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Introduction
Large language models (LLMs) utilize artificial intelli-
gence (AI) algorithms to produce natural and engaging 
content similar to that produced by humans. AI is a system 
used to perform complex tasks and processes and solve 
complex problems with the help of computers trained 
through the transfer of human thoughts to machines (1). 

While LLMs can benefit patient care, research, and educa-
tion in healthcare sector, they also pose risks such as mis-
information dissemination, privacy breaches, and data bias 
(2,3). In recent years, AI has gained significant traction in 
dentistry, especially in answering questions in several areas 
such as dental trauma, maxillofacial surgery, and pediatric 
dentistry (4,5). LLMs have emerged as an effective tool to 
facilitate easier access to best practices in dentistry by pro-

Purpose: This study aimed to evaluate and compare five large language models (LLMs) used in the 
pharmacologic management of acute dental pain based on the following parameters: Comprehensive-
ness, scientific accuracy, clarity, relevance, and similarity of information they provide.

Methods: For this study, 20 open-ended questions were asked from five LLMs, namely ChatGPT-4.0, 
Gemini Advanced, Claude, Copilot, and Perplexity, and their responses were evaluated by two experts 
based on American Dental Association guidelines. Their scores ranged from 0 to 10, and the iThenticate 
program was used to assess the similarity indices. Statistical analyses included the Friedman and Dunn 
tests, with significance level set at p < 0.05.

Results: Claude and ChatGPT-4o scored the highest in terms of comprehensiveness, scientific accuracy, 
clarity, and relevance, while Copilot and Perplexity scored the lowest. Claude had the lowest similarity 
index (3 ± 5 %), and ChatGPT-4o had the highest (7 ± 8 %). Statistical analysis showed significant differ-
ences among the five LLMs (p < 0.001). While Claude, ChatGPT-4o, and Gemini Advanced performed in 
similar ways, they significantly outperformed Copilot and Perplexity.

Conclusion: According to the findings of this study, Claude and ChatGPT-4o provided the most accurate 
and comprehensive responses; however, LLMs cannot replace clinical guidelines. These findings high-
light the potential of LLMs in supporting clinicians and underscore the scope for further improvement.
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viding dentists with vast information rapidly and ensuring 
minimal scope of human error (6). AI falls into the fol-
lowing two groups: Knowledge-based AI, which models 
human expertise, and data-driven AI, which learns from 
large datasets. In the field of dentistry, general interest in 
data-driven AI has increased due to the availability of ex-
tensive electronic data resources (7,8).

ChatGPT (OpenAI), Gemini (Google), Claude (An-
thropic), and Copilot (Microsoft) are examples of popular 
large language models that have the potential to improve 
the online information environment. ChatGPT is a model 
developed by OpenAI and released in 2022. It is part of 
the generative pretraining transformer (GPT) series of lan-
guage models and has been trained on large datasets (9). 
ChatGPT is a tool that is equipped with advanced tech-
nology and AI techniques, and, tailored to users’ needs, 
its topic-relevant responses are quick and effective (10). 
It is widely used in academics as a highly effective tool for 
various tasks such as language translation, article summa-
rization, and outlining (11).

Google’s Gemini model was introduced as a step forward 
in AI. This multimodal large language model—capable 
of processing diverse data formats, such as texts, images, 
audios, and videos—demonstrates its versatility, making 
its use suitable in a wide range of fields (12). A study of 
Gemini’s capabilities shows its competitive abilities against 
existing models such as ChatGPT-4 in terms of visual 
comprehension and reasoning (13). 

Claude is a large language model developed by Anthropic. 
With its advanced capabilities in natural language process-
ing, Claude can be used in a variety of tasks, such as text 
generation, data analysis, and code writing. A study as-
sessed the radiological diagnostic capabilities of Claude 3 
Opus and Claude 3.5 Sonnet models and confirmed their 
effectiveness in recognizing differential diagnoses (14). 

Copilot, an AI-based assistive tool developed by Micro-
soft, has the potential to facilitate the execution of many 
tasks—from analyzing medical records to building health 
applications—that are relevant in the development of 
health software (15).

Like ChatGPT, Perplexity AI is built on OpenAI’s GPT 
model. It is positioned as a tool that focuses on research 
and answering questions. The aforementioned is evident 
in the simpler structure of its answers and the less conver-
sational nature of its responses than ChatGPT (16).

