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ARTICLE INFO ABSTRACT

Keywords: The integration of Artificial Intelligence (AI) into healthcare has opened new avenues for clinical decision
Artificial Intelligence support, particularly in radiology. The aim of this study was to evaluate the accuracy and reproducibility of
ChatGPT ChatGPT-40 in the radiographic image interpretation of orthopantomograms (OPGs) for assessment of lower
glr_zlljsgi‘:gnography third molars, simulating real patient requests for tooth extraction. Thirty OPGs were analyzed, each paired with a
Dentistry standardized prompt submitted to ChatGPT-4o, generating 900 responses (30 per radiograph). Two oral surgery

experts independently evaluated the responses using a three-point Likert scale (correct, partially correct/
incomplete, incorrect), with disagreements resolved by a third expert. ChatGPT-4o0 achieved an accuracy rate of
38.44 % (95 % CI: 35.27 %-41.62 %). The percentage agreement among repeated responses was 82.7 %,
indicating high consistency, though Gwet’s coefficient of agreement (60.4 %) suggested only moderate repeat-
ability. While the model correctly identified general features in some cases, it frequently provided incomplete or
fabricated information, particularly in complex radiographs involving overlapping structures or underdeveloped
roots.

These findings highlight ChatGPT-40’s current limitations in dental radiographic interpretation. Although it
demonstrated some capability in analyzing OPGs, its accuracy and reliability remain insufficient for unsuper-
vised clinical use. Professional oversight is essential to prevent diagnostic errors. Further refinement and
specialized training of Al models are needed to enhance their performance and ensure safe integration into dental
practice, especially in patient-facing applications.

anatomical key factors that may influence the risk of intraoperative
complications [2].
However, OPGs have inherent limitations, such as distortion and

1. Introduction

The interpretation of radiographic images, particularly Ortho-

pantomograms (OPGs) or panoramic radiographs, is a fundamental
aspect of dental diagnostics, as it provides a comprehensive view of the
oral cavity and adjacent structures [1]. Its accessibility, low cost and
reduced radiation exposure makes it a widely used technique, particu-
larly in the planning of complex surgical procedures such as the
extraction of impacted third molars. It also allows the identification of

overlaping of anatomical structures, which can complicate their inter-
pretation [3]. Although they serve as a basic diagnostic tool for the
evaluation of impacted mandibular third molars, in certain cases they
need to be complemented by three-dimensional imaging techniques,
such as cone beam computed tomography (CBCT) [4]. CBCT provides
more detailed information while respecting radiation protection
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principles [5].

In this context, general dentists have a key role, as they are often
responsible for performing and interpreting OPGs in their own clinics
and taking responsibility for analysing and explaining the results to
patients [6]. At the same time, there has been a significant shift in pa-
tient behaviour, with individuals taking a more active role in managing
their health, moving away from the traditional passive approach [7].
This phenomenon has been driven by the widespread availability of
mobile devices and digital platforms that facilitate access to medical
information, clinical data monitoring and health record management
[8]. In fact, the Internet has become the primary resource that patients
consult before seeking professional medical advice [9].

This massive access to information has led to a growing interest in
independently understanding radiological images without the inter-
vention of a healthcare professional [10]. This shift, driven by digital
empowerment and the democratisation of medical knowledge [11], has
encouraged the development of artificial intelligence (AI)-based tools
that could facilitate the interpretation of health-related information.

In particular, large language models (LLMs) such as ChatGPT have
shown significant potential in the medical field. These AI models,
trained on large amounts of textual data, use advanced natural language
processing techniques to generate coherent and contextually relevant
responses [12]. Their ability to provide immediate answers, generate
accessible explanations, and deliver individualized information has
positioned Al as a valuable resource for searching and understanding
medical information [13,14]. Recent studies have shown that online
access to health-related information is more common among young
people, women and those with higher levels of education [15], which
has encouraged the use of digital platforms and virtual assistants to
retrieve medical information quickly and efficiently [13,16]. This access
to personalized information promotes greater autonomy in making
informed healthcare decisions [14,17].

