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Abstract 

Aim: The aim of this study was to compare three large language models (LLMs); ChatGPT-

5 (OpenAI), Gemini 2.5 Pro (Google), and DeepSeek-V3.1 (Hangzhou DeepSeek AI), in terms 

of their ability to provide information on questions asked about avulsion, a type of 

traumatic dental injury. 

Methods: In the study, 25 open-ended questions prepared based on the guidelines of the 

International Association of Dental Traumatology (IADT) were directed to large language 

models in their "Think / DeepThink / Reasoning" modes. The responses were evaluated by 

two experienced experts using a five-point Likert scale for accuracy and a three-point 

Likert scale for completeness (exhaustiveness). Readability was analyzed using the Flesch 

Reading Ease Score (FRES), Flesch–Kincaid Grade Level (FKGL), Gunning Fog Index (GFI), 

Simplified Measure of Gobbledygook (SMOG), and Coleman–Liau Index (CLI). Inter-rater 

reliability was assessed, and ANOVA/Kruskal-Wallis and post-hoc Dunn-Bonferroni tests 

were used for group comparisons, based on the data's normality. 

Results: The results showed that all three models demonstrated high evaluator agreement 

in terms of both accuracy and completeness. Significant differences were observed 

between the models in terms of accuracy scores (p=0.016). In subgroup analyses, the 

ChatGPT-5 model's accuracy score was significantly higher than that of the DeepSeek-V3.1 

model (p=0.020). Significant differences were observed between the models in terms of 

completeness scores (p=0.006). In the subgroup analyses, the completeness scores of the 

ChatGPT-5 and Gemini 2.5 Pro models were significantly higher than those of the 

DeepSeek-V3.1 model (p=0.007 and p=0.046, respectively). In terms of readability, the 

DeepSeek-V3.1 model achieved higher FRES scores and lower FKGL, GFI, and SMOG scores. 

Overall, ChatGPT-5 demonstrated the highest performance in terms of accuracy and 

completeness, while DeepSeek-V3.1 achieved the highest readability values. 

Conclusion: The results show that ChatGPT-5 is the most reliable model in terms of clinical 

accuracy and content integrity, whereas DeepSeek-V3.1 produces more linguistically 

understandable responses. However, no model can completely replace human expertise. 

These systems should be considered tools to support clinical decision-making processes 

and should be used under physician supervision, especially in pediatric emergencies. 
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Introduction 
 
Transformer models are modern artificial intelligence 
architectures developed in the field of natural language 
processing (NLP) to understand the context of language 
and make accurate predictions. These models are built 
on a transformer architecture that relies on a self-
attention mechanism to analyze inputs, establish a 
meaningful context, and generate appropriate outputs 
(Vaswani, 2017). The transformer structure has created 
a turning point in large language models (LLMs) owing to 
its effective use of the attention mechanism and ability 
to process inputs in parallel on a large scale. This allows 
the evaluation of the relationships between words in 
broad contexts and creates a rich statistical 
representation of the structural and semantic patterns of 
language (1). 

Large language models (LLMs) are generative 
mathematical models trained on hundreds of terabytes 
of textual data (articles, books, and other online 
content) that can sample from the statistical 
distributions of tokens in public text, including words, 
graphics, individual characters, and punctuation marks 
(2). However, most chatbots are proprietary models, and 
their functions are largely unknown (3). AI-powered 
technologies have attracted considerable interest in 
recent years due to their potential to enhance 
treatment, education, and research activities in various 
specialties of medicine and dentistry (4). 

