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Scope

Healthcare Informatics Research (Healthc Inform Res; HIR) is the official journal of the Korean
Society of Medical Informatics (KOSMI) founded in 1987, and replaced its predecessor, the
Journal of KOSMI (JKOSMI; ISSN: 1225- 8903), in 2010. The journal publishes quarterly peer-
reviewed original research articles in English in order to expand its readership globally and
reinforce its commitment to the development of healthcare informatics. The journal aims to
promote the fundamental understanding of healthcare informatics and advance knowledge
and application systems in healthcare fields. It covers high-quality original research articles,
reviews, case reports, and communications in the area of design, development,
implementation, and evaluation of information systems in healthcare fields. It also includes
health policy, education, managerial and behavioral aspects of healthcare informatics as well
as health information infrastructure such as standardization, security, biomedical engineering,
and bioinformatics.

Quartiles





The set of journals have been ranked according to their SJR and divided into four equal groups, four quartiles. Q1 (green) comprises the quarter of the

journals with the highest values, Q2 (yellow) the second highest values, Q3 (orange) the third highest values and Q4 (red) the lowest values.

Category Year Quartile

Biomedical Engineering 2011 Q4

Biomedical Engineering 2012 Q3

Biomedical Engineering 2013 Q3
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Only Open Access Journals

Download

SJR





The SJR is a size-independent prestige indicator that ranks journals by

their 'average prestige per article'. It is based on the idea that 'all

citations are not created equal'. SJR is a measure of scientific

influence of journals that accounts for both the number of citations

received by a journal and the importance or prestige of the journals

where such citations come from It measures the scientific influence of

the average article in a journal, it expresses how central to the global

scientific discussion an average article of the journal is.

Year SJR

2011 0.125

Total Documents





Evolution of the number of published documents. All types of

documents are considered, including citable and non citable

documents.

Year Documents

2010 34

2011 32

2012 37

2013 41

2014 38

External Cites per Doc  Cites per Doc



Evolution of the number of total citation per document and external

citation per document (i.e. journal self-citations removed) received by

a journal's published documents during the three previous years.

External citations are calculated by subtracting the number of self-

citations from the total number of citations received by the journal’s

documents.

% International Collaboration



International Collaboration accounts for the articles that have been

produced by researchers from several countries. The chart shows the

ratio of a journal's documents signed by researchers from more than

one country; that is including more than one country address.

Year International Collaboration

2010 0.00
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

Cites Year Value

External Cites per document 2010 0

Year International Collaboration

2011 9.38

2012 5 41

Cited documents  Uncited documents





Ratio of a journal's items, grouped in three years windows, that have

been cited at least once vs. those not cited during the following year.

Documents Year Value

Uncited documents 2010 0

Uncited documents 2011 25

Uncited documents 2012 38

Uncited documents 2013 59

Uncited documents 2014 46

Uncited documents 2015 56

% Female Authors





Evolution of the percentage of female authors.

Year Female Percent

2010 41.22

2011 36.11

2012 40.16

2013 30.83

2014 34.58

2015 36.59

2016 43.94

Estimated APC





It estimates the article processing charges (APCs) a journal might

charge, based on its visibility, prestige, and impact as measured by the

SJR. It does not reflect the actual APC, but rather a calculated

approximation based on journal quality.

Year Est. APC (USD)

2010

2011 2269

2012 2496

2013 2515

Estimated financial value





It represents the potential financial worth of a journal. It is obtained by

multiplying the journal's Estimated APC by the total number of citable

documents published over the past five years. This value reflects the

hypothetical revenue a journal could generate based on its estimated

publication costs and scholarly output.

Year Est. value (USD)

2010

2011 72604

2012 172193

Total Cites  Self-Cites





Evolution of the total number of citations and journal's self-citations

received by a journal's published documents during the three previous

years.

Journal Self-citation is defined as the number of citation from a journal

citing article to articles published by the same journal.

Cites Year Value

Self Cites 2010 0

Self Cites 2011 3

S lf Cit 2012 14

Citations per document



This indicator counts the number of citations received by documents

from a journal and divides them by the total number of documents

published in that journal. The chart shows the evolution of the average

number of times documents published in a journal in the past two,

three and four years have been cited in the current year. The two years

line is equivalent to journal impact factor ™ (Thomson Reuters) metric.

Cites per document Year Value

Cites / Doc. (4 years) 2010 0.000

Cites / Doc. (4 years) 2011 0.382
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Metrics based on Scopus® data as of March 2026

Cites per document Year Value

Cites / Doc. (4 years) 2012 0.742

Cites / Doc. (4 years) 2013 0.816

Cites / Doc. (4 years) 2014 1.229

Cites / Doc. (4 years) 2015 1.277

Cites / Doc. (4 years) 2016 1.522

Cites / Doc. (4 years) 2017 2.102

Cites / Doc. (4 years) 2018 2.581

Cites / Doc. (4 years) 2019 3.464

Cites / Doc. (4 years) 2020 3.929

Citable documents  Non-citable documents





Not every article in a journal is considered primary research and

therefore "citable", this chart shows the ratio of a journal's articles

including substantial research (research articles, conference papers

and reviews) in three year windows vs. those documents other than

research articles, reviews and conference papers.

Documents Year Value

Non-citable documents 2010 0

Non-citable documents 2011 0

N it bl d t 2012 2

Documents cited by public policy (Overton)





Evolution of the number of documents cited by public policy

documents according to Overton database.

Documents Year Value

Overton 2010 5

Overton 2011 2

Overton 2012 8

Overton 2013 7

Overton 2014 7

Overton 2015 13

Documents related to SDGs (UN)

Evolution of the number of documents related to Sustainable

Development Goals defined by United Nations. Available from 2018

onwards.
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Dr shamshad

4 years ago

Kindly let me know the fees for submission of original article

reply

pornsiri chatpreecha

8 years ago

I would like to submit the journal please tell me guidelines to the summit.

reply

D

Melanie Ortiz

4 years ago

Dear Dr Shamshad,

Thank you for contacting us.

We suggest you visit the journal's homepage or contact the journal’s editorial

staff , so they could inform you more deeply.

Best Regards, SCImago Team

M

P

Elena Corera

8 years ago
E
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Name

Email

Message

reCAPTCHA

I'm not a robot

Send

The users of Scimago Journal & Country Rank have the possibility to dialogue through comments linked to a

specific journal. The purpose is to have a forum in which general doubts about the processes of publication

in the journal, experiences and other issues derived from the publication of papers are resolved. For topics

on particular articles, maintain the dialogue through the usual channels with your editor.

Dear Pornsiri, we suggest you locate the author's instructions on the journal's

website. Best Regards, SCImago Team
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I. Introduction

Malocclusion is a prevalent oral health problem among 
children and adolescents, with reported prevalence rates as 
high as 30%-40% in some populations [1]. Early detection is 
essential to prevent functional impairment and reduce the 
need for more complex orthodontic interventions later in 
[1,2]. Traditional orthodontic screening methods rely largely 
on direct clinical examinations by trained specialists, which 
may limit access to needed dental care, particularly in com-
munity settings such as schools [2].

Accuracy of Orthodontic Malocclusion Detection 
Using Multiple AI Models: A Comparative Study
Hillda Herawati1, Joko Kusnoto2, Indrayadi Gunardi3, Anggit Wirasto4, Tri Erri Astoeti5
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5Department of Dental Public Health and Preventive Dentistry, Faculty of Dentistry, Universitas Trisakti, Jakarta, Indonesia

Objectives: This study aimed to evaluate and compare the accuracy of multiple artificial intelligence (AI) models (ChatGPT 
5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot) in detecting orthodontic malocclusion features in stan-
dardized multiview intraoral photographs. The reference standard was assessment by an orthodontist. Methods: A cross-
sectional observational study was conducted using five standardized intraoral photographs (frontal, right lateral, left lateral, 
maxillary occlusal, and mandibular occlusal) obtained from 50 children aged 9–12 years. The following eight malocclusion 
parameters were assessed: anterior crowding, diastema, overjet, overbite, molar relationship, canine relationship, crossbite, 
and dental arch symmetry. Diagnostic accuracy and agreement between each AI model and the orthodontist were evaluated 
using Cohen’s kappa (κ) and the area under the receiver operating characteristic curve (AUC). Results: Agreement between 
the AI models and the orthodontist ranged from poor to moderate across all orthodontic domains, with Cohen’s κ values 
ranging from -0.15 to 0.63. Visually prominent alignment features, including anterior crowding and diastema, demonstrated 
comparatively higher agreement (κ, 0.00–0.63) and discriminatory performance, with AUC values ranging from 0.56 to 0.85. 
In contrast, parameters requiring precise spatial interpretation, such as sagittal relationships, overbite, crossbite, and arch 
morphology, showed consistently low agreement (κ, -0.15 to 0.38) and poor to near-random classification performance, with 
AUC values predominantly ranging from 0.41 to 0.70 and, in some cases, approaching 0.50. Conclusions: Current multi-
modal AI models demonstrate limited, parameter-dependent accuracy in detecting orthodontic malocclusions from intraoral 
photographs. These findings emphasize the limitations of general-purpose AI systems for orthodontic decision support and 
highlight the need for task-specific models trained on clinically annotated datasets.
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	 Recent advances in artificial intelligence (AI) have shown 
promise for improving diagnostic accuracy in orthodontics, 
including through the application of machine learning and 
deep learning to various imaging modalities. For example, 
convolutional neural networks (CNNs) have been used ef-
fectively in cephalometric analysis and panoramic image 
interpretation, yielding accurate automated orthodontic 
diagnoses [3]. However, the use of intraoral photographs 
remains relatively underexplored, despite their value as non-
invasive, low-cost clinical records suitable for early screen-
ing and teleorthodontics [4,5]. The diagnostic potential of 
photographs has nevertheless been recognized, and previous 
studies have reported strong diagnostic performance for 
dental conditions assessed from these images [6,7].
	 In recent years, large language models (LLMs), including 
ChatGPT and similar AI frameworks, have emerged with 
the ability to interpret both textual and visual inputs. Stud-
ies evaluating LLM responses in orthodontics have reported 
moderate to high consistency but substantial variability in 
accuracy relative to assessments by orthodontic specialists 
[8]. Although these models can generate fluent and well-
structured responses, they may also provide incomplete or 
misleading information, underscoring the need for caution-
clinical interpretation [9-11]. These observations support the 
view that LLMs may serve as adjunctive tools in orthodontic 
practice rather than replacements for expert judgment.
	 Comparative studies have identified discrepancies between 
LLM-generated responses and assessments by orthodontic 
experts, particularly in malocclusion classification and treat-
ment decision-making [9,12]. Although these models may 
have value for preliminary educational purposes, existing 
evidence suggests that they cannot replace the nuanced as-
sessments of experienced clinicians [1,3,11]. This limitation 
highlights the need for further research to rigorously validate 
AI-generated outputs against established clinical standards.
	 To evaluate the accuracy of malocclusion classification 
from clinical images by AI models, including advanced ver-
sions such as ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 
Sonnet, and Microsoft Copilot, standardized inputs are re-
quired for comparison with expert evaluations. At present, 
research on the performance of multimodal LLMs in analyz-
ing standardized multiview intraoral photographs against 
comprehensive orthodontic diagnostic criteria remains lim-
ited [7,9]. Further studies are therefore needed in thisarea.

II. Methods

1. Study Design and Population
This cross-sectional observational study was designed to 
evaluate the diagnostic performance of multimodal LLMs in 
detecting orthodontic malocclusion features from standard-
ized intraoral photographs. The study focused exclusively on 
image-based diagnostic interpretation and did not incorpo-
rate clinical examination, radiographic analysis, or treatment 
planning. The study used retrospective clinical photographs 
obtained from 50 children aged 9–12 years in Cimahi, West 
Java, Indonesia. No clinical intervention, treatment modifi-
cation, or follow-up assessment was performed as part of the 
study.

2. Sample Size
This observational cross-sectional study aimed to evaluate 
the diagnostic accuracy of multimodal LLMs in detecting 
orthodontic malocclusion from intraoral images. The study 
sample consisted of 50 pediatric participants, each contrib-
uting five intraoral images obtained from different views, 
including frontal, right lateral, left lateral, maxillary occlusal, 
and mandibular occlusal views. The total sample size was 
250 images, which was considered sufficient to cover key 
aspects of orthodontic malocclusion, including alignment, 
sagittal, vertical, transverse, and arch morphology.

3. Ethical Approval and Consent to Participate
Written informed consent was obtained from all participants 
and their legal guardians before study initiation. Ethical 
approval for the study protocol was granted by the Health 
Research Ethics Committee of the Faculty of Dentistry, Uni-
versitas Trisakti (No. 1006/S3/KEPK/FKG/9/2025).

4. Image Collection
Five images were acquired for each participant, comprising 
frontal, left lateral, right lateral, maxillary occlusal, and man-
dibular occlusal views (Figure 1). All images were captured 
using an iPhone 15 (Apple Inc., Cupertino, CA, USA) at a 
resolution of 6048 × 4032 pixels (24 megapixels). All images 
were obtained by a single investigator who was calibrated 
for the study, following standardized intraoral photography 
protocols to ensure consistent angulation, lighting, and field 
of view.

5. Image Preparation and Pre-processing
All images were anonymized before analysis by removing pa-
tient-identifying information. The images were standardized 
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without digital enhancement, filtering, contrast adjustment, 
or color correction. However, the images were cropped to 
remove extraneous objects, such as hands and mirrors, that 
were visible during image acquisition. Images were analyzed 
at their original resolution to preserve clinically relevant 
visual features, such as tooth arrangement, occlusal relation-
ships, and arch morphology.

6. Orthodontic Diagnostic Framework
Orthodontic assessment in this study followed a structured 
diagnostic framework based on established clinical stan-
dards, including Proffit’s definitionsof malocclusion, Angle’s 
classification of sagittal relationships, and the Dental Health 
Component of the Index of Orthodontic Treatment Need 
(IOTN) [13-15].
	 For analytical consistency and effective image-based evalu-
ation, orthodontic parameters were organized into five diag-
nostic domains reflecting different levels of spatial complex-
ity:
	 1) �Alignment domain: This domain included assessment 

of anterior crowding and diastema in both the maxillary 
and mandibular arches. These features are commonly 
recognized indicators in orthodontic screening [16].

	 2) �Sagittal relationship domain: This domain comprised 
assessment of overjet, molar relationship, canine rela-
tionship, and overall Angle classification, focusing on 
anteroposterior dental relationships that are central to 
orthodontic diagnosis [17].

	 3) �Vertical relationship domain: This domain emphasized 
overbite assessment, categorized as normal, deep bite, or 
open bite, representing clinically important vertical dis-
crepancies [17].

	 4) �Transverse relationship domain: This domain assessed 
the presence and type of crossbite (anterior or posterior, 
unilateral or bilateral), capturing transverse discrepan-
cies that are often subtle on two-dimensional imaging 
[18].

	 5) �Arch morphology domain: This domain evaluated den-
tal arch symmetry using occlusal views, highlighting 
structural characteristics shaped by underlying skeletal 
patterns [19].

	 All parameters were evaluated systematically within this 
unified framework by both the orthodontist and the AI 
models, thereby ensuring a structured assessment approach. 
For statistical analysis, outcomes were dichotomized as nor-
mal or abnormal to enable direct comparison of diagnostic 
agreement and discrimination [20]. The detailed mapping 
of multilevel orthodontic parameters to binary categories is 
presented in Table 1.

7. Generative AI Multimodal Large Language Models
In this study, four publicly available multimodal LLMs with 
image-text processing capabilities were evaluated: ChatGPT 
5.2 Pro (OpenAI), Claude 4.5 Sonnet (Anthropic), Gemini 
3 Fast (Google), and Microsoft Copilot (Microsoft) [12,21]. 
These models were accessed through their official web-based 

A B C

D E

Figure 1. ‌�Sample clinical images obtained from orthodontic patients: (A) frontal view, (B) left lateral view, (C) right lateral view, (D) 
maxillary occlusal view, and (E) mandibular occlusal view.
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interfaces using their default system configurations, without 
application programming interfaces, external tools, or model 
fine-tuning [12]. This approach was intended to reflect how 
these multimodal LLMs would operate in real-world clinical 
use.

8. Model Testing Workflow and Prompting Strategy
For model evaluation, a structured workflow was used, as 
illustrated in Figure 2 and detailed in Table 2. Analysis and 

testing of the AI models were conducted in stages according 
to the orthodontic diagnostic framework. Each intraoral im-
age was evaluated independently by each multimodal model 
in a blinded testing procedure. This approach ensured that 
each model’s rating depended solely on information con-
tained in the corresponding intraoral image. Parameter-spe-
cific prompts were used for each orthodontic category with 
identical syntax and structure, with the aim of approximat-
ing the logical reasoning process used by an orthodontist. 

Table 1. Mapping of multi-class orthodontic parameters into binary categories for statistical analysis

Domain Parameter Original category Binary category

Alignment Maxillary crowding None Normal
Mild, Moderate, Severe Abnormal

Mandibular crowding None Normal
Mild, Moderate, Severe Abnormal

Diastema None Normal
Presence (maxilla or mandible) Abnormal

Sagittal Overjet Normal Normal
Increased, Edge-to-edge, Reverse Abnormal

Molar relationship (right & left) Class I Normal
Class II, Class III Abnormal

Canine relationship (right & left) Class I Normal
Class II, Class III Abnormal

Angle classification Class I Normal
Class II, Class III Abnormal

Vertical Overbite Normal Normal
Deep bite, Open bite Abnormal

Transverse Crossbite (right & left) None Normal
Anterior, Posterior, Anterior + Posterior Abnormal

Arch morphology Arch symmetry Symmetrical (maxilla/mandible) Normal
Asymmetrical Abnormal

Figure 2. ‌�Schematic overview of mul
timodal large language mo
del (LLM) evaluation, result 
mapping, and agreement an
alysis.

Standardized prompts
as shown in Table 2

Al results reviewed and classifiedAl results reviewed and classified

Statistical analysis
using kappa

Classification results mapping

Normal or abnormal
shown in Table 1

Orthodontic
specialist

observation
results

Orthodontic
specialist

observation
results

Image evaluation

A B C

D E

Model testing (multimodal LLMs)

ChatGPT 5.2 Pro Claude 4.5 Sonnet

Gemini 3 Fast Microsoft Copilot
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All prompts were written in Indonesian and were kept iden-
tical throughout the study. Outputs from each model were 
classified into predefined orthodontic categories and then 
reduced to two groups: normal and abnormal.

9. Statistical Analysis
Cohen’s kappa (κ) was used to assess agreement between 
each AI model and the single orthodontist’s assessment. This 
method is widely used in dental research to quantify inter-
rater reliability, particularly in studies examining diagnostic 
discrepancies[7]. By providing a comparative framework, 
Cohen’s κ helps indicate how closely AI model outputs align 
with expert clinical assessments [22]. Model performance 

was evaluated by dichotomizing diagnostic outputs into nor-
mal and abnormal categories and calculating the area under 
the receiver operating characteristic curve (AUC) to quantify 
discriminative ability. AUC values were interpreted accord-
ing to established receiver operating characteristic criteria 
as follows: >0.90, excellent; 0.80–0.89, good; 0.70–0.79, fair; 
0.60–0.69, poor; and <0.60, fail [23].

III. Results

A total of 50 children were included in this study. Partici-
pants were 9–12 years old (Table 3). For each participant, 
five standardized intraoral photographs were obtained, com-

Table 2. Standardized prompts used for multimodal LLM evaluation by orthodontic domain

Orthodontic  

domain
Image view

Diagnostic  

focus
Standardized prompt

Alignment Frontal intraoral Anterior 
crowding

“Analyze this frontal intraoral photograph. Focus on anterior crowd-
ing. Identify whether crowding is present in the maxillary and/or 
mandibular anterior teeth, specify the affected teeth, classify severity 
as mild, moderate, or severe, and provide a diagnostic conclusion.”

Alignment Frontal intraoral Diastema “Analyze this frontal intraoral photograph. Focus on diastema. De-
termine whether diastema is present, identify its location (maxillary 
and/or mandibular), and provide a diagnostic conclusion.”

Sagittal  
relationship

Lateral intraoral 
(right/left)

Molar rela-
tionship 
(M1)

“Analyze this lateral intraoral photograph. Focus on the relation-
ship between the maxillary first molar and mandibular first molar. 
Classify the molar relationship as Class I, II, or III. Report findings 
separately for the right and left sides.”

Sagittal  
relationship

Lateral intraoral 
(right/left)

Canine rela-
tionship (C)

“Analyze this lateral intraoral photograph. Focus on the relationship 
between the maxillary canine and mandibular canine. Classify the 
canine relationship as Class I, II, or III. Report findings separately 
for the right and left sides.”

Sagittal  
relationship

Lateral intraoral Overjet “Analyze this lateral intraoral photograph. Focus on overjet. Classify 
the overjet as normal, increased, edge-to-edge, or reverse, and pro-
vide a diagnostic conclusion.”

Vertical  
relationship

Frontal intraoral Overbite “Analyze this frontal intraoral photograph. Focus on overbite. Classify 
the vertical overlap as normal, deep bite, or open bite, and provide a 
diagnostic conclusion.”

Transverse 
relationship

Frontal intraoral Crossbite “Analyze this frontal intraoral photograph. Focus on transverse re-
lationships. Identify the presence of crossbite, specify whether it is 
unilateral or bilateral, and provide a diagnostic conclusion.”

Arch  
morphology

Maxillary occlusal Arch  
symmetry

“Analyze this maxillary occlusal photograph. Assess the arch is sym-
metrical or asymmetrical, and provide a diagnostic conclusion.”

Arch  
morphology

Mandibular  
occlusal

Arch  
symmetry

“Analyze this mandibular occlusal photograph. Assess the arch is sym-
metrical or asymmetrical, and provide a diagnostic conclusion.”

LLM: large language model.
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prising frontal, left lateral, right lateral, maxillary occlusal, 
and mandibular occlusal views. In total, 250 intraoral images 
were analyzed and used as input for the AI models.
	 Across all orthodontic domains, the dataset showed sub-
stantial clinical variability while representing a typical range 
of malocclusions (Table 4). In the alignment domain, both 
arches showed a predominance of anterior crowding, most 
of which was mild to moderate in severity. Diastemas were 
observed more frequently in the mandible than in the max-
illa. In the sagittal domain, normal overjet and Angle Class 
I relationships predominated; however, a high proportion 
of participants also exhibited Class II malocclusion and 
increased overjet. In the vertical domain, normal overbite 
was most common, with deep bite representing the primary 
anomaly and open bite occurring rarely. In the transverse 

Table 4. Integrated distribution of orthodontic diagnostic charac-
teristics across all domains

Parameter n (%)

Alignment domain
   Maxillary crowding
      None 6 (12)
      Mild 23 (46)
      Moderate 13 (26)
      Severe 8 (16)
   Mandibular crowding
      None 6 (12)
      Mild 16 (32)
      Moderate 21 (42)
      Severe 7 (14)
   Diastema
      Maxilla 4 (8)
      Mandible 12 (24)
Sagittal relationship domain
   Overjet
      Normal 31 (62)
      Increased 15 (30)
      Edge-to-edge 2 (4)
      Reverse 2 (4)
   Molar relationship (right)
      Class I 31 (62)
      Class II 18 (36)
      Class III 1 (2)
   Molar relationship (left)
      Class I 30 (60)
      Class II 18 (36)
      Class III 2 (4)
   Canine relationship (right)
      Class I 28 (56)
      Class II 22 (44)

Continued on the next column.

