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Abstract Background: /purpose: Large language models (LLMs) have been studied in text-
based healthcare tasks, but their performance in multimodal dental applications has not yet
been fully explored. This study evaluated the performance of four multimodal LLMs on dental
licensing examination questions with both text-only and visually-based components.
Materials and methods: Four multimodal LLMs, ChatGPT-4o (4o), OpenAI o1 (o1), Claude 3.5
Sonnet (Sonnet), and Gemini 2.0 Flash Thinking Experimental (Gemini), were tested on 353
questions from the 2024 Japanese National Dental Examination, including 204 text-only and
149 visually-based questions spanning 17 dental specialties. A zero-shot approach was used
without prompt engineering. Performance was analyzed using Cochran’s Q test and McNemar’s
test with Bonferroni correction.
Results: o1 achieved the highest overall correct response rate (81.9 %), followed by Sonnet
(71.7 %), Gemini (66.6 %), and 4o (65.7 %). All models performed significantly better on
text-only questions (79.9e92.2 %) than on visually-based questions (45.6e67.8 %). Perfor-
mance varied by specialty, with highest scores in basic medical sciences (Dental pharmacology:
100 %; Oral physiology: 86.7e100 %) and lower scores in clinical specialties requiring visual
interpretation (Orthodontics: 36.4e66.7 %).
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Conclusion: Multimodal LLMs demonstrate promising performance on dental examination ques-
tions, particularly in text-based scenarios, but significant challenges remain in complex visual
interpretation. The remarkable zero-shot performance of newer models such as o1 suggests
potential applications in dental education and certain aspects of clinical decision support,
although further advances are needed before reliable application in visually complex diag-
nostic workflows.
ª 2025 Association for Dental Sciences of the Republic of China. Publishing services by Elsevier
B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.
org/licenses/by-nc-nd/4.0/).
Introduction

Digital technologies have progressively reshaped modern
dentistry, resulting in new diagnostic tools, treatment
modalities, and patient-education strategies.1 Cone-beam
computed tomography (CBCT), intraoral scanners, and
Computer-Aided Design/Computer-Aided Manufacturing
systems have become an integral part of routine proced-
ures, enabling greater precision and efficiency.2 Building on
these advances, artificial intelligence (AI) has received
increasing attention as a means to further enhance clinical
workflows, including automated radiographic analysis and
predictive algorithms for treatment outcomes.3,4 While
early AI applications focused on image processing for caries
detection5,6 or orthodontic measurements,7,8 attention has
recently turned to large language models (LLMs) that can
generate, summarize, and reason about textual informa-
tion in large knowledge domains.9,10

LLMs offer the potential to improve communication with
patients by providing accessible explanations of treatment
options and oral health guidelines.11 In an educational
context, LLMs can provide personalized tutoring, simulate
case-based learning, or help students review question
banks for licensing exams.12,13 They also show potential for
chairside clinical decision support, suggesting diagnostic or
therapeutic considerations for specific patient pre-
sentations.14 However, despite their growing interest in
medical and dental research, much of the current litera-
ture on LLM performance remains limited to text-only
tasks. In contrast, dentistry relies heavily on image-based
evidence such as radiographs, clinical photographs, and
histology slides to diagnose pathology, design restorations,
and plan treatment. In fact, many dental licensing exams
include visuals to reflect the real-world decision-making
scenarios; however, LLM assessments often remove these
visual materials.12,15e19 Addressing this gap is essential to
advancing AI applications that can truly improve clinical
care, rather than simply generating text-based summaries.
Therefore, it remains important to determine whether
advanced multimodal LLMs can process both textual and
visual data in realistic dental situations, which could
facilitate more robust image-integrated AI solutions in
modern dentistry.

In this study, we evaluated four multimodal LLMs on a
set of text-only and visually-based questions derived from a
dental licensing exam. Unlike many previous LLM evalua-
tions that omit images or reduce visual content, we inten-
tionally included all items, such as radiographs, clinical
photographs, diagrams, and textual prompts, to assess each
2428
model’s capacity for accurate visual-text integration. Our
goal was not simply to see if LLMs could “pass” a licensing
exam, but to identify the potential and limitations of
multimodal AI in dentistry. By using a real-world, image-
inclusive question set and examining the results at the
specialty level, we sought to provide a more detailed
perspective on where these models succeed, where they
fail, and what steps might move dental AI toward true
clinical use.

