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ABSTRACT

Aim: Given the increasing interest in using large language models (LLMs) for self-diagnosis,
this study aimed to evaluate the comprehensiveness of two prominent LLMs, ChatGPT-3.5
and ChatGPT-4, in addressing common queries related to gingival and endodontic health
across different language contexts and query types.
Methods: We assembled a set of 33 common real-life questions related to gingival and end-
odontic healthcare, including 17 common-sense questions and 16 expert questions. Each
question was presented to the LLMs in both English and Chinese. Three specialists were
invited to evaluate the comprehensiveness of the responses on a five-point Likert scale,
where a higher score indicated greater quality responses.
Results: LLMs performed significantly better in English, with an average score of 4.53, com-
pared to 3.95 in Chinese (Mann—Whitney U test, P < .05). Responses to common sense ques-
tions received higher scores than those to expert questions, with averages of 4.46 and 4.02
(Mann—Whitney U test, P < .05). Among the LLMs, ChatGPT-4 consistently outperformed
ChatGPT-3.5, achieving average scores of 4.45 and 4.03 (Mann—Whitney U test, P <.05).
Conclusions: ChatGPT-4 provides more comprehensive responses than ChatGPT-3.5 for
queries related to gingival and endodontic health. Both LLMs perform better in English and
on common sense questions. However, the performance discrepancies across different lan-
guage contexts and the presence of inaccurate responses suggest that further evaluation
and understanding of their limitations are crucial to avoid potential misunderstandings.
Clinical Relevance: This study revealed the performance differences of ChatGPT-3.5 and
ChatGPT-4 in handling gingival and endodontic health issues across different language
contexts, providing insights into the comprehensiveness and limitations of LLMs in
addressing common oral healthcare queries.
© 2024 The Authors. Published by Elsevier Inc. on behalf of FDI World Dental Federation.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

Introduction

managing the increasing electronic workload. Many clini-
cians spend significant time handling a large volume of

The trend towards virtual healthcare, accelerated by the
COVID-19 pandemic, continues. Patients have become accus-
tomed to using online portals for accessing health informa-
tion and communicating with healthcare providers.’
However, existing healthcare systems face challenges in
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online messages, often beyond their regular working hours.”*
Addressing online messages without protected time or spe-
cific reimbursement often leads to patients receiving inaccu-
rate and flawed responses about health-related information.*

Approximately two-thirds of adults in the United States
seek health information on the internet, with more than one-
third using online search engines for self-diagnosis.” This
trend is particularly notable in the field of oral health, specifi-
cally regarding gingival and endodontic issues, where
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patients often turn to online resources.®’ Recent research has
indicated a preference for responses from large language
models (LLMs) over those from physicians on social media
platforms, suggesting that artificial intelligence (Al) can signifi-
cantly improve the quality of medical advice available online.®
The rise of LLMs reflects a growing reliance among patients on
these models for information on managing oral health.

LLMs are Al systems that mimic human language process-
ing via deep learning and neural networks trained on exten-
sive text data from various sources, including books, articles,
and websites.” ChatGPT, a leading example, leverages self-
supervised learning to produce responses that closely resem-
ble human conversation, thanks to its training on vast
amounts of text data.'®'! In dental medicine, LLMs have
recently attracted significant attention. A study revealed that
recent versions of the ChatGPT have shown high proficiency
in answering multiple-choice questions derived from dental
licensing exams. In the context of professional licensure, the
accuracy of oral health information provided by the latest
ChatGPT models can rival that of human dental graduates.?
This indicates that LLMs could offer substantial benefits for
dental medicine education and clinical decision-making. Fur-
thermore, several studies have explored the potential of LLMs
to help patients access valuable information.****

Sudrez et al. conducted a study to assess the accuracy and
consistency of responses generated by ChatGPT compared to
those provided by human experts for binary questions in end-
odontics. The findings indicated that ChatGPT exhibited a
high level of consistency and provided valuable insights.
However, ChatGPT is not currently capable of replacing den-
tists in clinical decision-making.’” Despite the advancements
in LLMs, there remains a lack of conclusive evidence on their
performance in specific domains of dental medicine, particu-
larly regarding the effectiveness of LLMs in addressing oral
healthcare queries.'® Furthermore, the exploration of the util-
ity of LLMs in non-English-speaking regions, such as China, is
an area for further investigation.

