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A B S T R A C T

Purpose: Infective endocarditis (IE) is a serious, life-threatening condition requiring antibiotic

prophylaxis for high-risk individuals undergoing invasive dental procedures. As LLMs are rap-

idly adopted by dental professionals for their efficiency and accessibility, assessing their accu-

racy in answering critical questions about antibiotic prophylaxis for IE prevention is crucial.

Methods: Twenty-eight true/false questions based on the 2021 American Heart Association

(AHA) guidelines for IE were posed to 7 popular LLMs. Each model underwent five indepen-

dent runs per question using two prompt strategies: a pre-prompt as an experienced den-

tist and without a pre-prompt. Inter-model comparisons utilised the Kruskal−Wallis test,

followed by post-hoc pairwise comparisons using Prism 10 software.

Results: Significant differences in accuracy were observed among the LLMs. All LLMs had a nar-

rower confidence interval with a pre-prompt, and most, except Claude 3 Opus, showed

improved performance. GPT-4o had the highest accuracy (80% with a pre-prompt, 78.57% with-

out), followed by Gemini 1.5 Pro (78.57% and 77.86%) and Claude 3 Opus (75.71% and 77.14%).

Gemini 1.5 Flash had the lowest accuracy (68.57% and 63.57%). Without a pre-prompt, Gemini

1.5 Flash’s accuracy was significantly lower than Claude 3 Opus, Gemini 1.5 Pro, and GPT-4o.

With a pre-prompt, Gemini 1.5 Flash and Claude 3.5 were significantly less accurate than Gem-

ini 1.5 Pro and GPT-4o. None of the LLMsmet the commonly used benchmark scores. Allmodels

provided both correct and incorrect answers randomly, except Claude 3.5 Sonnet with a pre-

prompt, which consistently gave incorrect answers to eight questions across five runs.

Conclusion: LLMs like GPT-4o show promise for retrieving AHA-IE guideline information,

achieving up to 80% accuracy. However, complex medical questions may still pose a chal-

lenge. Pre-prompts offer a potential solution, and domain-specific training is essential for

optimizing LLM performance in healthcare, especially with the emergence of models with

increased token limits.

� 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/)
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Introduction

Large Language Models (LLMs) like Chat- GPT,1 Claude,2 and

Gemini,3 represent a rapidly evolving class of artificial intelli-

gence (AI) systems capable of processing and generating

human-like text. Trained on extensive datasets, these models

exhibit impressive contextual comprehension and capabili-

ties across diverse domains, including healthcare. LLMs hold
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significant potential to transform dentistry by aiding in differ-

ential diagnoses, automating clinical documentation, and

advancing research through literature review and idea

generation.4,5 The emergence of AI in dentistry has gained

significant traction in answering dentistry-related questions,

particularly in areas like dental trauma, oral andmaxillofacial

surgery, and pediatric dentistry.6,7 LLMs offer a promising

avenue for addressing human variability and supporting den-

tal professionals in rapidly retrieving essential information, a

process significantly faster than manual reading, thus pro-

moting adherence to best practices.