Materials and methods

Dataset

This study used the 117th Japanese National Dental Exam-
ination (JNDE-2024)20 from February 2024 as a compre-
hensive benchmark for assessing LLM performance. The
JNDE-2024 consists of 360 multiple-choice questions, each
requiring the selection of a certain number of correct an-
swers from five options (one, two, three, four or all cor-
rect). The questions cover a wide range of dental
knowledge, including basic medical sciences, general
dentistry, epidemiology, and clinical decision-making sce-
narios. The exam includes a variety of visual materials,
such as clinical photographs, radiographs, histopathology
slides, diagnostic diagrams, and statistical visualizations. In
this study, “figure” refers to graphical information and
diagnostic diagrams, while “image” refers to intraoral
photographs, radiographs, and similar materials.

We excluded from our analysis the seven questions that
the Ministry of Health, Labour and Welfare of Japan (MHLW)
had officially withdrawn from scoring due to validity con-
cerns. As a result, a total of 353 questions were scored,
including 204 text-only questions and 149 visually-based
questions. The specialties of the questions were deter-
mined by two researchers (Y.M. and T.T.) based on the
Explanatory Guide for the 117th National Dental Examina-
tion Questions published by Azabu Dental Academy (Tokyo,
Japan).

All figures, tables, and images were provided by the
MHLW in PDF format and were converted to JPEG format for
use in this study.

Multimodal large language models and prompting

In this study, four multimodal LLMs were employed to
evaluate their performance on the JNDE-2024, including
questions containing figures, tables and images. ChatGPT-
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Table 2 P-value between overall correct response rates
of four LLMs.

4o o1 Sonnet Gemini

All questions 4o e P < 0.001 P Z 0.107 P Z 1.000
o1 e e P < 0.001 P < 0.001
Sonnet e e e P Z 0.253
Gemini e e e e

Text-only
questions

4o e P < 0.001 P Z 1.000 P Z 1.000

o1 e e P Z 0.004 P < 0.001
Sonnet e e e P Z 1.000
Gemini e e e e

Visually-based
questionsa

4o e P < 0.001 P Z 0.211 P Z 1.000

o1 e e P Z 0.069 P < 0.001
Sonnet e e e P Z 0.734
Gemini e e e e

LLMs, Large language models; 4o, ChatGPT-4o; o1, OpenAI o1;
Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0 Flash Thinking
Experimental.

a Includes one or more images, figures, or tables.

Journal of Dental Sciences 20 (2025) 2427e2435
4o (4o; OpenAI Global, San Francisco, CA, USA, released on
May 13, 2024), OpenAI o1 (o1; OpenAI, released on
December 5, 2024), Claude 3.5 Sonnet (Sonnet; Anthropic,
San Francisco, CA, USA, updated on October 22, 2024), and
Gemini 2.0 Flash Thinking Experimental (Gemini; Google,
Mountain View, CA, USA, released on December 19, 2024)
were selected. These models are capable of processing
both textual and visual data, allowing them to address a
broad range of question types.

A zero-shot approach21 was used, with no special prompt
engineering or additional instructions provided to guide the
models. The original Japanese text of each question and its
corresponding answer choices were input directly into the
prompt window. For 4o, o1, and Sonnet, the official web
interfaces were used, while Gemini was accessed through
Google AI Studio. In most cases, each question was pre-
sented individually, and a new conversation was initiated
for each question to avoid carry-over context. However, for
sections of the exam where two consecutive questions were
based on the same image, both questions were input
together to the LLMs to replicate the original test format.
For questions that included figures, tables, and/or images,
these visual materials were provided directly to the
multimodal LLM without any additional textual explana-
tion. In cases where the answer choices involved tooth
notation, the options were provided as JPEG images.
Gemini allowed for parameter adjustments; hence, all
queries for Gemini were submitted with the temperature
set to zero. This setup ensured that each model received
the exact information from the actual exam questions,
without any customized prompts or clarifications.