By systematically organizing questions that patients fre-
quently pose about gingival and endodontic healthcare, we
simulated a series of real clinical scenarios from the patient’s
perspective. In these scenarios, patients could leverage LLMs
to seek medical information and advice in either Chinese or
English. We also considered the medical professionalism of
the questions, exploring the potential of LLMs across diverse
question categories. We aimed to provide a comprehensive
understanding of the capabilities and limitations of LLMs in
addressing patient queries related to oral healthcare in differ-
ent language settings. This work may contribute to facilitat-
ing the development and application of LLMs in the field of
dental medicine, thereby improving the quality of care and
information available to patients.

Methods
Question design
This study was collaborated on by two experts specializing in

endodontic diseases and one specializing in periodontal dis-
eases, each with over a decade of extensive clinical and

academic experience. Their collaboration involved synthesiz-
ing insights from authoritative position statements issued by
the European Society of Endodontology’’ and the American
Association of Endodontists.’® Questions were developed
based on the guidelines of WebMD Health Corporation
(WebMD) (www.webmd.com/oral-health/dental-health-faq) and
the International Dental Health Foundation (www.dental
health.org/Pages/FAQs/Category/general-fags) ‘Frequently Asked
Oral Health Questions’ webpage. Subsequently, a series of
real questions frequently encountered by patients in their
clinical settings were compiled to further refine the question
design. Ultimately, a set of 33 common questions related to
gingival and endodontic healthcare was crafted.

Categorization of questions

To gain a deeper understanding of the strengths and weak-
nesses of LLMs across different domains, the questions were
categorized into two groups: 17 Common Sense Questions
and 16 Expertise Questions (Supplemental Table S1).

Study design

The study design, illustrated in Figure 1, involved a carefully
planned set of 33 questions in both Chinese and English. The
English version was a translation of the original Chinese ques-
tions. ChatGPT-3.5 and ChatGPT-4 were presented with the
same questions from 6 December 2023 to 14 January 2024. The
conversation was initiated with the prompt ‘T have some ques-
tions about oral healthcare’ to set the context. Subsequently,
the full texts of the 33 questions were given to ChatGPT-3.5
and ChatGPT-4, and their responses were recorded. To avoid
memory bias, the conversation was reset after each query, and
each query was performed only once to prevent model optimi-
zation or answer alteration. All responses were presented in
plain text to prevent distinguishing between the LLMs. The
responses were then shuffled and evaluated by three experts
in two rounds, with a 72-hour washout period between assess-
ments to reduce recency bias. The process was repeated with
the language setting changed to Chinese.

Scoring system and mechanism

The scoring panel comprised the three experts mentioned pre-
viously. To preserve objectivity, the identities of the LLMs were
concealed. Our evaluation focused on ‘comprehensiveness’
using a five-point Likert scale’*'° based on the NCC MERP?° clas-
sification system. The criteria for assessment were as follows:

1) Very poor: responses with inaccuracies that could mislead
and harm patients.

2) Poor: responses with factual errors but unlikely to mislead.

3) Acceptable: moderately comprehensive with a fair
amount of detail.

4) Good: comprehensive, covering most necessary aspects.

5) Very good: very comprehensive, providing exhaustive
details.

The evaluators’ main task was to assess the
‘comprehensiveness’ of each response generated by LLMs
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Fig. 1-Flowchart of overall study design.

independently. The same scoring system was applied to each
response, where higher quality responses were closer to a
score of 5 and lower quality responses closer to a score of 1.
Additionally, a majority consensus method was employed to
determine the final score of each chatbot response based on
the most common scores among the three evaluators. In
cases where there was no consensus among the evaluators
(ie, each evaluator provided a different score), the approach
taken was to assign the lowest score to the LLMs’ responses.*?