In November 2022, a prototype version of ChatGPT 
(OpenAI, San Francisco, CA, USA), which has over 175 
billion parameters, was released (5). ChatGPT (Chat 
Generative Pre-trained Transformer), one of the most 

innovative LLM models developed by OpenAI, can 
generate text by gathering information from various data 
sources, such as articles, books, journals, and open-
access websites, translate between languages, and 
answer questions using information obtained from these 
sources (6). ChatGPT is a chatbot derived from artificial 
intelligence that uses Deep Learning (DL) technology for 
information processing and has the ability to provide 
information on a wide variety of topics, from science and 
technology to current events (7). The release of GPT-5 in 
2025 is considered a potential turning point for the use 
of artificial intelligence in education. OpenAI's GPT-5 
model is described as "our best AI system to date" and 
represents a significant leap in intelligence compared to 
its predecessors. GPT-5 combines state-of-the-art 
performance in areas such as mathematics, coding, 
writing, health, and even visual understanding with 
architectural innovations aimed at making the model 
more versatile and reliable (8). 

Gemini is an LLM program developed by Google 
DeepMind (Google, Menlo Park, CA, USA) and released on 
December 19, 2024. It combines language understanding 
with advanced reasoning and is designed for tasks such 
as answering questions, explaining concepts, and solving 
problems across various subjects (9). Gemini 2.5 was 
released on March 26, 2025. According to the 
manufacturer, it is a thinking model designed to solve 

increasingly complex problems. Gemini 2.5 models can 
pass thoughts through a logic filter before responding, 
and are therefore considered to provide enhanced 
performance and increased accuracy (10). 

DeepSeek (Hangzhou DeepSeek Artificial 
Intelligence Basic Technology Research Co., Ltd., 
Beijing, China), a China-based AI model that emphasizes 
transparency and reproducibility, made waves 
worldwide with its chatbot launched in December 2024, 
owing to its low cost and high download rates (10). 
Evaluations conducted on DeepSeek revealed that it can 
perform at a level competitive with AI applications such 
as ChatGPT, a pioneering LLM program. All these 
developments have made the DeepSeek AI application 
popular and attracted worldwide attention. Similar to 
ChatGPT, DeepSeek is also thought to have the potential 
to transform the medical field in particular (11). 
DeepSeek-V3.1 stands out as an important milestone 
symbolizing the transition to the "agent era" in artificial 
intelligence. The hybrid inference architecture of the 
model combines the "Think" and "Non-Think" modes into 
a single structure, providing high adaptability to 
different usage scenarios. The newly developed "Think" 
mode offers a significant increase in speed and efficiency 
compared to the previous version, DeepSeek-R1-0528. 
This enables more effective results, especially in time-
sensitive tasks. Following the training process, 
comprehensive optimizations noticeably enhanced the 
model's capabilities in vehicle operation, multi-step 
problem solving, and complex task planning. According 
to the developer, DeepSeek-V3.1 is not merely a 
performance upgrade; it also represents a new standard 
in artificial intelligence research, owing to its advanced 
autonomous agent capabilities (11). 

Avulsion, defined as the complete dislodgement of 
a tooth from its socket, occurs in 0.5-16% of all dental 
injuries. Avulsion of permanent teeth is a serious dental 
injury. Prompt and accurate emergency management is 
essential for achieving the best outcomes after this 
injury (12, 13). The ideal approach after avulsion is to 
immediately reposition the tooth. A quick and correct 
approach after avulsion leads to a successful treatment 
outcome. For the reimplantation of an avulsed tooth, it 
is ideal for the tooth to remain outside the mouth for as 
short a time as possible. This is because the survival of 
periodontal ligament cells depends on the time spent 
outside of the mouth. At the same time, the storage 
conditions of the tooth outside the mouth are also 

important for the survival of periodontal cells. After 30 
min of exposure to dry conditions, most periodontal 
ligament cells cannot survive. Even if the tooth is stored 
in a suitable storage solution for more than 60 min, 
periodontal ligament cells cannot remain viable (14, 15).  

