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Abstract 

Background: General-purpose multimodal artificial intelligence (AI) systems can analyze radiographic images, but their numerical 
consistency for quantitative orthodontic measurements is unknown. Objective: To compare the inter-model agreement of ChatGPT, 
Claude, and Grok when estimating standardized Italian Board of Orthodontics (IBO) cephalometric measurements on the same 
lateral cephalograms. Methods: Twenty pre-existing lateral cephalograms from 20 patients aged 10-60 years were analyzed by 
ChatGPT, Claude, and Grok with the same standardized prompt. Twelve IBO parameters were requested. Three linear measurements 
were excluded because metric calibration was not validated, leaving nine angular parameters. Model-specific descriptive statistics, 
pairwise mean absolute differences (MAD), root mean square error, and two-way absolute-agreement single-measure intraclass 
correlation coefficients (ICC) were calculated. Friedman tests with Holm correction assessed systematic differences between models. 
Results: Complete-case sample size ranged from 16 to 20 across angular parameters. ICCs were poor for all nine measurements 
(0.03-0.26). Pooled pairwise MADs were 2.14 degrees for ChatGPT-Claude, 2.71 degrees for ChatGPT-Grok, and 2.59 degrees for 
Claude-Grok. No angular parameter showed a statistically significant systematic difference among models after Holm correction. 
Conclusions: ChatGPT, Claude, and Grok produced broadly similar group-level cephalometric estimates but poor case-level 
numerical agreement. General-purpose multimodal AI systems should not be considered interchangeable cephalometric 
measurement tools. Validation against an expert human reference standard is required before clinical use. 

Keywords: Artificial intelligence; Cephalometry; Large language models; Multimodal artificial intelligence; Orthodontics; 
Reliability. 
Key Messages 

General-purpose multimodal AI systems can generate structured cephalometric measurements, but similar average values do not imply case-level 
interchangeability. In this study, ChatGPT, Claude, and Grok showed poor inter-model agreement across all nine analyzable angular parameters. 
Expert-supervised validation remains necessary before these systems are used for clinical cephalometric measurement. 

 دراسة مقارنة استكشافیة : IBOلقیاسات الرأس العرضیة المعتمدة على  Grokو  Claudeو ChatGPTاتفاق بین النماذج بین 
 الخلاصة 
: مقارنة الاتفاق بین نماذج  الھدف  غیر معروف.: یمكن لأنظمة الذكاء الاصطناعي متعددة الوسائط العامة تحلیل الصور الشعاعیة، لكن اتساقھا العددي للقیاسات الكمیة لتقویم الأسنان  الخلفیة

ChatGPT  ) وكلود وغروك عند تقدیر قیاسات الرأس القیاسیة المعیاریة لمجلس تقویم الأسنان الإیطاليIBO  (.تم تحلیل عشرین رقاقة جانبیا موجودا مسبقا الطرائق  على نفس المقاطع الجانبیة :
تم استبعاد ثلاثة قیاسات خطیة لأن  .  IBOباستخدام نفس الطلب المعیاري. تم طلب اثني عشر معاملة    Grokو  Claudeو   ChatGPTعاما بواسطة    60- 10مریضا تتراوح أعمارھم بین    20من  

والخطأ المتوسط التربیعي )،  MADمات زاویة. تم حساب إحصاءات وصفیة خاصة بالنموذج، والفروق المطلقة المتوسطة الزوجیة (المعایرة المتریة لم نتحقق من صحتھا، مما ترك تسعة معل
: تراوح حجم العینة  النتائجالنماذج.    الفروق المنھجیة بینالجذري، ومعاملات الارتباط داخل الفئة ذات التوافق المطلق ذو التوافق المطلق ثنائي الاتجاه. قیمت اختبارات فریدمان مع تصحیح ھولم  