Detailed qualitative analysis of LLMs’ responses containing
incorrect information

To gain a deeper understanding of the potential drawbacks
and risks of relying solely on LLMs for oral healthcare infor-
mation, we conducted a thorough analysis of responses scor-
ing below 3. This analysis included a detailed review of
responses from LLMs that contained incorrect information.

Statistical analysis

Statistical calculations were performed using IBM SPSS Sta-
tistics version 26.0 to compare the average comprehensive-
ness scores across two different LLMs, two question
categories, and two language environments. Due to the non-
normal distribution of the data, nonparametric tests were uti-
lized. The Mann—Whitney U test was applied, with p values
less than 0.05 considered to indicate statistical significance.
Furthermore, Fleiss’s kappa was used to assess the interrater
reliability among the three experts.

Results
Comprehensive evaluation
All responses from the LLMs are summarized in the Supple-

mental Materials. The answers in both Chinese and English
are shown in Supplemental Table S3-S6. The three experts

Table - The Mann—Whitney U test of average comprehensive scores among two different LLMs, two question categories, and

two language environments.

Mean Median Minimum Maximum Std. D N P value
LLMs type
ChatGPT-3.5 4.03 4 1 5 .803 66 .000
ChatGPT-4.0 4.45 5 1 5 .807 66
Category
Common sense 4.46 5 3 5 .656 68 .004
Expertise 4.02 4 1 5 934 64
Language type
Chinese 3.95 4 1 5 .867 66 .000
English 4.53 5 2 5 .684 66
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Fig. 2-Detailed presentation of the average scores of two
different LLM-Chatbots in different language environments.

demonstrated substantial agreement in evaluating the
responses (Fleiss’s « = 0.870). The distribution of scores among
the three experts is provided in Supplemental Table S8.

Table shows that LLMs achieved a significantly higher
average score of 4.53 in English compared to 3.95 in Chinese.
Statistically significant differences in the scores between the
different language versions were observed (P < .05).

Figure 2 provides a detailed presentation of the average
scores of two different LLMs in different language environ-
ments, Chinese and English.

Table also provides descriptive statistics for LLMs across
different question categories. The average score for expertise
questions was significantly lower than that for common
sense questions (P < .05).

Figure 3 visually represents the average scores of LLMs in
different question categories.

Furthermore, regardless of the language context or ques-
tion type, ChatGPT-4 achieved a higher average comprehen-
sive score than ChatGPT-3.5 (ChatGPT-3.5: 4.03; ChatGPT-4:
4.45). A statistically significant difference in scores between
the two LLMs was observed (P < .05, Table).

Supplemental Table S2 offers a detailed explanation of the
scores assigned by each LLM to each question.

Analysis of misinformation in LLM responses

Supplemental Table S7 displays examples of misinformation
conveyed by LLMs, with sections containing errors
highlighted in bold, based on insights from three experienced
expert evaluators. The experts provided further explanations
of these errors.

Discussion

In this study, we evaluated the ability of the ChatGPT-3.5 and
ChatGPT-4 to address frequently asked questions related to
oral healthcare in different language environments (English
and Chinese) and across types of queries (common sense and
expertise). Distinguishing from previous research that relied
on standardized tests, we examined the practical application
of LLMs in responding to patients’ questions, specifically
focusing on oral healthcare. We simulated realistic scenarios
in which patients might consult LLMs for medical informa-
tion and advice, emphasizing the importance of evaluating
the comprehensiveness and impact of LLMs’ responses in
these practical scenarios.

Overall, the English version of the ChatGPT-4 demon-
strated exceptional performance. These findings reinforce
previous research showing that ChatGPT-4 is more effective
than ChatGPT-3.5 in the medical field due to advancements
in its training processes and model architecture.®?*+??

In different question categories, all LLMs exhibited strong
performance in answering common sense questions in both
Chinese and English. However, their performance declined
when addressing questions requiring expertise, especially in
Chinese. This underscores the accuracy and effectiveness of
LLMs in responding to general medical inquiries while
highlighting potential inaccuracies in more specialized fields,
such as disease treatment and control. One plausible expla-
nation is that the models are general-purpose LLMs, not spe-
cifically designed for medical contexts. Fine-tuning the
models with additional training in the medical domain could
prove beneficial >® Previous research has shown that fine-tun-
ing LLMs can improve their accuracy in answering medical
queries.?* Future enhancements of LLMs in medical questions
may involve expanding medical databases and including key-
word prompts in queries.”