Statistical analysis

Statistical analyses were performed using IBM SPSS Statis-
tics 27 (IBM SPSS, Inc., Armonk, NY, USA). Cochran’s Q test
was used to statistically compare correct response rates
among the four models. If Cochran’s Q test indicated a
significant difference between the four models, pairwise
comparisons were then performed using McNemar’s test.
Because multiple comparisons were performed (six pairwise
tests in total), the Bonferroni correction was applied to
maintain an overall family-wise error rate of 0.05.

Results

Overall performance on all questions

A total of 353 questions were administered, of which 149
contained at least one figure, table, or image (visually-
Table 1 Correct response rates (%) and 95 % CIs of the four LL

4o o1

All questions 65.7 (60.5e70.7) 81.9 (
Text-only questions 80.4 (74.3e85.6) 92.2 (
Visually-based questionsa 45.6 (37.5e54.0) 67.8 (

CI, Confidence interval; LLMs, Large language models; 4o, ChatGPT-4
Flash Thinking Experimental.

a Includes one or more images, figures, or tables.

2429
based questions) and 204 were text-only. As shown in Table
1, o1 achieved the highest overall correct response rate
with 81.9 % [95 % CI (77.4e85.7)]. Sonnet followed with
71.7 % [95 % CI (66.7e76.3)], then Gemini with 66.6 % [95 %
CI (61.4e71.5)], and finally 4o with 65.7 % [95 % CI
(60.5e70.7)]. Table 2 showed that o1 significantly out-
performed all other models (P < 0.001 vs 4o, Sonnet and
Gemini). In contrast, no significant differences were found
among the other three models (4o vs Sonnet: P Z 0.107; 4o
vs Gemini: P Z 1.000; Sonnet vs Gemini: P Z 0.253).

Text-only vs visually-based questions

When the questions were subdivided into text-only and
visually-based questions, all four models performed
significantly better on text-only questions than on visually-
based questions. For text-only questions (n Z 204), o1 led
with a correct response rate of 92.2 % [95 % CI
(87.6e95.5)]. Sonnet achieved 83.3 % [95 % CI
(77.5e88.2)], 4o 80.4 % [95 % CI (74.3e85.6)], and Gemini
79.9 % [95 % CI (73.7e85.2)]. Statistical analysis revealed
significant differences (o1 vs 4o: P < 0.001; o1 vs Gemini:
P < 0.001; o1 vs Sonnet: P Z 0.004), while no significant
differences were found between Sonnet and 4o
(P Z 1.000), Sonnet and Gemini (P Z 1.000), or 4o and
Gemini (P Z 1.000).
Ms.

Sonnet Gemini

77.4e85.7) 71.7 (66.7e76.3) 66.6 (61.4e71.5)
87.6e95.5) 83.3 (77.5e88.2) 79.9 (73.7e85.2)
59.6e75.2) 55.7 (47.3e63.8) 48.3 (40.1e56.6)

o; o1, OpenAI o1; Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0
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In contrast, performance declined for all models on the
visually-based questions (n Z 149). o1 remained the high-
est-scoring model with 67.8 % [95 % CI (59.6e75.2)], fol-
lowed by Sonnet with 55.7 % [95 % CI (47.3e63.8)], Gemini
with 48.3 % [95 % CI (40.1e56.6)], and 4o with 45.6 % [95 %
CI (37.5e54.0)]. Statistical analysis showed a significant
difference between o1 and 4o (P < 0.001), as well as be-
tween o1 and Gemini (P < 0.001). However, the difference
between o1 and Sonnet was not statistically significant
(P Z 0.069), and the performance of Gemini was not
significantly different from that of Sonnet (P Z 0.734).