-ChatGPTدرجة ل    2.14). كانت معدلات التفاعل المزدوج المجمعة  0.26-0.03ضعیفة لجمیع القیاسات التسعة (  ICCعبر المعلمات الزاویة. كانت مؤشرات    20و   16في الحالة الكاملة بین  
Claude ،درجة ل  2.71وChatGPT-Grok  ،درجة ل    2.59وClaude-Grok . .الاستنتاجاتلم یظھر أي معلمة زاویة وجود فرق منھجي ذو دلالة إحصائیة بین النماذج بعد تصحیح ھولم  :

ار أنظمة الذكاء الاصطناعي وكلود، وغروك تقدیرات رأسیة متشابھة إلى حد كبیر على مستوى المجموعة ولكن في التوافق العددي ضعیف على مستوى الحالة. لا ینبغي اعتب  ChatGPTقدم  
 عیار البشري للخبیر المرجعي البشري.متعددة الوسائط العامة أدوات قیاس رأسیة قابلة للتبادل. یتطلب الاستخدام السریري التحقق من الم
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INTRODUCTION 

Cephalometric analysis remains an essential 
quantitative component of orthodontic diagnosis, 
treatment planning, growth assessment, and evaluation 
of treatment outcomes. Its reliability depends on 
reproducible localization of anatomical landmarks and 
consistent construction of skeletal and dentoalveolar 
measurements. Both analogue and digital methods are 
affected by observer-related and landmark-related 

variability, although contemporary digital tracing can 
provide efficient and reproducible measurements [1,2]. 
Artificial intelligence has increasingly been 
incorporated into dentistry for image interpretation, 
prediction, and automated measurement [3,4]. In 
orthodontics, automated cephalometric analysis is 
among the most extensively investigated applications. 
Reviews have described the rapid development of 
convolutional neural network-based landmark 
detection and increasingly accurate automated 

https://doi.org/10.54133/ajms.v11i2.3361
mailto:lorenzo.silenziederli@student.univaq.it
https://doi.org/10.54133/ajms.v11i2.3361
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://orcid.org/0000-0002-9423-4689
https://orcid.org/0009-0004-6189-3137
https://orcid.org/0000-0002-0441-3596


Saccomanno et al                                                                                                                   AI agreement in cephalometry 

299 

workflows, while also emphasizing heterogeneity in 
datasets, reference standards, landmarks, and 
definitions of clinically acceptable errors [5-10]. Most 
of this literature concerns purpose-built computer-
vision systems trained specifically to localize 
cephalometric landmarks. Experimental deep-learning 
models have achieved promising performance in 
comparison with human examiners [11-14]. Similarly, 
studies of automated or web-based cephalometric 
platforms have frequently reported satisfactory average 
agreement with conventional or computer-assisted 
tracing but have also identified measurement-specific 
discrepancies, particularly for dental and incisor-
related variables [15-20]. External and commercial 
evaluations have reinforced this mixed picture. 
Human-versus-AI comparisons have found that 
performance differs across applications, landmarks, 
and cephalometric variables [21-25]. Recent 
systematic reviews caution that apparently small 
group-level differences or common 2-mm/2-degree 
thresholds should not be interpreted as proof of 
interchangeability, and they continue to recommend 
expert supervision [26,27]. General-purpose 
multimodal large language models (MLLMs) represent 
a different technological category. Rather than 
executing a deterministic landmark-localization 
pipeline, they integrate visual input with natural-
language reasoning across broad domains. Medical 
imaging research has shown that these systems can 
interpret radiological images, but performance is 
strongly model- and task-dependent and remains 
limited by hallucinations, localization errors, and 
uncertain clinical generalizability [28-32]. Their ability 
to return plausible numerical values may therefore 
exceed their actual measurement reliability. To our 
knowledge, the numerical interchangeability of 
contemporary general-purpose multimodal AI systems 
for standardized lateral cephalometric measurements 
has not been directly evaluated using the same images 
and prompt. This exploratory study compared 
ChatGPT, Claude, and Grok on 20 lateral 
cephalograms using an IBO-based protocol. The 
primary objective was to quantify inter-model 
agreement for angular cephalometric measurements. 
Because no expert human reference tracing was 
available, the study was explicitly designed as an 
agreement study rather than an accuracy study. 