Typically, pain is categorized as either acute or chronic. 
Acute pain, often linked to tissue damage, is character-
ized by its short duration and temporary nature (17). In 
contrast, chronic pain may have no clear diagnosis of the 
cause and may persist long after the injury has healed. In 

general, dental pain is acute and associated with proce-
dures such as tooth extraction, root canal treatment, and 
periodontal cleaning. However, in some cases, pain may 
take longer to subside than that caused after more invasive 
procedures, such as bone surgery or surgical removal of 
impacted teeth. In addition, patients with chronic orofa-
cial pain may require long-term pain management (18).

In general, in nonsurgical dental treatments, anesthesia 
is not required once restorative preparation is complete. 
Effective pain management remains crucial in surgical in-
terventions and the care of patients following traumatic 
injuries. However, since these procedures are more in-
vasive than conservative treatments, pain management is 
required not only during the procedure but also in the 
postoperative period (19). Education plays a crucial role 
in ensuring the effective management of pain manage-
ment. Thus, evaluating how LLMs can contribute to pro-
viding dentists with up-to-date information on dental pain 
management remains crucial. For such an evaluation, the 
collection of existing guidelines can be used as a reference 
point to measure the performance of LLMs in this area 
(20,21).

Although studies on AI and health applications have in-
creased in recent years, such studies in dentistry remain 
limited. While AI is viewed as a promising tool in dentist-
ry, the potential impact of inaccurate or potentially harm-
ful responses should not be ignored. Examining whether 
LLMs can provide accurate and reliable access to content 
related to dental pain management remains paramount. 
The aim of this study was to evaluate and compare the in-
formation provided by five LLMs (ChatGPT-4o, Gemini, 
Claude, Copilot, Perplexity) in terms of comprehensive-
ness, scientific accuracy, clarity, relevance, and similarity 
in the information they provide in the management of 
acute dental pain. For this study, the null hypothesis is 
that the answers produced by these models do not differ 
in terms of comprehensiveness, scientific accuracy, clarity, 
relevance, and similarity of information among LLMs, and 
the collection of guidelines is used as a standard against 
these LLMs.

Materials and Methods
For this study, a collaborative panel comprising experts 
from the American Dental Association’s Institute for Sci-
ence and Research, the University of Pittsburgh, and the 
University of Pennsylvania conducted systematic reviews 
and meta-analyses to offer evidence-based recommenda-
tions. These recommendations addressed the management 
of acute pain following simple and surgical tooth extrac-
tions and the management of temporary dental pain related 
to pulp and periapical diseases. This effort led to the de-
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velopment of the following two guidelines: The Evidence-
Based Clinical Practice Guideline for the Pharmacologic 
Management of Acute Dental Pain in Adolescents, Adults, 
and Older Adults (20) and the Evidence-Based Clinical 
Practice Guideline for the Pharmacologic Management 
of Acute Dental Pain in Children (21). These guidelines 
were used as the gold standard. Referring to the guide-
lines, 20 open-ended questions were created using ap-
propriate terminology and required text-based responses. 

These 20 questions are provided in Table 1. The questions 
were asked only once from each LLM by one of the au-
thors (B.T.) in December 2024, and they were presented 
without further explanation or reformulation. The LLMs 
were the following chatbots that are very popular among 
AI programs: ChatGPT-4o, Gemini, Claude, Copilot, and 
Perplexity AI. All responses were recorded in a spreadsheet 
(Excel; Microsoft Corp.).