Performance by specialty

Detailed performance for the 17 dental specialties is shown
in Fig. 1 and Tables 3e5. For all questions, performance
Figure 1 Comparing correct response rates (%) of four LLMs in di
LLMs (o1, yellow line; Sonnet, pink line; Gemini, green line; and 4
three different question types (Results from all questions combin
visually-based questions). Numbers on radar charts (1e17) corresp
(2), Dental pharmacology (3), Oral physiology (4), Oral pathology (
Removable prosthodontics (8), Oral surgery (9), Oral radiology (10),
Operative dentistry (14), Orthodontics (15), Pediatric dentistry (16)
o1; Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0 Flash Thinking
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varied considerably by specialty, with the highest scores
observed in basic medical science areas such as Dental
pharmacology (100 % for all models), Oral physiology
(86.7e100 %), and Oral pathology (80e100 %) (Table 3).
Clinical specialties showed more variation, with particu-
larly challenging areas including Orthodontics
(36.4e66.7 %) and Pediatric dentistry (45.7e77.1 %).

When examining text-only questions, all models showed
strong performance in basic medical science subjects
(Table 4). All four models scored 100 % correct response in
Dental pharmacology and nearly all models scored 100 %
correct response in Oral physiology and Oral pathology. o1
demonstrated high performance in clinical subjects,
achieving over 90 % accuracy in several areas including Oral
surgery (96.4 %), Orthodontics (91.7 %), and Oral health
(95.2 %).
fferent specialties in JNDE-2024. Correct response rates of four
o, blue line) were evaluated across 17 dental specialties using
ed, performance on text-only questions, and performance on
ond to dental specialities: Oral anatomy (1), Oral microbiology
5), Dental materials (6), Crown and bridge prosthodontics (7),
Dental anesthesiology (11), Periodontics (12), Endodontics (13),
, and Oral health (17). LLMs, Large language models; o1, OpenAI
Experimental; 4o, ChatGPT-4o.



Table 3 Comparing correct response rates (%) of four LLMs in different specialties on all questions.

Specialty Questions (n) 4o o1 Sonnet Gemini

All questions 353 65.7 81.9 71.7 66.6
Oral anatomy 7 42.9 85.7 71.4 57.1
Oral microbiology 6 66.7 83.3 83.3 66.7
Dental pharmacology 11 100 100 100 100
Oral physiology 15 86.7 100 100 100
Oral pathology 10 80 100 90 100
Dental materials 6 66.7 100 83.3 83.3
Crown and bridge prosthodontics 22 63.6 63.6 59.1 31.8
Removable prosthodontics 30 53.3 76.7 63.3 60
Oral surgery 48 75 77.1 79.2 72.9
Oral radiology 14 64.3 78.6 64.3 57.1
Dental anesthesiology 21 76.2 100 85.7 95.2
Periodontics 18 55.6 88.9 88.9 50
Endodontics 13 38.5 61.5 38.5 61.5
Operative dentistry 11 54.5 81.8 45.5 54.5
Orthodontics 33 45.5 66.7 39.4 36.4
Pediatric dentistry 35 45.7 77.1 54.3 60
Oral health 53 86.8 90.6 90.6 79.2

LLMs, Large language models; 4o, ChatGPT-4o; o1, OpenAI o1; Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0 Flash Thinking
Experimental.

Table 4 Comparing correct response rates (%) of four
LLMs in different specialties on text-only questions.

Specialty Questions
(n)

4o o1 Sonnet Gemini

Text-only questions 204 80.4 92.2 83.3 79.9
Oral anatomy 7 42.9 85.7 71.4 57.1
Oral microbiology 6 66.7 83.3 83.3 66.7
Dental pharmacology 11 100 100 100 100
Oral physiology 14 92.9 100 100 100
Oral pathology 8 100 100 100 100
Dental materials 4 100 100 100 75
Crown and bridge

prosthodontics
7 100 71.4 71.4 42.9

Removable
prosthodontics

8 87.5 75 62.5 75

Oral surgery 28 89.3 96.4 92.9 92.9
Oral radiology 8 62.5 87.5 62.5 62.5
Dental anesthesiology 14 85.7 100 100 100
Periodontics 6 66.7 83.3 100 66.7
Endodontics 6 50 66.7 50 50
Operative dentistry 4 50 100 50 50
Orthodontics 12 58.3 91.7 50 66.7
Pediatric dentistry 19 57.9 89.5 63.2 68.4
Oral health 42 90.5 95.2 92.9 83.3

LLMs, Large language models; 4o, ChatGPT-4o; o1, OpenAI o1;
Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0 Flash Thinking
Experimental.