METHODS 

Study design and image sample 

This exploratory retrospective methodological study 
included 20 pre-existing lateral cephalometric 
radiographs from 20 different patients, one radiograph 
per patient, aged 10-60 years. The radiographs had 
been acquired for clinical purposes between 2023 and 
2026 from a private clinical archive. No radiograph 
was obtained specifically for research, and no 
additional radiographic exposure occurred. The sample 
was a non-random convenience sample. Without 
applying predefined clinical or radiographic selection 
criteria, the first 20 records encountered according to 
alphabetical archive order were included. Sex 

distribution was not available in the archived dataset 
and was not used in the analysis. This sampling 
procedure was chosen for feasibility and was not 
intended to provide a population-representative 
sample. The same 20 image files were submitted to 
each AI system. The images were used in the form 
retrieved from the archive, without investigator-
applied cropping, brightness or contrast adjustment, 
resizing, enhancement, or other preprocessing. No 
cephalometric landmarks, lines, or manual tracings had 
been superimposed on the radiographs. Each image 
was mapped to a study case during data extraction to 
allow case-by-case statistical comparison among the 
three AI systems. 

AI systems and standardized prompting 

The evaluated systems were ChatGPT (GPT-5.6 Sol, 
OpenAI), Claude Sonnet 5 (Anthropic), and Grok 4.6 
(xAI). All analyses were performed on 28 August 
2026. Model names were recorded as displayed or 
identified for the systems used on the study date. Each 
platform received the same set of 20 radiographs and 
the same standardized Italian-language prompt. The 
prompt instructed the model to treat each radiograph as 
an independent case, identify predefined cephalometric 
landmarks and reference planes, calculate only the 
requested measurements, avoid using normative values 
to force or correct outputs, refrain from diagnosis and 
treatment advice, and report a measurement as non-
evaluable rather than inventing a value when the 
necessary anatomy or metric calibration was 
insufficient. The complete standardized prompt is 
provided as Supplementary Material S1. For each 
platform, the 20 radiographs were uploaded together 
within a single conversation session. The model was 
instructed to analyze them as distinct cases. The first 
numerical output generated for each radiograph was 
retained as the definitive study output. No 
measurement was regenerated, manually corrected, or 
modified after comparison with another model. 
Outputs from one AI system were not shown to either 
of the other systems. No new conversation was 
initiated between individual radiographs; therefore, all 
cases remained within the same active conversational 
context. 

IBO-based cephalometric measurements 

The measurement framework was derived from the 
2024-2025 Italian Board of Orthodontics (IBO) 
guidelines [33]. Requested landmarks and reference 
structures included Sella, Nasion, Point A, Pogonion, 
Anterior nasal spine, Posterior nasal spine, Gonion, 
Gnathion, and the long axes of the maxillary and 
mandibular incisors. Twelve parameters were 
requested: S.N/A, S.N/Pg, A.N/Pg, S.N/ANS.PNS, 
S.N/Go.Gn, ANS.PNS/Go.Gn, +1/ANS.PNS, -
1/Go.Gn, -1/A.Pg, overjet, overbite, and the 
interincisal angle (Table 1). Angular values were 
requested to one decimal place. Linear values were to 
be expressed in millimeters only when a reliable metric 
calibration could be established. Across the three AI 
datasets, the linear variables -1/A.Pg, overjet, and 
overbite were not included in the agreement analysis 
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because metric calibration was not consistently 
validated from the raster images. The final quantitative 

comparison therefore comprised nine angular 
measurements. 