Table 4. Continued

Parameter n (%)

   Canine relationship (left)
      Class I 30 (60)
      Class II 19 (38)
      Class III 1 (2)
   Angle classification
      Class I 27 (54)
      Class II 21 (42)
      Class III 2 (4)
Vertical relationship domain
   Overbite
      Normal 31 (62)
      Open bite 1 (2)
      Deep bite 18 (36)
Transverse relationship domain
   Crossbite (left)
      None 41 (82)
      Anterior 6 (12)
      Posterior 2 (4)
      Anterior + posterior 1 (2)
   Crossbite (right)
      None 41 (82)
      Anterior 6 (12)
      Posterior 3 (6)
Arch morphology domain
   Arch symmetry
      Maxilla (symmetrical) 39 (78)
      Mandible (symmetrical) 40 (80)

Table 3. Demographic characteristics of the subjects

Variable Value

Sex
   Male 20 (40)
   Female 30 (60)
Age (yr) 10.56 ± 0.73

Values are presented as number (%) or mean ± standard devia-
tion.
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domain, crossbite was uncommon, and most participants 
had no crossbite; when present, crossbite was usually uni-
lateral. Symmetry predominated in both the maxillary and 
mandibular arches. Overall, the dataset represented a clini-
cally variable yet typical sample suitable for comparative 
evaluation of multimodel AI system performance.
	 Following the descriptive analysis, receiver operating char-
acteristic (ROC) analysis was performed to evaluate the 

discriminatory performance of the multimodal models in 
classifying normal versus abnormal orthodontic findings. 
Figure 3 shows marked domain-specific variation in model 
performance across the ROC curves. Parameters related to 
alignment demonstrated the greatest discriminatory abil-
ity, with ROC curves positioned farther from the reference 
diagonal, whereas sagittal relationship parameters showed 
only moderate discriminatory ability. In contrast, the verti-

Figure 3. ‌�Integrated receiver operating characteristic (ROC) curves of multimodal AI models for orthodontic parameters (see Supple-
mentary Figure S1 for a high-resolution version). Diagonal segments are produced by ties. Panels (A)–(N) represent ROC 
curves for individual orthodontic parameters evaluated from standardized multiview intraoral photographs; (A) maxillary 
crowding, (B) mandibular crowding, (C) maxillary diastema, (D) overjet, (E) overbite, (F) right first molar relationship, (G) left 
first molar relationship, (H) right canine relationship, (I) left canine relationship, (J) Angle classification, (K) right crossbite, 
(L) left crossbite, (M) maxillary arch symmetry, and (N) mandibular arch symmetry. Each panel compares the discriminatory 
performance of ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot against the orthodontist reference 
standard.
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Figure 3. Continued
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cal, transverse, and arch morphology domains showed near-
random classification performance, with their ROC curves 
clustering close to the reference diagonal. These findings 
indicate that multimodal models perform better for visually 
prominent orthodontic features than for complex spatial re-
lationships.
	 As shown in Table 5, the discriminative performance of the 
multimodal AI models varied substantially across orthodon-
tic tasks. The alignment domain showed the highest dis-
criminative performance, with Gemini achieving the highest 
AUC value of 0.85, followed by ChatGPT, with AUC values 
approaching 0.80, indicating relatively strong discrimina-
tion for visually observable features such as crowding and 
diastema. Claude showed similar but slightly lower values, 
whereas Copilot demonstrated the lowest discriminative 
performance.
	 Discriminative performance declined in the sagittal re-
lationship domain, in which the highest AUC values, up 
to 0.70, were observed for ChatGPT, representing fair dis
crimination, whereas the other models performed less 
well. In contrast, all models showed poor discriminative 
performance in the vertical and transverse relationship do-
mains, with AUC values close to the random-classification 
threshold of 0.50. Discriminative performance was lowest 
in the arch morphology domain, in which AUC values did 
not reach the threshold for fair discrimination, reflecting the 
continued limitations of multimodal models in processing 
complex dental geometric features accurately.
	 Analysis of Cohen’s κ statistics for agreement between the 
multimodal models and the orthodontist showed poor to 

moderate agreement across all domains (Table 6). In the 
alignment domain, agreement was generally poor, although 
Gemini achieved moderate agreement, with κ values up to 
0.63. ChatGPT and Claude showed lower agreement, where-
as Copilot showed only minimal agreement. Agreement in 
the sagittal relationship domain was also poor overall, al-
though ChatGPT performed relatively better, with κ values 
up to 0.38; Gemini and Claude performed less well, and Co-
pilot showed minimal agreement. In the vertical, transverse, 
and arch morphology domains, agreement was consistently 
poor, with κ values near zero or below zero across models. 
Overall, the combined ROC-AUC and κ findings suggest 
that, although multimodal AI models can moderately dis-
criminate visually salient alignment features, agreement with 
orthodontist evaluation remains limited, particularly for pa-
rameters requiring precise spatial interpretation.
	 Figure 4 presents a radar-chart comparison of the discrimi-
nation abilities of the four AI models. ROC analysis indicates 
notable differences in discriminative performance among 
the models, with ChatGPT showing the highest overall per-
formance, followed by Gemini, whereas Claude and Micro-
soft Copilot showed more limited performance, as reflected 
by ROC curves that lay closer to the reference line.
	 According to the radar chart, ChatGPT showed the best 
overall balance across sensitivity, specificity, positive predic-
tive value, negative predictive value, and accuracy. Gemini 
showed comparatively strong sensitivity and positive and 
negative predictive values, although its overall balance across 
performance indices was somewhat lower. Claude and Co-
pilot showed the weakest overall performance, particularly 

Table 5. Integrated ROC-AUC performance of multimodal AI models across orthodontic domains

Orthodontic  

domain
Parameters included

AUC
Overall  

interpretation
ChatGPT 5.2 

Pro

Gemini 3  

Fast

Claude 4.5  

Sonnet

Microsoft  

Copilot

Alignment Crowding (maxillary, mandibular), 
Diastema (maxillary)

0.60–0.80 0.69–0.85 0.68–0.77 0.56–0.65 Poor–Good

Sagittal  
relationships

Overjet, M1 (R/L), Canine (R/L), 
Angle classification

0.65–0.70 0.53–0.65 0.47–0.55 0.48–0.52 Poor

Vertical  
relationship

Overbite 0.55 0.44 0.49 0.50 Fail

Transverse  
relationships

Crossbite (R/L) 0.49–0.61 0.50–0.54 0.48–0.60 0.54–0.58 Fail–Poor

Arch morphology Symmetry (maxillary, mandibular) 0.41–0.68 0.43–0.61 0.47–0.60 0.44–0.63 Fail–Poor

ROC: receiver operating characteristic, AUC: area under the curve, AI: artificial intelligence, R: right, L: left.
AUC values were interpreted based on established ROC guidelines: ≥0.90 (excellent), 0.80–0.89 (good), 0.70–0.79 (fair), 
0.60–0.69 (poor), and <0.60 (fail).
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with respect to sensitivity and accuracy, with somewhat re-
duced specificity as well.
	 Taken together, these findings indicate that multimodal AI 
models show domain-specific performance, with higher dis-
crimination for visually salient alignment features and lower 
discrimination and agreement for parameters requiring ac-
curate spatial interpretation. These results emphasize the 
domain-specific limitations of general-purpose AI systems 
in the analysis of dental images.

IV. Discussion

This study provides an exploratory analysis of the clinical 

applicability of a multiview intraoral photograph dataset and 
the diagnostic performance of multimodal large language 
models in assessing orthodontic malocclusion. The dataset 
showed substantial clinical variability across alignment, 
sagittal, vertical, transverse, and arch morphology domains, 
all of which are important for evaluating AI tools [1]. Nota-
bly, the sample included both male and female participants 
across the target age range and was supplemented with 
multi-angle images, enabling assessment of both simple and 
complex orthodontic features [6].
	 Across these domains, a clear pattern emerged. Parameters 
related to anterior alignment, such as crowding and dia-
stema, showed higher agreement (κ, 0.00–0.63) and AUC 
values (0.56–0.85). The relatively stronger performance ob-
served for alignment parameters may be attributable to their 
visually salient, inherently two-dimensional characteristics, 
which can be inferred directly from intraoral photographs 
without requiring complex spatial interpretation. Features 
such as crowding and diastema appear as explicit variations 
in tooth spacing and position, making them well suited to 
pattern recognition. In addition, alignment assessment relies 
on relatively stable and easily identifiable anatomical land-
marks, which may reduce variability across evaluators and 
analytical approaches. These features are also less susceptible 
to perspective distortion caused by variation in camera po-
sitioning than sagittal relationships and arch morphology, 
both of which depend on more complex interarch spatial 
relationships and three-dimensional interpretation.
	 In contrast, recent studies have found that geometrically 
precise parameters, such as molar and canine relationships 
and dental arch morphology, show suboptimal performance, 
often reflected by lower AUC values, because they depend 

Table 6. Summary of agreement (Cohen’s kappa) between AI models and orthodontist assessment by orthodontic domains

Orthodontic  

domain
Parameters included

Cohen’s kappa
Overall  

agreement
ChatGPT  

5.2 Pro

Gemini 3  

Fast

Claude 4.5 

Sonnet

Microsoft 

Copilot

Alignment Crowding (maxillary, mandibular), 
Diastema (maxillary)

0.11–0.33 0.15–0.63 0.16–0.25 0.00–0.17 Poor–Moderate

Sagittal  
relationships

Overjet, M1 (R/L), Canine (R/L), 
Angle classification

0.20–0.38 0.08–0.21 -0.03–0.07 -0.04–0.23 Poor–Moderate

Vertical  
relationship

Overbite 0.13 -0.15 0.05 -0.01 Poor

Transverse  
relationships

Crossbite (R/L) -0.02–0.13 0.00–0.05 0.09–0.11 0.03–0.07 Poor

Arch morphology Symmetry (maxillary, mandibular) 0.07–0.27 -0.15–0.15 0.07–0.15 -0.07–0.19 Poor

AI: artificial intelligence, R: right, L: left.

ChatGPT
Gemini
Claude
Copilot

Sensitivity

Accuracy Specificity

NPV PPV

Figure 4. ‌�Comparative diagnostic performance of AI models 
based on classification metrics and receiver operating 
characteristic (ROC) curve. Each panel compares the 
discriminatory performance of ChatGPT 5.2 Pro, Gemini 
3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot. AI: 
artificial intelligence, NPV: negative predictive value, 
PPV: positive predictive value.



176 www.e-hir.org

Hillda Herawati et al

https://doi.org/10.4258/hir.2026.32.2.166

on fine-grained spatial relationships and three-dimensional 
interpretation that are difficult to infer from two-dimension-
al images [24]. The implications of these findings support 
the hypothesis that general multimodal learning models and 
LLMs may have value in preliminary orthodontic analysis, 
butthat their performance varies markedly across areas of 
orthodontic assessment [1]. This interpretation is further 
supported by recent large-scale benchmark evaluations 
showing that strong performance on broad benchmarks does 
not necessarily translate into effective reasoning in scientific 
and clinical domains [25].
	 Our results suggest that the evaluative performance of large 
language models is stronger for anterior than for posterior 
relationships. These findings are consistent with previous 
studies examining AI capabilities in orthodontics. For exam-
ple, Hack et al. [4] reported that AI models perform better 
in identifying conspicuously visible features, such as anterior 
tooth position, than in assessing complex occlusal relation-
ships that require robust spatial reference frameworks. Simi-
larly, Stetzel et al. [15] found that deep learning models per-
form well in predicting aesthetically oriented components of 
the IOTN, illustrating the strengths of AI in visually oriented 
analyses. However, these findings contrast with those of the 
present study with respect to sagittal and transverse parame-
ter assessment, while still remaining broadly consistent with 
prior reports that AI models are challenged when evaluating 
parameters that depend on strong spatial references [24].
	 This study also demonstrated variation in agreement and 
accuracy across the evaluated large language models (Tables 
4 and 5). These intermodel differences may reflect differ-
ences in underlying architectures and training paradigms. 
For example, Transformer-based models, including Vision 
Transformers, process images holistically and may therefore 
detect general irregularities in dental alignment efficiently, 
although they remain limited in making subtle distinctions 
among densely interdependent orthodontic categories such 
as overjet and molarintercuspation [26]. These observations 
are consistent with previous reviews showing that CNNs 
trained on task-specific datasets outperform general AI sys-
tems, including LLMs, on tasks requiring high anatomical 
specificity [7]. The observed differences in outputs among 
the evaluated large language models may therefore reflect 
variation in visual abstraction, depth of reasoning, and in-
ternal representational capacity than true conceptual under-
standing [27]. Overall, the aggregated findings likely reflect 
the representational constraints imposed by nonspecialized 
training data [28]. Notably, cross-model analyses in scien-
tific AI research have shown high error correlations among 

leading large language models, suggesting shared inductive 
biases rather than independent failure modes [25].
	 From a healthcare informatics perspective, evaluating sev-
eral LLMs together may be viewed as a form of collective 
model behavior. Although each model has distinct strengths 
and limitations, broad patterns remain evident, including 
stronger performance in detecting alignment anomalies and 
much weaker performance in identifying complexspatial 
characteristics [1,29]. These findings highlight the impor-
tance of learning from multiple models collectively while 
also recognizing the limitations of AI and the continuing 
need for human expertise [28]. The observed convergence 
across models further suggests that aggregating general-pur-
pose LLMs may offer limited benefit for inherently spatial 
clinical tasksreinforcing the need for task-specific AI systems 
[25]. Future studies should therefore focus on developing 
task-specific orthodontic AI systems rather than continu-
ing to test general-purpose LLMs alone. An important next 
step will be the development of appropriately labeled, stan-
dardized multiview intraoral photograph datasets curated 
by orthodonticspecialists [24]. Such datasets could support 
supervised learning models capable of finer-scale spatial 
reasoning and clinically interpretable outputs [15], although 
this will require collaboration between orthodontists and 
information technology specialists.
	 This study has several limitations, including variability in 
image quality, use of a single orthodontist as the reference 
standard, and a relatively small sample size, all of which 
may limit generalizability. Reliance on a single evaluator 
may introduce subjectivity; therefore, the observed Cohen’s 
κ values may reflect both AI performance and variability 
in expert judgment. Future studies should include multiple 
orthodontists and assess inter-rater reliability to establish a 
more robust reference standard. In addition, some models 
generated unsolicited treatment suggestions rather than 
strictly diagnostic outputs, highlighting limited output 
controllability. Furthermore, none of the models explicitly 
expressed diagnostic uncertainty or provided clinical dis-
claimers, raising important ethical considerations regarding 
the use of multimodal AI in healthcare settings. Moreover, 
all models were evaluated using a single standardized 
prompting framework. Therefore, the reported results reflect 
performance under this specific prompting configuration 
only. Alternative prompting strategies were not evaluated, 
and different prompt designs may lead to variation in per-
formance; however, ensemble prompting may be considered 
as an alternative. This limitation should be considered when 
interpreting the findings. In conclusion, current multimodal 
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AI models demonstrate limited, parameter-dependent accu-
racy in detecting orthodontic malocclusions from intraoral 
photographs. These findings emphasize the limitations of 
general-purpose AI systems for orthodontic decision sup-
port and highlight the need for task-specific models trained 
on clinically annotated datasets.
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I. Introduction

Malocclusion is a prevalent oral health problem among 
children and adolescents, with reported prevalence rates as 
high as 30%-40% in some populations [1]. Early detection is 
essential to prevent functional impairment and reduce the 
need for more complex orthodontic interventions later in 
[1,2]. Traditional orthodontic screening methods rely largely 
on direct clinical examinations by trained specialists, which 
may limit access to needed dental care, particularly in com-
munity settings such as schools [2].

Accuracy of Orthodontic Malocclusion Detection 
Using Multiple AI Models: A Comparative Study
Hillda Herawati1, Joko Kusnoto2, Indrayadi Gunardi3, Anggit Wirasto4, Tri Erri Astoeti5
1Doctoral Program in Dental Sciences, Faculty of Dentistry, Universitas Trisakti, Jakarta, Indonesia 
2Department of Orthodontics, Faculty of Dentistry, Universitas Trisakti, Jakarta, Indonesia 
3Department of Oral Medicine, Faculty of Dentistry, Universitas Trisakti, Jakarta, Indonesia 
4Informatics Study Program, Faculty of Science and Technology, Universitas Harapan Bangsa, Purwokerto, Indonesia 
5Department of Dental Public Health and Preventive Dentistry, Faculty of Dentistry, Universitas Trisakti, Jakarta, Indonesia

Objectives: This study aimed to evaluate and compare the accuracy of multiple artificial intelligence (AI) models (ChatGPT 
5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot) in detecting orthodontic malocclusion features in stan-
dardized multiview intraoral photographs. The reference standard was assessment by an orthodontist. Methods: A cross-
sectional observational study was conducted using five standardized intraoral photographs (frontal, right lateral, left lateral, 
maxillary occlusal, and mandibular occlusal) obtained from 50 children aged 9–12 years. The following eight malocclusion 
parameters were assessed: anterior crowding, diastema, overjet, overbite, molar relationship, canine relationship, crossbite, 
and dental arch symmetry. Diagnostic accuracy and agreement between each AI model and the orthodontist were evaluated 
using Cohen’s kappa (κ) and the area under the receiver operating characteristic curve (AUC). Results: Agreement between 
the AI models and the orthodontist ranged from poor to moderate across all orthodontic domains, with Cohen’s κ values 
ranging from -0.15 to 0.63. Visually prominent alignment features, including anterior crowding and diastema, demonstrated 
comparatively higher agreement (κ, 0.00–0.63) and discriminatory performance, with AUC values ranging from 0.56 to 0.85. 
In contrast, parameters requiring precise spatial interpretation, such as sagittal relationships, overbite, crossbite, and arch 
morphology, showed consistently low agreement (κ, -0.15 to 0.38) and poor to near-random classification performance, with 
AUC values predominantly ranging from 0.41 to 0.70 and, in some cases, approaching 0.50. Conclusions: Current multi-
modal AI models demonstrate limited, parameter-dependent accuracy in detecting orthodontic malocclusions from intraoral 
photographs. These findings emphasize the limitations of general-purpose AI systems for orthodontic decision support and 
highlight the need for task-specific models trained on clinically annotated datasets.

Keywords: ROC Curve, Artificial Intelligence, Diagnosis, Malocclusion, Orthodontics

Healthc Inform Res. 2026 April;32(2):166-178. 
https://doi.org/10.4258/hir.2026.32.2.166
pISSN 2093-3681  •  eISSN 2093-369X  

Original Article

Submitted: January 14, 2026
Revised: March 27, 2026
Accepted: April 4, 2026

Corresponding Author 
Joko Kusnoto
Department of Orthodontics, Faculty of Dentistry, Universitas Tri-
sakti, Jl. Kyai Tapa no. 260, Jakarta 11440, Indonesia. Tel: +62-21-
5672731, E-mail: joko.k@trisakti.ac.id (https://orcid.org/0009-
0009-8955-4459)

This is an Open Access article distributed under the terms of the Creative Com-
mons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-
nc/4.0/) which permits unrestricted non-commercial use, distribution, and reproduc-
tion in any medium, provided the original work is properly cited.

ⓒ 2026 The Korean Society of Medical Informatics

2

5

6

13

Page 10 of 22 - Integrity Submission Submission ID trn:oid:::3618:138250528

Page 10 of 22 - Integrity Submission Submission ID trn:oid:::3618:138250528



167Vol. 32  •  No. 2  •  April 2026 www.e-hir.org

Malocclusion Detection Using AI Models

	 Recent advances in artificial intelligence (AI) have shown 
promise for improving diagnostic accuracy in orthodontics, 
including through the application of machine learning and 
deep learning to various imaging modalities. For example, 
convolutional neural networks (CNNs) have been used ef-
fectively in cephalometric analysis and panoramic image 
interpretation, yielding accurate automated orthodontic 
diagnoses [3]. However, the use of intraoral photographs 
remains relatively underexplored, despite their value as non-
invasive, low-cost clinical records suitable for early screen-
ing and teleorthodontics [4,5]. The diagnostic potential of 
photographs has nevertheless been recognized, and previous 
studies have reported strong diagnostic performance for 
dental conditions assessed from these images [6,7].
	 In recent years, large language models (LLMs), including 
ChatGPT and similar AI frameworks, have emerged with 
the ability to interpret both textual and visual inputs. Stud-
ies evaluating LLM responses in orthodontics have reported 
moderate to high consistency but substantial variability in 
accuracy relative to assessments by orthodontic specialists 
[8]. Although these models can generate fluent and well-
structured responses, they may also provide incomplete or 
misleading information, underscoring the need for caution-
clinical interpretation [9-11]. These observations support the 
view that LLMs may serve as adjunctive tools in orthodontic 
practice rather than replacements for expert judgment.
	 Comparative studies have identified discrepancies between 
LLM-generated responses and assessments by orthodontic 
experts, particularly in malocclusion classification and treat-
ment decision-making [9,12]. Although these models may 
have value for preliminary educational purposes, existing 
evidence suggests that they cannot replace the nuanced as-
sessments of experienced clinicians [1,3,11]. This limitation 
highlights the need for further research to rigorously validate 
AI-generated outputs against established clinical standards.
	 To evaluate the accuracy of malocclusion classification 
from clinical images by AI models, including advanced ver-
sions such as ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 
Sonnet, and Microsoft Copilot, standardized inputs are re-
quired for comparison with expert evaluations. At present, 
research on the performance of multimodal LLMs in analyz-
ing standardized multiview intraoral photographs against 
comprehensive orthodontic diagnostic criteria remains lim-
ited [7,9]. Further studies are therefore needed in thisarea.

II. Methods

1. Study Design and Population
This cross-sectional observational study was designed to 
evaluate the diagnostic performance of multimodal LLMs in 
detecting orthodontic malocclusion features from standard-
ized intraoral photographs. The study focused exclusively on 
image-based diagnostic interpretation and did not incorpo-
rate clinical examination, radiographic analysis, or treatment 
planning. The study used retrospective clinical photographs 
obtained from 50 children aged 9–12 years in Cimahi, West 
Java, Indonesia. No clinical intervention, treatment modifi-
cation, or follow-up assessment was performed as part of the 
study.

2. Sample Size
This observational cross-sectional study aimed to evaluate 
the diagnostic accuracy of multimodal LLMs in detecting 
orthodontic malocclusion from intraoral images. The study 
sample consisted of 50 pediatric participants, each contrib-
uting five intraoral images obtained from different views, 
including frontal, right lateral, left lateral, maxillary occlusal, 
and mandibular occlusal views. The total sample size was 
250 images, which was considered sufficient to cover key 
aspects of orthodontic malocclusion, including alignment, 
sagittal, vertical, transverse, and arch morphology.

3. Ethical Approval and Consent to Participate
Written informed consent was obtained from all participants 
and their legal guardians before study initiation. Ethical 
approval for the study protocol was granted by the Health 
Research Ethics Committee of the Faculty of Dentistry, Uni-
versitas Trisakti (No. 1006/S3/KEPK/FKG/9/2025).

4. Image Collection
Five images were acquired for each participant, comprising 
frontal, left lateral, right lateral, maxillary occlusal, and man-
dibular occlusal views (Figure 1). All images were captured 
using an iPhone 15 (Apple Inc., Cupertino, CA, USA) at a 
resolution of 6048 × 4032 pixels (24 megapixels). All images 
were obtained by a single investigator who was calibrated 
for the study, following standardized intraoral photography 
protocols to ensure consistent angulation, lighting, and field 
of view.

5. Image Preparation and Pre-processing
All images were anonymized before analysis by removing pa-
tient-identifying information. The images were standardized 

11
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without digital enhancement, filtering, contrast adjustment, 
or color correction. However, the images were cropped to 
remove extraneous objects, such as hands and mirrors, that 
were visible during image acquisition. Images were analyzed 
at their original resolution to preserve clinically relevant 
visual features, such as tooth arrangement, occlusal relation-
ships, and arch morphology.

6. Orthodontic Diagnostic Framework
Orthodontic assessment in this study followed a structured 
diagnostic framework based on established clinical stan-
dards, including Proffit’s definitionsof malocclusion, Angle’s 
classification of sagittal relationships, and the Dental Health 
Component of the Index of Orthodontic Treatment Need 
(IOTN) [13-15].
	 For analytical consistency and effective image-based evalu-
ation, orthodontic parameters were organized into five diag-
nostic domains reflecting different levels of spatial complex-
ity:
	 1) �Alignment domain: This domain included assessment 

of anterior crowding and diastema in both the maxillary 
and mandibular arches. These features are commonly 
recognized indicators in orthodontic screening [16].

	 2) �Sagittal relationship domain: This domain comprised 
assessment of overjet, molar relationship, canine rela-
tionship, and overall Angle classification, focusing on 
anteroposterior dental relationships that are central to 
orthodontic diagnosis [17].

	 3) �Vertical relationship domain: This domain emphasized 
overbite assessment, categorized as normal, deep bite, or 
open bite, representing clinically important vertical dis-
crepancies [17].

	 4) �Transverse relationship domain: This domain assessed 
the presence and type of crossbite (anterior or posterior, 
unilateral or bilateral), capturing transverse discrepan-
cies that are often subtle on two-dimensional imaging 
[18].

	 5) �Arch morphology domain: This domain evaluated den-
tal arch symmetry using occlusal views, highlighting 
structural characteristics shaped by underlying skeletal 
patterns [19].

	 All parameters were evaluated systematically within this 
unified framework by both the orthodontist and the AI 
models, thereby ensuring a structured assessment approach. 
For statistical analysis, outcomes were dichotomized as nor-
mal or abnormal to enable direct comparison of diagnostic 
agreement and discrimination [20]. The detailed mapping 
of multilevel orthodontic parameters to binary categories is 
presented in Table 1.

7. Generative AI Multimodal Large Language Models
In this study, four publicly available multimodal LLMs with 
image-text processing capabilities were evaluated: ChatGPT 
5.2 Pro (OpenAI), Claude 4.5 Sonnet (Anthropic), Gemini 
3 Fast (Google), and Microsoft Copilot (Microsoft) [12,21]. 
These models were accessed through their official web-based 

A B C

D E

Figure 1. ‌�Sample clinical images obtained from orthodontic patients: (A) frontal view, (B) left lateral view, (C) right lateral view, (D) 
maxillary occlusal view, and (E) mandibular occlusal view.

8
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interfaces using their default system configurations, without 
application programming interfaces, external tools, or model 
fine-tuning [12]. This approach was intended to reflect how 
these multimodal LLMs would operate in real-world clinical 
use.

8. Model Testing Workflow and Prompting Strategy
For model evaluation, a structured workflow was used, as 
illustrated in Figure 2 and detailed in Table 2. Analysis and 

testing of the AI models were conducted in stages according 
to the orthodontic diagnostic framework. Each intraoral im-
age was evaluated independently by each multimodal model 
in a blinded testing procedure. This approach ensured that 
each model’s rating depended solely on information con-
tained in the corresponding intraoral image. Parameter-spe-
cific prompts were used for each orthodontic category with 
identical syntax and structure, with the aim of approximat-
ing the logical reasoning process used by an orthodontist. 

Table 1. Mapping of multi-class orthodontic parameters into binary categories for statistical analysis

Domain Parameter Original category Binary category

Alignment Maxillary crowding None Normal
Mild, Moderate, Severe Abnormal

Mandibular crowding None Normal
Mild, Moderate, Severe Abnormal

Diastema None Normal
Presence (maxilla or mandible) Abnormal

Sagittal Overjet Normal Normal
Increased, Edge-to-edge, Reverse Abnormal

Molar relationship (right & left) Class I Normal
Class II, Class III Abnormal

Canine relationship (right & left) Class I Normal
Class II, Class III Abnormal

Angle classification Class I Normal
Class II, Class III Abnormal

Vertical Overbite Normal Normal
Deep bite, Open bite Abnormal

Transverse Crossbite (right & left) None Normal
Anterior, Posterior, Anterior + Posterior Abnormal

Arch morphology Arch symmetry Symmetrical (maxilla/mandible) Normal
Asymmetrical Abnormal

Figure 2. ‌�Schematic overview of mul
timodal large language mo
del (LLM) evaluation, result 
mapping, and agreement an
alysis.

Standardized prompts
as shown in Table 2

Al results reviewed and classifiedAl results reviewed and classified

Statistical analysis
using kappa

Classification results mapping

Normal or abnormal
shown in Table 1

Orthodontic
specialist

observation
results

Orthodontic
specialist

observation
results

Image evaluation

A B C

D E

Model testing (multimodal LLMs)

ChatGPT 5.2 Pro Claude 4.5 Sonnet

Gemini 3 Fast Microsoft Copilot

3
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All prompts were written in Indonesian and were kept iden-
tical throughout the study. Outputs from each model were 
classified into predefined orthodontic categories and then 
reduced to two groups: normal and abnormal.

9. Statistical Analysis
Cohen’s kappa (κ) was used to assess agreement between 
each AI model and the single orthodontist’s assessment. This 
method is widely used in dental research to quantify inter-
rater reliability, particularly in studies examining diagnostic 
discrepancies[7]. By providing a comparative framework, 
Cohen’s κ helps indicate how closely AI model outputs align 
with expert clinical assessments [22]. Model performance 

was evaluated by dichotomizing diagnostic outputs into nor-
mal and abnormal categories and calculating the area under 
the receiver operating characteristic curve (AUC) to quantify 
discriminative ability. AUC values were interpreted accord-
ing to established receiver operating characteristic criteria 
as follows: >0.90, excellent; 0.80–0.89, good; 0.70–0.79, fair; 
0.60–0.69, poor; and <0.60, fail [23].

III. Results

A total of 50 children were included in this study. Partici-
pants were 9–12 years old (Table 3). For each participant, 
five standardized intraoral photographs were obtained, com-

Table 2. Standardized prompts used for multimodal LLM evaluation by orthodontic domain

Orthodontic  

domain
Image view

Diagnostic  

focus
Standardized prompt

Alignment Frontal intraoral Anterior 
crowding

“Analyze this frontal intraoral photograph. Focus on anterior crowd-
ing. Identify whether crowding is present in the maxillary and/or 
mandibular anterior teeth, specify the affected teeth, classify severity 
as mild, moderate, or severe, and provide a diagnostic conclusion.”