Table 5 Comparing correct response rates (%) of four
LLMs in different specialties on visually-based questions.

Specialty Questions
(n)

4o o1 Sonnet Gemini

Visually-based
questions*

149 45.6 67.8 55.7 48.3

Oral physiology 1 0 100 100 100
Oral pathology 2 0 100 50 100
Dental materials 2 0 100 50 100
Crown and bridge

prosthodontics
15 46.7 60 53.3 26.7

Removable
prosthodontics

22 40.9 77.3 63.6 54.5

Oral surgery 20 55 50 60 45
Oral radiology 6 66.7 66.7 66.7 50
Dental anesthesiology 7 57.1 100 57.1 85.7
Periodontics 12 50 91.7 83.3 41.7
Endodontics 7 28.6 57.1 28.6 71.4
Operative dentistry 7 57.1 71.4 42.9 57.1
Orthodontics 21 38.1 52.4 33.3 19
Pediatric dentistry 16 31.3 62.5 43.8 50
Oral health 11 72.7 72.7 81.8 63.6

LLMs, Large language models; 4o, ChatGPT-4o; o1, OpenAI o1;
Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0 Flash Thinking
Experimental.

Journal of Dental Sciences 20 (2025) 2427e2435
The introduction of visual elements had a significant
impact on performance across all models (Table 5). For
visually-based questions, performance varied by specialty.
o1 maintained higher performance in some areas,
2431
particularly Dental anesthesiology (100 %), Periodontics
(91.7 %), and Removable prosthodontics (77.3 %). All
models showed lower accuracy in visually complex spe-
cialties such as Orthodontics (o1: 52.4 %, Sonnet: 33.3 %,
4o: 38.1 %, Gemini: 19.0 %) and Crown and bridge pros-
thodontics (ranging from 26.7 % to 60.0 %).



Figure 2 Distribution of questions responded correctly and incorrectly among LLMs. Top: Bar graph shows the number of
questions correctly responded exclusively by text-only (light blue) or visual-based (dark blue) questions, and the number of
questions incorrectly responded by all models for text-only (light gray) and visually-based (dark gray) questions. Bottom: UpSet plot
showing the intersection of correct responses among models (o1, Sonnet, Gemini, and 4o). The horizontal bars on the left represent
the total set size (number of correct responses) for each model, while the connected dots indicate which models share correct
responses for specific questions, with the corresponding bar heights indicating the size of each intersection. LLMs, Large language
models; o1, OpenAI o1; Sonnet, Claude 3.5 Sonnet; Gemini, Gemini 2.0 Flash Thinking Experimental; 4o, ChatGPT-4o.
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Model agreement analysis

The UpSet plot revealed both shared successes and model-
specific performance patterns (Fig. 2). The largest inter-
section consisted of 177 questions correctly responded by
all four models, with the majority of which were text-only
questions. Notably, o1 solved a significant number of
questions that the other models could not correctly
respond, demonstrating its superior problem-solving capa-
bilities in certain cases. Each model had some unique cor-
rect answers, although the frequency varied considerably
between models. At the other end of the spectrum, 33
questions (mostly visually-based) proved challenging for all
models, with none providing correct answers.