Infective endocarditis (IE) is a serious and life-threatening

condition, with an in-hospital mortality rate of up to 30%.8 It

can lead to long-term complications such as progressive deteri-

oration of cardiac function that may require cardiac valve

replacement. The American Heart Association (AHA) under-

scores the importance of antibiotic prophylaxis to prevent IE in

high-risk individuals undergoing dental procedures, which can

introduce bacteria into the bloodstream. The 2021 AHA Scien-

tific Statement on IE prevention updates the 2007 guidelines by

removing the recommendation for antibiotic prophylaxis in

moderate-risk patients and emphasizing the role of oral

hygiene and gingival disease as risk factors. The statement also

details characteristics of dental procedures that may increase

the risk of bacteremia. Additionally, the 2021 guidelines express

concerns about using clindamycin as an alternative to amoxicil-

lin due to the increased risk of Clostridioides difficile infection and

its serious outcomes, and introduces doxycycline as an option

for patients with penicillin allergies.9-11

While systematic reviews and meta-analyses suggest that

antibiotics may be beneficial in reducing the incidence of IE

following invasive dental procedures in high-risk

individuals,12,13 evidence from randomised controlled trials

remains limited, and conflicting results from observational

studies contribute to ongoing controversy surrounding their

use. Despite the ongoing debate, the AHA guidelines remain

one of themost widely referenced standards for IE prevention

in high-risk individuals. Evaluating the accuracy of LLMs in

providing recommendations aligned with these guidelines is

especially essential for patients with specific cardiac condi-

tions, where precise, evidence-based guidance is essential for

ensuring patient safety.14 This study aimed to assess the

accuracy of seven recent proprietary LLMs in recommending

antibiotic prophylaxis for dental procedures as a preventive

measure against IE, in alignment with AHA guidelines. The

study seeks to illustrate both the capabilities and limitations

of these AI tools in supporting clinical decision-making and

enhancing treatment outcomes in dental practice.
Materials andmethods

Dataset construction

We developed a set of 28 binaries (true or false) regarding

antibiotic prophylaxis before dental procedures to prevent

viridans group streptococcal infective endocarditis in Java-

Script Object Notation (JSON) format. The questions were for-

mulated based on the 2021 AHA statement on prevention of

IE.11 To ensure content validity, the questions and their
corresponding answers underwent expert review by an oral

and maxillofacial surgeon who hold a degree in both medi-

cine and dentistry. The questions in this study were selected

to address key aspects of IE prophylaxis in dental procedures.

They encompass various facets of antibiotic prophylaxis,

including indications, contraindications, dosage regimens,

antibiotic choices, and timing considerations, reflecting the

complex nature of clinical decision-making in this area

(Table 1). The sample size was based on previous studies

assessing LLMs in healthcare.6,7

Model selection and querying

We selected and evaluated seven LLMs, comprising GPT 3.5

Turbo, GPT-4o (OpenAI), Claude 3 Sonnet, Claude 3 Opus,

Claude 3.5 Sonnet (Anthropic), and Gemini 1.5 Flash, Gemini

1.5 Pro (Google). To ensure a standardised evaluation frame-

work, we employed a consistent prompting strategy across

all models. The system pre-prompt was set to “You are an

experienced dentist.” The term “an experienced dentist” was

interpreted differently by each model. The GPT and Gemini

models attempted to role-play, using their knowledge to

emulate a professional. However, the Claude models

acknowledged their limitations as AI assistants without real-

world experience and focused on providing information in a

straightforward manner (Supplementary Data S1). For each

question, we posed the user prompt, “Is the following state-

ment true or false?” followed by the question text (Supple-

mentary Table 1). To account for the inherent stochasticity in

LLM outputs, we conducted five independent runs for each

model on every question. This approach enabled more robust

assessment of model performance by capturing the variabil-

ity in responses, allowing for a reliable comparison of

different LLMs. Additionally, we conducted another set of

evaluations without using system pre-prompt. This allowed

us to gain insights into how LLM responses.

All experiments were conducted on June 24, 2024 (evalua-

tions with pre-prompt) and July 11, 2024 (evaluations without

pre-prompt). We leveraged the respective APIs of each model

provider for consistent and programmatic interaction, ensur-

ing uniformity in data collection across all LLMs evaluated.

Response parsing

We performed a systematic parsing on LLM responses to

account for the nuanced and potentially verbose nature of

their outputs. Affirmative answers, including “true,”

“generally true,” or “partially true,” were classified as true.

Negative answers, such as “false” or equivalent negations,

were classified as false. Responses indicating uncertainty or

inability to answer were categorised as incorrect.

Statistical analysis

Model predictions were evaluated against predetermined cor-

rect answers and categorised as correct or incorrect. Statistical

analysis was conducted using Prism10 version 10.1.0 (GraphPad

Software). We computed the percentage of average accuracy

across all running using the formula (mean of correct answers /

total number of questions) £ 100, standard deviation (SD), and



Table 1 – Questions used to evaluate accuracy of responses from various LLMs.