By modeling real-life scenarios in which dentists need 

Table 1. Questions included in the study

Question number Questions

1 Is an analgesic prescription necessary after all tooth extractions? In what situations is an analgesic prescribed after   
 extractions?
2 In adolescents, adults, and elderly adults, which analgesic and in what dosage should be used as the first-line analgesic  
 treatment for dental pain or acute tooth pain following tooth extraction?
3 In adolescents, adults, and elderly adults, which analgesic and in what dosage should be used when NSAIDs alone are  
 insufficient for managing dental pain or acute tooth pain following tooth extraction?
4 In adolescents, adults, and elderly adults, which analgesic and in what dosage should be used when the combination of  
 NSAIDs and acetaminophen is insufficient for managing dental pain or acute tooth pain following tooth extraction?
5 If NSAIDs are contraindicated, which analgesic and in what dosage should be used for acute pain following a simple tooth  
 extraction in adolescents, adults, and elderly adults?
6 If NSAIDs are contraindicated, which analgesic and in what dosage should be used for managing dental pain or acute   
 tooth pain after surgical tooth extraction in adolescents, adults, and elderly adults?
7 Should long-acting or short-acting local anesthetics be recommended for managing postsurgical dental pain in adoles 
 cents, adults, and elderly adults?
8 Should long-acting or short-acting local anesthetics be recommended for managing acute tooth pain in adolescents,   
 adults, and elderly adults?
9 After simple and surgical extractions, which anesthetic and in what dosage should be administered via additional local  
 anesthesia postprocedure, and by which injection technique?
10 In cases in which definitive dental treatment is not immediately possible, which local anesthetic and in what dosage   
 should be used for the temporary management of tooth pain (symptomatic    pulpitis [i.e., reversible or symptomatic   
 irreversible pulpitis, with or without symptomatic apical periodontitis] or symptomatic apical periodontitis or pulp necro 
 sis with acute apical abscess)?
11 What are the reasons opioids are not preferred for managing dental pain or acute tooth pain following tooth extractions  
 in adolescents, adults, and elderly adults?
12 Which opioids, in what dosages, and for how long should be used for managing dental pain or acute tooth pain following  
 tooth extractions in adolescents, adults, and elderly adults?
13 Why is the use of corticosteroid not recommended in dental pain management?
14 Which topical anesthetic and in what concentration should be used for managing acute dental pain?
15 What are the maximum daily doses of the preferred medications (Ibuprofen, Naproxen Sodium, and Acetaminophen) for  
 temporary management of postoperative pain and toothache following simple and surgical extractions in adolescents,  
 adults, and elderly adults?
16 At what ages are codeine and tramadol suitable for managing dental pain or acute tooth pain following tooth   
 extractions, and what are their side effects?
17 Which analgesics and in what dosages should be used for managing dental pain or acute tooth pain in children following  
 tooth extractions?
18 If NSAIDs are contraindicated, which analgesic should be recommended for postoperative pain management in children  
 after simple or surgical extractions?
19 Why is the use of long-acting local anesthetics not recommended for pain management in children?
20 What should be considered when prescribing topical anesthetics for dental pain management in children?



quick information with a single question, this study aimed 
to examine the capacity of LLMs to provide accurate in-
formation and offer clarity. Limiting the interactions to 
a single question allowed for a more focused LLMs’ as-
sessment to provide direct, clear, and relevant answers to 
complex questions, without additional prompting. Each 
LLM’s response was independently reviewed by a special-
ist (B.T., Z.Ö.) with 15 years of experience. The scores of 
the responses were calculated on a scale of 0–10 according 
to predetermined criteria for comprehensiveness, scientific 
accuracy, clarity, and relevance (22). The similarity index 
in the responses of the LLMs was also evaluated using the 
widely used iThenticate program, and similarity rates were 
recorded as percentages. To prevent any bias during the 
evaluation, each LLM was assigned a letter so that the eval-
uators did not know which response belonged to which 
LLM. The correct answer, considered the “gold standard” 
in terms of comprehensiveness, scientific accuracy, clarity, 
and relevance, was provided to the evaluators as a refer-
ence, and this answer was assigned a full score of 10/10.

The similarity index was employed to assess the resem-
blance of chatbot responses to source materials. Each re-
sponse was individually analyzed using the iThenticate pro-
gram (http://www.ithenticate.com). Similarity rates were 
expressed as percentages and categorized into the follow-
ing four levels: 0–10% denoted high originality, 10–20% 
reflected acceptable similarity, 20–40% represented high 
similarity, and over 40% signified very high similarity (23).

The data were analyzed using version 4.4.1 of the R pro-
gramming language. Compliance with normal distribution 
was examined using the Shapiro–Wilk test. The Friedman 
test was used to compare dependent and nonnormally 
distributed variables measured according to AI tools, and 
multiple comparisons were analyzed with Dunn’s test. In-
terevaluator agreement was analyzed using the intraclass 
correlation coefficient. The median (minimum–maximum) 
was used to represent the quantitative data, and the signifi-
cance level was set as p < 0.05.

Results
Using the five LLMs ChatGPT-4o, Gemini, Claude, Co-
pilot, and Perplexity AI, responses to the 20 dental pain 
management–related questions were evaluated on a scale 
of 0–10 in terms of comprehensiveness, scientific accu-
racy, clarity, relevance, and similarity of information pro-
vided. Each response was evaluated by two evaluators, and 
each evaluator evaluated 100 responses. The correlation 
between the scores given by the two evaluators to the 
individual responses provided by ChatGPT-4o, Gemini, 
Claude, Copilot, and Perplexity AI was examined using 
the intraclass correlation coefficient (Table 2), and most 
correlations were generally good or excellent. These re-
sults indicated uniformity in the way the responses of the 
five LLMs were evaluated.