Artificial intelligence chatbots can also be easily 
used in various health areas, such as helping users assess 
their need to consult a healthcare professional, identify 
symptoms, and provide clinical decision support (16). 
Although the use of artificial intelligence, especially 
GPTs, in health-related topics is becoming widespread, 
there are concerns regarding its validity and reliability 
(17). 
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Decision-making in cases of avulsion in children 
often occurs under time pressure, increased emotional 
stress, and limited access to specialists. At the same 
time, in cases of avulsion, it may not always be possible 
for parents or healthcare professionals to access a 
dentist specializing in this field (endodontist, pediatric 
dentist) (18). Therefore, evaluating AI-generated 
responses from a multidimensional perspective—
accuracy, completeness, and readability—and discussing 
their advantages and disadvantages can greatly 
contribute to this topic (17). Accuracy ensures factual 
reliability, while completeness minimizes omissions and 
maintains clinical safety. Readability is crucial for 
facilitating effective communication with non-expert 
caregivers. Together, these parameters reflect a holistic 
framework for evaluating AI's potential to serve as a 
supportive tool in the management of dental trauma in 
children, rather than merely as a source of information. 

The aim of this study was to evaluate and compare 
the accuracy, completeness, and readability 
performance of three advanced LLMs (ChatGPT-5, 
DeepSeek V3.1, Gemini 2.5 Pro) in answering questions 
related to avulsion from traumatic dental injuries. 

 
 

 

Materials and Methods 
 
Ethical committee approval was not required for this 
research, as the study did not involve any patient data 
or personal information and aimed only to review 
publicly available and freely accessible online 
information sources. However, ethical principles were 
adhered to in the study, and research integrity and data 
confidentiality were ensured. 

In this study, an experienced pedodontist and 
endodontist prepared 25 open-ended questions about 
avulsion, taking into account the guidelines of the 

International Association of Dental Traumatology (IADT), 
and the answer sheets were organized according to the 
IADT guidelines (14). The questions and answers were 
saved in two separate Microsoft Word (Office 365, V16.0; 
Microsoft Corp., Redmond, WA, US) documents. 

These questions covered first aid, reimplantation, 
splinting, endodontic treatment, medication use, follow-
up and complications, special cases (primary teeth and 
teeth that have been dry for a long time), and patient 
information (Table 1). 

 
 

Table 1. List of questions asked of the chatbots. 

Questions 

1. What are the recommended instructions for an avulsed permanent tooth? 

2. Should a tooth that comes out in milk be rinsed before being placed back in the socket? If so, what irrigation 

solution should be used? 

3. How long should the splinting period be for a tooth with an open apex that is reimplanted after avulsion? 

4. How long should the splinting period be for a closed-apex tooth reimplanted after avulsion? 

5. What is the ideal splint material for splinting an avulsed tooth? 

6. When should root canal treatment be initiated after reimplantation of an avulsed tooth with a closed apex? 

7. When should endodontic treatment be initiated for an avulsed tooth with an open apex? 

8. Should a tooth with an extraoral dry time of more than 1 hour be soaked in any solution before reimplantation? 

9. What is the best storage medium for preserving an avulsed tooth? 

10. What type of systemic medication is prescribed after tooth replantation? 

11. What will be the duration of the follow-up period for an avulsed tooth? 

12. How should the socket be treated before reimplantation of an avulsed tooth? 

13. What are the possible complications that may occur in an avulsed tooth? 

14. What is the treatment for an avulsed primary tooth? 

15. How long should the splinting period be for an avulsed tooth that has been dry outside the mouth for more than 

60 minutes? 

16. What recommendations should be given to the patient after reimplantation of an avulsed tooth? 

17. At what intervals should radiographic follow-up of an avulsed tooth be performed? 

18. Should root canal treatment (RCT) following avulsion be performed in a single session or multiple sessions? 

19. What intracanal medicament is employed in endodontic therapy after tooth avulsion? 

20. What are the clinical signs of ankylosis in an avulsed tooth? 

21. Is pulp canal obliteration an expected outcome after tooth replantation with an open apex? 

22. When is the decision for crown removal made in the case of an avulsed tooth? 

23. What treatment options should be considered following the failure of reimplantation of an avulsed tooth? 

24. Should the patient be offered tetanus vaccination after avulsion? 

25. Should the position of an avulsed tooth that was reimplanted in the wrong position be changed? 

Total 25 Questions 
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These 25 open-ended questions were asked of three 

different LLMs: ChatGPT-5 Think mode, DeepSeek V3.1 

DeepThink mode, and Gemini 2.5 Pro Reasoning mode. 

