71 0.86 (0.79-0.90) +0.57 degrees 
L1 to NB angle 27.16 +/- 6.02 26.68 +/- 6.28 0.85 (0.78-0.89) -0.48 degrees 
Soft-tissue convexity 13.82 +/- 4.91 14.26 +/- 5.04 0.87 (0.81-0.91) +0.44 degrees 

 
Discussion: 

The current study aimed to evaluate the accuracy of manual and 
automatic cephalometric landmark identification in a structured 
digital sample and clinically relevant outcomes. The primary 
result was that the AI-based tracing was much quicker than 
manual tracing and that it was of an acceptable quality for most 
of the landmarks, but not as precise as the manual landmark 
placement by the experts. The overall AI error was 1.34 +/- 0.62 
mm, which falls within the range generally deemed useful for 
preliminary clinical analysis, but with lower accuracy for 
selected landmarks, automated tracing should be used as a 
decision support tool and not as a substitute for professional 
interpretation. The difference between manual and AI tracing 
was statistically significant; however, the difference was small. 
This is significant because it is possible for a dataset of many 
coordinates to be statistically significant without having much 
clinical significance. Of the current data, 82.6% of AI landmarks 

were within 2 mm of the consensus reference, indicating that the 
AI landmarks could be useful in routine screening and workflow 
acceleration. About one in six AI landmarks, however, surpassed 
the 2 mm mark, with a smaller number surpassing the 3 mm 
mark. These outliers are clinically significant as one misplaced 
landmark can change important angular or linear values. There 
was not a consistent error pattern across anatomical regions. AI 
was more successful at identifying midline skeletal landmarks 
than bilateral or superimposed skeletal landmarks. This is 
biologically and radiographically plausible because the 
radiographic appearance of the points such as sella and nasion is 
relatively constant, whereas the points of condylion, gonion, 
porion and orbitale are frequently subject to bilateral overlap 
and ambiguous cortical boundaries. These same issues have 
been highlighted in the important reproducibility literature and 
are also applicable to automated systems [12]. Moderate 
deviation was also observed in the dental landmarks. Root 
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apices are frequently identifiable, but sometimes may be 
obscured by superimposition, root morphology, alveolar bone 
density and image contrast. This may be due to the slightly 
lower agreement with dental inclination measurements as 
compared to sagittal skeletal measurements. Careful 
consideration of automated dental landmarks should be made 
prior to accepting the final tracing as incisor inclination is a 
significant factor in extraction planning, camouflage and 
anchorage control. The intermediate accuracy was obtained for 
soft-tissue landmarks. The AI method was able to reasonably 
identify soft-tissue profile points, but the soft-tissue contrast and 
lip posture were factors that influenced the performance. Soft-
tissue analysis is becoming more relevant in clinical 
orthodontics, since not only skeletal correction is the goal of 
treatment. When the profile outline is unclear or lips are not 
relaxed, automated tracing can help in a quick evaluation of the 
profile, but it is still necessary to confirm the profile with 
landmarks. Time efficiency was the greatest benefit of AI in this 
current study. On average, it took over 8 minutes to manually 
trace each cephalogram, while AI tracing took less than 1 
minute. The difference is significant in the busy orthodontic 
office, teaching institutions and research environments where 
many cephalograms must be traced. A fast, automated output 
can be used as a first draft which is then reviewed and edited by 
the clinician. This combination of the two could help maintain 
the diagnostic role and minimize repetitive workload. The 
agreement on the measurements is consistent with this. The ICC 
values were high for sagittal skeletal measurements and slightly 
lower for the mandibular plane and dental measurements. This 
indicates that the cephalometric values obtained from AI could 
be useful for general screening of skeletal pattern but may not be 
as reliable in borderline cases where the difference in the values 
could influence diagnosis. For instance, a difference of less than 
one degree may not be significant in a clear Class I or Class III 
case, but may be significant in a borderline case. The current 
results align with the overall trend of recent cephalometric 
studies using AI, which have showed high accuracy and 
significant computational efficiency [13]. Concurrently, 
systematic reviews have highlighted the variability in model 
performance based on datasets, landmarks, imaging modalities 
and model validation methods [14]. The clinical message is thus 
balanced: AI can speed up and standardize cephalometric 
workflow, but should be evaluated under local radiographic 
conditions and under the supervision of trained orthodontic 
staff. One relevant concern is the generalizability. AI systems are 
trained with certain datasets and the accuracy of the AI is 
dependent on the diversity and quality of the training images. 
The model may not be as effective when applied to images with 
poor contrast, mixed dentition, craniofacial asymmetry, 
orthodontic appliances, or unusual skeletal morphology. This is 
one of the reasons why external validation is important prior to 
the use of automated systems as a routine diagnostic tool [15]. 
The other is the level of clinical acceptability. The 2 mm criterion 
is widely used in cephalometric landmark studies, but is not 
suitable for all landmarks and measurements. Angular values 
may be affected by small errors in some landmarks, but not 