Q1. Repaired congenital heart disease with remaining defects is one of
the reasons for using antibiotics before dental procedures.

Q15. Amoxicillin is the first choice for oral antibiotic prophylaxis for
dental procedures.

Q2. Coronary artery stents are one of the reasons for using antibiotics
before dental procedures.

Q16. The recommended single dose of amoxicillin for adults is 1 gram.

Q3. Patients with transcatheter prosthetic valve placement does not
require antibiotics prophylaxis before a dental procedure.

Q17. For children the recommended single dose of amoxicillin for anti-
biotic prophylaxis is 50 mg/kg.

Q4. Patients with pacemaker devices do not require antibiotic prophy-
laxis for a dental procedure.

Q18. Azithromycin or clarithromycin are suggested for patients unable
to take oral medication.

Q5. Patients with peripheral vascular grafts require antibiotic prophy-
laxis for dental procedures.

Q19. The recommended single dose of cefazolin for adults unable to
take oral medication is 1 gram.

Q6. Patients with complete closure of septal defects are recommended
to receive antibiotic prophylaxis for dental procedures.

Q20. The use of cephalexin cefazolin or ceftriaxone is not recom-
mended for patients with a history of anaphylaxis angioedema or
urticarial with penicillin or ampicillin.

Q7. Patients with previous relapse or recurrent infective endocarditis
should not be prescribed antibiotics before invasive dental proce-
dure.

Q21. Patients allergic but not anaphylaxis to penicillin should not
receive cephalosporins due to the high risk of cross-reactivity.

Q8. Antibiotic prophylaxis should be prescribed to at-risk patients
before any dental procedure.

Q22. Alternative antibiotics should not be used for each dental proce-
dure if repeated procedures are required in a short period.

Q9. Viridans group streptococci are the main group of microorganisms
that cause infective endocarditis from oral sources.

Q23. In patients receiving a short course (7−10 days) of oral antibiotic
therapy before a dental procedure it is preferable to select a dif-
ferent class of antibiotics.

Q10. Viridans group streptococci infective endocarditis is muchmore
likely to be caused by daily oral routine activities than by dental
procedures.

Q24. The administration of antibiotics for prophylaxis should always
occur before the dental procedure and not afterwards.

Q11. Clindamycin is no longer recommended for antibiotic prophy-
laxis for a dental procedure.

Q25. Single dose of clindamycin can cause serious complications
including death from a C. difficile infection.

Q12. Maintaining good oral health and having regular dental care are
more important for preventing Viridans group streptococci infec-
tive endocarditis than taking antibiotics before a dental procedure.

Q26. In patients undergoing multiple sequential dental appointments
it is preferable to delay the next procedure for 10 days after the
last dose of antibiotic therapy.

Q13. Cephalexin is an alternative for patients allergic to penicillin or
ampicillin.

Q27. In patients who are receiving parenteral antimicrobial therapy for
IE or other infections and require a dental procedure the same
parenteral antibiotic may be continued through the dental proce-
dure.

Q14. Doxycycline can be used for patients who are unable to tolerate
penicillin cephalosporin or macrolide antibiotics.

Q28. Patients with prosthetic joint implants antibiotic prophylaxis are
recommended before any dental procedure.

208 r ewthamrongs r i s e t a l .
95% confidence intervals for each model’s performance. Inter-