The questions were submitted to three different 

large language models with newly created accounts on 

the same computer, on the same day, and in the same 

order by an independent volunteer who was not involved 

in the study on September 15, 2025. The models used 

were ChatGPT-5's Think mode (OpenAI, 

[https://chatgpt.com/], accessed September 15, 2025, 

paid), Gemini 2.5 Pro's Reasoning mode (Google, 

[https://gemini.google.com/, paid], accessed 

September 15, 2025), and DeepSeek V3.1's DeepThink 

mode (DeepSeek Inc., Hangzhou, China) 

[https://chat.deepseek.com/], accessed September 15, 

2025, free]. 

Access was performed solely via the web interface 

of the relevant platforms using a computer. It was 

designed to reflect the real clinical environment 

conditions as accurately as possible. No preliminary 

tests, rapid adjustments, or additional interventions 

were performed. Interactions with the models were 

limited to predefined English questions prepared for 

research purposes. No additional instructions, 

interventions, or alternative methods of use were 

applied. The researchers did not alter any parameters 

related to the production process (e.g., temperature or 

sampling settings). 

Questions were asked in English, and responses 

were received in English. Before each question-and-

answer session, all search histories and cookies were 

cleared from the participants’ computers. To minimize 

the influence of previous responses, a new chat window 

was created for each session. Each response was saved 

in a Microsoft Word document (Office 365, V16.0; 

Microsoft Corp., Redmond, WA, US). The responses of 

each chatbot were color-coded before being sent to 

researchers. Thus, the researchers did not know the 

name of the chatbot they were evaluating. Finally, the 

color codes corresponding to the chatbots were 

identified. 

In a review conducted by experts with at least 10 

years of experience, the accuracy of the LLM responses 

was evaluated using a five-point Likert scale. To ensure 

impartiality and minimize the risk of bias, the process 

was conducted using a double-blind design (19, 20). 

 

Evaluation Scale: 

 

1. Very poor – Responses were not factually 

accurate, and important details were 

omitted or inconsistent. 

2. Poor – Some elements were partially 

correct, but the core content was largely 

missing or unclear. 

3. Average – Both accurate and 

missing/unclear information were present, 

and the responses were partially accurate. 

4. Good – Responses were mostly accurate and 

consistent, with only minor omissions. 

5. Excellent – Extremely accurate, 

comprehensive, consistent, and well-

structured responses were provided. 

 

In another review conducted by experts, the 

completeness of the LLM responses was rated using a 

three-point Likert scale (19, 20). 

1 = Incomplete: The fundamental aspects of the 

question were not addressed. 

2 = Adequate: All the important components of the 

question were addressed. 

3 = Comprehensive: The response addressed all 

necessary elements and included additional, relevant 

insights. 

 

The readability of the responses generated by the 

LLMs was evaluated using Readable Software 

(https://readable.com), an online analysis tool. The 

English responses to the questions were copied and 

pasted into the website individually, and each question 

was analyzed separately. Five established metrics were 

used as a basis for this review: the Flesch Reading Ease 

Score (FRES), Flesch–Kincaid grade level (FKGL), 

Gunning Fog Index (GFI), Coleman–Liau Index (CLI), and 

Simple Measure of Gobbledygook (SMOG) (10, 21). 

The Flesch Reading Ease Score (FRES) measures 

text readability by assigning higher scores to more 

accessible and understandable content. For example, a 

score between 90 and 100 indicates a very easy-to-read 

text, while a score below 30 indicates an academically 

challenging text. This formula is widely used by 

healthcare organizations to create easy-to-read patient 

documents (Table 2) (22). 

The Flesch-Kincaid Grade Level (FKGL) determines 

the relevant school grade level of a text in the US. For 

example, a score of 8.0 indicates that the text is 

appropriate for 8th-grade students (Table 2) (23). 