Beyond information retrieval, LLMs have begun to play an active role
in multiple clinical applications in radiology, including decision support
[18-20], clinical data analysis [19], medical report generation and
simplification [19,21-26], workflow optimization [18] and promotion
of responsible use of radiology services [18]. However, their use in
medical image interpretation remains challenging, as professional su-
pervision is required to prevent errors and ensure safe and effective use
[27]. In dentistry, their implementation is still in its early stages, but
their potential to transform Al-assisted diagnosis is significant [28-31].

Although deep learning architectures such as convolutional neural
networks (CNNs) have demonstrated high performance in various image
analysis tasks, their operation relies on large amounts of well-curated
data and specific training protocols [32-36]. These characteristics
differ considerably from those of LLMs, which were originally designed
for natural language understanding and generation rather than image
analysis [20]. However, the emergence of multimodal models such as
ChatGPT-40 has extended these capabilities, as its transformer-based
architecture enables the simultaneous integration of textual and visual
information. This allows image interpretation with performance that in
some cases approaches human-level accuracy [37].

While LLMs can interpret, generate and process multiple types of
information, including text and images [38], their use in dentistry pre-
sents specific challenges. The lack of clinical context and the absence of
professional judgement limit their ability to provide accurate in-
terpretations tailored to specific situations. Furthermore, many of the
limitations of these models are not fully understood by patients,
increasing the risk of their use for non-optimized tasks. Despite these
challenges, the acceptance of these models in clinical settings is largely
dependent on perceptions of their reliability [39]. ChatGPT’s ability to
generate personalized explanations in clear and persuasive language
may enhance this perception and improve the patient experience [12,23,
39], but it may also create a false sense of accuracy. This highlights the
need for professional oversight to ensure their safe use in healthcare
settings.
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In light of the above, this study aims to evaluate the accuracy and
reproducibility of ChatGPT-40, an LLM, in generating responses to en-
quiries about lower third molar radiographs, using a prompt that sim-
ulates a patient’s question about the need to extract these teeth. Through
this research, we aim to identify the capabilities and limitations of
ChatGPT-4o in interpreting third molar orthopantomograms in dentistry
to improve clinical practice and optimize the patient experience.

2. Materials and methods
2.1. Ethics committee

The study was approved by the Ethics Committee of the Universidad
Europea de Madrid (approval code 2025-44) and was conducted in
accordance with the ethical principles of the Declaration of Helsinki and
current international regulations for research involving human subjects.

2.2. Radiographic images

The thirty OPGs used in this study were obtained from two private
clinics. Patients gave written informed consent for their radiographs to
be used in the analysis, after being fully informed of the aims and pro-
cedures of the study.

Data collection and processing was carried out in accordance with
Regulation (EU) 2016/679 of the European Parliament and of the
Council on the protection of personal data and the free movement of
such data.

Radiographs were included in the study if they met the following
criteria: i) presence of visible lower third molars on the radiograph, ii)
adequate image quality, iii) absence of identifiable patient information
such as name, surname or date of birth on the radiograph.

2.3. Generating responses in ChatGPT-40

Two different Plus accounts were used to generate responses using
the ChatGPT-4 model. Each of the 30 OPGs was presented with the
following prompt: “I have had an x-ray to look at my lower wisdom teeth in
case I need to have them removed. In a short one-paragraph answer, tell me
what you see.”.

As ChatGPT’s probabilistic algorithm can generate different re-
sponses to the same prompt [40], 30 responses were collected for each
prompt and its corresponding x-ray. The responses were collected at
three different times of the day (morning, afternoon and evening), al-
ways starting a ‘new chat’. The entire data collection process was car-
ried out from 9 December to 19 December 2024.