others, where errors of over 2 mm do not affect the clinical 
interpretation. Thus, measurement level and diagnosis level 
outcomes should be included in future validation, in addition to 
coordinate error [16]. In a clinical context, an AI-supported 
tracing process with manual verification could be the most 
beneficial workflow. This model involves the AI creating the 
initial tracing, the orthodontist checking the landmarks that have 
a higher chance of error and the corrections made prior to 
diagnosis. This workflow could be particularly useful in 
postgraduate education, where it could introduce students to the 
variability of coordinates and help them to critically assess the 
output of the automated workflow. It can also help standardise 
research by minimising arbitrary manual differences in large 
datasets. There are a few limitations to this study. It was based 
on lateral cephalograms alone and the results cannot be directly 
applied to three-dimensional CBCT landmarking. While the 
sample size was sufficient, poor-quality radiographs were 
excluded and this could have enhanced the manual and AI 
accuracy. The AI platform was tested as a single automated 
system and performance may vary between commercial or 
research algorithms. The consensus reference standard was 
derived from the manual tracing by experts, which is practical 
but not a true anatomical standard. Multicenter radiographic 
datasets, various age groups, mixed dentition cases, severe 
skeletal deformities, cleft and syndromic cases and direct 
comparison between various AI platforms should be included in 
future studies. The impact of AI-derived measurements at the 
diagnosis level should also be explored, such as how AI impacts 
on extraction decisions, growth modification planning, 
simulation of orthognathic surgery and evaluation of treatment 
outcomes. Furthermore, there will be a need for responsible 
clinical implementation of algorithms, which will require 
transparent reporting of algorithm training, validation and 
failure patterns [17, 18]. Artificial intelligence-based landmark 
identification has demonstrated close agreement with manual 
three-dimensional tracing for most anatomical coordinates, 
supporting its potential to improve efficiency in dentofacial 
diagnosis and treatment planning [19]. However, the accuracy of 
automated cephalometric analysis varies among commercial 
platforms and specific measurements, indicating that software-
specific validation and clinician supervision remain essential 
before routine diagnostic use [20]. Recent CBCT-based 
evaluations have identified clinically important systematic bias 
in key sagittal measurements, suggesting that current AI systems 
cannot yet replace conventional reference methods without 
professional verification [21]. Differences in automated 
landmark localization are more evident at anatomically complex 
points, reinforcing the need for manual verification of critical 
landmarks despite the high overall reproducibility of AI-assisted 
analysis [22]. 
 
Conclusion: 
AI-based cephalometric landmarking showed significantly 
greater time efficiency with clinically acceptable accuracy for 
most landmarks. Errors were lowest for stable midline skeletal 
landmarks and highest for soft-tissue, bilateral, superimposed 
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and dental root landmarks. Thus, AI should support rather than 
replace clinical judgement, with manual verification remaining 
essential for accurate diagnosis and treatment planning. 
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