Alignment Frontal intraoral Diastema “Analyze this frontal intraoral photograph. Focus on diastema. De-
termine whether diastema is present, identify its location (maxillary 
and/or mandibular), and provide a diagnostic conclusion.”

Sagittal  
relationship

Lateral intraoral 
(right/left)

Molar rela-
tionship 
(M1)

“Analyze this lateral intraoral photograph. Focus on the relation-
ship between the maxillary first molar and mandibular first molar. 
Classify the molar relationship as Class I, II, or III. Report findings 
separately for the right and left sides.”

Sagittal  
relationship

Lateral intraoral 
(right/left)

Canine rela-
tionship (C)

“Analyze this lateral intraoral photograph. Focus on the relationship 
between the maxillary canine and mandibular canine. Classify the 
canine relationship as Class I, II, or III. Report findings separately 
for the right and left sides.”

Sagittal  
relationship

Lateral intraoral Overjet “Analyze this lateral intraoral photograph. Focus on overjet. Classify 
the overjet as normal, increased, edge-to-edge, or reverse, and pro-
vide a diagnostic conclusion.”

Vertical  
relationship

Frontal intraoral Overbite “Analyze this frontal intraoral photograph. Focus on overbite. Classify 
the vertical overlap as normal, deep bite, or open bite, and provide a 
diagnostic conclusion.”

Transverse 
relationship

Frontal intraoral Crossbite “Analyze this frontal intraoral photograph. Focus on transverse re-
lationships. Identify the presence of crossbite, specify whether it is 
unilateral or bilateral, and provide a diagnostic conclusion.”

Arch  
morphology

Maxillary occlusal Arch  
symmetry

“Analyze this maxillary occlusal photograph. Assess the arch is sym-
metrical or asymmetrical, and provide a diagnostic conclusion.”

Arch  
morphology

Mandibular  
occlusal

Arch  
symmetry

“Analyze this mandibular occlusal photograph. Assess the arch is sym-
metrical or asymmetrical, and provide a diagnostic conclusion.”

LLM: large language model.
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prising frontal, left lateral, right lateral, maxillary occlusal, 
and mandibular occlusal views. In total, 250 intraoral images 
were analyzed and used as input for the AI models.
	 Across all orthodontic domains, the dataset showed sub-
stantial clinical variability while representing a typical range 
of malocclusions (Table 4). In the alignment domain, both 
arches showed a predominance of anterior crowding, most 
of which was mild to moderate in severity. Diastemas were 
observed more frequently in the mandible than in the max-
illa. In the sagittal domain, normal overjet and Angle Class 
I relationships predominated; however, a high proportion 
of participants also exhibited Class II malocclusion and 
increased overjet. In the vertical domain, normal overbite 
was most common, with deep bite representing the primary 
anomaly and open bite occurring rarely. In the transverse 

Table 4. Integrated distribution of orthodontic diagnostic charac-
teristics across all domains

Parameter n (%)

Alignment domain
   Maxillary crowding
      None 6 (12)
      Mild 23 (46)
      Moderate 13 (26)
      Severe 8 (16)
   Mandibular crowding
      None 6 (12)
      Mild 16 (32)
      Moderate 21 (42)
      Severe 7 (14)
   Diastema
      Maxilla 4 (8)
      Mandible 12 (24)
Sagittal relationship domain
   Overjet
      Normal 31 (62)
      Increased 15 (30)
      Edge-to-edge 2 (4)
      Reverse 2 (4)
   Molar relationship (right)
      Class I 31 (62)
      Class II 18 (36)
      Class III 1 (2)
   Molar relationship (left)
      Class I 30 (60)
      Class II 18 (36)
      Class III 2 (4)
   Canine relationship (right)
      Class I 28 (56)
      Class II 22 (44)

Continued on the next column.

Table 4. Continued

Parameter n (%)

   Canine relationship (left)
      Class I 30 (60)
      Class II 19 (38)
      Class III 1 (2)
   Angle classification
      Class I 27 (54)
      Class II 21 (42)
      Class III 2 (4)
Vertical relationship domain
   Overbite
      Normal 31 (62)
      Open bite 1 (2)
      Deep bite 18 (36)
Transverse relationship domain
   Crossbite (left)
      None 41 (82)
      Anterior 6 (12)
      Posterior 2 (4)
      Anterior + posterior 1 (2)
   Crossbite (right)
      None 41 (82)
      Anterior 6 (12)
      Posterior 3 (6)
Arch morphology domain
   Arch symmetry
      Maxilla (symmetrical) 39 (78)
      Mandible (symmetrical) 40 (80)

Table 3. Demographic characteristics of the subjects

Variable Value

Sex
   Male 20 (40)
   Female 30 (60)
Age (yr) 10.56 ± 0.73

Values are presented as number (%) or mean ± standard devia-
tion.
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domain, crossbite was uncommon, and most participants 
had no crossbite; when present, crossbite was usually uni-
lateral. Symmetry predominated in both the maxillary and 
mandibular arches. Overall, the dataset represented a clini-
cally variable yet typical sample suitable for comparative 
evaluation of multimodel AI system performance.
	 Following the descriptive analysis, receiver operating char-
acteristic (ROC) analysis was performed to evaluate the 

discriminatory performance of the multimodal models in 
classifying normal versus abnormal orthodontic findings. 
Figure 3 shows marked domain-specific variation in model 
performance across the ROC curves. Parameters related to 
alignment demonstrated the greatest discriminatory abil-
ity, with ROC curves positioned farther from the reference 
diagonal, whereas sagittal relationship parameters showed 
only moderate discriminatory ability. In contrast, the verti-

Figure 3. ‌�Integrated receiver operating characteristic (ROC) curves of multimodal AI models for orthodontic parameters (see Supple-
mentary Figure S1 for a high-resolution version). Diagonal segments are produced by ties. Panels (A)–(N) represent ROC 
curves for individual orthodontic parameters evaluated from standardized multiview intraoral photographs; (A) maxillary 
crowding, (B) mandibular crowding, (C) maxillary diastema, (D) overjet, (E) overbite, (F) right first molar relationship, (G) left 
first molar relationship, (H) right canine relationship, (I) left canine relationship, (J) Angle classification, (K) right crossbite, 
(L) left crossbite, (M) maxillary arch symmetry, and (N) mandibular arch symmetry. Each panel compares the discriminatory 
performance of ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot against the orthodontist reference 
standard.
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Figure 3. Continued
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cal, transverse, and arch morphology domains showed near-
random classification performance, with their ROC curves 
clustering close to the reference diagonal. These findings 
indicate that multimodal models perform better for visually 
prominent orthodontic features than for complex spatial re-
lationships.
	 As shown in Table 5, the discriminative performance of the 
multimodal AI models varied substantially across orthodon-
tic tasks. The alignment domain showed the highest dis-
criminative performance, with Gemini achieving the highest 
AUC value of 0.85, followed by ChatGPT, with AUC values 
approaching 0.80, indicating relatively strong discrimina-
tion for visually observable features such as crowding and 
diastema. Claude showed similar but slightly lower values, 
whereas Copilot demonstrated the lowest discriminative 
performance.
	 Discriminative performance declined in the sagittal re-
lationship domain, in which the highest AUC values, up 
to 0.70, were observed for ChatGPT, representing fair dis
crimination, whereas the other models performed less 
well. In contrast, all models showed poor discriminative 
performance in the vertical and transverse relationship do-
mains, with AUC values close to the random-classification 
threshold of 0.50. Discriminative performance was lowest 
in the arch morphology domain, in which AUC values did 
not reach the threshold for fair discrimination, reflecting the 
continued limitations of multimodal models in processing 
complex dental geometric features accurately.
	 Analysis of Cohen’s κ statistics for agreement between the 
multimodal models and the orthodontist showed poor to 

moderate agreement across all domains (Table 6). In the 
alignment domain, agreement was generally poor, although 
Gemini achieved moderate agreement, with κ values up to 
0.63. ChatGPT and Claude showed lower agreement, where-
as Copilot showed only minimal agreement. Agreement in 
the sagittal relationship domain was also poor overall, al-
though ChatGPT performed relatively better, with κ values 
up to 0.38; Gemini and Claude performed less well, and Co-
pilot showed minimal agreement. In the vertical, transverse, 
and arch morphology domains, agreement was consistently 
poor, with κ values near zero or below zero across models. 
Overall, the combined ROC-AUC and κ findings suggest 
that, although multimodal AI models can moderately dis-
criminate visually salient alignment features, agreement with 
orthodontist evaluation remains limited, particularly for pa-
rameters requiring precise spatial interpretation.
	 Figure 4 presents a radar-chart comparison of the discrimi-
nation abilities of the four AI models. ROC analysis indicates 
notable differences in discriminative performance among 
the models, with ChatGPT showing the highest overall per-
formance, followed by Gemini, whereas Claude and Micro-
soft Copilot showed more limited performance, as reflected 
by ROC curves that lay closer to the reference line.
	 According to the radar chart, ChatGPT showed the best 
overall balance across sensitivity, specificity, positive predic-
tive value, negative predictive value, and accuracy. Gemini 
showed comparatively strong sensitivity and positive and 
negative predictive values, although its overall balance across 
performance indices was somewhat lower. Claude and Co-
pilot showed the weakest overall performance, particularly 

Table 5. Integrated ROC-AUC performance of multimodal AI models across orthodontic domains

Orthodontic  

domain
Parameters included

AUC
Overall  

interpretation
ChatGPT 5.2 

Pro

Gemini 3  

Fast

Claude 4.5  

Sonnet

Microsoft  

Copilot

Alignment Crowding (maxillary, mandibular), 
Diastema (maxillary)

0.60–0.80 0.69–0.85 0.68–0.77 0.56–0.65 Poor–Good

Sagittal  
relationships

Overjet, M1 (R/L), Canine (R/L), 
Angle classification

0.65–0.70 0.53–0.65 0.47–0.55 0.48–0.52 Poor

Vertical  
relationship

Overbite 0.55 0.44 0.49 0.50 Fail

Transverse  
relationships

Crossbite (R/L) 0.49–0.61 0.50–0.54 0.48–0.60 0.54–0.58 Fail–Poor

Arch morphology Symmetry (maxillary, mandibular) 0.41–0.68 0.43–0.61 0.47–0.60 0.44–0.63 Fail–Poor

ROC: receiver operating characteristic, AUC: area under the curve, AI: artificial intelligence, R: right, L: left.
AUC values were interpreted based on established ROC guidelines: ≥0.90 (excellent), 0.80–0.89 (good), 0.70–0.79 (fair), 
0.60–0.69 (poor), and <0.60 (fail).
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with respect to sensitivity and accuracy, with somewhat re-
duced specificity as well.
	 Taken together, these findings indicate that multimodal AI 
models show domain-specific performance, with higher dis-
crimination for visually salient alignment features and lower 
discrimination and agreement for parameters requiring ac-
curate spatial interpretation. These results emphasize the 
domain-specific limitations of general-purpose AI systems 
in the analysis of dental images.

IV. Discussion

This study provides an exploratory analysis of the clinical 

applicability of a multiview intraoral photograph dataset and 
the diagnostic performance of multimodal large language 
models in assessing orthodontic malocclusion. The dataset 
showed substantial clinical variability across alignment, 
sagittal, vertical, transverse, and arch morphology domains, 
all of which are important for evaluating AI tools [1]. Nota-
bly, the sample included both male and female participants 
across the target age range and was supplemented with 
multi-angle images, enabling assessment of both simple and 
complex orthodontic features [6].
	 Across these domains, a clear pattern emerged. Parameters 
related to anterior alignment, such as crowding and dia-
stema, showed higher agreement (κ, 0.00–0.63) and AUC 
values (0.56–0.85). The relatively stronger performance ob-
served for alignment parameters may be attributable to their 
visually salient, inherently two-dimensional characteristics, 
which can be inferred directly from intraoral photographs 
without requiring complex spatial interpretation. Features 
such as crowding and diastema appear as explicit variations 
in tooth spacing and position, making them well suited to 
pattern recognition. In addition, alignment assessment relies 
on relatively stable and easily identifiable anatomical land-
marks, which may reduce variability across evaluators and 
analytical approaches. These features are also less susceptible 
to perspective distortion caused by variation in camera po-
sitioning than sagittal relationships and arch morphology, 
both of which depend on more complex interarch spatial 
relationships and three-dimensional interpretation.
	 In contrast, recent studies have found that geometrically 
precise parameters, such as molar and canine relationships 
and dental arch morphology, show suboptimal performance, 
often reflected by lower AUC values, because they depend 

Table 6. Summary of agreement (Cohen’s kappa) between AI models and orthodontist assessment by orthodontic domains

Orthodontic  

domain
Parameters included

Cohen’s kappa
Overall  

agreement
ChatGPT  

5.2 Pro

Gemini 3  

Fast

Claude 4.5 

Sonnet

Microsoft 

Copilot

Alignment Crowding (maxillary, mandibular), 
Diastema (maxillary)

0.11–0.33 0.15–0.63 0.16–0.25 0.00–0.17 Poor–Moderate

Sagittal  
relationships

Overjet, M1 (R/L), Canine (R/L), 
Angle classification

0.20–0.38 0.08–0.21 -0.03–0.07 -0.04–0.23 Poor–Moderate

Vertical  
relationship

Overbite 0.13 -0.15 0.05 -0.01 Poor

Transverse  
relationships

Crossbite (R/L) -0.02–0.13 0.00–0.05 0.09–0.11 0.03–0.07 Poor

Arch morphology Symmetry (maxillary, mandibular) 0.07–0.27 -0.15–0.15 0.07–0.15 -0.07–0.19 Poor

AI: artificial intelligence, R: right, L: left.

ChatGPT
Gemini
Claude
Copilot

Sensitivity

Accuracy Specificity

NPV PPV

Figure 4. ‌�Comparative diagnostic performance of AI models 
based on classification metrics and receiver operating 
characteristic (ROC) curve. Each panel compares the 
discriminatory performance of ChatGPT 5.2 Pro, Gemini 
3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot. AI: 
artificial intelligence, NPV: negative predictive value, 
PPV: positive predictive value.
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on fine-grained spatial relationships and three-dimensional 
interpretation that are difficult to infer from two-dimension-
al images [24]. The implications of these findings support 
the hypothesis that general multimodal learning models and 
LLMs may have value in preliminary orthodontic analysis, 
butthat their performance varies markedly across areas of 
orthodontic assessment [1]. This interpretation is further 
supported by recent large-scale benchmark evaluations 
showing that strong performance on broad benchmarks does 
not necessarily translate into effective reasoning in scientific 
and clinical domains [25].
	 Our results suggest that the evaluative performance of large 
language models is stronger for anterior than for posterior 
relationships. These findings are consistent with previous 
studies examining AI capabilities in orthodontics. For exam-
ple, Hack et al. [4] reported that AI models perform better 
in identifying conspicuously visible features, such as anterior 
tooth position, than in assessing complex occlusal relation-
ships that require robust spatial reference frameworks. Simi-
larly, Stetzel et al. [15] found that deep learning models per-
form well in predicting aesthetically oriented components of 
the IOTN, illustrating the strengths of AI in visually oriented 
analyses. However, these findings contrast with those of the 
present study with respect to sagittal and transverse parame-
ter assessment, while still remaining broadly consistent with 
prior reports that AI models are challenged when evaluating 
parameters that depend on strong spatial references [24].
	 This study also demonstrated variation in agreement and 
accuracy across the evaluated large language models (Tables 
4 and 5). These intermodel differences may reflect differ-
ences in underlying architectures and training paradigms. 
For example, Transformer-based models, including Vision 
Transformers, process images holistically and may therefore 
detect general irregularities in dental alignment efficiently, 
although they remain limited in making subtle distinctions 
among densely interdependent orthodontic categories such 
as overjet and molarintercuspation [26]. These observations 
are consistent with previous reviews showing that CNNs 
trained on task-specific datasets outperform general AI sys-
tems, including LLMs, on tasks requiring high anatomical 
specificity [7]. The observed differences in outputs among 
the evaluated large language models may therefore reflect 
variation in visual abstraction, depth of reasoning, and in-
ternal representational capacity than true conceptual under-
standing [27]. Overall, the aggregated findings likely reflect 
the representational constraints imposed by nonspecialized 
training data [28]. Notably, cross-model analyses in scien-
tific AI research have shown high error correlations among 

leading large language models, suggesting shared inductive 
biases rather than independent failure modes [25].
	 From a healthcare informatics perspective, evaluating sev-
eral LLMs together may be viewed as a form of collective 
model behavior. Although each model has distinct strengths 
and limitations, broad patterns remain evident, including 
stronger performance in detecting alignment anomalies and 
much weaker performance in identifying complexspatial 
characteristics [1,29]. These findings highlight the impor-
tance of learning from multiple models collectively while 
also recognizing the limitations of AI and the continuing 
need for human expertise [28]. The observed convergence 
across models further suggests that aggregating general-pur-
pose LLMs may offer limited benefit for inherently spatial 
clinical tasksreinforcing the need for task-specific AI systems 
[25]. Future studies should therefore focus on developing 
task-specific orthodontic AI systems rather than continu-
ing to test general-purpose LLMs alone. An important next 
step will be the development of appropriately labeled, stan-
dardized multiview intraoral photograph datasets curated 
by orthodonticspecialists [24]. Such datasets could support 
supervised learning models capable of finer-scale spatial 
reasoning and clinically interpretable outputs [15], although 
this will require collaboration between orthodontists and 
information technology specialists.
	 This study has several limitations, including variability in 
image quality, use of a single orthodontist as the reference 
standard, and a relatively small sample size, all of which 
may limit generalizability. Reliance on a single evaluator 
may introduce subjectivity; therefore, the observed Cohen’s 
κ values may reflect both AI performance and variability 
in expert judgment. Future studies should include multiple 
orthodontists and assess inter-rater reliability to establish a 
more robust reference standard. In addition, some models 
generated unsolicited treatment suggestions rather than 
strictly diagnostic outputs, highlighting limited output 
controllability. Furthermore, none of the models explicitly 
expressed diagnostic uncertainty or provided clinical dis-
claimers, raising important ethical considerations regarding 
the use of multimodal AI in healthcare settings. Moreover, 
all models were evaluated using a single standardized 
prompting framework. Therefore, the reported results reflect 
performance under this specific prompting configuration 
only. Alternative prompting strategies were not evaluated, 
and different prompt designs may lead to variation in per-
formance; however, ensemble prompting may be considered 
as an alternative. This limitation should be considered when 
interpreting the findings. In conclusion, current multimodal 
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AI models demonstrate limited, parameter-dependent accu-
racy in detecting orthodontic malocclusions from intraoral 
photographs. These findings emphasize the limitations of 
general-purpose AI systems for orthodontic decision sup-
port and highlight the need for task-specific models trained 
on clinically annotated datasets.
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Abstract 

Objective: This study aimed to evaluate and compare the accuracy of multiple AI models 

(ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot) in detecting 

orthodontic malocclusion features in standardized, multi-view, intraoral photographs. The 

reference standard was an orthodontist assessment. Methods: A cross-sectional observational 

study was conducted using five standardized intraoral photographs (frontal, right lateral, left 

lateral, maxillary occlusal, and mandibular occlusal) obtained from 50 children aged 9-12 years. 

The following eight malocclusion parameters were assessed: anterior crowding, diastema, 

overjet, overbite, molar relationship, canine relationship, crossbite, and dental-arch 

symmetrical. The diagnostic accuracy and agreement between each AI model and the 

orthodontist was evaluated using Cohen's kappa and AUC. Results:  The agreement between 

the AI models and the orthodontist ranged from poor to moderate across all orthodontic 

domains, with Cohen’s κ -0.15 to 0.63. Visually prominent alignment features, including 

anterior crowding and diastema, demonstrated comparatively higher agreement (κ 0.00-0.63) 

and discriminatory performance, with ROC-AUC values ranging from 0.56 to 0.85. In contrast, 

parameters requiring precise spatial interpretation such as sagittal relationships, overbite, 

crossbite, and arch morphology showed consistently low agreement (κ -0.15 to 0.38) and poor 

to near-random classification performance, with AUC values predominantly between 0.41 and 

0.70, and in some cases approaching 0.50. Conclusion: Current multimodal AI models 

demonstrate limited and parameter-dependent accuracy in detecting orthodontic malocclusions 

using intraoral photographs. These results emphasize the limitations of general-purpose AI 

systems for orthodontic decision support and highlight the necessity of task-specific models 

trained on clinically annotated datasets. 
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I. Introduction 

Malocclusion is a prevalent oral health problem among children and adolescents, with 

prevalence rates reported to be as high as 30-40% in some populations [1] . Early detection is 

crucial for preventing functional impairment and the need for more complex orthodontic 

interventions later in life [1,2]. Traditional orthodontic screening methods largely rely on direct 

clinical examinations by trained specialists, which can limit accessibility to necessary dental 

care, especially in community settings like schools [2,3]. 

Recent advancements in artificial intelligence (AI) have shown promise in improving 

diagnostic accuracy within orthodontics. This includes the application of machine learning and 

deep learning techniques to various imaging modalities. For instance, convolutional neural 

networks (CNN) have been effectively used in cephalometric analysis and panoramic image 

interpretation, yielding accurate automated orthodontic diagnoses [4,5]. However, there 

remains a gap in the utilization of intraoral photographs, which offer non-invasive, low-cost 

clinical records suitable for early screening and tele orthodontics [6–8] . The potential accuracy 

of intraoral photographs for diagnosing dental conditions has been recognized, with studies 

indicating strong diagnostic outcomes [6,9] . 

In recent years, large language models (LLMs), such as ChatGPT and similar AI 

frameworks, have surfaced, demonstrating the capability to interpret both textual and visual 

inputs. Studies evaluating LLM responses in orthodontics reveal moderate to high consistency 

but significant variability in accuracy compared to human orthodontic specialists [10,11] . 

While these models can generate fluent and structured answers, they often provide incomplete 

or misleading information, thus necessitating a cautious approach to clinical interpretation [11–



14] . This emphasizes the importance of continuous evaluation and possible integration of 

LLMs in orthodontic practice, serving as an aid rather than a replacement for expert judgment. 

Comparative studies indicate discrepancies between LLM-generated responses and those 

rendered by orthodontic experts, especially in malocclusion classification and treatment 

decision-making processes [11,12] . Despite the potential of LLMs for preliminary educational 

contributions, existing evidence suggests they cannot supplant the nuanced assessments made 

by experienced clinicians [1,4,14]. This aspect highlights the need for further investigations to 

rigorously validate these AI models' outputs against established clinical practices. 

To evaluate the accuracy of malocclusion classification from clinical images via AI models, 

including advanced versions like (ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and 

Microsoft Copilot), standardized inputs are essential for comparison against expert evaluations. 

As of now, there is limited research focused on the performance of multimodal LLMs in 

analyzing standardized multi-view intraoral photographs against comprehensive orthodontic 

diagnostic criteria. Future studies are necessary to explore this domain [9,12,15]. 

 

II. Method 

1. Study design 

This observational cross-sectional study was designed to evaluate the diagnostic performance 

of multimodal large language models (LLMs) in detecting orthodontic malocclusion features 

from standardized intraoral photographs. The study focused exclusively on image-based 

diagnostic interpretation without incorporating clinical examination, radiographic analysis, or 

treatment planning. The study was conducted using retrospective clinical photographs obtained 

from 50 children aged 9-12 years in Cimahi, West Java, Indonesia. No clinical intervention, 

treatment modification, or follow-up assessment was performed as part of this study. 

 

2. Study population 

The study included intraoral photographic records from 50 children aged 9-12 years. This age 

range was selected to represent mixed to early permanent dentition stages, during which 

orthodontic screening and early diagnosis are clinically relevant. Patients were included if 

complete sets of standardized intraoral photographs (frontal, lateral right, lateral left, maxillary 

occlusal, and mandibular occlusal views) were available and of sufficient quality for diagnostic 

interpretation. Records with blurred images, incomplete views, or significant photographic 

artifacts were excluded. 

 

3. Ethical approval and Consent to participate 

All participants and their legal guardians provided written informed consent prior to the 

initiation of the study. Ethical approval for the study protocol was granted by the Ethics 

Committee of the Faculty of Dentistry, Universitas Trisakti (No. 1006/S3/KEPK/FKG/9/2025).  

 

4. Image collection 

Five images were acquired for each participant, comprising frontal, left lateral, right lateral, 

maxillary, and mandibular occlusal views of the teeth (in Figure 1). All images were captured 

using an iPhone 15 (Apple Inc., Cupertino, CA, USA) with a resolution of 6048 × 4032 pixels 

(24 megapixels). A single investigator, who was calibrated for this study, acquired all images 

according to standardized intraoral photography protocols to ensure consistent angulation, 

lighting, and field of view. Baseline orthodontic parameters were established following 

recognized diagnostic criteria, including Angle’s classification for sagittal relationships and 



the Dental Health Component (DHC) of the Index of Orthodontic Treatment Need (IOTN), 

which assesses occlusal traits [16,17]. 

 

 

 

Figure 1. Sample of clinical images obtained from orthodontic patients. A. Frontal; B. Lateral 

left; C. Lateral right, D. Maxillary occlusal view, and E. Mandibular occlusal view. 
 

5. Image preparation and preprocessing 

All images were anonymized prior to analysis by removing information that could identify 

patients. No digital enhancement, filtering, contrast adjustment, or color correction was applied. 

However, images were cropped and resized due to the presence of other objects such as hands 

and mirrors during image acquisition. Images were analyzed at their original resolution to 

preserve clinically relevant visual features, such as tooth arrangement, occlusal relationships, 

and arch morphology.  

 

6. Orthodontic diagnostic framework (IOTN-DHC based criteria) 

Orthodontic assessment within this study employed a structured diagnostic framework based 

on established clinical standards, including Proffit’s definitions of malocclusion, Angle’s 

classification of sagittal relationships, and the Dental Health Component (DHC) of the Index 

of Orthodontic Treatment Need (IOTN) [18,19]. The IOTN-DHC framework is favoured for 

its clinically validated, internationally recognized method for categorizing malocclusion 

severity by utilizing observable occlusal and functional characteristics [18,19]. 

For analytical consistency and effective image-based evaluation, orthodontic parameters were 

systematically organized into five diagnostic domains that reflect varying levels of spatial 

complexity: 

1. Alignment Domain: This domain included the assessment of anterior crowding and 

diastema in both the maxillary and mandibular arches. These features are commonly 

recognized indicators in orthodontic screening [20]. 