To ensure data confidentiality and anonymity, as well as the ethical
and safe processing of radiographic images, the temporary chat feature
in ChatGPT-40 was used for all sessions. This feature ensured that con-
versations were not permanently stored [41], thereby minimizing the
risk of exposure or unauthorized access to personal or medical
information.

All responses were stored in an Excel spreadsheet (Microsoft, Red-
mond, Washington, USA).

2.4. Expert assessment of responses

Two experts in oral surgery (S.A. and A.H.) independently scored the
900 responses using a 3-point Likert scale [42,43]. Table 1. A score of 2
was assigned to correct answers, 1 to partially correct or incomplete
answers, and 0 to incorrect answers. In cases of disagreement between
the raters, a third expert (A.S.) acted as arbitrator to resolve the
discrepancy. Figs. 1-3.

2.5. Statistical analysis

All responses were analyzed using the statistical software STATA
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Table 1
Rubric used to assess the answers.

Experts’ grading Definition

Incorrect (0) The answer is completely incorrect or unrelated to the
question. It does not show adequate knowledge or
understanding of the topic.

The answer reflects some knowledge or understanding of
the topic, but contains significant errors or some essential
elements are missing. It is not entirely incorrect, but the
information is not sufficiently accurate or complete to be
considered reliable or appropriate.

The answer is completely correct and demonstrates a
sound and accurate understanding of the topic. All key
elements are addressed fully and accurately.

partially correct or
Incomplete (1)

Correct (2)

version BE 14 (StataCorp, Texas, EE. UU.).

For each of the 30 questions, the absolute (n) and relative (%) fre-
quencies of the ratings assigned by the panel of experts were reported:
0 (incorrect), 1 (partially correct or incomplete) and 2 (correct). To
assess the accuracy of ChatGPT-4o responses, the proportion of correct
responses (rating of 2) out of the total number of questions was deter-
mined, along with its 95 % confidence interval, calculated using the
Wald binomial method.

In terms of repeatability, the consistency of assigned ratings across
replicates was examined using weighted agreement analysis for ordinal
categories and multiple replicates. Both Percent Agreement and Gwet’s
Coefficient of Agreement were calculated, along with their respective
95 % confidence intervals. The calculated coefficients were categorized
according to Gwet’s benchmarking scale [44]: <0.0: poor, 0.0-0.2:
slight, 0.2-0.4: fair, 0.4-0.6: moderate, 0.6-0.8: Substantial and 0.8-1.0:
Almost perfect [42,43].

The level of agreement between the two expert reviewers’ responses
was assessed using the percentage of agreement and Gwet’s AC coeffi-
cient (inter-rater reliability). Similarly, the level of agreement across the
30 repetitions of each image was assessed for each expert (intra-rater
reliability).
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3. Results

A total of 900 responses were obtained. The percentage of correct
responses varied between 0 % and 100 % depending on the OPG.
Table 2.

When the results were analyzed, the accuracy of ChatGPT-40 in
image analysis was found to be 38.44 %, with a 95 % confidence in-
terval ranging from 35.27 % to 41.62 %.

The percentage agreement between the responses across the 30
repetitions of each question was 82.7 %, indicating an almost perfect
level of repeatability. However, Gwet’s coefficient of agreement was
60.4 %, suggesting a moderate level of repeatability (Table 3).

The ratings given by Expert #1 and Expert #2 for the 900 responses
generated by ChatGPT (30 questions + 30 repetitions) showed a per-
centage of agreement of 80.1 % (Gwet’s AC1 = 49.9 %).

The ratings of the responses generated by ChatGPT for the 30 repe-
titions of the same image showed a percentage of agreement of 79.6 %
for Expert #1 (Gwet’s AC1 = 48.2 %) and 80.0 % for Expert #2 (Gwet’s
AC1 = 52.1 %).