The pair of scores provided by the two evaluators for each 
response of an LLM was evaluated separately. Descriptive 
statistics for the scores given by the two evaluators to the 
responses provided by ChatGPT-4o, Claude, Copilot, 
Gemini Advanced, and Perplexity are presented in Table 
3. Claude and ChatGPT-4o received the highest scores 
in terms of comprehensiveness, scientific accuracy, clarity, 
and relevance, while Copilot received the lowest scores. 
The lowest similarity index percentage was observed in 
Claude AI (3 ± 5 %) and the highest in ChatGPT-4o (7 
± 8 %). The similarity index percentages of the responses 
provided by ChatGPT-4o, Claude, Copilot, Gemini Ad-
vanced, and Perplexity are shown in Figure 1.

Since there were good or excellent correlations between 
the responses of the evaluators, an average score was cal-
culated for the answers provided by the LLMs by averag-
ing the scores given by the two evaluators. When the per-
formance of each LLM was evaluated, the Friedman test 
found significant differences between the scores of the an-
swers produced by ChatGPT-4o, Claude, Copilot, Gemini 
Advanced, and Perplexity and the average scores for com-
prehensiveness, scientific accuracy, clarity, relevance, simi-
larity index, and overall score (Table 4).
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Table 2. Interclass Correlation Coefficient (ICC) for scores given by 2 evaluators to answers provided by ChatGPT-4o, Claude, Copilot, Gemini 
Advanced, and Perplexity

        Comprehensiveness Scientific accuracy Clarity  Relevance

  ICC (95% CI) P ICC (95% CI) p ICC (95% CI) p ICC (95% CI) p

ChatGPT-4o 0.906 (0.778–0.962) < 0.001 0.914 (0.797–0.965) < 0.001 0.922 (0.814–0.968) < 0.001 0.935 (0.843–0.974) < 0.001
Claude 0.956 (0.892–0.982) < 0.001 0.967 (0.92–0.987) < 0.001 0.966 (0.915–0.986) < 0.001 0.969 (0.923–0.987) < 0.001
Copilot  0.944 (0.864–0.977) < 0.001 0.923 (0.816–0.969) < 0.001 0.887 (0.738–0.954) < 0.001 0.915 (0.797–0.965) < 0.001
Gemini Advanced 0.888 (0.74–0.954) < 0.001 0.869 (0.699-0.946) < 0.001 0.9 (0.766–0.959) < 0.001 0.876 (0.713–0.949) < 0.001
Perplexity  0.931 (0.835–0.972) < 0.001 0.936 (0.845–0.974) < 0.001 0.923 (0.817–0.969) < 0.001 0.941 (0.857–0.976) < 0.001

ICC (95% CI): Intra-class correlation coefficient (95% confidence interval).



A statistical difference was found among the LLMs in 
terms of comprehensiveness (p < 0.001). The highest 
scores were obtained in Claude, ChatGPT-4o, and Gemi-
ni Advanced, and no statistically significant difference was 
observed among the three AI programs. A significant dif-

ference between Copilot and Perplexity was also observed 
in terms of comprehensiveness, with the lowest scores be-
tween Perplexity and Copilot, and no statistically signifi-
cant difference was observed between these two LLMs. In 
terms of scientific accuracy values, a statistically significant 
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Table 3. Descriptive statistics for scores given by 2 evaluators to answers provided by ChatGPT-4o, Claude, Copilot, Gemini Advanced, and 
Perplexity 

 Evaluator 1 Evaluator 2 

    ChatGPT-4o  Claude Copilot Gemini Perplexity ChatGPT-4o Claude Copilot Gemini Perplexity
     Advanced     Advanced 