model comparisons were performed using the Kruskal−Wallis

test, followed by post-hoc pair wise comparisons. The perfor-

mance comparison between system-prompted and nonsystem-

prompted models was determined using the Mann-Whitney U

test. Statistical significance was set at p < .05.
Results

Significant differences in accuracy were observed among the

LLMs (p = .0007 with pre-prompt and p = .0002 without pre-

prompt). With a pre-prompt, GPT-4o demonstrated the high-

est accuracy (80%), followed by Gemini 1.5 Pro (78.57%), and

Claude 3 Opus and GPT 3.5 Turbo (both at 75.71%). Gemini 1.5

Flash exhibited the lowest accuracy (68.57%). Statistical anal-

ysis indicated that Gemini 1.5 Flash performed significantly

worse than GPT-4o and Gemini 1.5 Pro (p < .01 for both). Simi-

larly, Claude 3.5 Sonnet displayed significantly lower accu-

racy compared to GPT-4o (p = .0264) and Gemini 1.5 Pro

(p = .0312) (Figure 1A-B, Table 2). The models exhibited vary-

ing 95% confidence intervals of mean accuracy, with GPT 3.5

Turbo and Gemini 1.5 Flash displaying the widest intervals

(Table 2). Notably, Gemini 1.5 Pro and Claude 3.5 Sonnet con-

sistently provided 22 and 20 correct answers, respectively,

across all iterations. Further, Claude 3.5 Sonnet consistently

produced the same incorrect response to specific questions.

Among the LLMs evaluated, only one response (question 22,
GPT-4o, second iteration) was categorised as “unable to

answer” and treated as incorrect (Supplementary Table 1).

Without a pre-prompt, GPT-4o exhibited the highest accu-

racy (75.57%), followed by Gemini 1.5 Pro (77.86%), and Claude

3 Opus (77.14%). Gemini 1.5 Flash exhibited the lowest accu-

racy (63.57%). These findings are consistent with the results

observed when using a pre-prompt. Statistical analysis indi-

cated that Gemini 1.5 Flash performed significantly worse

than GPT-4o and Gemini 1.5 Pro (p < .01 for both) and Claude

3 Opus (p = .0158). Notably, in contrast to the pre-prompt con-

dition, Claude 3.5 Sonnet did not show significantly lower

accuracy compared to GPT-4o and Gemini 1.5 Pro. GPT-4o and

GPT 3.5 Turbo displayed the widest confidence intervals with-

out a pre-prompt (Figure 2A-B, Table 3).

All models, except for Claude 3 Opus, demonstrated lower

accuracy when evaluated without a system prompt com-

pared to the pre-prompt condition, though these differences

were not statistically significant (Figure 2C). Interestingly, all

LLMs exhibited wider confidence intervals of mean accuracy

(higher standard deviation) compared to those with a pre-

prompt. (Figure 1C, Table 2, 3). Details of each LLM’s

responses, both with and without a pre-prompt, are provided

in Supplementary Tables 1 and 2.



Fig. 1 –The accuracy of LLMs testedwith pre-prompts. (A) Comparison ofmean accuracy (%) across LLMs. (B) Consistency of cor-

rect answers provided by LLMs over five runs. Asterisks indicate statistically significant betweenmodels. *p < .05, ** p < .01.

a r t ifi c i a l i n t e l l i g enc e f o r i e p r o phy l ax i s 209
Discussion

The AHA guideline for infective endocarditis (IE) prevention is

the gold standard in dental care for high-risk patients, but its

complexity often hinders consistent adherence.15,16 With

varying practices in antibiotic prescription among dental pro-

fessionals, recent updates to the AHA-IE guidelines, and the

rapid advancement of LLMs, these models present a promis-

ing opportunity. They can serve as accessible tools to quickly

retrieve details, provide answers, and outline protocols for

clinicians.

The 2008 UK National Institute for Health and Care Excel-

lence (NICE) guideline, last updated in 2016, did not recom-

mend routine antibiotic prophylaxis for dental procedures.17

However, recent research has provided a more nuanced

understanding of the issue. Notably, a 2023 study in England

analyzing IE hospital admissions18 and a 2022 US study focus-

ing on individuals with commercial/Medicare-supplemental

coverage19 demonstrated a significant reduction in IE
Table 2 – The accuracy performance of LLMs with pre-prompts.