4. Discussion

Large language models (LLMs), such as ChatGPT, have attracted
increasing interest in medicine [45,46], particularly in radiology, due to
their potential to support decision-making, data analysis and the gen-
eration of patient-friendly clinical reports [12,18,19,21-25], among
other applications. However, although these models have primarily
been developed for text processing [47], their potential application in
medical image interpretation remains an evolving field, with several
limitations identified in recent studies [48-51]. The development of
ChatGPT has led to advances in reasoning and visual comprehension
[52], opening up new opportunities for its application in clinical
settings.

When comparing the results with previous studies, such as that of
Silva et al. [48], who evaluated the ability of ChatGPT-3.5 to describe
and suggest differential diagnoses for radiolucent lesions in OPGs, var-
iable performance was observed. These authors, together with Wang

{2 Chat temporal ©®

I have had an x-ray to look at my lower wisdom teeth in case |
need to have them removed. In a short one-paragraph answer, tell
me what you see.

The X-ray shows evidence of multiple dental restorations and implants in both the upper and lower

jaws. The lower wisdom teeth appear to be partially impacted, which could lead to complications such

as infection, pain, or crowding. The bone structure around these teeth should be carefully assessed to

determine the best approach for removal if necessary. A consultation with an oral surgeon is

recommended for further evaluation and treatment planning.

ov

(7

Fig. 1. Screenshot of the ChatGPT-4o interface showing the model’s response, which the expert panel scores as 0 due to incorrect information, as it incorrectly
considers the third molars to be partially impacted. The model identifies the presence of dental restorations and implants in the patient.
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{2 Chat temporal ®

I have had an x-ray to look at my lower wisdom teeth in case |
need to have them removed. In a short one-paragraph answer, tell
me what you see.

The panoramic dental X-ray reveals that the lower wisdom teeth (third molars) are impacted. On both

the left and right sides, these wisdom teeth are positioned either vertically or at an angle, exerting

pressure against the second molars. Additionally, the roots of the wisdom teeth are close to the

mandibular nerve, which is an important factor to consider for any planned extraction. Additionally, the

image shows wires, indicating ongoing orthodontic treatment, which may influence the decision for

wisdom tooth extraction. Consulting an oral surgeon is recommended.

Q@ v O

Fig. 2. Screenshot of the ChatGPT-4o interface showing the model’s response, which the expert panel scores as 1 for providing partially correct or incomplete
information, stating that the third molars are in a vertical or angled position without specifying the correct one. The model is again able to detect previous or-

thodontic treatment.

et al. [51], suggest that the accuracy of these models in clinical tasks is
influenced by their processing capacity and level of sophistication. For
this reason, the present study used a more advanced model, ChatGPT-4o,
which has enhanced image analysis capabilities [52]. Despite the
improved architecture, consistent accuracy in radiographic interpreta-
tion of third molars cannot be guaranteed.

Thus, although ChatGPT-40 provided correct answers in a significant
percentage of cases (38.44 %), its performance is still not robust enough
for unsupervised clinical implementation. Furthermore, in cases where
the error rate exceeded the accuracy rate, several factors were identified
that may have affected the accuracy of the model, such as overlap with
second molars or lack of root development. In other cases, although the
model correctly identified the need for referral to a surgeon, it made
errors in describing the position of the third molar, even though it was
not specifically asked to do so. This suggests that in certain situations the
model may be fabricated or making up responses [42,43,53], providing
incorrect information that is not based on the analysed image data.

This high incidence of these made-up responses was also reported in
a recent study evaluating the diagnostic accuracy of ChatGPT in chest
radiographs, where the model achieved a diagnostic accuracy of
40.5 %-47 %. [49]. This reinforces the idea that ChatGPT-40 can pro-
vide general interpretations but still requires significant human super-
vision to prevent errors in clinical contexts, specially in complex cases or
those with subtle radiological features.

It is important to highlight that although this study focused on
evaluating the accuracy of ChatGPT-4o in individual responses, it did
not take into account a decisive aspect of patient interaction: the
conversational nature of the model. As ChatGPT is designed to
encourage dialogue and continuous interaction, it is likely that a patient
would continue to ask questions and provide additional information
even if the initial response is only partially correct. On one hand, this
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could increase the risk of confusion if inconsistent or incorrect responses
are generated, but on the other hand, it may also allow for the collection
of more patient data, potentially refining the response. However, this
phenomenon was not analysed in the present study and is an important
aspect for future research.