2. Sagittal Relationship Domain: This aspect comprised evaluating overjet, molar 

relationship, canine relationship, and overall Angle classification, focusing on 

anteroposterior dental relationships crucial for orthodontic diagnoses [21]. 



3. Vertical Relationship Domain: This domain emphasized overbite assessments 

categorized as normal, deep bite, or open bite, which denote significant vertical 

discrepancies in function [21]. 

4. Transverse Relationship Domain: In this domain, the presence and type of crossbite 

(anterior or posterior, unilateral or bilateral) were assessed, capturing transverse 

discrepancies often subtle in two-dimensional imaging [22]. 

5. Arch Morphology Domain: This domain evaluated dental arch symmetry through 

occlusal views, highlighting structural characteristics shaped by underlying skeletal 

patterns [23]. 

All parameters were systematically evaluated under this unified framework by both 

orthodontists and AI models, ensuring a structured approach. For statistical analysis, outcomes 

were dichotomized into normal and abnormal categories, facilitating a direct comparison of 

diagnostic agreement and discrimination [24]. 

 

7. Generative AI Multimodal large language models 

In this study, four publicly available multimodal large language models (LLMs) with image-

text processing capabilities were evaluated. The models included ChatGPT 5.2 Pro (OpenAI), 

Claude 4.5 Sonnet (Anthropic), Gemini 3 Fast (Google), and Microsoft Copilot (Microsoft) 

[11,25] . These models were accessed through their official web-based interfaces, adhering to 

their default system configurations without any application programming interfaces (APIs), 

external tools, or model fine-tuning procedures [11]. This ensures that the evaluation reflects a 

true representation of how these LLMs would operate in clinical contexts. 

ChatGPT 5.2 Pro[26] 

ChatGPT was utilized via its web interface, leveraging its built-in vision capability for image-

based reasoning. Intraoral photographs were uploaded directly, and diagnostic outputs were 

generated solely based on the visual input and standardized prompts [11]. The application of 

this model aligns with current trends in artificial intelligence (AI) usage in dentistry, which 

emphasize enhancing diagnostic accuracy through automated systems [27]. 

Claude 4.5 Sonnet[28] 

Claude 4.5 Sonnet was accessed through the MoniCA platform, known for its structured image 

interpretation capabilities. Each image was analyzed independently in its default configuration, 

reflecting the model's design for independent evaluations without conversational memory 

across different cases [25] . The independent nature of analysis enables clearer comparisons of 

outcomes and showcases the model's potential in diagnostic contexts [11]. 

Gemini 3 Fast[29] 

Gemini was evaluated through its dedicated web application, allowing for direct image uploads 

and prompt-based analyses without iterative refinement or follow-up questioning. This 

straightforward approach reflects the model's capabilities and is consistent with research 

advocating the use of AI for rapid diagnostics in clinical dentistry [25,30]. 

Microsoft Copilot[31] 

Finally, Microsoft Copilot was accessed via its web interface, utilizing its integrated 

multimodal image analysis features. The model was employed without advanced enterprise 

features or external integrations, which ensures it was evaluated under conditions akin to 

general clinical usage [11]. 

 

8. Model testing workflow and prompting strategy 

Within this current research, model evaluation was done using a structured process to compare 

all of the multimodal large language models (LLMs). Every individual intraoral image was 



evaluated without prior images and without prior model output to avoid both carryover effects 

and to make certain that every individual diagnostic result was based solely upon visual 

information contained within an image itself. 

A parameter-specific prompt was also used for each parameter of orthodontics. The prompts 

were carefully designed to model the cognitive process of analyzing typical of an orthodontist 

as they specifically ask the model to stress key anatomical landmarks, use uniform diagnostic 

criteria, and have a systematic diagnostic statement. Each prompt was written in Indonesian, 

following a uniform syntax, level of detail, and command format to reduce variability from the 

prompt and ensure prompt-induced bias in performance. The prompts were not altered or 

refined during the test procedure. Every image and corresponding prompt was tested separately 

for each of these models. The results generated by these models were then explicitly mapped 

to a predetermined orthodontic diagnostic category. 

 

9. Standardized prompting framework 

The prompting framework was aligned with the orthodontic diagnostic rubric and organized 

by diagnostic domain and image view. Table 1 summarizes the standardized prompts used for 

each orthodontic parameter. 

 

Table 1. Standardized prompts used for multimodal LLM evaluation by orthodontic domain 
Orthodontic 

domain 

Image view Diagnostic 

focus 

Standardized prompt 

Alignment Frontal 

intraoral 

Anterior 

crowding 

“Analyze this frontal intraoral photograph. Focus on 

anterior crowding. Identify whether crowding is present in 

the maxillary and/or mandibular anterior teeth, specify the 

affected teeth, classify severity as mild, moderate, or 

severe, and provide a diagnostic conclusion.” 

Alignment Frontal 

intraoral 

Diastema “Analyze this frontal intraoral photograph. Focus on 

diastema. Determine whether diastema is present, identify 

its location (maxillary and/or mandibular), and provide a 

diagnostic conclusion.” 

Sagittal 

relationship 

Lateral 

intraoral 

(right/left) 

Molar 

relationship 

(M1) 

“Analyze this lateral intraoral photograph. Focus on the 

relationship between the maxillary first molar and 

mandibular first molar. Classify the molar relationship as 

Class I, II, or III. Report findings separately for the right 

and left sides.” 

Sagittal 

relationship 

Lateral 

intraoral 

(right/left) 

Canine 

relationship 

(C) 

“Analyze this lateral intraoral photograph. Focus on the 

relationship between the maxillary canine and mandibular 

canine. Classify the canine relationship as Class I, II, or III. 

Report findings separately for the right and left sides.” 

Sagittal 

relationship 

Lateral 

intraoral 

Overjet “Analyze this lateral intraoral photograph. Focus on 

overjet. Classify the overjet as normal, increased, edge-to-

edge, or reverse, and provide a diagnostic conclusion.” 

Vertical 

relationship 

Frontal 

intraoral 

Overbite “Analyze this frontal intraoral photograph. Focus on 

overbite. Classify the vertical overlap as normal, deep bite, 

or open bite, and provide a diagnostic conclusion.” 

Transverse 

relationship 

Frontal 

intraoral 

Crossbite “Analyze this frontal intraoral photograph. Focus on 

transverse relationships. Identify the presence of crossbite, 

specify whether it is unilateral or bilateral, and provide a 

diagnostic conclusion.” 

Arch 

morphology 

Maxillary 

occlusal 

Arch 

symmetry 

“Analyze this maxillary occlusal photograph. Assess the 

arch is symmetrical or asymmetrical, and provide a 

diagnostic conclusion.” 



Arch 

morphology 

Mandibular 

occlusal 

Arch 

symmetry 

“Analyze this mandibular occlusal photograph. Assess the 

arch is symmetrical or asymmetrical, and provide a 

diagnostic conclusion.” 

 

10. Output handling and categorization 

AI-generated outputs were reviewed and mapped to predefined orthodontic categories based 

on the diagnostic rubric. For statistical analysis, all parameters were subsequently 

dichotomized into normal and abnormal categories. No interpretation, correction, or clinical 

judgment was applied beyond this categorical mapping. 

 

11. Statistical analysis 

The Kappa test was employed to assess the level of agreement between the artificial 

intelligence models and the orthodontist evaluations. This method is widely recognized in 

dental research to quantify inter-rater reliability, particularly in studies examining diagnostic 

discrepancies [9,32] . By establishing a comparative framework, the Kappa test provides 

insight into how effectively AI models align with expert clinical assessments, thus enhancing 

the understanding of AI's potential in orthodontics [33] . To evaluate the accuracy of each 

artificial intelligence model, all diagnostic variables were dichotomized into two response 

categories: (1) normal, none, or Class I; and (2) abnormal, present, or any classification other 

than Class I. This classification is significant, as it allows for a clearer identification of 

malocclusion types, aligning with established orthodontic standards and facilitating 

comparisons across studies [9,33] . 

The categorization is crucial in the context of malocclusion assessment, where variations in 

classification can impact treatment planning and outcomes. For instance, studies have 

demonstrated that Class I malocclusion is the most prevalent finding in children, with varied 

implications for subsequent orthodontic treatment pathways [34,35]. By utilizing this 

dichotomous approach, the research effectively contributes to the ongoing discourse regarding 

the efficacy of AI diagnostics compared to traditional clinical evaluation methods [9,12]. 

 

III. Results 

A total of 50 childrens were included in this study, consisting of 20 males and 30 females. The 

participants' ages ranged from 9 to 12 years (Table 2). For each subject, five standardized 

intraoral photographs were obtained, comprising frontal, left lateral, right lateral, maxillary 

occlusal, and mandibular occlusal views. In total, 250 intraoral images were analyzed and used 

as input for the artificial intelligence models.  

 

Table 2. subject demographic results  

Variable Value 

Gender [n, %] 

   Male 

   Female 

 

20 (40) 

30 (60) 

Age (year) [mean, 

SD] 

10.56 (0.73) 

 



Within the alignment domain (Table 3), anterior crowding was highly prevalent in both 

arches. In the maxilla, mild to moderate crowding accounted for the majority of cases (72%), 

while severe crowding was observed in 16% of patients. Similarly, the mandible showed a 

predominance of moderate crowding (42%), followed by mild (32%) and severe (14%) 

presentations. Diastema was more frequently identified in the mandible (24%) than in the 

maxilla (8%). These findings indicate substantial variability in alignment-related malocclusion 

patterns within the dataset. 

 

Table 3. Alignment domain 

Parameter n (%) 

Maxillary crowding  

   None 6 (12) 

   Mild 23 (46) 

   Moderate 13 (26) 

   Severe 8 (16) 

Mandibular crowding  

   None 6 (12) 

   Mild 16 (32) 

   Moderate 21 (42) 

   Severe 7 (14) 

Diastema  

   Maxilla 4 (8) 

   Mandible 12 (24) 

 

Sagittal relationships demonstrated a predominance of normal occlusal patterns, although 

clinically relevant deviations were frequently observed (Table 4). Normal overjet was present 

in 62% of patients, while increased overjet was identified in 30%. Edge-to-edge and reverse 

overjet configurations were less common, each accounting for 4% of cases. 

Angle Class I molar and canine relationships predominated on both sides (Table 4); however, 

a considerable proportion of Class II relationships was observed bilaterally. Overall Angle 

classification revealed that more than half of the patients were classified as Class I (54%), while 

Class II malocclusion accounted for 42% of the sample. Class III malocclusion was relatively 

rare (4%). These distributions highlight the presence of clinically meaningful sagittal 

discrepancies suitable for comparative AI analysis. 

 

Table 4. Sagittal relationship domain 

Parameter n (%) 

Overjet  

   Normal 31 (62) 



   Increased 15 (30) 

   Edge-to-edge 2 (4) 

   Reverse 2 (4) 

Molar relationship (right)  

   Class I 31 (62) 

   Class II 18 (36) 

   Class III 1 (2) 

Molar relationship (left)  

   Class I 30 (60) 

   Class II 18 (36) 

   Class III 2 (4) 

Canine relationship (right)  

   Class I 28 (56) 

   Class II 22 (44) 

Canine relationship (left)  

   Class I 30(60) 

   Class II 19 (38) 

   Class III 1(2) 

Angle classification  

   Class I 27 (54) 

   Class II 21 (42) 

   Class III 2 (4) 

 

Assessment of the vertical relationship (Table 5) indicated that most patients exhibited a 

normal overbite (62%). Deep bite was identified in more than one-third of the sample (36%), 

whereas open bite was rare, occurring in only one patient (2%). This distribution reflects a 

predominance of vertical patterns characterized by increased rather than reduced vertical 

overlap. 

 

Table 5. Vertical relationship domain 

Parameter n (%) 

Overbite  

   Normal 31 (62) 

   Open bite 1 (2) 

   Deep bite 18 (36) 



 

Transverse discrepancies were relatively uncommon within the study population (Table 6). 

The majority of patients showed no crossbite on either the left or right side (82%). When 

present, crossbites were predominantly unilateral and anterior in nature. Posterior and 

combined anterior-posterior crossbites occurred infrequently. These findings suggest limited 

transverse variability compared with other orthodontic domains. 

 

Table 6. Transverse relationship domain 

Parameter n (%) 

Crossbite (left)  

   None 41 (82) 

   Anterior 6 (12) 

   Posterior 2 (4) 

   Anterior + posterior 1 (2) 

Crossbite (right)  

   None 41 (82) 

   Anterior 6 (12) 

   Posterior 3 (6) 

 

Despite variability in arch form, most arches were classified as symmetrical (Table 7), with 

symmetry observed in 78% of maxillary arches and 80% of mandibular arches. This 

combination of morphological diversity and predominant symmetry provides a heterogeneous 

yet clinically representative dataset for AI-based analysis. 

 

Table 7. Arch morphology domain 

Parameter n (%) 

Arch symmetry  

   Maxilla (symmetrical) 39 (78) 

   Mandible (symmetrical) 40 (80) 

 

Following the descriptive analysis, receiver operating characteristic (ROC) analysis was 

performed to evaluate the ability of the multimodal AI models to discriminate between normal 

and abnormal orthodontic findings across all diagnostic domains, independent of decision 

thresholds. Figure 2 presents the integrated receiver operating characteristic (ROC) curves for 

all evaluated orthodontic parameters across the five diagnostic domains. Overall, the ROC 

analysis demonstrated clear domain-dependent differences in the discriminatory performance 

of the multimodal AI models. 

Alignment-related parameters, particularly maxillary and mandibular crowding as well as 

maxillary diastema, showed the most favourable ROC profiles, with curves deviating further 

from the diagonal reference line, indicating better discrimination between normal and abnormal 



conditions. Among the evaluated models, ChatGPT and Gemini generally demonstrated higher 

discriminatory performance for these visually prominent features. 

In contrast, parameters within the sagittal relationship domain, including molar and canine 

relationships as well as overall Angle classification, exhibited moderate discrimination. The 

ROC curves for these parameters were closer to the diagonal, reflecting limited ability to 

reliably distinguish normal from abnormal sagittal relationships across all AI models. 

The poorest discriminatory performance was observed for parameters within the vertical, 

transverse, and arch morphology domains. ROC curves for overbite, crossbite, and dental arch 

symmetry clustered near the diagonal line, indicating near-random classification performance. 

These patterns were consistent across all evaluated AI models. 

Taken together, the integrated ROC curves illustrate that current multimodal AI models 

perform substantially better in detecting orthodontic features with strong global visual cues 

than in interpreting complex spatial relationships that require precise geometric assessment. 



 

Figure 2. Integrated receiver operating characteristic (ROC) curves of multimodal AI models 

for orthodontic parameters. Panels A-O represent ROC curves for individual orthodontic 

parameters evaluated from standardized multi-view intraoral photographs. Panel A: maxillary 

crowding; B: mandibular crowding; C: maxillary diastema; D: overjet; E: overbite; F: right 

first molar relationship; G: left first molar relationship; H: right canine relationship; I: left 

canine relationship; J: Angle classification; K: right crossbite; L: left crossbite; M: maxillary 

arch symmetry; N: mandibular arch symmetry. Each panel compares the discriminatory 



performance of ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot 

against the orthodontist reference standard. 

 

As summarized in Table 8, the discriminatory performance of the multimodal AI models 

showed clear domain-dependent variation. The alignment domain consistently demonstrated 

the strongest diagnostic performance, with Gemini achieving the highest AUC value of 0.85, 

indicating good discrimination for visually salient features such as anterior crowding and 

diastema. ChatGPT also performed well in this domain, with AUC values approaching 0.80, 

whereas Claude showed slightly lower but comparable performance. Copilot exhibited the 

lowest discriminatory ability among the models in the alignment domain. 

In the sagittal relationship domain, discriminatory performance was more limited. ChatGPT 

achieved the highest AUC values, reaching approximately 0.70, suggesting moderate 

discrimination for molar and canine relationships as well as overall Angle classification. The 

remaining models demonstrated lower AUC values, indicating reduced ability to reliably 

differentiate normal from abnormal sagittal relationships. 

In contrast, the vertical relationship domain showed poor discrimination across all AI 

models, with AUC values remaining close to 0.50, reflecting near-random classification 

performance for overbite assessment. Similarly, transverse relationship parameters, including 

unilateral crossbite, demonstrated limited discriminatory ability, with ROC curves clustering 

near the diagonal reference line. 

The arch morphology domain exhibited the weakest overall performance, with AUC values 

failing to reach thresholds indicative of meaningful discrimination. These findings indicate that 

current multimodal AI models struggle to interpret complex dental arch characteristics and 

symmetry from intraoral photographs. 

 

Table 8. Integrated ROC-AUC performance of multimodal AI models across orthodontic 

domains 
Orthodontic 

domain 

Parameters 

included 

ChatGPT 

5.2 Pro  

(AUC) 

Gemini 3 

Fast 

(AUC) 

Claude 4.5 

Sonnet 

(AUC) 

Microsoft 

Copilot 

(AUC) 

Overall 

interpretation 

Alignment Crowding 

(Max, Mand), 

Diastema 

(Max) 

0.60-0.80 0.69-0.85 0.68-0.77 0.56-0.65 Good  

Sagittal 

relationships 

Overjet, M1 

(R/L), Canine 

(R/L), Angle 

classification 

0.65-0.70 0.53-0.65 0.47-0.55 0.48-0.52 Moderate  

Vertical 

relationship 

Overbite 0.55 0.44 0.49 0.50 Poor  

Transverse 

relationships 

Crossbite 

(R/L) 

0.49-0.61 0.50-0.54 0.48-0.60 0.54-0.58 Poor  

Arch 

morphology 

Symmetry 

(Max, Mand) 

0.41-0.68 0.43-0.61 0.47-0.60 0.44-0.63 Poor  



Note: Max maxillary; Mand mandibular; R right; L left; AUC area under curve 

 

Cohen’s kappa analysis (Table 9) revealed overall poor to moderate agreement between the 

AI models and orthodontist assessment across orthodontic domains. The highest level of 

agreement was observed in the alignment domain, where Gemini achieved a maximum κ value 

of 0.63, representing moderate agreement for alignment-related parameters. ChatGPT and 

Claude demonstrated lower but comparable agreement levels, while Copilot showed minimal 

concordance with orthodontist assessment. 

In the sagittal relationship domain, agreement remained limited across all models. ChatGPT 

demonstrated the highest agreement, with κ values reaching up to 0.38 for sagittal parameters, 

including molar and canine relationships. However, this level of agreement was insufficient to 

support consistent clinical classification, highlighting challenges in AI-based interpretation of 

sagittal occlusal relationships. 

Agreement in the vertical and transverse relationship domains was uniformly poor, with κ 

values clustering around zero or negative values, indicating minimal agreement with 

orthodontist assessment. Similarly, the arch morphology domain demonstrated poor agreement, 

with κ values failing to reach thresholds indicative of meaningful concordance. 

Taken together, the combined ROC-AUC and kappa analyses indicate that although 

multimodal AI models can moderately discriminate certain orthodontic features, particularly 

within the alignment domain, their agreement with expert orthodontic assessment remains 

limited, especially for parameters requiring precise spatial interpretation. 

 

Table 9. Summary of agreement (Cohen’s kappa) between AI models and orthodontist 

assessment by orthodontic domains 
Orthodontic 

domain 

Parameters 

included 

ChatGPT 

5.2 Pro 

(κ) 

Gemini 3 

Fast 

(κ) 

Claude 4.5 

Sonnet 

(κ) 

Microsoft 

Copilot 

(κ) 

Overall 

agreement 

Alignment Crowding 

(Max, Mand), 

Diastema 

(Max) 

0.11-0.33 0.15-0.63 0.16-0.25 0.00-0.17 Poor-

Moderate 

Sagittal 

relationships 

Overjet, M1 

(R/L), Canine 

(R/L), Angle 

classification 

0.20-0.38 0.08-0.21 −0.03-0.07 −0.04-0.23 Poor-

Moderate 

Vertical 

relationship 

Overbite 0.13 −0.15 0.05 −0.01 Poor 

Transverse 

relationships 

Crossbite 

(R/L) 

−0.02-0.13 0.00-0.05 0.09-0.11 0.03-0.07 Poor 

Arch 

morphology 

Symmetry 

(Max, Mand) 

0.07-0.27 −0.15-0.15 0.07-0.15 −0.07-0.19 Poor 

Note: Max maxillary; Mand mandibular; R right; L left; AUC area under curve 

 



Figure 3 illustrates the comparative diagnostic performance of the four multimodal AI 

models using both receiver operating characteristic (ROC) curves and a radar chart 

summarizing key classification metrics. The ROC curve analysis demonstrates clear 

differences in overall discriminatory ability among the evaluated models. ChatGPT exhibited 

the most pronounced deviation from the diagonal reference line, indicating superior 

discrimination between normal and abnormal conditions compared with the other models. 

Gemini showed comparable but slightly lower performance, whereas Claude and Microsoft 

Copilot demonstrated more modest discrimination, with ROC curves closer to the diagonal. 

The radar chart further summarizes model performance across five diagnostic metrics: 

sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and 

overall accuracy. Across these metrics, ChatGPT consistently demonstrated the most balanced 

and robust performance profile, achieving higher sensitivity and accuracy while maintaining 

favourable specificity and predictive values. Gemini showed competitive performance, 

particularly in sensitivity and PPV, but exhibited slightly reduced balance across all metrics 

compared with ChatGPT. 

Claude and Copilot demonstrated comparatively lower overall performance, characterized 

by reduced sensitivity and accuracy, despite maintaining moderate specificity and PPV. 

Notably, differences among models were more pronounced for sensitivity and overall accuracy 

than for specificity, suggesting that false-negative detection remains a key limitation for several 

AI models. 

Taken together, the combined ROC and radar chart analyses indicate that although all 

evaluated multimodal AI models possess some capacity to discriminate orthodontic conditions, 

their diagnostic performance varies substantially. Models with stronger ROC performance also 

tended to exhibit more balanced classification metrics, highlighting the importance of 

evaluating both discrimination and predictive reliability when assessing AI-based orthodontic 

diagnostic tools. 

 

 

Figure 3. Comparative diagnostic performance of AI models based on classification metrics 

and ROC curve. Each panel compares the discriminatory performance of ChatGPT 5.2 Pro, 

Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot. 

 

Overall, the results demonstrate a consistent pattern of domain-dependent performance 

across all evaluated multimodal AI models. Visually prominent orthodontic features, 

particularly those within the alignment domain, were associated with higher discriminatory 

Sensitivity
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Claude Copilot



ability and moderate agreement with orthodontist assessment. In contrast, parameters requiring 

precise spatial interpretation, including sagittal, vertical, transverse, and arch morphology 

features, showed limited discrimination and poor agreement across models. These findings 

highlight the strengths and inherent limitations of general-purpose multimodal AI systems in 

orthodontic image interpretation and provide a foundation for the subsequent discussion on 

their clinical applicability and methodological constraints. 

 

IV. Discussion 

This study offers an exploratory analysis regarding the clinical readiness of the multiview 

intraoral photography collection and the diagnostic ability of multimodal large language 

models in assessing orthodontic malocclusion. This dataset we have describes a high level of 

clinical variability in terms of alignment, sagittal, vertical, transverse, and arch morphology, 

aspects that are crucial for effectively analyzing artificial intelligence (AI) tools [1]. 

Significantly, the data sample consisted of both male and female subjects of different ages, 

supplemented with multi-angle images, allowing for clear investigation of both simple and 

complex orthodontic details [6]. 

Looking across these domains, a clear trend is present. Those parameters associated with 

anterior alignment, such as crowding and diastema, showed greater agreement (κ 0.00-0.63) 

and accuracy (0.56-0.85). Recent studies have found that geometrically precise parameters, 

namely molars and canines, and the shapes of the dental arches showed suboptimal 

performance in the form of low AUC values, according to [36]. The implications of these 

findings support the hypothesis that general multi-modal learning models and LLMs can be 

useful in preliminary orthodontic analysis, but there are quite striking variations in some areas 

of orthodontic expertise [1]. This is supported by a recent assessment of LLMs using large-

scale benchmarks, which shows that high performance in broad benchmarks does not 

necessarily translate to effective reasoning capabilities in scientific and clinical domains [37]. 

Our results suggest that the evaluative performance of large language models is stronger for 

anterior than for posterior relationships. These results are consistent with previous studies that 

have examined AI capabilities in orthodontics. For example, Hack et al. (2024) showed that AI 

models are superior at locating conspicuously visible attributes like front tooth position but are 

challenged by complex occlusal relationships that demand strong spatial references [1]. 

Similarly, Stetzel et al. (2024) found that deep learning models are successful at predicting 

aesthetic parts of the Index of Orthodontic Treatment Need (IOTN), which illustrate AI 

capabilities in visually-oriented analyses [38]. Notwithstanding, this outcome conflicts with 

that demonstrated in this study, particularly concerning sagittal and transverse parameter 

assessments, which are consistent with previous assessments that argued AI models are 

challenged when assessing parameters that depend on strong spatial references [36]. 

This study also demonstrated variations in agreement and accuracy across different large 

language models (Tables 8 and 9). These inter-model differences may be attributed to variations 

in underlying architectures and training paradigms. For example, Transformer-based LLMs, 

such as Vision Transformers (ViT), take a holistic approach to images, efficiently uncovering 

general irregularities in dental alignment, although they are challenged by making subtle 

distinctions in densely dependent orthodontic categories such as overjet and molar 

intercuspation [39]. Once again, this is consistent with previous reviews showing that CNNs 

trained using architecture-specific data excel at tasks requiring anatomical specificity 

compared to general AI systems such as LLMs [9]. The observed differences in outputs among 

the large language models appear to be attributable to variations in visual abstraction, depth of 

reasoning, and internal representational capacities, rather than true conceptual understanding 

[40]. The aggregated results are thus likely to represent the representational constraints 



presented by their non-specialized training data [41]. Notably, cross-model analysis in 

scientific artificial intelligence research has revealed high error correlations among leading 

large language models (LLMs), indicating shared inductive biases rather than independent 

failure modes [37]. 

In terms of healthcare informatics, the assessment of several LLMs together can be seen to 

represent the “hive mind.” While each one has different abilities and capacities, certain broad 

trends become apparent: strong abilities to detect anomalies in alignment and very limited 

abilities to detect complex spatial characteristics [1,42]. These findings point to the need to 

learn from all models together and also to recognize the limitations of AI and the importance 

of human input [41]. The observed convergence across models further suggests that 

aggregating general-purpose LLMs may offer limited benefit for inherently spatial clinical 

tasks, reinforcing the need for task-specific AI systems ([37]. Future studies should concentrate 

on building task-focused orthodontic AI systems rather than on testing general-purpose LLMs. 