Models Mean accuracy (%) Upper

GPT 3.5 Turbo 75.71 82.29

GPT 4o 80 85.06

Claude 3 Opus 75.71 77.70

Claude 3.5 Sonnet 71.43 71.43

Claude 3 Sonnet 75 78.14

Gemini 1.5 Flash 68.57 74.35

Gemini 1.5 Pro 78.57 78.57
incidence among high-risk individuals who received antibi-

otic prophylaxis before invasive dental procedures, particu-

larly tooth extractions and oral surgery. These findings

highlight the evolving evidence regarding antibiotic prophy-

laxis for IE in high-risk individuals. While recent studies sug-

gest a potential benefit of prophylaxis, national guidelines,

such as those from NICE, evaluate various factors, including

local epidemiological data, cost-effectiveness, and patient

outcomes, when updating their recommendations. This com-

prehensive approach ensures that guidelines remain relevant

and applicable to the healthcare context in the United King-

dom. In contrast, the 2021 AHA guidelines11 and the 2023

European Society of Cardiology (ESC) guidelines,20 have

updated their positions to recommend antibiotic prophylaxis

for high-risk individuals prior to invasive dental procedures.

These guidelines incorporate a comprehensive understand-

ing of both patient-specific and procedure-specific risk factors

for IE.
Confidence interval

Standard deviationlimit Lower limit

69.14 1.48

74.94 0.84

73.73 0.45

71.43 0

71.86 0.71

62.79 1.30

78.57 0



Fig. 2 –The accuracy of LLMs tested without pre-prompts and comparison with those with pre-prompts. (A) Comparison of

mean accuracy (%) across LLMs. (B) Consistency of correct answers provided by LLMs over five runs. (C) Comparison of mean

accuracy between with and without pre-prompts within the samemodel. Asterisks indicate statistically significant between

models. *p < .05, ** p < .01.

Table 3 – The accuracy performance of LLMs without pre-prompts.

Models Mean accuracy (%)

Confidence interval

Standard deviationUpper limit Lower limit

GPT 3.5 Turbo 67.86 74.87 60.85 5.647

GPT 4o 78.57 84.84 72.30 5.051

Claude 3 Opus 77.14 81.11 73.18 3.194

Claude 3.5 Sonnet 70.00 72.43 67.57 1.956

Claude 3 Sonnet 73.57 76.00 71.14 1.956

Gemini 1.5 Flash 63.57 69.35 57.79 4.657

Gemini 1.5 Pro 77.86 79.84 75.87 1.597

210 r ewthamrongs r i s e t a l .



Table 4 – Comparison of benchmark scores of LLMs from
official online sources.24-26

Models MMLU (%) GPQA (%) DROP (%)

GPT-4o 88.7 53.6 83.4

Claude3.5 Sonnet 88.3 59.4 87.1

Claude3 Opus 85.7 50.4 83.1

Gemini1.5 Flash 78.9 41.5 N/A

Gemini1.5 Pro 85.9 46.2 78.9

MMLU: Massive Multitask Language Understanding, GPQA: General-Pur-

pose Question Answering, DROP: Discrete Reasoning Over Paragraphs.
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LLMs have been benchmarked in understanding tasks in

the medical field and expanded to evaluate tasks requiring

specialised knowledge.21-23 Recent benchmarks like Massive

Multitask Language Understanding (MMLU) assess LLMs

across various domains, including classification, extraction,

and reasoning. General-Purpose Question Answering (GPQA)

specifically evaluates question-answering performance,

while Discrete Reasoning Over Paragraphs (DROP) focuses on

tasks requiring more complex reasoning. However, bench-

marks specifically evaluating LLMs in the dental field are very

limited. The LLMs selected for this study achieved MMLU

benchmark scores of 78.9% to 88.7%, DROP scores of 78.9% to

87.1%, and GPQA scores of 41.5% to 59.4% (accessed July 23,

2024) (Table 4),24-26 highlighting the disparity in performance

across different models. Our study found that these LLMs

achieved an accuracy of 68.57% to 80% with pre-prompt and

63.57% to 78.57% without pre-prompt, suggesting that they

may not yet be optimally trained to answer medical-dental

specific questions. Furthermore, general benchmarks, while

valuable for broad assessments, may not accurately predict

performance in highly specialised fields like dentistry.