The Simple Measure of Gobbledygook (SMOG) 

estimates the required education level based on the 

number of complex words. It is used to assess the 

readability of health and educational materials (24). 

The Gunning Fog Index (GFI) calculates the grade 

level by considering the prevalence of long words and 

complex sentence structures. It is commonly used to 

assess the readability of business and technical writing 

https://www.hsmonitor.org/
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(25). The index typically ranges from 1 to 18 or higher. 

The values represent the number of years of education 

required for the reader to understand the text. A score 

of approximately 8 is considered appropriate for the 

general public, while texts with scores above 17 are 

generally aimed at graduate-level readers (26). 

The Coleman-Liau Index (CLI) estimates the 

appropriate grade level by analyzing the ratio of letters 

to sentences in the text. It is used to evaluate the 

readability of texts written in digital environments (27). 

A schematic representation of this study is shown in Fig. 

1. 

 

 

 

Table 2. The Flesch Reading Ease Score (FRES) and Flesch-Kincaid Grade Level (FKGL) were graded (10). 

FRES Reading Level FKGL Estimated Reading Graduate Level 

90 Very Easy 5 5th Grade 

80-89 Easy 6 6th Grade 

70-79 Fairly Easy 7 7th Grade 

60-69 Standard 8-9 8th-9th Grade 

50-59 Fairly Difficult 10-12 High School 

30-49 Difficult 13-16 College Level 

0-29 Very Difficult >16 College Graduate 

 

Figure 1. Schematic representation of the study. 

 
Statistical analysis
 
The Intraclass Correlation Coefficient (ICC) was 
calculated to assess the agreement between the two 
evaluators' scores. The normality of the continuous 
variables was examined using the Shapiro-Wilk test. 

According to the normality test results, variables that 
showed normality were expressed as mean ± standard 
deviation, while variables that did not show normality 
were expressed as median (minimum: maximum) values. 
Based on the normality test results, ANOVA was used to 
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compare groups when there were more than two groups 
and a normal distribution was observed, while the 
Kruskal-Wallis test was used when a normal distribution 
was not observed. Following the ANOVA test, subgroup 
analyses were performed using the Bonferroni test in 
cases of overall significance. Following the Kruskal-Wallis 
test, subgroup analyses were performed using the Dunn-
Bonferroni test in cases of overall significance. The 
relationships between the scores were examined using 
correlation analysis, and Pearson and Spearman’s 
correlation coefficients were calculated. The SPSS 
software (IBM Corp., Armonk, NY, USA; IBM SPSS 
Statistics for Windows, Version 25.0. Armonk, NY, USA) 
was used for statistical analyses, and the type I error rate 
was set at 5%. 

Results 
 
The consistency between the two evaluators in terms of 
accuracy scores was assessed using a single-measure 
two-way consistency type [ICC(2,1), two-way random-
effects, absolute agreement, single measures] 
coefficient for all the artificial intelligence models. The 
inter-rater reliability was excellent for all models. For 
ChatGPT, ICC(2,1) = 0.968 (95% CI: 0.929–0.986, 
p<0.001), ICC(2,1) = 0.971 (95% CI: 0.935–0.987, p<0.001) 
for Gemini, and ICC(2,1) = 0.986 (95% CI: 0.969–0.994, 
p<0.001) for DeepSeek. 

 

Table 3. Consistency values between the two evaluators in terms of accuracy scores. 

 ICC (2,1) 95% CI p-value 

Model    

ChatGPT-5 0.968 0.929–0.986 <0.001 

Gemini 2.5 Pro 0.971 0.935–0.987 <0.001 

DeepSeek-V3.1 0.986 0.969–0.994 <0.001 

CI: Confidence Interval 
 

Regarding completeness scores, the consistency between 
the two evaluators was assessed for all artificial 
intelligence models using a single-measure two-way 
consistency type coefficient [ICC(2,1), two-way random-
effects, absolute agreement, single measures]. 
According to the analysis results, the inter-evaluator 

reliability for all the models was excellent. For ChatGPT, 
ICC(2,1) = 0.854 (95% CI: 0.698–0.933, p < 0.001), 
ICC(2,1) = 0.855 (95% CI: 0.700–0.934, p < 0.001) for 
Gemini, and ICC(2,1) = 0.941 (95% CI: 0.871–0.974, p < 
0.001) for DeepSeek.