The next important area would be to develop appropriate deep learning models based on 

standardized intraoral photographs with multiple views, which would be appropriately labeled 

by specialists in the orthodontic field [36]. This would make available appropriate data for 

building a supervised learning model that would employ spatial reasoning at a finer scale with 

clinically interpretable outputs [38] that require joint effort on the part of orthodontists and IT 

personnel. 

This study has several limitations. Image quality variability, reliance on a single orthodontist 

for reference annotation, and the relatively small sample size may have influenced the 

performance estimates. Additionally, some AI models generated unsolicited treatment 

suggestions rather than purely diagnostic outputs, reflecting the limitations of output control. 

Notably, none of the models explicitly acknowledged diagnostic uncertainty or provided 

clinical disclaimers, which raises important considerations regarding ethical AI deployment in 

healthcare. 
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Abstract 

Objective: This study aimed to evaluate and compare the accuracy of multiple AI models 

(ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot) in detecting 

orthodontic malocclusion features in standardized, multi-view, intraoral photographs. The 

reference standard was an orthodontist assessment. Methods: A cross-sectional observational 

study was conducted using five standardized intraoral photographs (frontal, right lateral, left 

lateral, maxillary occlusal, and mandibular occlusal) obtained from 50 children aged 9-12 years. 

The following eight malocclusion parameters were assessed: anterior crowding, diastema, 

overjet, overbite, molar relationship, canine relationship, crossbite, and dental-arch 

symmetrical. The diagnostic accuracy and agreement between each AI model and the 

orthodontist was evaluated using Cohen's kappa and AUC. Results:  The agreement between 

the AI models and the orthodontist ranged from poor to moderate across all orthodontic 

domains, with Cohen’s κ -0.15 to 0.63. Visually prominent alignment features, including 

anterior crowding and diastema, demonstrated comparatively higher agreement (κ 0.00-0.63) 

and discriminatory performance, with ROC-AUC values ranging from 0.56 to 0.85. In contrast, 

parameters requiring precise spatial interpretation such as sagittal relationships, overbite, 

crossbite, and arch morphology showed consistently low agreement (κ -0.15 to 0.38) and poor 

to near-random classification performance, with AUC values predominantly between 0.41 and 

0.70, and in some cases approaching 0.50. Conclusion: Current multimodal AI models 

demonstrate limited and parameter-dependent accuracy in detecting orthodontic malocclusions 

using intraoral photographs. These results emphasize the limitations of general-purpose AI 

systems for orthodontic decision support and highlight the necessity of task-specific models 

trained on clinically annotated datasets. 

 

Keywords: accuracy, artificial intelligence, detection, malocclusion, orthodontic 

 

III. Introduction 

Malocclusion is a prevalent oral health problem among children and adolescents, with 

prevalence rates reported to be as high as 30-40% in some populations [1] . Early detection is 

crucial for preventing functional impairment and the need for more complex orthodontic 

interventions later in life [1,2]. Traditional orthodontic screening methods largely rely on direct 

clinical examinations by trained specialists, which can limit accessibility to necessary dental 

care, especially in community settings like schools [2]. 

Recent advancements in artificial intelligence (AI) have shown promise in improving 

diagnostic accuracy within orthodontics. This includes the application of machine learning and 

deep learning techniques to various imaging modalities. For instance, convolutional neural 

networks (CNN) have been effectively used in cephalometric analysis and panoramic image 

interpretation, yielding accurate automated orthodontic diagnoses [3]. However, there remains 

a gap in the utilization of intraoral photographs, which offer non-invasive, low-cost clinical 

records suitable for early screening and tele orthodontics [4,5] . The potential accuracy of 

intraoral photographs for diagnosing dental conditions has been recognized, with studies 

indicating strong diagnostic outcomes [6,7] . 

In recent years, large language models (LLMs), such as ChatGPT and similar AI 

frameworks, have surfaced, demonstrating the capability to interpret both textual and visual 

inputs. Studies evaluating LLM responses in orthodontics reveal moderate to high consistency 

but significant variability in accuracy compared to human orthodontic specialists [8] . While 

these models can generate fluent and structured answers, they often provide incomplete or 

misleading information, thus necessitating a cautious approach to clinical interpretation [9–



11] . This emphasizes the importance of continuous evaluation and possible integration of 

LLMs in orthodontic practice, serving as an aid rather than a replacement for expert judgment. 

Comparative studies indicate discrepancies between LLM-generated responses and those 

rendered by orthodontic experts, especially in malocclusion classification and treatment 

decision-making processes [9,12] . Despite the potential of LLMs for preliminary educational 

contributions, existing evidence suggests they cannot supplant the nuanced assessments made 

by experienced clinicians [1,3,11]. This aspect highlights the need for further investigations to 

rigorously validate these AI models' outputs against established clinical practices. 

To evaluate the accuracy of malocclusion classification from clinical images via AI models, 

including advanced versions like (ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and 

Microsoft Copilot), standardized inputs are essential for comparison against expert evaluations. 

As of now, there is limited research focused on the performance of multimodal LLMs in 

analyzing standardized multi-view intraoral photographs against comprehensive orthodontic 

diagnostic criteria. Future studies are necessary to explore this domain [7,9].  

 

IV. Method 

1. Study design and population 

This observational cross-sectional study was designed to evaluate the diagnostic performance 

of multimodal large language models (LLMs) in detecting orthodontic malocclusion features 

from standardized intraoral photographs. The study focused exclusively on image-based 

diagnostic interpretation without incorporating clinical examination, radiographic analysis, or 

treatment planning. The study was conducted using retrospective clinical photographs obtained 

from 50 children aged 9-12 years in Cimahi, West Java, Indonesia. No clinical intervention, 

treatment modification, or follow-up assessment was performed as part of this study.  

 

2. Ethical approval and Consent to participate 

All participants and their legal guardians provided written informed consent prior to the 

initiation of the study. Ethical approval for the study protocol was granted by the Ethics 

Committee of the Faculty of Dentistry, Universitas Trisakti (No. 1006/S3/KEPK/FKG/9/2025).  

 

3. Image collection 

Five images were acquired for each participant, comprising frontal, left lateral, right lateral, 

maxillary, and mandibular occlusal views of the teeth (in Figure 1). All images were captured 

using an iPhone 15 (Apple Inc., Cupertino, CA, USA) with a resolution of 6048 × 4032 pixels 

(24 megapixels). A single investigator, who was calibrated for this study, acquired all images 

according to standardized intraoral photography protocols to ensure consistent angulation, 

lighting, and field of view. 



 

 

Figure 4. Sample of clinical images obtained from orthodontic patients. A. Frontal; B. Lateral 

left; C. Lateral right, D. Maxillary occlusal view, and E. Mandibular occlusal view. 
 

4. Image preparation and preprocessing 

All images were anonymized prior to analysis by removing information that could identify 

patients. No digital enhancement, filtering, contrast adjustment, or color correction was applied. 

However, images were cropped and resized due to the presence of other objects such as hands 

and mirrors during image acquisition. Images were analyzed at their original resolution to 

preserve clinically relevant visual features, such as tooth arrangement, occlusal relationships, 

and arch morphology.  

 

5. Orthodontic diagnostic framework  

Orthodontic assessment within this study employed a structured diagnostic framework based 

on established clinical standards, including Proffit’s definitions of malocclusion, Angle’s 

classification of sagittal relationships, and the Dental Health Component (DHC) of the Index 

of Orthodontic Treatment Need (IOTN) [13–15]. 

For analytical consistency and effective image-based evaluation, orthodontic parameters were 

systematically organized into five diagnostic domains that reflect varying levels of spatial 

complexity: 

1. Alignment Domain: This domain included the assessment of anterior crowding and 

diastema in both the maxillary and mandibular arches. These features are commonly 

recognized indicators in orthodontic screening [16]. 

2. Sagittal Relationship Domain: This aspect comprised evaluating overjet, molar 

relationship, canine relationship, and overall Angle classification, focusing on 

anteroposterior dental relationships crucial for orthodontic diagnoses [17]. 

3. Vertical Relationship Domain: This domain emphasized overbite assessments 

categorized as normal, deep bite, or open bite, which denote significant vertical 

discrepancies in function [17]. 

4. Transverse Relationship Domain: In this domain, the presence and type of crossbite 

(anterior or posterior, unilateral or bilateral) were assessed, capturing transverse 

discrepancies often subtle in two-dimensional imaging [18]. 



5. Arch Morphology Domain: This domain evaluated dental arch symmetry through 

occlusal views, highlighting structural characteristics shaped by underlying skeletal 

patterns [19]. 

All parameters were systematically evaluated under this unified framework by both 

orthodontists and AI models, ensuring a structured approach. For statistical analysis, outcomes 

were dichotomized into normal and abnormal categories, facilitating a direct comparison of 

diagnostic agreement and discrimination [20].  

 

6. Generative AI Multimodal large language models 

In this study, four publicly available multimodal large language models (LLMs) with image-

text processing capabilities were evaluated. The models included ChatGPT 5.2 Pro (OpenAI), 

Claude 4.5 Sonnet (Anthropic), Gemini 3 Fast (Google), and Microsoft Copilot (Microsoft) 

[12,21] . These models were accessed through their official web-based interfaces, adhering to 

their default system configurations without any application programming interfaces (APIs), 

external tools, or model fine-tuning procedures [12]. This ensures that the evaluation reflects a 

true representation of how these LLMs would operate in clinical contexts. 

 

7. Model testing workflow and prompting strategy 

For model evaluation, a structured approach to model evaluation was used, as follows in Figure 

2 and listed in Table 1. Every intraoral image will be rated independently by each multimodal 

model, in a manner that gave no access to previous intraoral images or to outputs from previous 

models. This ensured that each model rating strictly depended on information contained within 

each intraoral image itself. Parameter-specific prompts were used for each category in 

orthodontics in accordance with an identical syntax and structure which aimed to capture the 

manner in which an orthodontist would logically reason. All prompts are in Indonesian 

language and have been identical for the whole study duration. Any outputs from each model 

are to be identified in predefined categories for orthodontics and reduced to two groups, normal 

or abnormal. 

 



 

 

Figure 5. Schematic overview of multimodal LLM evaluation, result mapping, and agreement 

analysis. 
 

Table 10. Standardized prompts used for multimodal LLM evaluation by orthodontic domain 
 

Orthodontic 

domain 

Image view Diagnostic 

focus 

Standardized prompt 

Alignment Frontal 

intraoral 

Anterior 

crowding 

“Analyze this frontal intraoral photograph. Focus on 

anterior crowding. Identify whether crowding is present in 

the maxillary and/or mandibular anterior teeth, specify the 

affected teeth, classify severity as mild, moderate, or 

severe, and provide a diagnostic conclusion.” 

Alignment Frontal 

intraoral 

Diastema “Analyze this frontal intraoral photograph. Focus on 

diastema. Determine whether diastema is present, identify 

its location (maxillary and/or mandibular), and provide a 

diagnostic conclusion.” 

Sagittal 

relationship 

Lateral 

intraoral 

(right/left) 

Molar 

relationship 

(M1) 

“Analyze this lateral intraoral photograph. Focus on the 

relationship between the maxillary first molar and 

mandibular first molar. Classify the molar relationship as 

Class I, II, or III. Report findings separately for the right 

and left sides.” 

Sagittal 

relationship 

Lateral 

intraoral 

(right/left) 

Canine 

relationship 

(C) 

“Analyze this lateral intraoral photograph. Focus on the 

relationship between the maxillary canine and mandibular 



canine. Classify the canine relationship as Class I, II, or III. 

Report findings separately for the right and left sides.” 

Sagittal 

relationship 

Lateral 

intraoral 

Overjet “Analyze this lateral intraoral photograph. Focus on 

overjet. Classify the overjet as normal, increased, edge-to-

edge, or reverse, and provide a diagnostic conclusion.” 

Vertical 

relationship 

Frontal 

intraoral 

Overbite “Analyze this frontal intraoral photograph. Focus on 

overbite. Classify the vertical overlap as normal, deep bite, 

or open bite, and provide a diagnostic conclusion.” 

Transverse 

relationship 

Frontal 

intraoral 

Crossbite “Analyze this frontal intraoral photograph. Focus on 

transverse relationships. Identify the presence of crossbite, 

specify whether it is unilateral or bilateral, and provide a 

diagnostic conclusion.” 

Arch 

morphology 

Maxillary 

occlusal 

Arch 

symmetry 

“Analyze this maxillary occlusal photograph. Assess the 

arch is symmetrical or asymmetrical, and provide a 

diagnostic conclusion.” 

Arch 

morphology 

Mandibular 

occlusal 

Arch 

symmetry 

“Analyze this mandibular occlusal photograph. Assess the 

arch is symmetrical or asymmetrical, and provide a 

diagnostic conclusion.” 

 

8. Statistical analysis 

The Kappa test was employed to assess the level of agreement between the artificial 

intelligence models and the orthodontist evaluations. This method is widely recognized in 

dental research to quantify inter-rater reliability, particularly in studies examining diagnostic 

discrepancies [7,22] . By establishing a comparative framework, the Kappa test provides 

insight into how effectively AI models align with expert clinical assessments, thus enhancing 

the understanding of AI's potential in orthodontics [23] . To evaluate the accuracy of each 

artificial intelligence model, all diagnostic variables were dichotomized into two response 

categories: (1) normal, none, or Class I; and (2) abnormal, present, or any classification other 

than Class I. This classification is significant, as it allows for a clearer identification of 

malocclusion types, aligning with established orthodontic standards and facilitating 

comparisons across studies [7,23] . 

 

III. Results 

A total of 50 childrens were included in this study. The participants' ages ranged from 9 to 12 

years (Table 2). For each subject, five standardized intraoral photographs were obtained, 

comprising frontal, left lateral, right lateral, maxillary occlusal, and mandibular occlusal views. 

In total, 250 intraoral images were analyzed and used as input for the artificial intelligence 

models.  

 

Table 11. subject demographic results  

Variable Value 

Gender [n, %]  



   Male 

   Female 

20 (40) 

30 (60) 

Age (year) [mean, 

SD] 

10.56 (0.73) 

 

For all orthodontic fields, the data showed a high degree of clinical variability but 

represented a typical range of malocclusions (Table 3). For the alignment field of orthodontics, 

both arches showed a predominance of anterior crowding, mostly mild-to-moderate in nature. 

Diastemas were found more often in the mandible than the maxilla. Sagittal field examination 

showed a predominance of normal overjet and Angle Class I relationships, however a high 

proportion of individuals with Class II malocclusions and high overjet values was observed. 

Also in the sagittal field, a predominance of normal overbite was found with the deep bite as 

primary anomaly and open bite in rare occurrence. Crossbites are rare in the transverse field 

since the largest proportion of the population had no crossbites. When occurred, crossbites are 

mostly unilateral. The variability in arch type showed a preponderance of symmetry in the 

maxillary and mandibular arches. Taken together, the data represent a clinically variable but 

typical set appropriate for the comparative study of the performance of multi-model AI systems. 

 

Table 12. Integrated distribution of orthodontic diagnostic characteristics across all domains. 
Domain Parameter n (%) 

Alignment 

Maxillary crowding  

   None 6 (12) 

   Mild 23 (46) 

   Moderate 13 (26) 

   Severe 8 (16) 

Mandibular crowding  

   None 6 (12) 

   Mild 16 (32) 

   Moderate 21 (42) 

   Severe 7 (14) 

Diastema  

   Maxilla 4 (8) 

   Mandible 12 (24) 

Sagittal relationship 

Overjet  

   Normal 31 (62) 

   Increased 15 (30) 

   Edge-to-edge 2 (4) 

   Reverse 2 (4) 

Molar relationship (right)  

   Class I 31 (62) 

   Class II 18 (36) 



   Class III 1 (2) 

Molar relationship (left)  

   Class I 30 (60) 

   Class II 18 (36) 

   Class III 2 (4) 

Canine relationship (right)  

   Class I 28 (56) 

   Class II 22 (44) 

Canine relationship (left)  

   Class I 30 (60) 

   Class II 19 (38) 

   Class III 1 (2) 

Angle classification  

   Class I 27 (54) 

   Class II 21 (42) 

   Class III 2 (4) 

Vertical relationship 

Overbite  

   Normal 31 (62) 

   Open bite 1 (2) 

   Deep bite 18 (36) 

Transverse relationship 

Crossbite (left)  

   None 41 (82) 

   Anterior 6 (12) 

   Posterior 2 (4) 

   Anterior + posterior 1 (2) 

Crossbite (right)  

   None 41 (82) 

   Anterior 6 (12) 

   Posterior 3 (6) 

Arch morphology 

Arch symmetry  

   Maxilla (symmetrical) 39 (78) 

   Mandible (symmetrical) 40 (80) 

 

After the descriptive analysis, Receiver Operating Characteristic (ROC) analysis was 

performed to evaluate the discriminatory powers of multimodal models for normal vs. 

abnormal instances of orthodontic manifestations. Figure 3 highlights that there are significant 

domain-specific variations in model performance based upon the ROC curves. Parameters 

related to alignment had the highest discriminatory powers with larger distances of their 

respective ROC curves from the reference diagonal, whereas sagittal relationship parameters 

had moderate discriminatory powers. However, vertical, transverse, and arch morphology had 

nearly random classification accuracies with clustering of their respective ROC curves close to 



the reference diagonal. Based on these results, it is concluded that multimodal models are 

efficient for visually more prominent orthodontic manifestations compared to complex spatial 

relationships. 

 

 

Figure 6. Integrated receiver operating characteristic (ROC) curves of multimodal AI models 

for orthodontic parameters. Panels A-O represent ROC curves for individual orthodontic 

parameters evaluated from standardized multi-view intraoral photographs. Panel A: maxillary 



crowding; B: mandibular crowding; C: maxillary diastema; D: overjet; E: overbite; F: right 

first molar relationship; G: left first molar relationship; H: right canine relationship; I: left 

canine relationship; J: Angle classification; K: right crossbite; L: left crossbite; M: maxillary 

arch symmetry; N: mandibular arch symmetry. Each panel compares the discriminatory 

performance of ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot 

against the orthodontist reference standard. 

 

As shown in Table 4, the degree of discrimination achieved by the multimodal AI models 

varied significantly across the orthodontics tasks. The alignment domain had the highest degree 

of discrimination, with Gemini having the highest area under the curve (AUC) value of 0.85, 

followed by ChatGPT with AUC values approaching 0.80, which illustrated high 

discrimination abilities related to visually observable aspects like crowding and diastema. 

Although the values were similar, they were marginally lower for Claude, while Copilot had 

the lowest discrimination ability. 

The ability to discriminate reduced in the sagittal relationship domain, in which the highest 

AUC values of up to 0.70 were recorded for ChatGPT, representing a fair ability to discriminate, 

and in which the remaining models performed worse. Conversely, a poor ability to discriminate 

was observed in both vertical and transverse relationship domains for all models, reflected in 

AUC values close to the random classification threshold of 0.50. Lastly, the ability to 

discriminate in the arch morphology domain was found to be the worst, in which AUC values 

did not reach levels associated with fair discriminant ability, reflecting the continued 

limitations of multimodal models in accurately processing complex dental geometry features. 

 

Table 13. Integrated ROC-AUC performance of multimodal AI models across orthodontic 

domains 
 

Orthodontic 

domain 

Parameters 

included 

ChatGPT 

5.2 Pro  

(AUC) 

Gemini 3 

Fast 

(AUC) 

Claude 4.5 

Sonnet 

(AUC) 

Microsoft 

Copilot 

(AUC) 

Overall 

interpretation 

Alignment Crowding 

(Max, Mand), 

Diastema 

(Max) 

0.60-0.80 0.69-0.85 0.68-0.77 0.56-0.65 Good  

Sagittal 

relationships 

Overjet, M1 

(R/L), Canine 

(R/L), Angle 

classification 

0.65-0.70 0.53-0.65 0.47-0.55 0.48-0.52 Moderate  

Vertical 

relationship 

Overbite 0.55 0.44 0.49 0.50 Poor  

Transverse 

relationships 

Crossbite 

(R/L) 

0.49-0.61 0.50-0.54 0.48-0.60 0.54-0.58 Poor  

Arch 

morphology 

Symmetry 

(Max, Mand) 

0.41-0.68 0.43-0.61 0.47-0.60 0.44-0.63 Poor  

Note: Max maxillary; Mand mandibular; R right; L left; AUC area under curve 



 

Data analysis of Cohen’s κ statistics for both the multimodal models and orthodontist 

assessment showed poor to moderate agreement for all domains (Table 5). For alignment 

domains, there was generally poor agreement between models and orthodontist assessment, 

with moderate agreement for model Gemini and κ values of 0.63 at best for orthodontic 

alignment domains, demonstrating moderate agreement in orthodontic alignment domains by 

model Gemini compared to lower agreement but similar to that of models ChatGPT and Claude, 

in addition to minimal agreement for model Copilot. While there was also poor agreement for 

models in sagittal relationship domains, ChatGPT demonstrated relatively better agreement 

with κ values of 0.38 at best in orthodontic sagittal relationship domains compared to models 

Gemini and Claude, in addition to minimal agreement for models Copilot and ChatGPT. 

Conversely, there was poor agreement in vertical domains for all models compared to 

agreement in transverse domains of similar κ values near zero or lower for both vertical and 

transverse domains, similar minimal agreement for domains of arch morphology regarding 

agreement between models and assessment by human experts. Overall, the combined ROC–

AUC and κ findings suggest that while multimodal AI models can moderately discriminate 

visually salient alignment features, their agreement with orthodontist evaluation remains 

limited, particularly for parameters requiring precise spatial interpretation. 

 

Table 14. Summary of agreement (Cohen’s kappa) between AI models and orthodontist 

assessment by orthodontic domains 
 

Orthodontic 

domain 

Parameters 

included 

ChatGPT 

5.2 Pro 

(κ) 

Gemini 3 

Fast 

(κ) 

Claude 4.5 

Sonnet 

(κ) 

Microsoft 

Copilot 

(κ) 

Overall 

agreement 

Alignment Crowding 

(Max, Mand), 

Diastema 

(Max) 

0.11-0.33 0.15-0.63 0.16-0.25 0.00-0.17 Poor-

Moderate 

Sagittal 

relationships 

Overjet, M1 

(R/L), Canine 

(R/L), Angle 

classification 

0.20-0.38 0.08-0.21 −0.03-0.07 −0.04-0.23 Poor-

Moderate 

Vertical 

relationship 

Overbite 0.13 −0.15 0.05 −0.01 Poor 

Transverse 

relationships 

Crossbite 

(R/L) 

−0.02-0.13 0.00-0.05 0.09-0.11 0.03-0.07 Poor 

Arch 

morphology 

Symmetry 

(Max, Mand) 

0.07-0.27 −0.15-0.15 0.07-0.15 −0.07-0.19 Poor 

Note: Max maxillary; Mand mandibular; R right; L left; AUC area under curve 

 

Figure 4 illustrates a comparison between the discrimination abilities of the four AI models, 

which use Receiver Operating Characteristic (ROC) curves and radar charts. ROC analysis 



indicates significant differences in discrimination ability among the AI models, whereby 

ChatGPT has the highest discrimination ability, followed by Gemini, while the abilities of 

Claude and Microsoft Copilot are limited, as shown by the ROC curves close to the reference 

line. 

From the radar chart, the performance of the model with the best balance for sensitivity, 

specificity, positive predictive value, negative predictive value, and accuracy is the ChatGPT 

model. The model with the best competing sensitivity and positive and negative predictive 

values with somewhat reduced balance with regards to the indices used is the Gemini model. 

Finally, the model with the least overall performance regarding sensitivity and accuracy with 

somewhat reduced specificity is Claude and Copilot. 

Thus, multimodal AI models demonstrate domain-specific performance with high 

discrimination for visually salient alignment features and low discrimination and agreement 

values for parameters that need accurate spatial interpretation, thereby emphasizing domain-

specific limitations of general-purpose AI in the analysis of dental images. 

 

 

 

Figure 7. Comparative diagnostic performance of AI models based on classification metrics 

and ROC curve. Each panel compares the discriminatory performance of ChatGPT 5.2 Pro, 

Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot. 

 

IV. Discussion 

This study offers an exploratory analysis regarding the clinical readiness of the multiview 

intraoral photography collection and the diagnostic ability of multimodal large language 

models in assessing orthodontic malocclusion. This dataset we have describes a high level of 

clinical variability in terms of alignment, sagittal, vertical, transverse, and arch morphology, 

aspects that are crucial for effectively analyzing artificial intelligence (AI) tools [1]. 

Significantly, the data sample consisted of both male and female subjects of different ages, 

supplemented with multi-angle images, allowing for clear investigation of both simple and 

complex orthodontic details [6]. 

Looking across these domains, a clear trend is present. Those parameters associated with 

anterior alignment, such as crowding and diastema, showed greater agreement (κ 0.00-0.63) 

and accuracy (0.56-0.85). Recent studies have found that geometrically precise parameters, 

namely molars and canines, and the shapes of the dental arches showed suboptimal 

performance in the form of low AUC values, according to [24]. The implications of these 

Sensitivity

Specificity

PPVNPV

Accuracy

ChatGPT Gemini

Claude Copilot



findings support the hypothesis that general multi-modal learning models and LLMs can be 

useful in preliminary orthodontic analysis, but there are quite striking variations in some areas 

of orthodontic expertise [1]. This is supported by a recent assessment of LLMs using large-

scale benchmarks, which shows that high performance in broad benchmarks does not 

necessarily translate to effective reasoning capabilities in scientific and clinical domains [25]. 

Our results suggest that the evaluative performance of large language models is stronger for 

anterior than for posterior relationships. These results are consistent with previous studies that 

have examined AI capabilities in orthodontics. For example, Hack et al. (2024) showed that AI 

models are superior at locating conspicuously visible attributes like front tooth position but are 

challenged by complex occlusal relationships that demand strong spatial references [1]. 

Similarly, Stetzel et al. (2024) found that deep learning models are successful at predicting 

aesthetic parts of the Index of Orthodontic Treatment Need (IOTN), which illustrate AI 

capabilities in visually-oriented analyses [26]. Notwithstanding, this outcome conflicts with 

that demonstrated in this study, particularly concerning sagittal and transverse parameter 

assessments, which are consistent with previous assessments that argued AI models are 

challenged when assessing parameters that depend on strong spatial references [24]. 

This study also demonstrated variations in agreement and accuracy across different large 

language models (Tables 4 and 5). These inter-model differences may be attributed to variations 

in underlying architectures and training paradigms. For example, Transformer-based LLMs, 

such as Vision Transformers (ViT), take a holistic approach to images, efficiently uncovering 

general irregularities in dental alignment, although they are challenged by making subtle 

distinctions in densely dependent orthodontic categories such as overjet and molar 

intercuspation [27]. Once again, this is consistent with previous reviews showing that CNNs 

trained using architecture-specific data excel at tasks requiring anatomical specificity 

compared to general AI systems such as LLMs [7]. The observed differences in outputs among 

the large language models appear to be attributable to variations in visual abstraction, depth of 

reasoning, and internal representational capacities, rather than true conceptual understanding 

[28]. The aggregated results are thus likely to represent the representational constraints 

presented by their non-specialized training data [29]. Notably, cross-model analysis in 

scientific artificial intelligence research has revealed high error correlations among leading 

large language models (LLMs), indicating shared inductive biases rather than independent 

failure modes [25]. 