These results are consistent with those of Jeong et al. [54] who
compared the accuracy of different chatbots (ChatGPT, ChatGPT Plus,
Bard and Bing Chat) with that of dental students. Their results showed
that chatbots achieved accuracy rates below 35 % in image interpreta-
tion. However, it is worth noting that this study was conducted without
the use of actual images, relying solely on textual descriptions. In this
study, although the model did not always achieve higher scores due to
meandering responses - leading to partial inaccuracies - it demonstrated
strong capabilities in correctly identifying the presence of implants,
restorations and orthodontic treatments. This suggests that its ability to
recognize specific dental treatments is more reliable than its ability to
interpret the position of third molars.

A unique aspect of this study is that the prompt used simulated a real
patient query about the need for extraction of lower third molars. In
contrast to previous studies [48,54] that assessed ChatGPT’s ability to
interpret medical images based on descriptions or technical questions, in
the present case the Al had to generate a response based on a query
formulated in non-specialist terms. This approach is relevant as it re-
flects a potential application in interactions with patients seeking initial
guidance on their treatment. However, to date, no similar studies have
been identified that evaluate the performance of ChatGPT in this specific
context, highlighting the need for further research to explore the impact
of prompt formulation on the accuracy of generated responses.

In contrast to LLMs such as ChatGPT, which are not specifically
designed for image analysis, deep learning models and convolutional
neural networks (CNNs) can achieve levels of accuracy comparable to or
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{2 Chat temporal ®

| have had an x-ray to look at my lower wisdom teeth in case |
need to have them removed. In a short one-paragraph answer, tell
me what you see

This panoramic X-ray reveals the full dentition, including the lower wisdom teeth. Additionally, metallic
hardware or wires are present, indicating previous dental or orthodontic treatments. The lower wisdom
teeth (third molars) appear to be in close proximity to the mandibular nerve canal, which is visible as a
faint linear structure near the roots of these teeth. The left lower wisdom tooth (on the right side of the
image) has a horizontal angulation, while the right lower wisdom tooth appears to be vertical.
Additionally, there appears to be some bone coverage over these teeth, which could complicate their
extraction. A consultation with a dentist or oral surgeon is recommended for a more detailed evaluation

and appropriate planning.

M@ YOy

Fig. 3. Screenshot of the ChatGPT-4o interface showing the model’s response, which the expert panel scored as 2 for providing correct information. The model is
again able to detect previous orthodontic treatment.

Table 2 Table 3
Expert assessment of ChatGPT-40 responses (30 repetitions per question). Agreement between repetitions of answers. <0.0: poor, 0.0-0.2: slight, 0.2-0.4:
OPG Incorrect Partially correct or Incomplete Correct fair, 0.4-0.6: moderate, 0.6-0.8: Substantial and 0.8-1.0: Almost perfect.
n % a % a % Coeficient 95 % Confidence Benchmark scale
Interval