The 33 questions that were not responded correctly by
all models were concentrated in specific specialties (Table
6): Orthodontics (7 questions, 21.2 % of all questions in this
speciality), Crown and Bridge Prosthodontics (4 questions,
18.2 %), and Oral Surgery (6 questions, 12.5 %). The ma-
jority of these universally challenging questions were
visually-based, particularly in clinical specialties such as
Crown and bridge prosthodontics, Periodontics, and Oper-
ative dentistry, where all of the most frequently missed
questions contained visual elements. In contrast, basic
medical science subjects such as Oral microbiology and Oral
health showed fewer universally challenging questions,
with most of their difficult questions being text-based
rather than visual.
Discussion

In this study, we evaluated four multimodal LLMs, 4o, o1,
Sonnet, and Gemini, using text-only and visually-based
questions derived from a dental licensing exam.
2432
Our result showed the superior performance of o1
(81.9 % overall correct response rate) without the need for
prompt engineering or additional instructions. Some previ-
ous studies have examined prompt engineering ap-
proaches18,22,23 or attempted to evaluate image-based
questions,24e26 but often reported unsatisfactory results.
o1 processed the dental licensing exam questions in Japa-
nese under zero-shot conditions by directly inputting the
exam text and images. According to OpenAI,27 o1 naturally
employs a chain-of-thought28 approach, much like human
test takers who pause to consider challenging questions,
and shows encouraging results even in zero-shot scenarios.
This performance not only exceeds previous response
scores, but is also remarkable for its ability to handle
complex dental content in a non-English language. From a
practical perspective, such zero-shot robustness indicates
that multimodal LLMs can operate in specialized medical or
dental domains without prompt tuning or domain-specific
instruction sets. At the same time, our results also
revealed that visual interpretation remains a critical limi-
tation in complex diagnostic and technical workflows.
Therefore, while the text-based performance of zero-shot
is promising, further improvements are needed for LLMs
to reliably interpret complex dental images and provide
accurate, context-sensitive responses in all specialties of
dentistry.

Our results, when considered with the recent review of
natural language processing in dentistry by Büttner et al.,10

suggest several promising application areas, but also reveal
significant implementation challenges. While our results
highlight the robust performance of the models in the basic
medical sciences (e.g., Dental pharmacology: 100 %, Oral
physiology: 86.7e100 %), the global survey by Uribe et al.13

also suggests that educators see value in AI for knowledge
acquisition (74.3 %) and research support (68.5 %). Taken



Table 6 Analysis of incorrect responses across dental specialties by question type.

Specialty with questions
responded incorrectly
by all models

Questions
(n)

Incorrect by all
models within
the same specialty
(n, %)

Incorrect by all
models (text-only;
n, %)

Incorrect by all
models
(visually-based;
n, %)

Types of visual materials

Oral microbiology 6 1 (16.7) 1 (100) 0 (0) e

Crown and bridge
prosthodontics

22 4 (18.2) 0 (0) 4 (100) Intraoral photograph,
Prosthesis photograph, Dental
technical work photograph,

Removable
prosthodontics

30 1 (3.3) 0 (0) 1 (100) Intraoral photograph, complete
denture photograph

Oral surgery 48 6 (12.5) 1 (16.7) 5 (83.3) Intraoral photograph, Extraoral
photograph, Dental radiograph,
Panoramic radiograph,
Cephalogram, CT, 3D-CT
image, MR image, Surgical
instrument

Oral radiology 14 2 (14.3) 1 (50) 1 (50) Panoramic radiograph, CT
Periodontics 18 1 (5.6) 0 (0) 1 (100) Intraoral photograph, Dental

radiograph
Endodontics 13 3 (23.1) 2 (66.7) 1(33.3) Intraoral photograph, Dental

radiograph
Operative dentistry 11 1 (9.1) 0 (0) 1 (100) Intraoral photograph, Dental

radiograph
Orthodontics 33 7 (21.2) 1 (14.3) 6 (85.7) Intraoral photograph, Extraoral

photograph, Panoramic
radiograph, technical work
photograph, Craniofacial
polygon analysis

Pediatric dentistry 35 5 (14.3) 1 (20) 4 (80) Intraoral photograph, Dental
radiograph, Panoramic
radiograph