In terms of healthcare informatics, the assessment of several LLMs together can be seen to 

represent the “hive mind.” While each one has different abilities and capacities, certain broad 

trends become apparent: strong abilities to detect anomalies in alignment and very limited 

abilities to detect complex spatial characteristics [1,30]. These findings point to the need to 

learn from all models together and also to recognize the limitations of AI and the importance 

of human input [29]. The observed convergence across models further suggests that 

aggregating general-purpose LLMs may offer limited benefit for inherently spatial clinical 

tasks, reinforcing the need for task-specific AI systems [25]. Future studies should concentrate 

on building task-focused orthodontic AI systems rather than on testing general-purpose LLMs. 

The next important area would be to develop appropriate deep learning models based on 

standardized intraoral photographs with multiple views, which would be appropriately labeled 

by specialists in the orthodontic field [24]. This would make available appropriate data for 

building a supervised learning model that would employ spatial reasoning at a finer scale with 

clinically interpretable outputs [26] that require joint effort on the part of orthodontists and IT 

personnel. 

This study has several limitations. Image quality variability, reliance on a single orthodontist 

for reference annotation, and the relatively small sample size may have influenced the 

performance estimates. Additionally, some AI models generated unsolicited treatment 



suggestions rather than purely diagnostic outputs, reflecting the limitations of output control. 

Notably, none of the models explicitly acknowledged diagnostic uncertainty or provided 

clinical disclaimers, which raises important considerations regarding ethical AI deployment in 

healthcare.  
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Dear Editor and Reviewers, 

 

We sincerely appreciate the time and effort devoted to reviewing our manuscript and providing insightful comments. We have thoroughly revised the manuscript 

to address all concerns raised. The revisions have improved the clarity, methodological transparency, and interpretation of our findings. All changes have been 

incorporated and highlighted in the revised manuscript. A detailed point-by-point response is provided below. 

 

Reviewer 1 

No Comments Author’s response 

1 Since the LLM outputs vary across 

parameters, it would be helpful to 

explain how these outputs were 

mapped into binary categories 

(normal/none/class 1 vs. 

abnormal/present/other classes). 

Clarifying whether the mapping 

was performed manually by an 

orthodontist or using regular 

expressions would improve the 

reader's understanding. 

Thank you for your valuable comment. We have revised the manuscript. 

 

Due to the variability of outputs generated by multimodal LLMs, all responses were reviewed and mapped into 

two categories by a specialist orthodontist: (1) normal, including “normal,” “none,” or Class I; and (2) 

abnormal, including “present,” “abnormal,” or any classification other than Class I.  

 

Page 6 

For statistical analysis, outcomes were dichotomized into normal and abnormal categories to enable direct 

comparison of diagnostic agreement and discrimination [20]. The detailed mapping of multi-class orthodontic 

parameters into binary categories is presented in Table 1. 

2 In the Methods - 8. Statistical 

Analysis section, please specify 

how many orthodontists performed 

the evaluation. 

Thank you for this comment. We have clarified in the manuscript that the reference standard was established 

by a single specialist orthodontist, as described in the Statistical Analysis section. 

 

Page 9 



The Kappa test is used to assess the degree of agreement between an artificial intelligence model and the 

assessment of a single orthodontist 

3 The ROC curves in Figure 3 are 

difficult to distinguish. Providing a 

higher-resolution figure would 

enhance visual clarity. 

Thank you for your valuable comment. We have revised the manuscript. 

 

To improve visual clarity, we have provided a high-resolution version of the figure in the Supplementary 

Materials (Supplementary Figure S1). In the main manuscript, Figure 3 has been retained in a simplified format 

to maintain readability and comply with figure size limitations. 

 

Page 13 

Figure 3. Integrated receiver operating characteristic (ROC) curves of multimodal AI models for orthodontic 

parameters (see Supplementary Figure S1 for high-resolution version) 

4 In the right panel of Figure 4, it 

would be helpful to differentiate the 

curves by color, similar to Figure 3, 

to make them easier to interpret. 

Thank you for your valuable comment. We have revised the manuscript. 

 

Page 16 

Figure 4 has been revised using color reflected in the upper panel and accompanying data. This revision 

improves clarity and avoids duplication in the visual presentation. 

5 Please correct "Childrens" to 

"children". 

Thank you for your valuable comment. We have revised the manuscript to ensure consistent use of the term 

“children” throughout the text. 

 

Reviewer 2 

No Comments Author’s response 

1 The study uses a single 

orthodontist's assessment as the 

Thank you for your valuable comment. We have revised the manuscript. 

 



reference standard; the cohen's 

kappas are calculated in reference 

to this man or woman. This poses a 

major limitation to the 

interpretation of the cohen's kappa 

values which makes "poor 

agreement" unclear if it is due to the 

limitations of the AI models 

themselves or from potential 

misjudgement on the part of the 

reference orthodontist. You already 

mentioned this in the limitations; 

you should add more to it. 

We agree that the use of a single orthodontist as the reference standard represents a key limitation and may 

affect the interpretation of Cohen’s kappa values. Specifically, the observed level of agreement may reflect not 

only the performance of the AI models but also potential subjectivity in expert judgment. 

 

To address this concern, we have expanded the Limitations section to explicitly acknowledge this issue. While 

the reference examiner is a calibrated orthodontist with substantial clinical and academic experience, we 

recognize that reliance on a single evaluator may introduce bias and limit the robustness of the reference 

standard. Future studies should use multiple orthodontists and assess inter-rater reliability to establish a more 

objective and reproducible ground truth. 

 

Page 20 

This study has several limitations, including variability in image quality, the use of a single orthodontist as the 

reference standard, and a relatively small sample size, which may limit generalizability. The reliance on a single 

evaluator may introduce subjectivity, and thus the observed Cohen’s kappa values may reflect both AI 

performance and variability in expert judgment. Future studies should include multiple orthodontists and assess 

inter-rater reliability to establish a more robust reference standard. 

2 I don't see an justification of the 

sample size. Images from just 50 

children may not be sufficient to 

assess the powers of general 

purpose large language models to 

begin with. You should clarify how 

you justified using images from 

Thank you for your valuable comment. We have revised the manuscript. 

 

We have added a detailed sample size justification in the revised manuscript. A total of 50 participants were 

included, each contributing five standardized intraoral images, resulting in 250 images for analysis. Moreover, 

if we calculated the prevalence of malocclusion in the world (p0=93%), then compared this to Indonesia 

(p1=52.8%) with the total of 250 images, then the power of study would certainly be 100%. 

 



only 50 children. Since data 

augmentation is much simpler for 

2D images compared to texts, 

maybe you should consider 

augmentation if you cannot 

properly justify the use of the small 

sample size. 

Page 4 

2. Sample size 

This is an observational cross-sectional study aimed at evaluating the diagnostic accuracy of multimodal large 

language models (LLMs) in detecting orthodontic malocclusion from intraoral images. The study sample 

consisted of 50 pediatric participants, each with five intraoral images, which were obtained from various angles, 

including frontal, right lateral, left lateral, maxillary occlusal, and mandibular occlusal. The total sample size 

is 250, which is sufficient to cover all important aspects of orthodontic malocclusion, including alignment, 

sagittal, vertical, transverse, and arch morphology.  

3 The preprocessing section would 

benefit from additional information 

on how exactly the images were 

standardized across samples. 

Thank you for your valuable comment. We have revised the manuscript. 

 

The images were standardized by acquiring five predefined intraoral views for each subject and subsequently 

cropping them to focus specifically on the dentition, as illustrated in Figure 1.  

 

This process has been clearly described in the revised manuscript in Section 5 (Image Preparation and 

Preprocessing). 

 

Page 5 

All images were anonymized prior to analysis by removing information that could identify patients. All images 

were standardized without digital enhancement, filtering, contrast adjustment, or color correction. However, 

images were cropped due to the presence of other objects such as hands and mirrors during image acquisition. 

Images were analyzed at their original resolution to preserve clinically relevant visual features, such as tooth 

arrangement, occlusal relationships, and arch morphology 



4 Table 4 lists "overall interpretation" 

as "poor", "moderate", or "good". 

Please define the specific AUC or 

Kappa thresholds used to assign 

these qualitative labels to ensure 

objective interpretation. Also, 

consider adding that a single 

orthodontist was involved as 

reference. 

Thank you for your valuable comment. We have revised the manuscript. 

We have clarified the interpretation criteria in the manuscript.  

 

Cohen’s kappa values were calculated by comparing each AI model’s output with the reference standard 

established by a specialist orthodontist, as detailed in the Statistical Analysis section. This framework allows 

agreement to be interpreted in relation to expert clinical assessment. 

 

Table 5 and 6 Footnote 

AUC values were interpreted based on established ROC guidelines: ≥0.90 (excellent), 0.80–0.89 (good), 0.70–

0.79 (fair), 0.60–0.69 (poor), and <0.60 (fail). 

 

Page 9 and 10 

9. Statistical analysis 

The Kappa test was used to assess the degree of agreement between an artificial intelligence model and the 

assessment of a single orthodontist. This method is widely recognized in dental research to quantify inter-rater 

reliability, particularly in studies examining diagnostic discrepancies [7,22] . By establishing a comparative 

framework, the Kappa test provides insight into how effectively AI models align with expert clinical 

assessments, thus enhancing the understanding of AI's potential in orthodontics [22] . Model performance was 

evaluated by dichotomizing diagnostic outputs into normal and abnormal categories and calculating the area 

under the receiver operating characteristic curve (AUC) to quantify each model’s discriminative ability. AUC 

values were interpreted according to established ROC criteria: ≥0.90 (excellent), 0.80–0.89 (good), 0.70–0.79 

(fair), 0.60–0.69 (poor), and <0.60 (fail) [23]. 



5 The authors correctly identify that 

2D images limit spatial 

interpretation. I think the discussion 

would be strengthened by 

mentioning if the AI models were 

fed with all five view 

simultaneously in a single prompt 

session or if they were prompted 

image by image. 

Thank you for your valuable comment.  

 

We agree with this point. We did not upload the images simultaneously to LLM in a single prompt, instead of 

prompted image by image. In our experimental setup, the analysis and evaluation process was conducted by 

dividing the input into separate image views to obtain parameter-specific results, as structured in Section 6 

(Orthodontic Diagnostic Framework).  

 

Each intraoral image was evaluated independently by each multimodal model through a blind-testing 

procedure, without access to other image views or prior model outputs. This approach ensured that each 

assessment was based solely on the visual information contained within the corresponding image. 

 

We have clarified this procedure in the revised manuscript in Section 8 (Model Testing Workflow and 

Prompting Strategy). 

 

Page 8 

The analysis and testing of the AI models were conducted in stages based on the “Orthodontic Diagnostic 

Framework” described in Section 6. Each intraoral image was evaluated independently by each multimodal 

model through a blind-testing procedure 

 

Reviewer 3 

No Comments Author’s response 

1 INTERPRETATION OF DOMAIN-

SPECIFIC PERFORMANCE 

Thank you for your valuable comment.  

 



The manuscript concludes that current 

multimodal AI models show limited 

performance in orthodontic diagnosis. 

However, the results show different 

performance across orthodontic 

domains. 

For example, in the alignment domain 

(anterior crowding and diastema), 

Gemini 3 Fast achieved a Cohen's κ of 

0.63, which indicates moderate 

agreement. In contrast, most other 

domains showed much lower 

agreement. 

This suggests that AI performance 

may depend on the type of orthodontic 

parameter, rather than being 

uniformly poor across all tasks. 

Required 

(a) Clarify whether the study 

conclusion applies to all orthodontic 

parameters or mainly to parameters 

that require more complex spatial 

interpretation (e.g., sagittal 

(a) We agree with the reviewer that the performance of multimodal AI models is not uniform across all 

orthodontic parameters. We have revised the Conclusion section to clarify that the observed limitations 

primarily apply to parameters requiring complex spatial interpretation, such as sagittal relationships, 

crossbite, and arch morphology, rather than to all orthodontic tasks. 

 

(b) We have expanded the Discussion section to explain the relatively better performance observed in the 

alignment domain. Specifically, we clarified that alignment-related features, such as crowding and diastema, 

are visually salient and can be interpreted from two-dimensional image patterns without requiring complex 

spatial reasoning. In contrast, other orthodontic parameters depend on fine-grained spatial relationships and 

three-dimensional interpretation, which are more challenging for current multimodal AI systems. 

 

(c) We have revised the overall interpretation throughout the manuscript to reflect that model performance 

is parameter-dependent rather than uniformly limited. The revised text now emphasizes that multimodal AI 

models demonstrate variable performance across orthodontic domains, with relatively better results in 

visually oriented tasks and substantially lower performance in spatially complex assessments. 

 

Page 17 and 18 

Looking across these domains, a clear trend is present. Those parameters associated with anterior alignment, 

such as crowding and diastema, showed greater agreement (κ 0.00 - 0.63) and accuracy (0.56 - 0.85). The 

relatively higher performance observed in alignment parameters may be attributed to their visually salient 

and inherently two-dimensional characteristics, which can be directly inferred from intraoral photographs 

without requiring complex spatial interpretation. Features such as crowding and diastema manifest as explicit 

variations in tooth spacing and positioning, making them well-suited for pattern recognition. 



relationships, crossbite, arch 

morphology). 

(b) Expand the Discussion to explain 

why the alignment domain showed 

relatively better performance 

compared to other domains. 

(c) Revise the interpretation so that 

the conclusion reflects that model 

performance appears parameter-

dependent, instead of suggesting that 

performance is uniformly limited 

across all orthodontic tasks. 

Furthermore, alignment assessment relies on relatively stable and easily identifiable anatomical landmarks, 

reducing variability across evaluators and analytical approaches. These features are also less susceptible to 

perspective distortion caused by variations in camera positioning, in contrast to sagittal relationships and 

arch morphology, which depend on more complex inter-arch spatial relationships and three-dimensional 

interpretation. In contrast, recent studies have found that geometrically precise parameters, such as molar 

and canine relationships, as well as dental arch morphology, show suboptimal performance, often reflected 

by lower AUC values, due to their reliance on fine-grained spatial relationships and three-dimensional 

interpretation that are difficult to infer from two-dimensional images [24]. 

 

As for conclusion, current multimodal AI models demonstrate limited and parameter-dependent accuracy in 

detecting orthodontic malocclusions using intraoral photographs. These results emphasize the limitations of 

general purpose AI systems for orthodontic decision support and highlight the necessity of task-specific 

models trained on clinically annotated datasets. 

2 PROMPTING STRATEGY AND 

STUDY LIMITATION 

The manuscript concludes that the 

observed performance of multimodal 

LLMs indicates the need for task-

specific orthodontic AI models. 

However, the study evaluates the 

models using only a single 

standardized prompting framework. 

Thank you for your valuable comment.  

 

(a) We have updated the Limitations section to explicitly state that all models were evaluated using a single 

standardized prompting framework, and that the reported results reflect model performance under this 

specific configuration. 

 

(b) We have further clarified that alternative prompting strategies were not evaluated, and that different 

prompt designs may lead to variations in performance. This statement has been added to ensure that the 

findings are interpreted within the context of the current prompting setup. 

 



Required (no additional experiments 

required): 

(a) In the Limitations section, 

explicitly state that the evaluation 

reflects model performance under one 

specific prompting configuration used 

in this study. 

(b) Clarify that alternative prompting 

strategies were not evaluated, and 

therefore the results represent 

performance under the current 

prompting setup. 

Page 20 

This study has several limitations. Variability in image quality, the use of a single orthodontist as the 

reference standard, and the relatively small sample size may have influenced performance estimates and 

limited generalizability. In addition, some models generated unsolicited treatment suggestions rather than 

strictly diagnostic outputs, highlighting limited output controllability. Furthermore, none of the models 

explicitly expressed diagnostic uncertainty or provided clinical disclaimers, raising important ethical 

considerations for the use of multimodal AI in healthcare settings. Moreover, all models were evaluated using 

a single standardized prompting framework. Therefore, the reported results reflect model performance under 

this specific prompting configuration only. Alternative prompting strategies were not evaluated, and different 

prompt designs may lead to variations in performance, however ensemble prompt may be used as an 

alternative. This limitation should be considered when interpreting the findings 

 

 



Accuracy of Orthodontic Malocclusion Detection Using Multiple AI Models: A Comparative 

Study 

 

Abstract 

Objective: This study aimed to evaluate and compare the accuracy of multiple AI models 

(ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot) in detecting 

orthodontic malocclusion features in standardized, multi-view, intraoral photographs. The 

reference standard was an orthodontist assessment. Methods: A cross-sectional observational 

study was conducted using five standardized intraoral photographs (frontal, right lateral, left 

lateral, maxillary occlusal, and mandibular occlusal) obtained from 50 children aged 9-12 years. 

The following eight malocclusion parameters were assessed: anterior crowding, diastema, 

overjet, overbite, molar relationship, canine relationship, crossbite, and dental-arch 

symmetrical. The diagnostic accuracy and agreement between each AI model and the 

orthodontist was evaluated using Cohen's kappa and AUC. Results:  The agreement between 

the AI models and the orthodontist ranged from poor to moderate across all orthodontic 

domains, with Cohen’s κ -0.15 to 0.63. Visually prominent alignment features, including 

anterior crowding and diastema, demonstrated comparatively higher agreement (κ 0.00-0.63) 

and discriminatory performance, with ROC-AUC values ranging from 0.56 to 0.85. In contrast, 

parameters requiring precise spatial interpretation such as sagittal relationships, overbite, 

crossbite, and arch morphology showed consistently low agreement (κ -0.15 to 0.38) and poor 

to near-random classification performance, with AUC values predominantly between 0.41 and 

0.70, and in some cases approaching 0.50. Conclusion: Current multimodal AI models 

demonstrate limited and parameter-dependent accuracy in detecting orthodontic malocclusions 

using intraoral photographs. These results emphasize the limitations of general-purpose AI 

systems for orthodontic decision support and highlight the necessity of task-specific models 

trained on clinically annotated datasets. 
Keywords: accuracy, artificial intelligence, detection, malocclusion, orthodontic 

 

I. Introduction 

Malocclusion is a prevalent oral health problem among children and adolescents, with 

prevalence rates reported to be as high as 30-40% in some populations [1]. Early detection is 

crucial for preventing functional impairment and the need for more complex orthodontic 

interventions later in life [1,2]. Traditional orthodontic screening methods largely rely on direct 

clinical examinations by trained specialists, which can limit accessibility to necessary dental 

care, especially in community settings like schools [2]. 

Recent advancements in artificial intelligence (AI) have shown promise in improving 

diagnostic accuracy within orthodontics. This includes the application of machine learning and 

deep learning techniques to various imaging modalities. For instance, convolutional neural 



networks (CNN) have been effectively used in cephalometric analysis and panoramic image 

interpretation, yielding accurate automated orthodontic diagnoses [3]. However, there remains 

a gap in the utilization of intraoral photographs, which offer non-invasive, low-cost clinical 

records suitable for early screening and tele orthodontics [4,5]. The potential accuracy of 

intraoral photographs for diagnosing dental conditions has been recognized, with studies 

indicating strong diagnostic outcomes [6,7]. 

In recent years, large language models (LLMs), such as ChatGPT and similar AI 

frameworks, have surfaced, demonstrating the capability to interpret both textual and visual 

inputs. Studies evaluating LLM responses in orthodontics reveal moderate to high consistency 

but significant variability in accuracy compared to human orthodontic specialists [8] . While 

these models can generate fluent and structured answers, they often provide incomplete or 

misleading information, thus necessitating a cautious approach to clinical interpretation [9–

11] . This emphasizes the importance of continuous evaluation and possible integration of 

LLMs in orthodontic practice, serving as an aid rather than a replacement for expert judgment. 

Comparative studies indicate discrepancies between LLM-generated responses and those 

rendered by orthodontic experts, especially in malocclusion classification and treatment 

decision-making processes [9,12] . Despite the potential of LLMs for preliminary educational 

contributions, existing evidence suggests they cannot supplant the nuanced assessments made 

by experienced clinicians [1,3,11]. This aspect highlights the need for further investigations to 

rigorously validate these AI models' outputs against established clinical practices. 

To evaluate the accuracy of malocclusion classification from clinical images via AI models, 

including advanced versions like (ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and 

Microsoft Copilot), standardized inputs are essential for comparison against expert evaluations. 

As of now, there is limited research focused on the performance of multimodal LLMs in 

analyzing standardized multi-view intraoral photographs against comprehensive orthodontic 



diagnostic criteria. Future studies are necessary to explore this domain [7,9].  

 

II. Method 

1. Study design and population 

This observational cross-sectional study was designed to evaluate the diagnostic performance 

of multimodal large language models (LLMs) in detecting orthodontic malocclusion features 

from standardized intraoral photographs. The study focused exclusively on image-based 

diagnostic interpretation without incorporating clinical examination, radiographic analysis, or 

treatment planning. The study was conducted using retrospective clinical photographs obtained 

from 50 children aged 9-12 years in Cimahi, West Java, Indonesia. No clinical intervention, 

treatment modification, or follow-up assessment was performed as part of this study.  

 

2. Sample size 

This is an observational cross-sectional study aimed at evaluating the diagnostic accuracy of 

multimodal large language models (LLMs) in detecting orthodontic malocclusion from 

intraoral images. The study sample consisted of 50 pediatric participants, each with five 

intraoral images, which were obtained from various angles, including frontal, right lateral, left 

lateral, maxillary occlusal, and mandibular occlusal. The total sample size is 250, which was 

sufficient to cover all important aspects of orthodontic malocclusion, including alignment, 

sagittal, vertical, transverse, and arch morphology.  

 

3. Ethical approval and Consent to participate 

All participants and their legal guardians provided written informed consent prior to the initiation of 

the study. Ethical approval for the study protocol was granted by the Health Researches Ethics 

Committee of the Faculty of Dentistry, Universitas Trisakti (No. 1006/S3/KEPK/FKG/9/2025).  

 



4. Image collection 

Five images were acquired for each participant, comprising frontal, left lateral, right lateral, maxillary, 

and mandibular occlusal views of the teeth (in Figure 1). All images were captured using an iPhone 15 

(Apple Inc., Cupertino, CA, USA) with a resolution of 6048 × 4032 pixels (24 megapixels). A single 

investigator, who was calibrated for this study, acquired all images according to standardized intraoral 

photography protocols to ensure consistent angulation, lighting, and field of view. 

 

 

Figure 8. Sample of clinical images obtained from orthodontic patients. A. Frontal; B. Lateral 

left; C. Lateral right, D. Maxillary occlusal view, and E. Mandibular occlusal view 

 

5. Image preparation and preprocessing 

All images were anonymized prior to analysis by removing information that could identify patients. All 

images were standardized without digital enhancement, filtering, contrast adjustment, or color 

correction. However, images were cropped due to the presence of other objects such as hands and 

mirrors during image acquisition. Images were analyzed at their original resolution to preserve 

clinically relevant visual features, such as tooth arrangement, occlusal relationships, and arch 

morphology.  

 

6. Orthodontic diagnostic framework  

Orthodontic assessment within this study employed a structured diagnostic framework based on 



established clinical standards, including Proffit’s definitions of malocclusion, Angle’s classification of 

sagittal relationships, and the Dental Health Component (DHC) of the Index of Orthodontic Treatment 

Need (IOTN) [13–15]. 

For analytical consistency and effective image-based evaluation, orthodontic parameters were 

systematically organized into five diagnostic domains that reflect varying levels of spatial complexity: 

1. Alignment Domain: This domain included the assessment of anterior crowding and diastema 

in both the maxillary and mandibular arches. These features are commonly recognized 

indicators in orthodontic screening [16]. 

2. Sagittal Relationship Domain: This aspect comprised evaluating overjet, molar relationship, 

canine relationship, and overall Angle classification, focusing on anteroposterior dental 

relationships crucial for orthodontic diagnoses [17]. 

3. Vertical Relationship Domain: This domain emphasized overbite assessments categorized as 

normal, deep bite, or open bite, which denote significant vertical discrepancies in function [17]. 

4. Transverse Relationship Domain: In this domain, the presence and type of crossbite (anterior 

or posterior, unilateral or bilateral) were assessed, capturing transverse discrepancies often 

subtle in two-dimensional imaging [18]. 

5. Arch Morphology Domain: This domain evaluated dental arch symmetry through occlusal 

views, highlighting structural characteristics shaped by underlying skeletal patterns [19]. 

All parameters were systematically evaluated under this unified framework by both orthodontists and 

AI models, ensuring a structured approach. For statistical analysis, outcomes were dichotomized into 

normal and abnormal categories to enable direct comparison of diagnostic agreement and 

discrimination [20]. The detailed mapping of multi-class orthodontic parameters into binary categories 

is presented in Table 1. 

 

Table 15. Mapping of multi-class orthodontic parameters into binary categories for statistical 

analysis 

Domain Parameter Original Categories Binary Category 

Alignment Maxillary crowding None Normal 



Mild, Moderate, Severe Abnormal 

Mandibular crowding None Normal 

Mild, Moderate, Severe Abnormal 

Diastema None Normal 

Presence (Maxilla or Mandible) Abnormal 

Sagittal Overjet Normal Normal 

Increased, Edge-to-edge, Reverse Abnormal 

Molar relationship 

(Right & Left) 

Class I Normal 

Class II, Class III Abnormal 

Canine relationship 

(Right & Left) 

Class I Normal 

Class II, Class III Abnormal 

Angle classification Class I Normal 

Class II, Class III Abnormal 

Vertical Overbite Normal Normal 

Deep bite, Open bite Abnormal 

Transverse Crossbite (Right & 

Left) 

None Normal 

Anterior, Posterior, Anterior+Posterior Abnormal 

Arch morphology Arch symmetry Symmetrical (Maxilla/Mandible) Normal 

Asymmetrical Abnormal 

 

7. Generative AI Multimodal large language models 

In this study, four publicly available multimodal large language models (LLMs) with image-text 

processing capabilities were evaluated. The models included ChatGPT 5.2 Pro (OpenAI), Claude 4.5 

Sonnet (Anthropic), Gemini 3 Fast (Google), and Microsoft Copilot (Microsoft) [12,21] . These models 

were accessed through their official web-based interfaces, adhering to their default system 

configurations without any application programming interfaces (APIs), external tools, or model fine-

tuning procedures [12]. This ensures that the evaluation reflects a true representation of how these 

LLMs would operate in clinical contexts. 