1 14 46.67 16 53.33 0 0.00 A 0.82 0790 0.8634 Al "
2 1 3.33 4 13.33 25 83.33 (P;erce?tA greement 0‘60‘71 0.;03 0.705 anlost Perfect
3 0 0.00 7 2333 23 76.67 wet's : - : oderate
4 1 3.33 18 60.00 11 36.67
5 10 33.33 19 63.33 1 3.33 o Lo .
6 10 3333 10 3333 10 33.33 better than human specialists in certain diagnostic tasks [32-36]. In the
7 6  20.00 19 63.33 5 16.67 field of oral surgery, several studies have shown that CNNs can match
8 0 0.00 25 83.33 5 16.67 the performance of oral and maxillofacial surgeons in detecting peri-
?0 (1) g‘gg 1; 4213.33 fg ;Z'Z; apical disease [33], odontogenic lesions [34], and identifying amelo-
11 0 0.00 1 333 29 96.67 l.)laftomas and keratocysts [35]. However, thfzs'e studies c0n51ster1tl'y
12 1 3.33 2 6.67 27 90.00 indicate that although CNNs have shown promising performance, their
13 8 26.67 18 60.00 4 13.33 practical effectiveness depends largely on the availability of large,
14 0 0.00 0 0.00 30 100.00 well-structured and accurately labelled clinical datasets [32-36].
15 1 36.67 2 6.67 17 56.67 However, this remains a significant challenge, as collecting and orga-
16 2 6.67 14 46.67 14 46.67 . i ns a sig 88 ; § ¢ 8
17 4 1333 22 73.33 4 13.33 nizing such datasets is difficult due to the heterogeneity of clinical cases,
18 4 13.33 19 63.33 7 23.33 variations in image quality, and legal restrictions that limit access to
19 8 26.67 22 73.33 0 0.00 properly labelled medical data.
20 2 667 21 70.00 7 23.33 Among Al studies based on CNNs for third molar analysis, models
21 2 6.67 26 86.67 2 6.67 desiened th d for odontosecti d osteot in third
2 2 667 26 86.67 5 6.67 esigned to assess the need for odontosection and osteotomy in thir
23 8 26.67 22 73.33 0 0.00 molar extractions stand out, as they have achieved high sensitivity but
24 1 3.33 5 16.67 24 80.00 have also shown a tendency towards overdiagnosis [36]. In addition,
25 6 2000 10 3333 14 46.67 models that can accurately classify the position of the third molar based
26 3 1000 27 90.00 0 0.00 . .
2 1 333 n 70,00 s 26.67 on angulation and stage of eruption have been developed, demon-
o8 6 2000 21 70.00 3 10.00 strating that their performance is more effective in specific tasks rather
29 1 3.33 16 53.33 13 43.33 than multitasking approaches [32].
30 0 0.00 9 30.00 21 70.00 Similarly, in this study, ChatGPT-4o0 struggled to analyze

145



A. Sudrez et al.

radiographs containing multiple elements, often providing answers that
mixed correct data with incorrect information in almost 50 % of cases.
This suggests that, like CNNs in complex tasks, its accuracy is variable
and may be affected by the interaction between different features within
the image.

In this context, recent efforts such as the validation of the Quality
Analysis of Medical Artificial Intelligence (QAMAI) tool highlight the
importance of having a standardised framework for assessing not only
the diagnostic accuracy, but also the overall quality and reliability of
health information generated by Al systems such as ChatGPT [55].

To overcome these limitations and improve the applicability of Al in
dentistry, it is essential to optimize data collection and develop models
trained on large and well-structured dental databases. However, this
remains a major challenge for the clinical implementation of these
technologies [56].

Future studies will include a larger and more diverse set of radio-
graphs to further explore the performance of ChatGPT-40 in a wider
range of clinical scenarios.

5. Conclusion

Although ChatGPT-40 has shown promising performance in inter-
preting orthopantomograms, its limitations in accuracy and occasional
generation of incorrect information prevent its autonomous clinical use.
Expert supervision remains essential to avoid diagnostic errors and
ensure safe and reliable interpretations.

This study’s findings reinforce the notion that while ChatGPT-40
appears capable of identifying certain dental treatments, its ability to
respond correctly to patient queries remains inconsistent. Training the
model with more specialized datasets could potentially improve its
performance.

Given that this study simulated a real patient query about the need
for a lower third molar extraction, we believe it is essential for profes-
sional associations, scientific societies and health authorities to promote
awareness campaigns aimed at both healthcare professionals and the
general public. These initiatives should emphasize that this technology
cannot currently replace specialist assessment, particularly in contexts
where radiological interpretation is vital for diagnosis and treatment
planning.
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