Comprehensiveness 
 Mean 5.70 6.25 4.25 5.40 4.35 5.80 6.30 4.05 5.75 4.50
 SD 1.56 1.86 1.68 1.31 1.76 2.04 2.20 1.99 1.80 2.24
 Median 5.50 7.00 4.00 5.00 4.00 6.00 7.00 3.00 5.50 3.50
 Min 3.00 3.00 2.00 3.00 2.00 2.00 2.00 1.00 2.00 2.00
 Max 8.00 9.00 7.00 8.00 8.00 9.00 9.00 8.00 8.00 9.00
 SEM 0.35 0.42 0.38 0.29 0.39 0.46 0.49 0.44 0.40 0.50
 CoV 2.43 3.46 2.83 1.73 3.08 4.17 4.85 3.95 3.25 5.00
Scientific accuracy 
 Mean 5.65 6.05 4.20 5.45 4.35 5.55 6.05 4.00 5.60 4.35
 SD 1.69 2.11 1.58 1.36 1.76 2.09 2.28 1.95 1.79 2.25
 Median 5.50 7.00 4.00 5.50 4.00 5.50 7.00 3.00 5.00 3.50
 Min 3.00 2.00 2.00 3.00 2.00 2.00 1.00 1.00 2.00 1.00
 Max 8.00 9.00 7.00 8.00 8.00 9.00 9.00 8.00 8.00 9.00
 SEM 0.38 0.47 0.35 0.30 0.39 0.47 0.51 0.44 0.40 0.50
 CoV 2.87 4.47 2.48 1.84 3.08 4.37 5.21 3.79 3.20 5.08
Clarity 
 Mean 5.50 6.20 4.25 5.65 4.45 5.65 6.20 4.35 5.75 4.60
 SD 1.79 2.04 1.52 1.42 1.70 1.98 2.24 2.03 1.77 2.09
 Median 5.00 7.00 4.00 6.00 4.00 5.50 7.00 3.50 5.00 4.00
 Min 3.00 2.00 2.00 3.00 3.00 2.00 2.00 2.00 2.00 2.00
 Max 8.00 9.00 7.00 8.00 8.00 9.00 9.00 8.00 8.00 9.00
 SEM 0.40 0.46 0.34 0.32 0.38 0.44 0.50 0.45 0.40 0.47
 CoV 3.21 4.17 2.30 2.03 2.89 3.92 5.01 4.13 3.15 4.36
Relevance 
 Mean 5.70 6.30 4.30 5.70 4.40 5.90 6.80 4.80 5.90 4.75
 SD 1.56 1.98 1.56 1.38 1.76 1.83 2.12 1.77 1.68 2.12
 Median 6.00 7.00 4.00 6.00 4.00 6.00 8.00 4.00 6.00 4.50
 Min 3.00 3.00 2.00 3.00 2.00 3.00 3.00 2.00 2.00 2.00
 Max 8.00 9.00 7.00 8.00 8.00 9.00 9.00 8.00 8.00 9.00
 SEM 0.35 0.44 0.35 0.31 0.39 0.41 0.47 0.39 0.38 0.48
 CoV 2.43 3.91 2.43 1.91 3.10 3.36 4.48 3.12 2.83 4.51
Similarity index 
 Mean     7 3 6 5 7 7 3 6 5  7
 SD     8 5 7 6 7 8 5 7 6 7
 Median     5 2 4 4 4 5 2 4    4 4
 Min     0 0 0 0 0 0 0 0    0 0
 Maxi     25 18 23 22 22 25 18 23    22 22
 SEM     2 1 2 1 1 2 1 2    1 1
 CoV     1 0 1 0 0 1 0 1    0 0

ICC (95% CI): Intra-class correlation coefficient (95% confidence interval).



difference was observed between five LLMs (p < 0.001). 
The highest scores were observed for Claude, ChatGPT-
4o, and Gemini Advanced, while no statistically signifi-
cant differences were observed among these three AI pro-
grams. The lowest scientific accuracy scores were obtained 
between Perplexity and Copilot. A statistically significant 
difference was observed among LLMs in terms values for 
clarity (p < 0.001). The highest scores were observed in 
Claude, ChatGPT-4o, and Gemini Advanced, and no sta-
tistically significant difference was observed among the 
three AI programs. The lowest openness scores were ob-
tained between Perplexity and Copilot. The only statisti-
cally significant difference among the LLMs was observed 
among Claude, Perplexity, and Copilot. A statistically sig-
nificant difference among LLMs was found in terms of 
relevance (p < 0.001). The highest scores were observed 
in Claude, ChatGPT-4o, and Gemini Advanced, and no 
statistically significant difference was observed among the 
three AI programs. While a significant difference was ob-
served between ChatGPT-4o and Perplexity, a statistically 
significant difference was also observed between Claude 
and Perplexity and Copilot. In terms of similarity index, 
although the highest similarity index percentage was ob-