 

Table 4. Consistency values between the two evaluators in terms of completeness of scores. 

 ICC (2,1) 95% CI p-value 

Model    

ChatGPT-5 0.854 0.698–0.933 <0.001 

Gemini 2.5 Pro 0.855 0.700–0.934 <0.001 

DeepSeek-V3.1 0.941 0.871–0.974 <0.001 

CI: Confidence Interval

  

In the analysis of avulsion, the accuracy scores of 
responses to open-ended questions across three different 
artificial intelligence models were compared, and 

significant differences were found between the models 
in terms of these scores (p=0.016). In the subgroup 
analyses, it was determined that the median accuracy 
value of the ChatGPT-5 model was 5 (Q1:5 - Q3:5), while 
the DeepSeek-V3.1 model had a median value of 4 
(Q1:1.5 – Q3:5). The ChatGPT-5 model had a higher 
accuracy score than the DeepSeek-V3.1 model (p=0.020) 

(Table 5) (Fig. 2). 
In the analysis of avulsion, the completeness scores 

of the responses to open-ended questions directed at 
three different artificial intelligence models were 
compared, and significant differences were found 

between the models in terms of these scores (p=0.006). 
Within the subgroup analyses, it was determined that the 
ChatGPT-5 model had a median accuracy value of 3 

(Q1:3–Q3:3), the Gemini 2.5 Pro model had a median 
accuracy value of 3 (Q1:3–Q3:3), and the DeepSeek-V3.1 
model had a median accuracy value of 2 (Q1:1 – Q3:3). 
The completeness scores of the ChatGPT-5 and Gemini 
2.5 Pro models were higher than those of the DeepSeek-
V3.1 model (p=0.007 and p=0.046, respectively) (Table 
5) (Fig. 3). 

In the analysis of avulsion, the FRES scores for the 
readability of the responses to open-ended questions 
directed at three different artificial intelligence models 
were compared, and FKGL readability references were 
found between the models in terms of these scores 
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(p<0.001). Within the subintelligence analyses, the 
average FRES score of the responses given by DeepSeek-
V3.1 (45.41±12.05) to open-ended questions was 
significantly higher than the average score of the 
responses given by the ChatGPT-5 (30.42±13.55) model 
(p<0.001). No significant differences were found 
between the other pairs of groups (p>0.05) (Table 5) (Fig. 
4). 

In the analysis of avulsion, the readability FKGL 
scores of the responses to open-ended questions directed 
at three different artificial intelligence models were 
compared, and significant differences were found 
between the models in terms of these scores (p<0.001). 
Within the subgroup analyses, the mean FKGL score of 
the responses provided by ChatGPT-5 (12.44±2.3) and 
Gemini 2.5 Pro (12.82±2.37) to open-ended questions 
was found to be significantly higher than the mean score 
of the responses provided by the DeepSeek-V3.1 
(10.21±1.79) model's responses (p=0.002 and p<0.001, 
respectively). No significant differences were found 
between the other pairs (p>0.05) (Table 5) (Fig. 5). 

In the analysis conducted on avulsion, the 
readability SMOG scores of the responses to open-ended 
questions directed at three different artificial 
intelligence models were compared, and significant 
differences were found between the models in terms of 
these scores (p<0.001). Within the subgroup analyses, 
the mean SMOG scores of the responses to open-ended 
questions provided by ChatGPT-5 (14.12±1.69) and 
Gemini 2.5 Pro (15±1.89) were significantly higher than 
those of the responses provided by the DeepSeek-V3.1 

model (12.7 ± 1.36) (p=0.010 and p<0.001, respectively). 
No significant differences were found between the other 
pairs (p>0.05) (Table 5) (Fig. 6). 