Table 1: IBO-based cephalometric parameters requested from each AI system 
No. Domain Parameter Unit Analysis 
1 Sagittal skeletal S.N/A degree Included 
2 Sagittal skeletal S.N/Pg degree Included 
3 Sagittal skeletal A.N/Pg degree Included 
4 Vertical skeletal S.N/ANS.PNS degree Included 
5 Vertical skeletal S.N/Go.Gn degree Included 
6 Vertical skeletal ANS.PNS/Go.Gn degree Included 
7 Dentobasal +1/ANS.PNS degree Included 
8 Dentobasal -1/Go.Gn degree Included 
9 Dentobasal -1/A.Pg mm Excluded: calibration NV 

10 Dental Overjet mm Excluded: calibration NV 
11 Dental Overbite mm Excluded: calibration NV 
12 Dental Interincisal angle degree Included 

NV: not evaluable.

Ethical and data-protection considerations 

No formal ethics committee approval or exemption 
was obtained for this retrospective methodological 
analysis. The radiographs were pre-existing clinical 
records, and no additional examination, intervention, 
treatment, or patient contact was performed for 
research purposes. The investigators report that verbal 
consent for research use of clinical radiographic data 
had been obtained from the patients. Patient identifiers 
were not used as analytical variables. Some archival 
source files retained identifying information in 
filenames or image overlays at the time of AI 
processing; these elements were not used for 
cephalometric measurement or case matching. No 
patient radiographs or identifying information are 
reproduced in this manuscript, and all materials 
prepared for publication are de-identified. 

Statistical analysis 

For each angular parameter, model-specific means, 
standard deviations, and evaluable sample sizes were 
calculated. Pairwise numerical agreement was 
summarized using mean signed difference, mean 
absolute difference (MAD), and root mean square error 
(RMSE). Inter-model reliability was assessed on 
complete cases using a two-way absolute-agreement, 
single-measure intraclass correlation coefficient (ICC). 
Percentile bootstrap 95% confidence intervals were 
estimated from 5,000 case-level resamples. ICC values 
below 0.50 were interpreted as poor, 0.50-0.75 as 

moderate, 0.75-0.90 as good, and above 0.90 as 
excellent [34]. Systematic differences among the three 
models were tested separately for each angular 
parameter using the Friedman test on complete cases. 
Holm correction was applied across the nine 
parameter-level tests. Statistical tests were two-sided, 
and an adjusted P value below 0.05 was considered 
statistically significant. The sample size was fixed at 20 
radiographs as an exploratory study, and no a priori 
power calculation was performed. Analyses were 
conducted in Python 3.13.5 using pandas, NumPy, 
SciPy, scikit-learn, and stats models. 

RESULTS 

Twelve IBO measurements were requested from each 
model. Three linear variables (-1/A.Pg, overjet, and 
overbite) were excluded from quantitative agreement 
analysis because metric calibration was not 
consistently validated. The primary analysis therefore 
comprised nine angular measurements across 20 cases 
and three AI systems. ChatGPT and Grok returned 
numerical angular values for all 180 potential 
determinations. Claude returned 164 of 180 angular 
values, with missing values concentrated in cases in 
which specific anatomical structures were judged non-
evaluable. Consequently, complete-case sample size 
ranged from 16 to 20 depending on the parameter. 
Model-specific means and standard deviations are 
presented in Table 2.  

Table 2: Descriptive angular cephalometric estimates by AI system 

Parameter ChatGPT 
(n) 

Claude 
(n) 

Grok 
(n) 