The knowledge cutoff dates of the LLMs can significantly

influence their performance,27-29 resulting in varying levels of

up-to-date information across models. While GPT-4o and

Claude 3 Opus acknowledged the 2021 AHA guidelines in their

responses, inconsistencies in applying this updated informa-

tion across different questions were observed. This highlights

the need for regular model updates and consistent applica-

tion of knowledge in answering medical-dental questions. It

is crucial for users to verify information provided by LLMs

before applying it to clinical scenarios.

A notable finding was the presence of internal contradic-

tions within some model responses. For example, while GPT-

4o and Claude 3 Opus correctly stated in one question that

clindamycin is no longer recommended for IE prophylaxis as

per the 2021 AHA guidelines, they inconsistently recommend

clindamycin in responses to subsequent questions. Such con-

tradictions pose a significant challenge for practical applica-

tions, as they could lead to confusion or misinformation in

clinical settings. This inconsistency underscores the need for

careful interpretation of LLM outputs and highlights a key

area for improvement in future model developments.

Another challenge observed pertained to the models’ han-

dling of negative questions. They frequently struggled to dis-

cern the presence of “not” in the queries, resulting in

incorrect responses that misclassified the nature of True/

False scenarios. Even when correctly identifying negative

questions, instances of inaccuracies in their responses were
noted. Moreover, despite referencing reputable sources, their

answers occasionally included hallucinated or inadequately

reasoned content. To enhance query accuracy, it is recom-

mended to avoid using negative framing in questions posed

to LLMs.

A possible way to improve the performance of LLMs is

through Prompt Engineering (PE). PE focuses on creating

and refining prompts to better utilise LLMs’ extensive tex-

tual data sets. By carefully designing prompts, one can

guide the model’s behavior, thereby enhancing the quality

of its responses.30 This approach has been particularly

effective in academic writing, where PE provides the nec-

essary structure and context for the model to generate

accurate and relevant outputs.31 In this study, the absence

of system pre-prompts generally resulted in lower accu-

racy and a higher range of deviation compared to system-

prompted performance, indicating the benefit of pre-

prompts in setting the models to specialise in the context

of the questions’ input. Interestingly, Claude 3 Opus dem-

onstrated a higher percentage of mean accuracy with non-

system prompts, which could be attributed to the stochas-

tic nature of LLMs. Another interesting finding was that

GPT 3.5 Turbo responded with an average of 40% non-rea-

soning, providing only true or false responses.

This study identified several limitations, including

instances where LLM responses were incorrectly classified

due to the inclusion of additional accurate information.

For example, in question 17, both Claude 3.5 Sonnet and

Claude 3 Sonnet correctly provided the appropriate dosage

but incorrectly labeled the statement false by adding that

the dose for children should not exceed 2 grams. This

highlights the need for a nuanced understanding of speci-

alised fields when evaluating LLM responses. Furthermore,

users should carefully review responses in their entirety,

as answers and reasoning within LLM outputs may occa-

sionally contradict each other, even when citing reputable

references. Healthcare professionals must exercise caution

and maintain a critical awareness of these models’ limita-

tions, as even minor inaccuracies or outdated information

can have significant implications for patient care and

safety.
Conclusion

Among the 7 LLMs evaluated, GPT-4o demonstrated the high-

est accuracy in answering questions related to the 2021 AHA-

IE guidelines, particularly when provided with a pre-prompt.

This suggests that specialist guidance can significantly

improve LLM performance and reduce variability. Continuous

benchmarking of LLM-provided information against current,

peer-reviewed sources remains crucial to ensure the highest

standards of patient care and safety in medical practice.

While LLMs offer promising potential, they should be viewed

as supplementary tools, requiring careful evaluation and ver-

ification by healthcare professionals.
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