tained in ChatGPT-4o and the lowest in the Claude AI 
model, no statistically significant difference was observed 
between five LLMs (p > 0.05). The similarity index scores 
ranged from 2 (0–18) to 5 (0–25), and as the similar-
ity index values were below 10% for all LLMs, all models 
demonstrated high originality. When the overall scores of 
the LLMs were analyzed, the highest scores were observed 
for Claude 7.13 (2.25–9), ChatGPT-4o 5.69 (2.63–8.5), 
Gemini Advanced 5.51 (2.5–8), Perplexity 3.88 (2–8.5), 
and Copilot 3.57 (1.75–7.5). No statistically significant 
difference was observed among ChatGPT-4o, Claude AI, 
and Gemini Advanced. A statistically significant difference 
was observed between Claude and ChatGPT-4o and be-
tween Perplexity and Copilot (Table 4). The box plot of 
the average scores for responses provided by ChatGPT-
4o, Claude, Copilot, Gemini Advanced, and Perplexity is 
given in Figure 2. As an example, the responses provided 
by the LLMs to question 10, “In cases where definitive 
dental treatment is not immediately possible, which lo-
cal anesthetics and in what dosage should be used for 
the temporary management of tooth pain (symptomatic 
pulpitis [i.e., reversible or symptomatic irreversible pul-
pitis, with or without symptomatic apical periodontitis] 
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Table 4. Descriptive statistics for average scores to answers provided by ChatGPT-4o, Claude, Copilot, Gemini Advanced, and Perplexity based 
on examined criteria including comprehensiveness, scientific accuracy, clarity, relevance, similarity index and overall score

  ChatGPT-4o Claude Copilot Gemini Advanced Perplexity Test Statistics p

Comprehensiveness 5.75 (2.5-8.5)a 7 (2.5-9)a 3.5 (1.5-7.5)b 5.25 (2.5-8)b 3.75 (2-8.5)b 28.444 < 0.001x

Scientific accuracy 5.5 (2.5-8.5)a 6.75 (1.5-9)a 3.5 (1.5-7.5)b 5.5 (2.5-8)ab 3.75 (1.5-8.5)b 21.323 < 0.001x

Clarity 5.25 (2.5-8.5)ab 6.75 (2-9)a 3.5 (2-7.5)b 5.5 (2.5-8)ab 3.75 (2.5-8.5)b 16.654 0.002x

Relevance 6 (3-8.5)ab 7.5 (3-9)a 3.75 (2-7.5)bc 5.75 (2.5-8)abc 4 (2-8.5)c 23.409 < 0.001x

Similarity index 5 (0-25) 2 (0-18) 4 (0-23) 4 (0-22) 4 (0-22) 4.973 0.290x

Averall score 5.69 (2.63-8.5)a 7.13 (2.25-9)a 3.57 (1.75-7.5)b 5.51 (2.5-8)ab 3.88 (2-8.5)b 21.959 < 0.001x

xFriedman test; a − c There is no difference between groups that have the same letter.

Fig. 1. Box plot of the similarity index percentages of the responses 
provided by ChatGPT-4o, Claude, Copilot, Gemini Advanced, 
and Perplexity.

Fig. 2. Box plot of average scores for responses provided by ChatGPT-
4o, Claude, Copilot, Gemini Advanced, and Perplexity.



or symptomatic apical periodontitis or pulp necrosis with 
acute apical abscess)?” directed to the chatbots, are pre-
sented in Table 5.

Discussion
This study aimed to examine and compare the accuracy 
of the responses of five major language models (Claude, 
ChatGPT-4o, Gemini Advanced, Copilot, and Perplexity) 
for questions related to acute dental pain management. 
The ideal responses were evaluated with reference to 
guidelines established by the American Dental Association 
Institute for Science and Research, based on systematic re-
views and meta-analyses. The results revealed that Claude 

received the highest mean score among the examined 
LLMs; however, no statistically significant difference was 
observed among Claude, ChatGPT-4o, and Gemini Ad-
vanced models. In contrast, statistically significant differ-
ences were observed among these three LLMs along with 
Copilot and Perplexity in terms of comprehensiveness, sci-
entific accuracy, clarity, and relevance. The similarity index 
values of the LLMs exhibited high originality. Therefore, 
the null hypothesis stating that the models’ responses are 
consistent with each other and with the standard guide-
lines was rejected.

AI, especially LLM chatbot applications, is of great inter-
est in the medical field, thanks to its fast information access 
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Table 5. The responses provided by large language models to a sample question (Question 10)

Large language models Answers

ChatGPT-4o 1. Benzocaine, formulation: Available in 10% to 20% concentrations. Dosage: Apply a small amount directly to the 
painful area up to four times a day. 

 2. Lidocaine, formulation: Commonly used as a 2% solution with or without epinephrine. Dosage: For adults: 
Maximum recommended dose is 4.4 mg/kg, not exceeding 500 mg per appointment. For children: Generally, the 
maximum dose is 7 mg/kg. 

 3. Articaine, formulation: Typically used as a 4% solution with epinephrine (1:100,000 or 1:200,000). Dosage: For 
adults: Up to 7 mg/kg is generally acceptable.