 



8. Model testing workflow and prompting strategy 

For model evaluation, a structured approach to model evaluation was used, as follows in Figure 2 and 

listed in Table 2. The analysis and testing of the AI models were conducted in stages based on the 

“Orthodontic Diagnostic Framework”. Each intraoral image was evaluated independently by each 

multimodal model through a blind-testing procedure. This ensured that each model rating strictly 

depended on information contained within each intraoral image itself. Parameter-specific prompts were 

used for each category in orthodontics in accordance with an identical syntax and structure which aimed 

to capture the manner in which an orthodontist would logically reason. All prompts are in Indonesian 

language and have been identical for the whole study duration. Any outputs from each model are to be 

identified in predefined categories for orthodontics and reduced to two groups, normal or abnormal. 

 

 

Figure 9. Schematic overview of multimodal LLM evaluation, result mapping, and agreement 

analysis 

 

Table 16. Standardized prompts used for multimodal LLM evaluation by orthodontic domain 

Orthodontic 

domain 

Image view Diagnostic 

focus 

Standardized prompt 

Alignment Frontal 

intraoral 

Anterior 

crowding 

“Analyze this frontal intraoral photograph. Focus on 

anterior crowding. Identify whether crowding is present in 

the maxillary and/or mandibular anterior teeth, specify the 



affected teeth, classify severity as mild, moderate, or 

severe, and provide a diagnostic conclusion.” 

Alignment Frontal 

intraoral 

Diastema “Analyze this frontal intraoral photograph. Focus on 

diastema. Determine whether diastema is present, identify 

its location (maxillary and/or mandibular), and provide a 

diagnostic conclusion.” 

Sagittal 

relationship 

Lateral 

intraoral 

(right/left) 

Molar 

relationship 

(M1) 

“Analyze this lateral intraoral photograph. Focus on the 

relationship between the maxillary first molar and 

mandibular first molar. Classify the molar relationship as 

Class I, II, or III. Report findings separately for the right 

and left sides.” 

Sagittal 

relationship 

Lateral 

intraoral 

(right/left) 

Canine 

relationship 

(C) 

“Analyze this lateral intraoral photograph. Focus on the 

relationship between the maxillary canine and mandibular 

canine. Classify the canine relationship as Class I, II, or III. 

Report findings separately for the right and left sides.” 

Sagittal 

relationship 

Lateral 

intraoral 

Overjet “Analyze this lateral intraoral photograph. Focus on 

overjet. Classify the overjet as normal, increased, edge-to-

edge, or reverse, and provide a diagnostic conclusion.” 

Vertical 

relationship 

Frontal 

intraoral 

Overbite “Analyze this frontal intraoral photograph. Focus on 

overbite. Classify the vertical overlap as normal, deep bite, 

or open bite, and provide a diagnostic conclusion.” 

Transverse 

relationship 

Frontal 

intraoral 

Crossbite “Analyze this frontal intraoral photograph. Focus on 

transverse relationships. Identify the presence of crossbite, 

specify whether it is unilateral or bilateral, and provide a 

diagnostic conclusion.” 

Arch 

morphology 

Maxillary 

occlusal 

Arch 

symmetry 

“Analyze this maxillary occlusal photograph. Assess the 

arch is symmetrical or asymmetrical, and provide a 

diagnostic conclusion.” 

Arch 

morphology 

Mandibular 

occlusal 

Arch 

symmetry 

“Analyze this mandibular occlusal photograph. Assess the 

arch is symmetrical or asymmetrical, and provide a 

diagnostic conclusion.” 

 

9. Statistical analysis 

The Kappa test was used to assess the degree of agreement between an artificial intelligence model and 

the assessment of a single orthodontist. This method is widely recognized in dental research to quantify 

inter-rater reliability, particularly in studies examining diagnostic discrepancies [7]. By establishing a 

comparative framework, the Kappa test provides insight into how effectively AI models align with 

expert clinical assessments, thus enhancing the understanding of AI's potential in orthodontics [22]. 

Model performance was evaluated by dichotomizing diagnostic outputs into normal and abnormal 

categories and calculating the area under the receiver operating characteristic curve (AUC) to quantify 

each model’s discriminative ability. AUC values were interpreted according to established ROC 

criteria: > 0.90 (excellent), 0.80–0.89 (good), 0.70–0.79 (fair), 0.60–0.69 (poor), and <0.60 (fail) [23]. 



 

III. Results 

A total of 50 children were included in this study. The participants' ages ranged from 9 to 12 years 

(Table 3). For each subject, five standardized intraoral photographs were obtained, comprising frontal, 

left lateral, right lateral, maxillary occlusal, and mandibular occlusal views. In total, 250 intraoral 

images were analyzed and used as input for the artificial intelligence models. 

 

Table 17. subject demographic results 

Variable Value 

Gender [n, %] 

   Male 

   Female 

 

20 (40) 

30 (60) 

Age (year) [mean, SD] 10.56 (0.73) 

 

For all orthodontic fields, the data showed a high degree of clinical variability but represented a 

typical range of malocclusions (Table 4). For the alignment field of orthodontics, both arches showed 

a predominance of anterior crowding, mostly mild-to-moderate in nature. Diastemas were found more 

often in the mandible than the maxilla. Sagittal field examination showed a predominance of normal 

overjet and Angle Class I relationships, however a high proportion of individuals with Class II 

malocclusions and high overjet values was observed. Also in the sagittal field, a predominance of 

normal overbite was found with the deep bite as primary anomaly and open bite in rare occurrence. 

Crossbites are rare in the transverse field since the largest proportion of the population had no crossbites. 

When occurred, crossbites are mostly unilateral. The variability in arch type showed a preponderance 

of symmetry in the maxillary and mandibular arches. Taken together, the data represent a clinically 

variable but typical set appropriate for the comparative study of the performance of multi-model AI 

systems. 

 

 



Table 18. Integrated distribution of orthodontic diagnostic characteristics across all domains 

Domain Parameter n (%) 

Alignment 

Maxillary crowding  

   None 6 (12) 

   Mild 23 (46) 

   Moderate 13 (26) 

   Severe 8 (16) 

Mandibular crowding  

   None 6 (12) 

   Mild 16 (32) 

   Moderate 21 (42) 

   Severe 7 (14) 

Diastema  

   Maxilla 4 (8) 

   Mandible 12 (24) 

Sagittal relationship 

Overjet  

   Normal 31 (62) 

   Increased 15 (30) 

   Edge-to-edge 2 (4) 

   Reverse 2 (4) 

Molar relationship (right)  

   Class I 31 (62) 

   Class II 18 (36) 

   Class III 1 (2) 

Molar relationship (left)  

   Class I 30 (60) 

   Class II 18 (36) 

   Class III 2 (4) 

Canine relationship (right)  

   Class I 28 (56) 

   Class II 22 (44) 

Canine relationship (left)  

   Class I 30 (60) 

   Class II 19 (38) 

   Class III 1 (2) 

Angle classification  

   Class I 27 (54) 

   Class II 21 (42) 

   Class III 2 (4) 

Vertical relationship 

Overbite  

   Normal 31 (62) 

   Open bite 1 (2) 

   Deep bite 18 (36) 

Transverse relationship 

Crossbite (left)  

   None 41 (82) 

   Anterior 6 (12) 

   Posterior 2 (4) 

   Anterior + posterior 1 (2) 

Crossbite (right)  

   None 41 (82) 

   Anterior 6 (12) 



   Posterior 3 (6) 

Arch morphology 

Arch symmetry  

   Maxilla (symmetrical) 39 (78) 

   Mandible (symmetrical) 40 (80) 

 

After the descriptive analysis, Receiver Operating Characteristic (ROC) analysis was performed to 

evaluate the discriminatory powers of multimodal models for normal vs. abnormal instances of 

orthodontic manifestations. Figure 3 highlights that there are significant domain-specific variations in 

model performance based upon the ROC curves. Parameters related to alignment had the highest 

discriminatory powers with larger distances of their respective ROC curves from the reference diagonal, 

whereas sagittal relationship parameters had moderate discriminatory powers. However, vertical, 

transverse, and arch morphology had nearly random classification accuracies with clustering of their 

respective ROC curves close to the reference diagonal. Based on these results, it is concluded that 

multimodal models are efficient for visually more prominent orthodontic manifestations compared to 

complex spatial relationships. 

As shown in Table 5, the degree of discrimination achieved by the multimodal AI models varied 

significantly across the orthodontics tasks. The alignment domain had the highest degree of 

discrimination, with Gemini having the highest area under the curve (AUC) value of 0.85, followed by 

ChatGPT with AUC values approaching 0.80, which illustrated high discrimination abilities related to 

visually observable aspects like crowding and diastema. Although the values were similar, they were 

marginally lower for Claude, while Copilot had the lowest discrimination ability. 

 



 

Figure 10. Integrated receiver operating characteristic (ROC) curves of multimodal AI models 

for orthodontic parameters (see Supplementary Figure S1 for high-resolution version). Panels 

A-O represent ROC curves for individual orthodontic parameters evaluated from standardized multi-view 

intraoral photographs. Panel A: maxillary crowding; B: mandibular crowding; C: maxillary diastema; D: overjet; 

E: overbite; F: right first molar relationship; G: left first molar relationship; H: right canine relationship; I: left 

canine relationship; J: Angle classification; K: right crossbite; L: left crossbite; M: maxillary arch symmetry; N: 

mandibular arch symmetry. Each panel compares the discriminatory performance of ChatGPT 5.2 Pro, Gemini 3 

Fast, Claude 4.5 Sonnet, and Microsoft Copilot against the orthodontist reference standard 

 



Table 19. Integrated ROC-AUC performance of multimodal AI models across orthodontic 

domains 

Orthodontic 

domain 

Parameters 

included 

ChatGPT 

5.2 Pro  

(AUC) 

Gemini 3 

Fast 

(AUC) 

Claude 4.5 

Sonnet 

(AUC) 

Microsoft 

Copilot 

(AUC) 

Overall 

interpretation 

Alignment Crowding 

(Max, Mand), 

Diastema 

(Max) 

0.60-0.80 0.69-0.85 0.68-0.77 0.56-0.65 Poor - Good  

Sagittal 

relationships 

Overjet, M1 

(R/L), Canine 

(R/L), Angle 

classification 

0.65-0.70 0.53-0.65 0.47-0.55 0.48-0.52 Poor 

Vertical 

relationship 

Overbite 0.55 0.44 0.49 0.50 Fail 

Transverse 

relationships 

Crossbite 

(R/L) 

0.49-0.61 0.50-0.54 0.48-0.60 0.54-0.58 Fail - Poor  

Arch 

morphology 

Symmetry 

(Max, Mand) 

0.41-0.68 0.43-0.61 0.47-0.60 0.44-0.63 Fail - Poor  

Note: Max maxillary; Mand mandibular; R right; L left; AUC area under curve; 

AUC values were interpreted based on established ROC guidelines: ≥0.90 (excellent), 0.80–0.89 (good), 0.70–

0.79 (fair), 0.60–0.69 (poor), and <0.60 (fail). 

 

The ability to discriminate reduced in the sagittal relationship domain, in which the highest AUC 

values of up to 0.70 were recorded for ChatGPT, representing a fair ability to discriminate, and in which 

the remaining models performed worse. Conversely, a fail ability to discriminate was observed in both 

vertical and transverse relationship domains for all models, reflected in AUC values close to the random 

classification threshold of 0.50. Lastly, the ability to discriminate in the arch morphology domain was 

found to be the worst, in which AUC values did not reach levels associated with fair discriminant ability, 

reflecting the continued limitations of multimodal models in accurately processing complex dental 

geometry features. 

Data analysis of Cohen’s κ statistics for both the multimodal models and orthodontist assessment 

showed poor to moderate agreement for all domains (Table 6). For alignment domains, there was 

generally poor agreement between models and orthodontist assessment, with moderate agreement for 

model Gemini and κ values of 0.63 at best for orthodontic alignment domains, demonstrating moderate 

agreement in orthodontic alignment domains by model Gemini compared to lower agreement but 



similar to that of models ChatGPT and Claude, in addition to minimal agreement for model Copilot. 

While there was also poor agreement for models in sagittal relationship domains, ChatGPT 

demonstrated relatively better agreement with κ values of 0.38 at best in orthodontic sagittal relationship 

domains compared to models Gemini and Claude, in addition to minimal agreement for models Copilot 

and ChatGPT. Conversely, there was poor agreement in vertical domains for all models compared to 

agreement in transverse domains of similar κ values near zero or lower for both vertical and transverse 

domains, similar minimal agreement for domains of arch morphology regarding agreement between 

models and assessment by human experts. Overall, the combined ROC–AUC and κ findings suggest 

that while multimodal AI models can moderately discriminate visually salient alignment features, their 

agreement with orthodontist evaluation remains limited, particularly for parameters requiring precise 

spatial interpretation. 

 

Table 20. Summary of agreement (Cohen’s kappa) between AI models and orthodontist 

assessment by orthodontic domains 

Orthodontic 

domain 

Parameters 

included 

ChatGPT 

5.2 Pro 

(κ) 

Gemini 3 

Fast 

(κ) 

Claude 4.5 

Sonnet 

(κ) 

Microsoft 

Copilot 

(κ) 

Overall 

agreement 

Alignment Crowding 

(Max, Mand), 

Diastema 

(Max) 

0.11-0.33 0.15-0.63 0.16-0.25 0.00-0.17 Poor-

Moderate 

Sagittal 

relationships 

Overjet, M1 

(R/L), Canine 

(R/L), Angle 

classification 

0.20-0.38 0.08-0.21 −0.03-0.07 −0.04-0.23 Poor-

Moderate 

Vertical 

relationship 

Overbite 0.13 −0.15 0.05 −0.01 Poor 

Transverse 

relationships 

Crossbite 

(R/L) 

−0.02-0.13 0.00-0.05 0.09-0.11 0.03-0.07 Poor 

Arch 

morphology 

Symmetry 

(Max, Mand) 

0.07-0.27 −0.15-0.15 0.07-0.15 −0.07-0.19 Poor 

Note: Max maxillary; Mand mandibular; R right; L left; AUC area under curve; 

 

Figure 4 illustrates a comparison between the discrimination abilities of the four AI models, which 

use radar charts. ROC analysis indicates significant differences in discrimination ability among the AI 

models, whereby ChatGPT has the highest discrimination ability, followed by Gemini, while the 



abilities of Claude and Microsoft Copilot are limited, as shown by the ROC curves close to the reference 

line. 

 

 

Figure 11. Comparative diagnostic performance of AI models based on classification metrics 

and ROC curve. Each panel compares the discriminatory performance of ChatGPT 5.2 Pro, 

Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot 

 

From the radar chart, the performance of the model with the best balance for sensitivity, specificity, 

positive predictive value, negative predictive value, and accuracy is the ChatGPT model. The model 

with the best competing sensitivity and positive and negative predictive values with somewhat reduced 

balance with regards to the indices used is the Gemini model. Finally, the model with the least overall 

performance regarding sensitivity and accuracy with somewhat reduced specificity is Claude and 

Copilot. 

Thus, multimodal AI models demonstrate domain-specific performance with high discrimination for 

visually salient alignment features and low discrimination and agreement values for parameters that 

need accurate spatial interpretation, thereby emphasizing domain-specific limitations of general-

purpose AI in the analysis of dental images. 
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IV. Discussion 

This study offers an exploratory analysis regarding the clinical readiness of the multiview 

intraoral photography collection and the diagnostic ability of multimodal large language 

models in assessing orthodontic malocclusion. This dataset we have describes a high level of 

clinical variability in terms of alignment, sagittal, vertical, transverse, and arch morphology, 

aspects that are crucial for effectively analyzing artificial intelligence (AI) tools [1]. 

Significantly, the data sample consisted of both male and female subjects of different ages, 

supplemented with multi-angle images, allowing for clear investigation of both simple and 

complex orthodontic details [6]. 

Looking across these domains, a clear trend is present. Those parameters associated with 

anterior alignment, such as crowding and diastema, showed greater agreement (κ 0.00 - 0.63) 

and accuracy (0.56 - 0.85). The relatively higher performance observed in alignment 

parameters may be attributed to their visually salient and inherently two-dimensional 

characteristics, which can be directly inferred from intraoral photographs without requiring 

complex spatial interpretation. Features such as crowding and diastema manifest as explicit 

variations in tooth spacing and positioning, making them well-suited for pattern recognition. 

Furthermore, alignment assessment relies on relatively stable and easily identifiable 

anatomical landmarks, reducing variability across evaluators and analytical approaches. These 

features are also less susceptible to perspective distortion caused by variations in camera 

positioning, in contrast to sagittal relationships and arch morphology, which depend on more 

complex inter-arch spatial relationships and three-dimensional interpretation. In contrast, 

recent studies have found that geometrically precise parameters, such as molar and canine 

relationships, as well as dental arch morphology, show suboptimal performance, often reflected 

by lower AUC values, due to their reliance on fine-grained spatial relationships and three-

dimensional interpretation that are difficult to infer from two-dimensional images [24]. The 



implications of these findings support the hypothesis that general multi-modal learning models 

and LLMs can be useful in preliminary orthodontic analysis, but there are quite striking 

variations in some areas of orthodontic expertise [1]. This is supported by a recent assessment 

of LLMs using large-scale benchmarks, which shows that high performance in broad 

benchmarks does not necessarily translate to effective reasoning capabilities in scientific and 

clinical domains [25]. 

Our results suggest that the evaluative performance of large language models is stronger for 

anterior than for posterior relationships. These results are consistent with previous studies that 

have examined AI capabilities in orthodontics. For example, Hack et al. showed that AI models 

are superior at locating conspicuously visible attributes like front tooth position but are 

challenged by complex occlusal relationships that demand strong spatial references [4]. 

Similarly, Stetzel et al. found that deep learning models are successful at predicting aesthetic 

parts of the Index of Orthodontic Treatment Need (IOTN), which illustrate AI capabilities in 

visually oriented analyses [15]. Notwithstanding, this outcome conflicts with that demonstrated 

in this study, particularly concerning sagittal and transverse parameter assessments, which are 

consistent with previous assessments that argued AI models are challenged when assessing 

parameters that depend on strong spatial references [24]. 

This study also demonstrated variations in agreement and accuracy across different large 

language models (Tables 4 and 5). These inter-model differences may be attributed to variations 

in underlying architectures and training paradigms. For example, Transformer-based LLMs, 

such as Vision Transformers (ViT), take a holistic approach to images, efficiently uncovering 

general irregularities in dental alignment, although they are challenged by making subtle 

distinctions in densely dependent orthodontic categories such as overjet and molar 

intercuspation [26]. Once again, this is consistent with previous reviews showing that CNNs 

trained using architecture-specific data excel at tasks requiring anatomical specificity 



compared to general AI systems such as LLMs [7]. The observed differences in outputs among 

the large language models appear to be attributable to variations in visual abstraction, depth of 

reasoning, and internal representational capacities, rather than true conceptual understanding 

[27]. The aggregated results are thus likely to represent the representational constraints 

presented by their non-specialized training data [28]. Notably, cross-model analysis in 

scientific artificial intelligence research has revealed high error correlations among leading 

large language models (LLMs), indicating shared inductive biases rather than independent 

failure modes [25]. 

In terms of healthcare informatics, the assessment of several LLMs together can be seen to 

represent the “hive mind.” While each one has different abilities and capacities, certain broad 

trends become apparent: strong abilities to detect anomalies in alignment and very limited 

abilities to detect complex spatial characteristics [1,29]. These findings point to the need to 

learn from all models together and also to recognize the limitations of AI and the importance 

of human input [28]. The observed convergence across models further suggests that 

aggregating general-purpose LLMs may offer limited benefit for inherently spatial clinical 

tasks, reinforcing the need for task-specific AI systems [25]. Future studies should concentrate 

on building task-focused orthodontic AI systems rather than on testing general-purpose LLMs. 

The next important area would be to develop appropriate deep learning models based on 

standardized intraoral photographs with multiple views, which would be appropriately labeled 

by specialists in the orthodontic field [24]. This would make available appropriate data for 

building a supervised learning model that would employ spatial reasoning at a finer scale with 

clinically interpretable outputs [15] that require joint effort on the part of orthodontists and IT 

personnel. 

This study has several limitations, including variability in image quality, the use of a single 

orthodontist as the reference standard, and a relatively small sample size, which may limit 



generalizability. The reliance on a single evaluator may introduce subjectivity, and thus the 

observed Cohen’s kappa values may reflect both AI performance and variability in expert 

judgment. Future studies should include multiple orthodontists and assess inter-rater reliability 

to establish a more robust reference standard. In addition, some models generated unsolicited 

treatment suggestions rather than strictly diagnostic outputs, highlighting limited output 

controllability. Furthermore, none of the models explicitly expressed diagnostic uncertainty or 

provided clinical disclaimers, raising important ethical considerations for the use of multimodal 

AI in healthcare settings. Moreover, all models were evaluated using a single standardized 

prompting framework. Therefore, the reported results reflect model performance under this 

specific prompting configuration only. Alternative prompting strategies were not evaluated, 

and different prompt designs may lead to variations in performance, however ensemble prompt 

may be used as an alternative. This limitation should be considered when interpreting the 

findings.  

As for conclusion, current multimodal AI models demonstrate limited and parameter-

dependent accuracy in detecting orthodontic malocclusions using intraoral photographs. These 

results emphasize the limitations of general-purpose AI systems for orthodontic decision 

support and highlight the necessity of task-specific models trained on clinically annotated 

datasets. 
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I. Introduction

Malocclusion is a prevalent oral health problem among 
children and adolescents, with reported prevalence rates as 
high as 30%-40% in some populations [1].Early detection is 
essential to prevent functional impairment and reduce the 
need for more complex orthodontic interventions later in 
[1,2]. Traditional orthodontic screening methods rely largely 
on direct clinical examinations by trained specialists, which 
may limit access to needed dental care, particularly in com-
munity settings such as schools [2].

Accuracy of Orthodontic Malocclusion Detection 
Using Multiple AI Models: A Comparative Study
Hillda Herawati1, Joko Kusnoto1, Indrayadi Gunardi2, Anggit Wirasto3, Tri Erri Astoeti4
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Objectives: This study aimed to evaluate and compare the accuracy of multiple artificial intelligence (AI) models (ChatGPT 
5.2 Pro, Gemini 3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot) in detecting orthodontic malocclusion features in stan-
dardized multiview intraoral photographs. The reference standard was assessment by an orthodontist. Methods: A cross-
sectional observational study was conducted using five standardized intraoral photographs (frontal, right lateral, left lateral, 
maxillary occlusal, and mandibular occlusal) obtained from 50 children aged 9–12 years. The following eight malocclusion 
parameters were assessed: anterior crowding, diastema, overjet, overbite, molar relationship, canine relationship, crossbite, 
and dental arch symmetry. Diagnostic accuracy and agreement between each AI model and the orthodontist were evaluated 
using Cohen’s kappa (κ) and the area under the receiver operating characteristic curve (AUC). Results: Agreement between 
the AI models and the orthodontist ranged from poor to moderate across all orthodontic domains, with Cohen’s κ values 
ranging from -0.15 to 0.63. Visually prominent alignment features, including anterior crowding and diastema, demonstrated 
comparatively higher agreement (κ, 0.00–0.63) and discriminatory performance, with AUC values ranging from 0.56 to 0.85. 
In contrast, parameters requiring precise spatial interpretation, such as sagittal relationships, overbite, crossbite, and arch 
morphology, showed consistently low agreement (κ, -0.15 to 0.38) and poor to near-random classification performance, with 
AUC values predominantly ranging from 0.41 to 0.70 and, in some cases, approaching 0.50. Conclusions: Current multi-
modal AI models demonstrate limited, parameter-dependent accuracy in detecting orthodontic malocclusions from intraoral 
photographs. These findings emphasize the limitations of general-purpose AI systems for orthodontic decision support and 
highlight the need for task-specific models trained on clinically annotated datasets.
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	 Recent advances in artificial intelligence (AI) have shown 
promise for improving diagnostic accuracy in orthodontics, 
including through the application of machine learning and 
deep learning to various imaging modalities. For example, 
convolutional neural networks (CNNs) have been used ef-
fectively in cephalometric analysis and panoramic image 
interpretation, yielding accurate automated orthodontic 
diagnoses [3]. However, the use of intraoral photographs 
remains relatively underexplored, despite their value as non-
invasive, low-cost clinical records suitable for early screen-
ing and teleorthodontics [4,5]. The diagnostic potential of 
photographs has nevertheless been recognized, and previous 
studies have reported strong diagnostic performance for 
dental conditions assessed from these images [6,7].
	 In recent years, large language models (LLMs), including 
ChatGPT and similar AI frameworks, have emerged with 
the ability to interpret both textual and visual inputs. Stud-
ies evaluating LLM responses in orthodontics have reported 
moderate to high consistency but substantial variability in 
accuracy relative to assessments by orthodonticspecialists 
[8]. Although these models can generate fluent and well-
structured responses, they may also provide incomplete or 
misleading information, underscoring the need for caution-
clinical interpretation [9-11]. These observations support the 
view that LLMs may serve as adjunctive tools in orthodontic 
practice rather than replacements for expert judgment.
	 Comparative studies have identified discrepancies between 
LLM-generated responses and assessments by orthodontic 
experts, particularly in malocclusion classification and treat-
ment decision-making [9,12]. Although these models may 
have value for preliminary educational purposes, existing 
evidence suggests that they cannot replace the nuanced as-
sessments of experienced clinicians [1,3,11]. This limitation 
highlights the need for further research to rigorously validate 
AI-generated outputs against established clinical standards.
	 To evaluate the accuracy of malocclusion classification 
from clinical images by AI models, including advanced ver-
sions such as ChatGPT 5.2 Pro, Gemini 3 Fast, Claude 4.5 
Sonnet, and Microsoft Copilot, standardized inputs are re-
quired for comparison with expert evaluations. At present, 
research on the performance of multimodal LLMs in analyz-
ing standardized multiview intraoral photographs against 
comprehensive orthodontic diagnostic criteria remains lim-
ited [7,9]. Further studies are therefore needed in thisarea.

II. Methods

1. Study Design and Population
This cross-sectional observational study was designed to 
evaluate the diagnostic performance of multimodal LLMs in 
detecting orthodontic malocclusion features from standard-
ized intraoral photographs. The study focused exclusively on 
image-based diagnostic interpretation and did not incorpo-
rate clinical examination, radiographic analysis, or treatment 
planning. The study used retrospective clinical photographs 
obtained from 50 children aged 9–12 years in Cimahi, West 
Java, Indonesia. No clinical intervention, treatment modifi-
cation, or follow-up assessment was performed as part of the 
study.