Considering the vital importance of accurate medical
information, potential errors in LLMs warrant concern, espe-
cially in high-risk areas related to treatment. While ChatGPT-
4 and similar products signify substantial advancements in
Al-powered knowledge bases and understanding capabilities,
there is a risk that LLMs might unintentionally incorporate
and disseminate biases or errors from their training data.
Therefore, when using LLMs such as ChatGPT-4 for diagnostic
or therapeutic assistance, it is crucial that patients are aware
of their current limitations and capabilities. The capacity of
LLMs to comprehend and analyse text is restricted to a spe-
cific context window, lacking the ability to incorporate
knowledge from previous interactions. Patients should verify
advice across different sources, particularly in fields with
high variability, as Al-generated outputs may contain errors
or fictional information.
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Fig. 3- Average scores of LLM-Chatbots in different question categories.

Additionally, in the Chinese version, even ChatGPT-4 did
not demonstrate satisfactory performance. This outcome
may be attributed to variations in standardized medical
terms and concepts across different language environ-
ments.”® Furthermore, since LLM training data predomi-
nantly focus on English-speaking regions, language database
training may lack sufficient Chinese information,” leading to
decreased efficacy when patients are presented with ques-
tions in Chinese. Therefore, as the use of LLMs expands to
non-English-speaking regions, future research should focus
on reducing performance disparities across different linguis-
tic contexts to enhance the reliability of the models.

Limitations of the study

Our study has several limitations. First, the limited number of
questions for each category may not fully capture the complex-
ity and multidimensionality inherent in real clinical settings.

Second, the subjectivity of the scoring panel cannot be
overlooked. To address this issue, we selected two experts in
endodontic diseases and one in periodontal diseases, each
with more than a decade of clinical and academic experience,
and employed a consensus-based rating approach. However,
the small number of experts might not represent the wide
range of opinions and criteria present in the broader clinical
professional community.

Finally, the time involved in drafting manuscripts, peer
review, and submission to journals must be considered. Since
LLMs continuously evolve based on user feedback and
updates to their training datasets, the interpretation of these
findings should be contextualized within specific time peri-
ods. Future research may yield different outcomes.

Implications of the study and future

With continuous advancements in the medical field, it is
believed that LLMs such as ChatGPT-4 could play a vital role
as tools for diagnostic or therapeutic support in future clinical
scenarios. Our study highlights the potential benefits of LLMs,
specifically ChatGPT-4, in addressing patient inquiries related
to oral healthcare, demonstrating the ability to provide thor-
ough and coherent answers to a wide range of questions.
However, it is important to recognize that LLMs are not spe-
cifically designed for oral healthcare and may lack the neces-
sary medical sensitivity in certain contexts.”® While LLMs are
making progress in addressing real-world patient queries, the
reliance of patients on internet-based information for health
decisions suggests that inaccuracies from LLMs could lead to
serious consequences.®’ Thus, integrating LLMs into medi-
cine presents challenges, including high computational
demands, laborious data annotation and a lack of interpret-
ability.?® Furthermore, data privacy remains a paramount
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concern in today’s digital landscape. As efforts to enhance
LLMs continue, healthcare professionals and regulatory bod-
ies must ensure that these tools are reliable, ethical, and
transparent in their decision-making processes.?® Harnessing
the potential of LLMs while prioritizing data protection and
privacy issues is crucial.

Conclusions

In the comparison between ChatGPT-3.5 and ChatGPT-4, sig-
nificant advancements in Al-powered knowledge bases and
comprehension were highlighted, demonstrating a promising
future for the further improvement of LLMs in clinical appli-
cations. However, future research should focus on exploring
approaches to reduce performance disparities across differ-
ent linguistic contexts, thereby enhancing adaptability and
effectiveness. Moreover, the potential applications of LLMs in
the dental field require further exploration to refine and con-
firm their efficacy and reliability, which will be crucial for
advancing their use in dentistry.
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