 4. Bupivacaine, formulation: Often used as a 0.5% solution with epinephrine (1:200,000). Dosage: Maximum of 1.3 
mg/kg, typically not exceeding 90 mg per appointment.

Claude 1. Lidocaine, formulation: Typically used as a 2% solution with epinephrine (1:100,000), dosage: Adults: The maxi-
mum recommended dose is 4.4 mg/kg, not exceeding 500 mg per appointment, children: The maximum dose is 
usually 7 mg/kg.

 2. Articaine, formulation: Typically used as a 4% solution with epinephrine (1:100,000), dosage: Adults: Generally 
acceptable up to 7 mg/kg

 Important warnings: Temporary solution until definitive treatment is possible, the patient’s general health status 
and possible allergies must be evaluated, professional dental treatment must be planned as soon as possible, in 
cases of infection where antibiotics may be required, a physician must be consulted, dosage and application must 
be evaluated individually by the dentist.

Copilot Lidocaine: 2-4 ml, bupivacaine: 0.5-1 ml, mepivacaine: 3-5 ml. These dosages can be adjusted according to the 
patient’s pain level and treatment needs. The effects of local anaesthetics usually last 30-60 minutes.

Gemini Advanced 1. Lidocaine 2%: One of the most commonly used local anesthetics. It has a rapid onset of action and lasts approxi-
mately 1–2 hours. The maximum dose for adults is 4.4 mg/kg (approximately 300 mg), while the dose for children is 
calculated based on their weight.

 2. Articaine 4%: A stronger and longer-acting anesthetic compared to lidocaine. Its effect lasts 2–4 hours. The maxi-
mum dose for adults is 7 mg/kg (approximately 500 mg), and for children, the dose is calculated based on their 
weight.

 3. Bupivacaine 0.5%: A long-acting anesthetic. Its effect lasts 4–8 hours. The maximum dose for adults is 2 mg/kg 
(approximately 140 mg), and for children, the dose is calculated based on their weight.

Perplexity 1. Benzocaine, formulation: Available in concentrations of 10% to 20%, dosage: A small amount can be applied 
directly to the painful area up to four times a day.

 2. Bupivacaine, formulation: Typically used as a 0.5% solution with epinephrine (1:200,000), dosage: The maximum 
dose is 1.3 mg/kg, usually not exceeding 90 mg per appointment

True answer 1. %2 lidokain + 1:100.000 epinefrin veya
 2. %4 artikain + 1:100.000 epinefrin



and algorithmic decision-making capabilities (24). Stud-
ies in the literature have shown that these models have 
the potential to improve patient education in pre- and 
postoperative processes and provide recommendations 
consistent with guidelines (25-27). Dental pain manage-
ment is central in clinical dentistry and plays a critical role 
in increasing patients’ adherence to the treatment pro-
cess. However, the lack of expertise in dental treatment 
in emergency services and the inadequacy of an effective 
referral system have led to a lack of definitive treatment 
and resulted in temporary solutions based on analgesics 
(28,29), further leading to negative outcomes, especially 
due to the prescription of opioids (30). LLMs have the 
potential to support clinical decision-making processes in 
this area by providing rapid recommendations based on 
guideline information.

Evidence-based guidelines developed by professional or-
ganizations, such as the American Dental Association, 
provide a fundamental reference point and aid clinical 
decision-making processes. However, continuously up-
dating the guidelines and increasing their accessibility 
remain necessary. In this context, LLMs offer significant 
innovation in providing quick access to information and 
supporting the need for updating guides (2,31). In this 
study, Claude, ChatGPT-4o, and Gemini Advanced mod-
els demonstrated this potential by scoring high in terms 
of comprehensiveness, scientific accuracy, clarity, and rel-
evance. However, the lower performance of Copilot and 
Perplexity on these parameters highlights the heterogene-
ity among the models and the impact of the training data-
sets on performance.

A study by Wu et al. (32) in the field of nephrology has 
shown that GPT-4 performs significantly better r than 
Claude 2 (GPT-4: 73.3%; Claude 2: 54.4%). However, in 
the current study, Claude (version 3.5) and ChatGPT-4o 
exhibited similar performances. This situation may be be-
cause Claude 3.5 has a more advanced language processing 
capacity and an optimized model structure than Claude 2. 
In addition, such performance differences among the dif-
ferent versions of the models highlight the importance of 
context-specific model evaluations.