Oral health 53 2 (3.8) 2 (100) 0 (0) e

Total 283 33 (11.7)a 9 (27.3) 24 (72.7) e

CT, Computed tomography; MR, magnetic resonance.
a The incorrect response rate is 11.7 % for questions from listed specialties (283 questions) and 9.4 % for questions from all dental

specialties (353 questions total).
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together, these points suggest that modern LLMs-especially
when operating with minimal prompt engineering (e.g., o1
with 81.9 % overall correct response rate)-could be readily
used for factual or theoretical components of dental edu-
cation. However, the performance gap between text-only
questions (92.2 % correct response rate) and visually-based
questions (67.8 %) reveals a challenge and is consistent
with the report by Uribe et al.13 that only 38.8 % of educators
recognized the promise of AI in clinical skills training. This
disparity was most pronounced in specialties such as Ortho-
dontics, Endodontics, and Prosthodontics, suggesting that
LLMs may still have difficulty interpreting radiographs, soft
tissue contours, or tooth angles. These findings, in turn,
validate educators’ cautious stance on howAImight-ormight
not-enhance advanced clinical competencies.

The UpSet plot analysis provides valuable insight into
these challenges, revealing that while 177 questions
(mostly text-based) were accurately responded by all four
LLMs, 33 questions (mostly involving complex visual ele-
ments) proved universally challenging. This pattern sug-
gests specific areas where current multimodal systems need
2433
improvement, particularly in handling complex clinical
imaging scenarios. The improvement in visual task perfor-
mance compared to previous studies (from 53.7 % to 67.1 %
in the current study, albeit with different exams in a pre-
vious study25,26) indicates progress, but also highlights the
significant work still needed to achieve reliable clinical
application. A previous study analyzing the Japanese Na-
tional Examination for Dental Technicians using 4o, o1, and
Sonnet found that o1 produced significantly higher per-
centages of correct responses than 4o on text-only ques-
tions, but no significant differences were found between
the three LLMs used on the visually-based questions.29 This
may be one reason why the amount of training data related
to dental technology in dentistry is so small. The limitations
of visual processing revealed in our study indicate the need
for significant advances in image interpretation capabil-
ities, particularly for complex clinical images such as ra-
diographs and 3D scans. This challenge can be explained by
data availability and quality issues, as Büttner et al. noted a
lack of high-quality dental training data and privacy con-
cerns that limit data sharing.10
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Several limitations of our study should be considered.
Our analysis focused on a single country’s dental licensing
examination, and although the JNDE-2024 is comprehen-
sive, variations in question style or content between
different national examinations may result in different
performance patterns. The rapid development of LLM
technology also means that our results reflect a point in
time, and performance characteristics may change with
future model updates. In addition, our scoring methodology
for multiple-answer items, which is based on an all-or-
nothing approach, may not fully capture nuanced perfor-
mance differences that alternative scoring methods might
reveal. Moreover, real-world dental practice often involves
dynamic or 3D data (e.g., CBCT scans, continuous patient
monitoring) that are beyond the scope of typical LLM image
input systems. However, technological innovation is pro-
gressing rapidly. In December 2024, OpenAI implemented
real-time video mode, screen sharing, and image uploading
in its mobile application, in addition to voice chat func-
tion.30 These features, which use native multimodal
models, enable more real-time and natural interactions
while capturing nonverbal cues. This technological advance
suggests possibilities for future dynamic support in dental
practice.

Looking forward, the successful integration of LLMs into
dental practice will require careful attention to imple-
mentation frameworks and quality assurance mechanisms.
As both our findings and recent literature emphasize,
technical advances must be accompanied by thoughtful
consideration of institutional policies, professional educa-
tion requirements, and ethical boundaries. The develop-
ment of standardized evaluation metrics and validation
protocols will be critical to ensuring the safe and effective
use of these technologies in clinical settings.

By benchmarking four advanced multimodal LLMs (4o,
o1, Sonnet, and Gemini) on a real JNDE-2024 that included
both text-only and visually-based questions, we have
demonstrated the models’ growing strengths and persistent
weaknesses in the dental domain. Although o1 achieved
remarkably high overall correct response rate, particularly
for text-based questions, performance declined for
visually-based questions, demonstrating the challenges of
image interpretation. These results demonstrate the po-
tential of LLMs to support educational initiatives and
certain aspects of clinical decision-making, but they also
reveal the need for significant advances before LLMs can
reliably handle the visual demands unique to dentistry.
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