S.N/A 81.9±1.1 (20) 82.3±1.2 (20) 82.1±2.0 (20) 
S.N/Pg 78.1±1.3 (20) 78.5±0.7 (19) 79± 2.1 (20) 
A.N/Pg 3.7±2.1 (20) 3.8±1.5 (19) 3.1±0.5 (20) 
S.N/ANS.PNS 8.3±0.9 (20) 8.3±0.7 (19) 9.1±1.2 (20) 
S.N/Go.Gn 33.1±2.9 (20) 32.5±2.1 (18) 34.8±2.8 (20) 
ANS.PNS/Go.Gn 24.8±2.1 (20) 24.2±1.4 (18) 25.8±1.9 (20) 
+1/ANS.PNS 110.9±4.2 (20) 110.7±1.9 (18) 110.6±4.3 (20) 
-1/Go.Gn 94.8±2.6 (20) 94.5±1.4 (17) 94±3.6 (20) 
Interincisal angle 129.5±6.6 (20) 124.5±3.5 (16) 129.9±6.7 (20) 

Data are presented as mean±SD. All values are degrees. 

Group-level means were generally similar for several 
skeletal variables. For example, the mean S.N/A was 
81.9 degrees for ChatGPT, 82.3 degrees for Claude, 
and 82.1 degrees for Grok. In contrast, larger 
differences were apparent for selected dental 

measurements, particularly the interincisal angle, for 
which the corresponding means were 129.5, 124.5, and 
129.9 degrees. Absolute-agreement ICC estimates 
were below 0.30 for every angular parameter, 
indicating poor case-level inter-model reliability 
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(Table 3). ICCs ranged from 0.03 for S.N/Pg to 0.26 
for both +1/ANS.PNS and -1/Go.Gn. Thus, no 
parameter reached the threshold conventionally 
interpreted as moderate agreement. Across all 
evaluable paired angular values, pooled MAD was 2.14 
degrees for ChatGPT-Claude, 2.71 degrees for 

ChatGPT-Grok, and 2.59 degrees for Claude-Grok. 
Parameter-level MADs were lowest for S.N/ANS.PNS 
and highest for the interincisal angle. The pattern 
indicates that relatively similar model means can 
coexist with substantial case-by-case numerical 
disagreement.  

Table 3: Inter-model agreement for the nine analyzable angular parameters 
Parameter n ICC (95% CI) MAD C-G1 MAD C-G2 MAD G1-G2 Holm p 

S.N/A 20 0.06 (-0.20 to 0.30) 1.27 1.67 1.95 1.0 
S.N/Pg 19 0.03 (-0.20 to 0.25) 1.14 1.99 1.7 1.0 
A.N/Pg 19 0.04 (-0.17 to 0.25) 1.72 1.65 1.33 1.0 
S.N/ANS.PNS 19 0.17 (-0.08 to 0.45) 0.59 1.22 1.18 0.566 
S.N/Go.Gn 18 0.18 (-0.14 to 0.46) 2.18 3.08 3.09 1.0 
ANS.PNS/Go.Gn 18 0.17 (-0.15 to 0.45) 1.66 2.05 2.07 1.0 
+1/ANS.PNS 18 0.26 (-0.08 to 0.54) 2.89 3.97 3.64 1.0 
-1/Go.Gn 17 0.26 (0.06 to 0.41) 2.29 2.71 2.82 1.0 
Interincisal angle 16 0.23 (-0.04 to 0.45) 6.21 5.68 6.19 0.199 

C: ChatGPT; G1: Claude; G2: Grok; ICC: two-way absolute-agreement single-measure intraclass correlation coefficient; CI: bootstrap confidence 
interval; MAD: mean absolute difference. 

Friedman testing did not identify a statistically 
significant systematic difference among the three 
models for any of the nine angular measurements after 
Holm correction. The smallest unadjusted P value 
occurred for the interincisal angle, but it did not remain 
significant after multiplicity correction (Holm-adjusted 
p=0.199). Figure 1 summarizes ICC estimates, and 
Figure 2 shows pairwise MADs across parameters. 

 
Figure 1: Absolute-agreement ICC for the nine analyzable IBO 
angular parameters. The dashed horizontal line indicates ICC = 0.50; 
all observed point estimates were below this level. 

 
Figure 2: Pairwise mean absolute differences in degrees between 
ChatGPT, Claude and Grok for each analyzable angular parameter.  