ChatGPT-4o, one of the most established and popular 
chatbots, has been exposed to more training data, which 
may have positively impacted its performance (33). How-
ever, the strong features of Claude and Gemini suggest 
that these models can also exhibit similar performances. 
For example, Claude’s capacity to remember long con-
versations and Gemini’s features of real-time internet 
browsing and visual addition indicate that these models 
can be effective in context-specific usage (34). In a study 
comparing the performances of Gemini and ChatGPT4, 

Rana et al. (35) highlighted the promising potential of 
Gemini in providing accurate and comprehensive informa-
tion but stated that these AI tools need further develop-
ment to increase their accuracy and reliability, especially 
in academic environments that require expertise. In ad-
dition, in the current study, the performance of the re-
sponses provided by Copilot and Perplexity LLMs was the 
lowest. In their study, Huo et al. (36) compared chatbots 
such as ChatGPT-4, Copilot, Google Bard, and Perplexity 
AI to offer recommendations for the surgical treatment 
of gastroesophageal reflux disease. In line with the results 
of this study, they found that Copilot and Perplexity AI 
had lower accuracy rates compared to other models. Simi-
larly, in their study on abdominoplasty, Lim et al. (37) 
evaluated the performance of LLM-connected chatbots, 
such as ChatGPT-3.5, Claude, Gemini, and Copilot, and 
Claude LLM emerged as the most reliable model. In the 
current study, the highest score among LLMs was that of 
Claude AI.

In terms of the similarity index, Claude’s low rate (3 ± 
5 %) reflected the model’s capacity to provide context-
specific and creative responses. In contrast, ChatGPT-4o’s 
higher similarity index (7 ± 8 %) indicated a tendency to 
closely follow guiding information. This situation high-
lighted that models should be preferred according to their 
intended use; for example, ChatGPT-4o may be more 
suitable for conveying guided information, while Claude 
might be a better option in situations requiring creative 
solutions. Some studies show that language and structure 
imitation capabilities of LLMs have reached a level that 
makes it difficult for even experts to distinguish between 
fake and real research papers, especially in their summari-
zation abilities (38,39). This situation emphasizes that the 
authors of scientific papers should carefully evaluate the 
potential risks and the benefits of the LLMs they choose 
to use. Clearly, LLMs still have significant limitations, par-
ticularly in their capacity to provide evidence-based infor-
mation. These limitations need to be addressed.

In this study, the potential of LLMs to provide rapid ac-
cess to information in the management of acute dental 
pain has been demonstrated; however, the limitations of 
these models have also been clearly stated. LLMs are quite 
sensitive to the content and details of a question. In some 
cases, when questions are not formulated clearly or in de-
tail, it can be difficult for these models to understand the 
questions correctly and generate appropriate responses 
(40). In addition, in the field of medical and dental AI, the 
lack of scope of datasets used in training different LLMs 
can negatively affect the accuracy and consistency of the 
generated responses (41). In particular, the following two 
findings are emphasized: The responses of the models are 
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largely dependent on the quality of the datasets used in 
the training processes, and these datasets are generally 
sourced from the internet; however, they do not always 
provide evidence-based recommendations (42). This situ-
ation indicates that LLMs can only be used as comple-
mentary tools and cannot replace guides.

This study has a few limitations. Only five language mod-
els were evaluated in this study, and the performance of 
the other existing models was not examined. In addition, 
the accuracy and comprehensiveness of the responses are 
related to diversity and quality of the models’ training da-
tasets. Models supported by broader and higher-quality 
datasets are expected to be more effective, particularly in 
clinical decision support systems. The high performance 
exhibited by Claude, ChatGPT-4o, and Gemini Advanced 
highlights the potential of these models to be used as 
complementary tools in clinical applications, while the 
low performance of models such as Copilot and Perplex-
ity draws attention to the heterogeneity among the mod-
els. This study sheds light on the potential role of these 
technologies in the healthcare sector by providing relevant 
data on the capabilities and limitations of LLMs.

Conclusion
This research has shown that LLMs can be effective tools 
for providing quick access to relevant information sought 
in dental pain management. Claude, ChatGPT-4o, and 
Gemini Advanced have demonstrated superior perfor-
mance compared to other models in terms of parameters 
such as comprehensiveness and scientific accuracy. How-
ever, these models are not yet enough to replace guides. 
Hence, healthcare professionals must use these tools only 
complementarily, along with their critical thinking skills.

Future studies should focus on strategies such as dataset 
expansion and model optimization to enhance the accu-
racy of LLMs. In addition, improvements can be made in 
the integration of these models into clinical applications 
through user feedback and analyses based on a broader 
range of questions. These findings further clarify the role 
of this technology in the healthcare sector by highlighting 
the potential of LLMs to support clinical processes and 
improve patient care.
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