In the analysis conducted on avulsion, the 
readability GFI scores of the responses to open-ended 
questions directed at three different artificial 
intelligence models were compared, and significant 
differences were found between the models in terms of 
these scores (p<0.001). Within the scope of subgroup 
analyses, the mean GFI scores of the responses to open-
ended questions provided by ChatGPT-5 (14.92±2.51) 
and Gemini 2.5 Pro (15.35±2.49) were significantly 
higher than the mean score of the responses provided by 
the DeepSeek-V3.1 (11.94±1.72) model (p<0.001 and 
p<0.001, respectively). No significant differences were 
found between the other pairs (p>0.05) (Table 5) (Fig. 
7). 

In the analysis conducted on avulsion, the CLI scores 
for readability of the responses to open-ended questions 
directed at three different artificial intelligence models 
were compared, and significant differences were found 
between the models in terms of these scores (p<0.001). 
Within the subgroup analyses, the mean CLI score of 
ChatGPT-5 (14.88±2.19)'s responses to open-ended 
questions was found to be significantly higher than the 
mean CLI scores of the responses from Gemini 2.5 Pro 
(13.5±1.86) and DeepSeek-V3.1 (12.29±1.92) (p<0.001 
and p=0.050, respectively). No significant differences 
were found between the other pairs (p>0.05) (Table 5) 
(Fig. 8). 

 
 

Table 5. Comparison of accuracy, completeness, and readability scores of ChatGPT-5, Gemini 2.5 Pro, and DeepSeek-V3.1. 

Chatbot 

 ChatGPT-5 Gemini 2.5 Pro DeepSeek-V3.1 p-value 

Accuracy 
Mean ± SD 4.56±1.16 4.44±1.23 3.60±1.68 

0.016a 
Median (min.–max.) 5(5–5) 5(4.5–5) 4(1.5–5) 

Completeness 
Mean ± SD 2.8±0.58 2.68±0.69 2.2±0.87 

0.006a 
Median (min.–max.) 3(3-3) 3(3-3) 2(1–3) 

Readability 

FRES 
Mean ± SD 30.42±13.55 36.72±12.08 45.41±12.05 

<0.001b 
Median (min.–max.) 30.5(22.7–36.05) 34.4(27.2–43.25) 45.9(36.3-55.15) 

FKGL 
Mean ± SD 12.44±2.3 12.82±2.37 10.21±1.79 

<0.001b 
Median (min.–max.) 13.1(10.8-13.7) 13.3(11.15–14.8) 10.3(9.2–11.6) 

SMOG  
Mean ± SD 14.12±1.69 15±1.89 12.7±1.36 

<0.001b 
Median (min.–max.) 14.1(12.7-15.35) 15.2(13.45–16.5) 12.8(11.75–13.65) 

GFI 
Mean ± SD 14.92±2.51 15.35±2.49 11.94±1.72 

<0.001b 
Median (min.–max.) 15(13.3-16.8) 15.9(13.1-17.55) 12(10.8-13.15) 

CLI 
Mean ± SD 14.88±2.19 13.5±1.86 12.29±1.92 

<0.001b 
Median (min.–max.) 15(13.6-16.35) 13.3(12.7–14.95) 12.8(10.8–13.55) 

The data are expressed as mean ± standard deviation and median (Q1: Q3).  
a: Kruskal-Wallis test, b: ANOVA test 
 

A positive and significant correlation was found 
between the accuracy and completeness scores (rs= 0.96; 
p<0.001). The findings indicate that an increase in the 

accuracy score is associated with an increase in the 
completeness score (Table 6). 
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Figure 2. Mean accuracy scores of ChatGPT-5, Gemini 2.5 Pro, 
and DeepSeek-V3.1 in response to dental avulsion injuries. 
 
 
 

 
Figure 3. Mean completeness scores of ChatGPT-5, Gemini 2.5 
Pro, and DeepSeek-V3.1 in response to dental avulsion injuries. 