DISCUSSION 

The principal finding of this study was that three 
general-purpose multimodal AI systems could all 
generate structured IBO-based angular cephalometric 
estimates, yet their case-level numerical agreement 
was consistently poor. ICC values remained below 
0.30 for all nine analyzable parameters. This finding is 
important because group-level means were often close, 

and no systematic between-model difference remained 
significant after Holm correction. Similar averages 
therefore did not imply that the systems were 
interchangeable for an individual radiograph. 
Importantly, the present study evaluates agreement 
rather than accuracy. Agreement asks whether different 
models return similar numerical values for the same 
radiograph, whereas accuracy requires comparison 
with an external reference standard. Thus, the low ICCs 
show poor numerical interchangeability among the 
three models, but they do not prove that one model is 
more or less accurate than another. Conversely, close 
agreement between models would not by itself prove 
accuracy, because different systems could reproduce 
the same systematic localization error. Clinically, the 
present data cannot identify a preferred model or 
determine which output is closest to the true 
cephalometric value in the absence of expert reference 
tracing.   This distinction between mean similarity and 
agreement is well recognized in measurement research 
and is especially relevant in cephalometry, where small 
differences in landmark position can propagate through 
angular constructions. Earlier work comparing 
analogue, digital, and automated tracing has shown that 
reproducibility depends on both the landmark and the 
measurement being derived [1,2,14]. Dedicated AI 
systems have often achieved favorable average 
performance, but several studies have identified 
broader limits of agreement for dental variables or 
measurements dependent on incisor inclination [15-
20]. The present results are also consistent with 
comparative evaluations of commercial cephalometric 
AI. Indermun et al. found comparable overall precision 
between human-assisted and AI landmarking in a large 
South African dataset, while Silva et al. demonstrated 
application-specific differences in landmark accuracy 
and reproducibility [20,21]. Bor et al. observed 
significant measurement differences among multiple 
automated platforms [22]. Kunz et al. reported major 
provider-dependent variation relative to an expert gold 
standard, particularly for incisor-related parameters 
[23]. An AJMS study by Alhamdani et al. similarly 
documented differences between AI-driven and digital 
manual methods [24]. More recently, Azari-Mehr et al. 
showed that small mean differences could coexist with 
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poor ICC and wide limits of agreement for clinically 
important Steiner variables [25]. Together, these 
studies support the principle that aggregate similarity 
should not be equated with clinical interchangeability. 
Our study extends this literature from dedicated 
cephalometric software to general-purpose multimodal 
conversational AI. This is a meaningful distinction. 
Purpose-built systems typically identify explicit pixel 
coordinates and calculate measurements from a defined 
geometric pipeline, whereas MLLMs may infer 
anatomical relationships through a more general 
visual-language representation. Reviews of medical 
MLLMs describe rapid progress but emphasize 
limitations in grounding, transparency, hallucination 
control, and external validation [28,29]. Direct image-
based comparisons have also shown substantial 
performance differences among general-purpose 
models in radiology [30,31]. In dentistry, a 2026 study 
of periapical radiographs found that MLLM 
performance became increasingly model-specific as 
anatomical localization demands increased [32]. This 
distinction is particularly relevant for quantitative 
cephalometry. Specialized CNN-based systems are 
trained to localize predefined landmarks and typically 
anchor those landmarks to explicit image coordinates, 
after which angles and distances are calculated through 
a fixed geometric pipeline [7-14]. General-purpose 
MLLMs are not primarily optimized for calibrated 
coordinate regression; instead, numerical answers may 
arise from broader visual-language representations 
without an exposed and reproducible set of landmark 
coordinates. Consequently, small variations in visual 
localization may propagate into different angular 
estimates while remaining difficult to audit. This lack 
of explicit spatial anchoring may partly explain why 
general-purpose MLLMs can generate plausible 
cephalometric values yet show weaker numerical 
consistency than purpose-built computer-vision 
systems [28,29]. The relatively larger disagreements 
observed for dentoalveolar measurements in the 
present sample are biologically and technically 
plausible. Superimposition, rotation, mixed dentition, 
or orthodontic hardware may obscure incisor axes, and 
small axis changes can significantly affect their angular 
measurements. Previous automated cephalometric 
studies have repeatedly identified dental landmarks and 
incisor-related variables as challenging 
[14,15,17,18,23,25]. General-purpose MLLMs do not 
currently provide a transparent coordinate-level tracing 
that allows an examiner to identify where a numerical 
discrepancy originated. The exclusion of the three 
linear measurements was methodologically 
appropriate. Pixel dimensions in heterogeneous raster 
exports cannot automatically be interpreted as 
millimeters. Previous validation studies of automated 
cephalometric systems generally rely on calibrated 
images or known geometric references when 
evaluating linear outcomes [15-19]. Reporting 
uncalibrated linear values would have created a false 
level of precision. For this reason, the present study is 
intentionally limited to angular outcomes. Another 
strength of the protocol was the use of the same images, 
the same prompt, and the first retained output for all 