2. Sample Size
This observational cross-sectional study aimed to evaluate 
the diagnostic accuracy of multimodal LLMs in detecting 
orthodontic malocclusion from intraoral images. The study 
sample consisted of 50 pediatric participants, each contrib-
uting five intraoral images obtained from different views, 
including frontal, right lateral, left lateral, maxillary occlusal, 
and mandibular occlusal views. The total sample size was 
250 images, which was considered sufficient to cover key 
aspects of orthodontic malocclusion, including alignment, 
sagittal, vertical, transverse, and arch morphology.

3. Ethical Approval and Consent to Participate
Written informed consent was obtained from all participants 
and their legal guardians before study initiation. Ethical 
approval for the study protocol was granted by the Health 
Research Ethics Committee of the Faculty of Dentistry, Uni-
versitas Trisakti (No. 1006/S3/KEPK/FKG/9/2025).

4. Image Collection
Five images were acquired for each participant, comprising 
frontal, left lateral, right lateral, maxillary occlusal, and man-
dibular occlusal views (Figure 1). All images were captured 
using an iPhone 15 (Apple Inc., Cupertino, CA, USA) at a 
resolution of 6048 × 4032 pixels (24 megapixels). All images 
were obtained by a single investigator who was calibrated 
for the study, following standardized intraoral photography 
protocols to ensure consistent angulation, lighting, and field 
of view.

5. Image Preparation and Pre-processing
All images were anonymized before analysis by removing pa-
tient-identifying information. The images were standardized 
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without digital enhancement, filtering, contrast adjustment, 
or color correction. However, the images were cropped to 
remove extraneous objects, such as hands and mirrors, that 
were visible during image acquisition. Images were analyzed 
at their original resolution to preserve clinically relevant 
visual features, such as tooth arrangement, occlusal relation-
ships, and arch morphology.

6. Orthodontic Diagnostic Framework
Orthodontic assessment in this study followed a structured 
diagnostic framework based on established clinical stan-
dards, including Proffit’s definitionsof malocclusion, Angle’s 
classification of sagittal relationships, and the Dental Health 
Component of the Index of Orthodontic Treatment Need 
(IOTN) [13-15].
	 For analytical consistency and effective image-based evalu-
ation, orthodontic parameters were organized into five diag-
nostic domains reflecting different levels of spatial complex-
ity:
	 1) �Alignment domain: This domain included assessment 

of anterior crowding and diastema in both the maxillary 
and mandibular arches. These features are commonly 
recognized indicators in orthodontic screening [16].

	 2) �Sagittal relationship domain: This domain comprised 
assessment of overjet, molar relationship, canine rela-
tionship, and overall Angle classification, focusing on 
anteroposterior dental relationships that are central to 
orthodontic diagnosis [17].

	 3) �Vertical relationship domain: This domain emphasized 
overbite assessment, categorized as normal, deep bite, or 
open bite, representing clinically important vertical dis-
crepancies [17].

	 4) �Transverse relationship domain: This domain assessed 
the presence and type of crossbite (anterior or posterior, 
unilateral or bilateral), capturing transverse discrepan-
cies that are often subtle on two-dimensional imaging 
[18].

	 5) �Arch morphology domain: This domain evaluated den-
tal arch symmetry using occlusal views, highlighting 
structural characteristics shaped by underlying skeletal 
patterns [19].

	 All parameters were evaluated systematically within this 
unified framework by both the orthodontist and the AI 
models, thereby ensuring a structured assessment approach. 
For statistical analysis, outcomes were dichotomized as nor-
mal or abnormal to enable direct comparison of diagnostic 
agreement and discrimination [20]. The detailed mapping 
of multilevel orthodontic parameters to binary categories is 
presented in Table 1.

7. Generative AI Multimodal Large Language Models
In this study, four publicly available multimodal LLMs with 
image-text processing capabilities were evaluated: ChatGPT 
5.2 Pro (OpenAI), Claude 4.5 Sonnet (Anthropic), Gemini 
3 Fast (Google), and Microsoft Copilot (Microsoft[12,21]. 
These models were accessed through their official web-based 

A B C

D E

Figure 1. ‌�Sample clinical images obtained from orthodontic patients: (A) frontal view, (B) left lateral view, (C) right lateral view, (D) 
maxillary occlusal view, and (E) mandibular occlusal view.
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interfaces using their default system configurations, without 
application programming interfaces, external tools, or model 
fine-tuning [12]. This approach was intended to reflect how 
these multimodal LLMs would operate in real-world clinical 
use.

8. Model Testing Workflow and Prompting Strategy
For model evaluation, a structured workflow was used, as 
illustrated in Figure 2 and detailed in Table 2. Analysis and 

testing of the AI models were conducted in stages according 
to the orthodontic diagnostic framework. Each intraoral im-
age was evaluated independently by each multimodal model 
in a blinded testing procedure. This approach ensured that 
each model’s rating depended solely on information con-
tained in the corresponding intraoral image. Parameter-spe-
cific prompts were used for each orthodontic category with 
identical syntax and structure, with the aim of approximat-
ing the logical reasoning process used by an orthodontist. 

Table 1. Mapping of multi-class orthodontic parameters into binary categories for statistical analysis

Domain Parameter Original category Binary category

Alignment Maxillary crowding None Normal
Mild, Moderate, Severe Abnormal

Mandibular crowding None Normal
Mild, Moderate, Severe Abnormal

Diastema None Normal
Presence (maxilla or mandible) Abnormal

Sagittal Overjet Normal Normal
Increased, Edge-to-edge, Reverse Abnormal

Molar relationship (right & left) Class I Normal
Class II, Class III Abnormal

Canine relationship (right & left) Class I Normal
Class II, Class III Abnormal

Angle classification Class I Normal
Class II, Class III Abnormal

Vertical Overbite Normal Normal
Deep bite, Open bite Abnormal

Transverse Crossbite (right & left) None Normal
Anterior, Posterior, Anterior + Posterior Abnormal

Arch morphology Arch symmetry Symmetrical (maxilla/mandible) Normal
Asymmetrical Abnormal

Figure 2. ‌�Schematic overview of mul
timodal large language mo
del (LLM) evaluation, result 
mapping, and agreement an
alysis.

Standardized prompts
as shown in table 2

Al results reviewed and classifiedAl results reviewed and classified

Statistical analysis
using kappa

Classification results mapping

Normal or abnormal
shown in table 1

Orthodontic
specialist

observation
results

Orthodontic
specialist

observation
results

Image evaluation

A B C

D E

Model testing (multimodal LLMs)

ChatGPT 5.2 Pro Claude 4.5 Sonnet

Gemini 3 Fast Microsoft Copilot
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All prompts were written in Indonesian and were kept iden-
tical throughout the study. Outputs from each model were 
classified into predefined orthodontic categories and then 
reduced to two groups: normal and abnormal.

9. Statistical Analysis
Cohen’s kappa (κ) was used to assess agreement between 
each AI model and the single orthodontist’s assessment. This 
method is widely used in dental research to quantify inter-
rater reliability, particularly in studies examining diagnostic 
discrepancies[7]. By providing a comparative framework, 
Cohen’s κ helps indicate how closely AI model outputs align 
with expert clinical assessments [22]. Model performance 

was evaluated by dichotomizing diagnostic outputs into nor-
mal and abnormal categories and calculating the area under 
the receiver operating characteristic curve (AUC) to quantify 
discriminative ability. AUC values were interpreted accord-
ing to established receiver operating characteristic criteria 
as follows: >0.90, excellent; 0.80–0.89, good; 0.70–0.79, fair; 
0.60–0.69, poor; and <0.60, fail [23].

III. Results

A total of 50 children were included in this study. Partici-
pants were 9–12 years old (Table 3). For each participant, 
five standardized intraoral photographs were obtained, com-

Table 2. Standardized prompts used for multimodal LLM evaluation by orthodontic domain

Orthodontic  

domain
Image view

Diagnostic  

focus
Standardized prompt

Alignment Frontal intraoral Anterior 
crowding

“Analyze this frontal intraoral photograph. Focus on anterior crowd-
ing. Identify whether crowding is present in the maxillary and/or 
mandibular anterior teeth, specify the affected teeth, classify severity 
as mild, moderate, or severe, and provide a diagnostic conclusion.”

Alignment Frontal intraoral Diastema “Analyze this frontal intraoral photograph. Focus on diastema. De-
termine whether diastema is present, identify its location (maxillary 
and/or mandibular), and provide a diagnostic conclusion.”

Sagittal  
relationship

Lateral intraoral 
(right/left)

Molar rela-
tionship 
(M1)

“Analyze this lateral intraoral photograph. Focus on the relation-
ship between the maxillary first molar and mandibular first molar. 
Classify the molar relationship as Class I, II, or III. Report findings 
separately for the right and left sides.”

Sagittal  
relationship

Lateral intraoral 
(right/left)

Canine rela-
tionship (C)

“Analyze this lateral intraoral photograph. Focus on the relationship 
between the maxillary canine and mandibular canine. Classify the 
canine relationship as Class I, II, or III. Report findings separately 
for the right and left sides.”

Sagittal  
relationship

Lateral intraoral Overjet “Analyze this lateral intraoral photograph. Focus on overjet. Classify 
the overjet as normal, increased, edge-to-edge, or reverse, and pro-
vide a diagnostic conclusion.”

Vertical  
relationship

Frontal intraoral Overbite “Analyze this frontal intraoral photograph. Focus on overbite. Classify 
the vertical overlap as normal, deep bite, or open bite, and provide a 
diagnostic conclusion.”

Transverse 
relationship

Frontal intraoral Crossbite “Analyze this frontal intraoral photograph. Focus on transverse re-
lationships. Identify the presence of crossbite, specify whether it is 
unilateral or bilateral, and provide a diagnostic conclusion.”

Arch  
morphology

Maxillary occlusal Arch  
symmetry

“Analyze this maxillary occlusal photograph. Assess the arch is sym-
metrical or asymmetrical, and provide a diagnostic conclusion.”

Arch  
morphology

Mandibular  
occlusal

Arch  
symmetry

“Analyze this mandibular occlusal photograph. Assess the arch is sym-
metrical or asymmetrical, and provide a diagnostic conclusion.”

LLM: large language model.
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prising frontal, left lateral, right lateral, maxillary occlusal, 
and mandibular occlusal views. In total, 250 intraoral images 
were analyzed and used as input for the AI models.
	 Across all orthodontic domains, the dataset showed sub-
stantial clinical variability while representing a typical range 
of malocclusions (Table 4). In the alignment domain, both 
arches showed a predominance of anterior crowding, most 
of which was mild to moderate in severity. Diastemas were 
observed more frequently in the mandible than in the max-
illa. In the sagittal domain, normal overjet and Angle Class 
I relationships predominated; however, a high proportion 
of participants also exhibited Class II malocclusion and 
increased overjet. In the vertical domain, normal overbite 
was most common, with deep bite representing the primary 
anomaly and open bite occurring rarely. In the transverse 

Table 4. Integrated distribution of orthodontic diagnostic charac-
teristics across all domains

Parameter n (%)

Alignment domain
   Maxillary crowding
      None 6 (12)
      Mild 23 (46)
      Moderate 13 (26)
      Severe 8 (16)
   Mandibular crowding
      None 6 (12)
      Mild 16 (32)
      Moderate 21 (42)
      Severe 7 (14)
   Diastema
      Maxilla 4 (8)
      Mandible 12 (24)
Sagittal relationship domain
   Overjet
      Normal 31 (62)
      Increased 15 (30)
      Edge-to-edge 2 (4)
      Reverse 2 (4)
   Molar relationship (right)
      Class I 31 (62)
      Class II 18 (36)
      Class III 1 (2)
   Molar relationship (left)
      Class I 30 (60)
      Class II 18 (36)
      Class III 2 (4)
   Canine relationship (right)
      Class I 28 (56)
      Class II 22 (44)

Continued on the next column.

Table 4. Continued

Parameter n (%)

   Canine relationship (left)
      Class I 30 (60)
      Class II 19 (38)
      Class III 1 (2)
   Angle classification
      Class I 27 (54)
      Class II 21 (42)
      Class III 2 (4)
Vertical relationship domain
   Overbite
      Normal 31 (62)
      Open bite 1 (2)
      Deep bite 18 (36)
Transverse relationship domain
   Crossbite (left)
      None 41 (82)
      Anterior 6 (12)
      Posterior 2 (4)
      Anterior + posterior 1 (2)
   Crossbite (right)
      None 41 (82)
      Anterior 6 (12)
      Posterior 3 (6)
Arch morphology domain
   Arch symmetry
      Maxilla (symmetrical) 39 (78)
      Mandible (symmetrical) 40 (80)

Table 3. Demographic characteristics of the subjects

Variable Value

Sex
   Male 20 (40)
   Female 30 (60)
Age (yr) 10.56 ± 0.73

Values are presented as number (%) or mean ± standard devia-
tion.
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domain, crossbite was uncommon, and most participants 
had no crossbite; when present, crossbite was usually uni-
lateral. Symmetry predominated in both the maxillary and 
mandibular arches. Overall, the dataset represented a clini-
cally variable yet typical sample suitable for comparative 
evaluation of multimodel AI system performance.
	 Following the descriptive analysis, receiver operating char-
acteristic (ROC) analysis was performed to evaluate the 

discriminatory performance of the multimodal models in 
classifying normal versus abnormal orthodontic findings. 
Figure 3 shows marked domain-specific variation in model 
performance across the ROC curves. Parameters related to 
alignment demonstrated the greatest discriminatory abil-
ity, with ROC curves positioned farther from the reference 
diagonal, whereas sagittal relationship parameters showed 
only moderate discriminatory ability. In contrast, the verti-
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Figure 3. ‌�Integrated receiver operating characteristic (ROC) curves of multimodal AI models for orthodontic parameters (see Supple-
mentary Figure S1 for a high-resolution version). Panels (A)–(N) represent ROC curves for individual orthodontic parameters 
evaluated from standardized multiview intraoral photographs; (A) maxillary crowding, (B) mandibular crowding, (C) maxil-
lary diastema, (D) overjet, (E) overbite, (F) right first molar relationship, (G) left first molar relationship, (H) right canine 
relationship, (I) left canine relationship, (J) Angle classification, (K) right crossbite, (L) left crossbite, (M) maxillary arch sym-
metry, and (N) mandibular arch symmetry. Each panel compares the discriminatory performance of ChatGPT 5.2 Pro, Gemini 
3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot against the orthodontist reference standard.
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Figure 3. Continued
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cal, transverse, and arch morphology domains showed near-
random classification performance, with their ROC curves 
clustering close to the reference diagonal. These findings 
indicate that multimodal models perform better for visually 
prominent orthodontic features than for complex spatial re-
lationships.
	 As shown in Table 5, the discriminative performance of the 
multimodal AI models varied substantially across orthodon-
tic tasks. The alignment domain showed the highest dis-
criminative performance, with Gemini achieving the highest 
AUC value of 0.85, followed by ChatGPT, with AUC values 
approaching 0.80, indicating relatively strong discrimina-
tion for visually observable features such as crowding and 
diastema. Claude showed similar but slightly lower values, 
whereas Copilot demonstrated the lowest discriminative 
performance.
	 Discriminative performance declined in the sagittal re-
lationship domain, in which the highest AUC values, up 
to 0.70, were observed for ChatGPT, representing fair dis
crimination, whereas the other models performed less 
well. In contrast, all models showed poor discriminative 
performance in the vertical and transverse relationship do-
mains, with AUC values close to the random-classification 
threshold of 0.50. Discriminative performance was lowest 
in the arch morphology domain, in which AUC values did 
not reach the threshold for fair discrimination, reflecting the 
continued limitations of multimodal models in processing 
complex dental geometric features accurately.
	 Analysis of Cohen’s κ statistics for agreement between the 
multimodal models and the orthodontist showed poor to 

moderate agreement across all domains (Table 6). In the 
alignment domain, agreement was generally poor, although 
Gemini achieved moderate agreement, with κ values up to 
0.63. ChatGPT and Claude showed lower agreement, where-
as Copilot showed only minimal agreement. Agreement in 
the sagittal relationship domain was also poor overall, al-
though ChatGPT performed relatively better, with κ values 
up to 0.38; Gemini and Claude performed less well, and Co-
pilot showed minimal agreement. In the vertical, transverse, 
and arch morphology domains, agreement was consistently 
poor, with κ values near zero or below zero across models. 
Overall, the combined ROC-AUC and κ findings suggest 
that, although multimodal AI models can moderately dis-
criminate visually salient alignment features, agreement with 
orthodontist evaluation remains limited, particularly for pa-
rameters requiring precise spatial interpretation.
	 Figure 4 presents a radar-chart comparison of the discrimi-
nation abilities of the four AI models. ROC analysis indicates 
notable differences in discriminative performance among 
the models, with ChatGPT showing the highest overall per-
formance, followed by Gemini, whereas Claude and Micro-
soft Copilot showed more limited performance, as reflected 
by ROC curves that lay closer to the reference line.
	 According to the radar chart, ChatGPT showed the best 
overall balance across sensitivity, specificity, positive predic-
tive value, negative predictive value, and accuracy. Gemini 
showed comparatively strong sensitivity and positive and 
negative predictive values, although its overall balance across 
performance indices was somewhat lower. Claude and Co-
pilot showed the weakest overall performance, particularly 

Table 5. Integrated ROC-AUC performance of multimodal AI models across orthodontic domains

Orthodontic  

domain
Parameters included

AUC
Overall  

interpretation
ChatGPT 5.2 

Pro

Gemini 3  

Fast

Claude 4.5  

Sonnet

Microsoft  

Copilot

Alignment Crowding (maxillary, mandibular), 
Diastema (maxillary)

0.60–0.80 0.69–0.85 0.68–0.77 0.56–0.65 Poor–Good

Sagittal  
relationships

Overjet, M1 (R/L), Canine (R/L), 
Angle classification

0.65–0.70 0.53–0.65 0.47–0.55 0.48–0.52 Poor

Vertical  
relationship

Overbite 0.55 0.44 0.49 0.50 Fail

Transverse  
relationships

Crossbite (R/L) 0.49–0.61 0.50–0.54 0.48–0.60 0.54–0.58 Fail–Poor

Arch morphology Symmetry (maxillary, mandibular) 0.41–0.68 0.43–0.61 0.47–0.60 0.44–0.63 Fail–Poor

ROC: receiver operating characteristic, AUC: area under the curve; AI: artificial intelligence, R: right, L: left.
AUC values were interpreted based on established ROC guidelines: ≥0.90 (excellent), 0.80–0.89 (good), 0.70–0.79 (fair), 
0.60–0.69 (poor), and <0.60 (fail).
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with respect to sensitivity and accuracy, with somewhat re-
duced specificity as well.
	 Taken together, these findings indicate that multimodal AI 
models show domain-specific performance, with higher dis-
crimination for visually salient alignment features and lower 
discrimination and agreement for parameters requiring ac-
curate spatial interpretation. These results emphasize the 
domain-specific limitations of general-purpose AI systems 
in the analysis of dental images.

IV. Discussion

This study provides an exploratory analysis of the clinical 

applicability of a multiview intraoral photograph dataset and 
the diagnostic performance of multimodal large language 
models in assessing orthodontic malocclusion. The dataset 
showed substantial clinical variability across alignment, 
sagittal, vertical, transverse, and arch morphology domains, 
all of which are important for evaluating AI tools [1].Nota-
bly, the sample included both male and female participants 
across the target age range and was supplemented with 
multi-angle images, enabling assessment of both simple and 
complex orthodontic features [6].
	 Across these domains, a clear pattern emerged. Parameters 
related to anterior alignment, such as crowding and dia-
stema, showed higher agreement (κ, 0.00–0.63) and AUC 
values (0.56–0.85). The relatively stronger performance ob-
served for alignment parameters may be attributable to their 
visually salient, inherently two-dimensional characteristics, 
which can be inferred directly from intraoral photographs 
without requiring complex spatial interpretation. Features 
such as crowding and diastema appear as explicit variations 
in tooth spacing and position, making them well suited to 
pattern recognition. In addition, alignment assessment relies 
on relatively stable and easily identifiable anatomical land-
marks, which may reduce variability across evaluators and 
analytical approaches. These features are also less susceptible 
to perspective distortion caused by variation in camera po-
sitioning than sagittal relationships and arch morphology, 
both of which depend on more complex interarch spatial 
relationships and three-dimensional interpretation.
	 In contrast, recent studies have found that geometrically 
precise parameters, such as molar and canine relationships 
and dental arch morphology, show suboptimal performance, 
often reflected by lower AUC values, because they depend 

Table 6. Summary of agreement (Cohen’s kappa) between AI models and orthodontist assessment by orthodontic domains

Orthodontic  

domain
Parameters included

Cohen’s kappa
Overall  

agreement
ChatGPT  

5.2 Pro

Gemini 3  

Fast

Claude 4.5 

Sonnet

Microsoft 

Copilot

Alignment Crowding (maxillary, mandibular), 
Diastema (maxillary)

0.11–0.33 0.15–0.63 0.16–0.25 0.00–0.17 Poor–Moderate

Sagittal  
relationships

Overjet, M1 (R/L), Canine (R/L), 
Angle classification

0.20–0.38 0.08–0.21 -0.03–0.07 -0.04–0.23 Poor–Moderate

Vertical  
relationship

Overbite 0.13 -0.15 0.05 -0.01 Poor

Transverse  
relationships

Crossbite (R/L) -0.02–0.13 0.00–0.05 0.09–0.11 0.03–0.07 Poor

Arch morphology Symmetry (maxillary, mandibular) 0.07–0.27 -0.15–0.15 0.07–0.15 -0.07–0.19 Poor

AI: artificial intelligence, R: right, L: left.

ChatGPT
Gemini
Claude
Copilot

Sensitivity

Accuracy Specificity

NPV PPV

Figure 4. ‌�Comparative diagnostic performance of AI models 
based on classification metrics and receiver operating 
characteristic (ROC) curve. Each panel compares the 
discriminatory performance of ChatGPT 5.2 Pro, Gemini 
3 Fast, Claude 4.5 Sonnet, and Microsoft Copilot. AI: 
artificial intelligence, NPV: negative predictive value, 
PPV: positive predictive value.
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on fine-grained spatial relationships and three-dimensional 
interpretation that are difficult to infer from two-dimension-
al images [24]. The implications of these findings support 
the hypothesis that general multimodal learning models and 
LLMs may have value in preliminary orthodontic analysis, 
butthat their performance varies markedly across areas of 
orthodontic assessment [1]. This interpretation is further 
supported by recent large-scale benchmark evaluations 
showing that strong performance on broad benchmarks does 
not necessarily translate into effective reasoning in scientific 
and clinical domains [25].
	 Our results suggest that the evaluative performance of large 
language models is stronger for anterior than for posterior 
relationships. These findings are consistent with previous 
studies examining AI capabilities in orthodontics. For exam-
ple, Hack et al. [4] reported that AI models perform better 
in identifying conspicuously visible features, such as anterior 
tooth position, than in assessing complex occlusal relation-
ships that require robust spatial reference frameworks. Simi-
larly, Stetzel et al. [15] found that deep learning models per-
form well in predicting aesthetically oriented components of 
the IOTN, illustrating the strengths of AI in visuallyoriented 
analyses. However, these findings contrast with those of the 
present study with respect to sagittal and transverse parame-
ter assessment, while still remaining broadly consistent with 
prior reports that AI models are challenged when evaluating 
parameters that depend on strong spatial references [24].
	 This study also demonstrated variation in agreement and 
accuracy across the evaluated large language models (Tables 
4 and 5). These intermodel differences may reflect differ-
ences in underlying architectures and training paradigms. 
For example, Transformer-based models, including Vision 
Transformers, process images holistically and may therefore 
detect general irregularities in dental alignment efficiently, 
although they remain limited in making subtle distinctions 
among densely interdependent orthodontic categories such 
as overjet and molarintercuspation [26]. These observations 
are consistent with previous reviews showing that CNNs 
trained on task-specific datasets outperform general AI sys-
tems, including LLMs, on tasksrequiring high anatomical 
specificity [7]. The observed differences in outputs among 
the evaluated large language models may therefore reflect 
variation in visual abstraction, depth of reasoning, and in-
ternal representational capacity than true conceptual under-
standing [27]. Overall, the aggregated findings likely reflect 
the representational constraints imposed by nonspecialized 
training data [28]. Notably, cross-model analyses in scien-
tific AI research have shown high error correlations among 

leading large language models, suggesting shared inductive 
biases rather than independent failure modes [25].
	 From a healthcare informatics perspective, evaluating sev-
eral LLMs together may be viewed as a form of collective 
model behavior. Although each model has distinct strengths 
and limitations, broad patterns remain evident, including 
stronger performance in detecting alignment anomalies and 
much weaker performance in identifying complexspatial 
characteristics [1,29]. These findings highlight the impor-
tance of learning from multiple models collectively while 
also recognizing the limitations of AI and the continuing 
need for human expertise [28]. The observed convergence 
across models further suggests that aggregating general-pur-
pose LLMs may offer limited benefit for inherently spatial 
clinical tasksreinforcing the need for task-specific AI systems 
[25]. Future studies should therefore focus on developing 
task-specific orthodontic AI systems rather than continuing 
to test general-purpose LLMs alone. An important next step 
will be the development of appropriately labeled, standard-
ized multiview intraoral photograph datasets curated by or-
thodonticspecialists [24]. Such datasets could support super-
vised learning models capable of finer-scale spatial reasoning 
and clinically interpretable outputs [15], although this will 
requirecollaboration between orthodontists and information 
technology specialists.
	 This study has several limitations, including variability in 
image quality, use of a single orthodontist as the reference 
standard, and a relatively small sample size, all of which 
may limit generalizability. Reliance on a single evaluator 
may introduce subjectivity; therefore, the observed Cohen’s 
κ values may reflect both AI performance and variability 
in expert judgment. Future studies should include multiple 
orthodontists and assess inter-rater reliability to establish a 
more robust reference standard. In addition, some models 
generated unsolicited treatment suggestions rather than 
strictly diagnostic outputs, highlighting limited output 
controllability. Furthermore, none of the models explicitly 
expressed diagnostic uncertainty or provided clinical dis-
claimers, raising important ethical considerations regarding 
the use of multimodal AI in healthcare settings. Moreover, 
all models were evaluated using a single standardized 
prompting framework. Therefore, the reported results reflect 
performance under this specific prompting configuration 
only. Alternative prompting strategies were not evaluated, 
and different prompt designs may lead to variation in per-
formance; however, ensemble prompting may be considered 
as an alternative. This limitation should be considered when 
interpreting the findings. In conclusion, current multimodal 
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AI models demonstrate limited, parameter-dependent accu-
racy in detecting orthodontic malocclusions from intraoral 
photographs. These findings emphasize the limitations of 
general-purpose AI systems for orthodontic decision sup-
port and highlight the need for task-specific models trained 
on clinically annotated datasets.
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