three systems, with no post-hoc correction based on 
expected values or another model. This reduced 
investigator intervention after model output. However, 
the 20 images were processed in one conversation 
session per platform. Although the prompt explicitly 
instructed independent case analysis, context carry-
over between images cannot be excluded. Because 
prior images and prior output remained available 
within the conversational context, later responses could 
theoretically have been influenced by earlier cases, 
response patterns, or inferred value ranges. The present 
design cannot determine whether such carry-over 
actually occurred. Future studies should therefore 
process each radiograph in an independent, stateless 
session, preferably with a randomized case order, and 
perform multiple independent runs for every model-
image pair. This would help separate between-model 
disagreement from within-model stochastic variability 
and would permit direct estimation of intra-model 
repeatability. 

Study Limitations 

The study has several additional limitations. The 
sample was small and non-random, with broad age 
heterogeneity and no available sex distribution. Source 
images were heterogeneous raster exports rather than 
standardized calibrated DICOM files. Only one run per 
model and case was retained, so intra-model 
repeatability could not be estimated. The models did 
not output explicit landmark coordinates, preventing 
the direct calculation of landmark localization errors. 
Most importantly, no expert human reference tracing 
was available. The present findings, therefore, quantify 
inter-model agreement only and cannot determine 
which model is more accurate. Accordingly, the 
present inter-model comparison cannot be used to 
quantify model-specific error or bias, rank the systems 
by performance, or infer which numerical estimate is 
closest to the underlying anatomical reference.   A 
definitive validation study should compare the same 
model outputs against independent tracings from at 
least two experienced orthodontists, with consensus 
adjudication of discrepant landmarks. Such a design 
would allow model-specific bias, MAE, RMSE, Bland-
Altman limits of agreement, and clinically defined 
error thresholds to be assessed against a reference 
standard. Repeated model runs would additionally 
quantify stochastic intra-model variability. Until such 
evidence is available, general-purpose multimodal AI 
should be regarded as exploratory or assistive rather 
than a substitute for validated cephalometric software 
or expert tracing. Future reproducibility studies should 
incorporate repeated independent stateless runs for 
each model-case combination so that within-model 
ICCs and the dispersion of repeated numerical outputs 
can be quantified directly. 

Conclusion 

In this exploratory study of 20 lateral cephalograms, 
ChatGPT, Claude, and Grok produced structured IBO-
based angular cephalometric measurements but 
showed poor inter-model agreement for every analyzed 
parameter (ICC 0.03-0.26). Similar group means did 
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not translate into case-level numerical 
interchangeability. These general-purpose multimodal 
AI systems should not currently be regarded as 
validated cephalometric measurement tools. Expert 
reference tracings, calibrated images, separate-session 
testing, and repeated AI runs are required before 
accuracy, and clinical reliability can be established. 
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