 

 

 
Figure 4. Mean scores of FRES ChatGPT-5, Gemini 2.5 Pro, and 
DeepSeek-V3.1 in response to dental avulsion injuries. 

 
Figure 5. Mean scores of FKGL ChatGPT-5, Gemini 2.5 Pro, and 
DeepSeek-V3.1 in response to dental avulsion injuries. 
 
 

 

 
Figure 6. Mean scores of SMOG ChatGPT-5, Gemini 2.5 Pro, and 
DeepSeek-V3.1 in response to dental avulsion injuries. 

 
 

 
Figure 7. Mean scores of GFI ChatGPT-5, Gemini 2.5 Pro, and 
DeepSeek-V3.1 in response to dental avulsion injuries. 
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Figure 8. Mean scores of CLI ChatGPT-5, Gemini 2.5 Pro, and 
DeepSeek-V3.1 in response to dental avulsion injuries. 

 

A significant negative relationship was found between 
the FRES and FKGL readability scores (rs =-0.93; 
p<0.001). As the FRES value increases (the reading level 
becomes more difficult), the FKGL value decreases 
(reading ease decreases). A significant negative 
correlation was found between the FRES and SMOG 
readability scores (rs= -0.74; p<0.001). As the FRES value 
increases (the reading level becomes more difficult), the 
SMOG value decreases (the reading ease decreases). A 
significant negative correlation was found between the 
FRES and GFI readability scores (rs= -0.78; p<0.001). As 

the FRES value increases (the reading level becomes 
more difficult), the GFI value decreases (readability 
decreases). A significant negative relationship was found 
between the FRES and CLI readability scores (r(s) =-0.89; 
p<0.001). As the FRES value increases (the reading level 
becomes more difficult), the GFI value decreases 
(reading ease decreases).  A significant negative 
relationship was found between the FKGL and SMOG 
readability scores (rs= 0.86; p<0.001). This indicates that 
an increase in the FKGL score is associated with an 
increase in the SMOG score. A significant negative 
correlation was found between the FKGL and GFI 
readability scores (rs=0.87; p<0.001). This indicates that 
an increase in the FKGL score is associated with an 
increase in the GFI score. A significant negative 
correlation was found between the FKGL and CLI 
readability scores (rs=0.77; p<0.001). This shows that an 
increase in the FKGL score is associated with an increase 
in the CLI score. A significant negative correlation was 
found between the SMOG and GFI readability scores 
(rs=0.97; p<0.001). This shows that an increase in the 
SMOG score is also associated with an increase in the GFI 
score. A significant negative correlation was found 
between the SMOG and CLI readability scores (rs=0.75; 
p<0.001). This indicates that an increase in the SMOG 
score is associated with an increase in the CLI score. A 
significant negative correlation was found between the 
GFI and CLI readability scores (rs=0.78; p<0.001). This 
indicates that an increase in the GFI score is associated 
with an increase in the CLI score (Table 7).

  

Table 6. Spearman correlation analysis between the accuracy, completeness, and readability scores of ChatGPT-5, Gemini 2.5 
Pro, and DeepSeek-V3.1. 

 Accuracy Completeness 

Accuracy   

• rs   - - 

• p-value - - 

Completeness   

• rs   0.96 - 

• p-value <0.001 - 

FRES   

• rs   -0.09 -0.12 

• p-value 0.436 0.301 

FKGL   

• rs   0.09 0.12 

• p-value 0.439 0.300 

SMOG   

• rs   0.03 0.08 

• p-value 0.789 0.490 

GFI   

• rs   0.09 0.15 

• p-value 0.407 0.204 

CLI   

• rs   0.01 0.05 

• p-value 0.965 0.691 

FKGL: Flesch–Kincaid Grade Level, FRES: Flesch–Kincaid Reading Ease Score, SMOG: Simple Measure of Gobbledygook,  

GFI: Gunning Fog Index, CLI: Coleman–Liau Index, rs: Spearman's correlation coefficient 
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Table 7. Spearman correlation analysis of the readability scores of ChatGPT-5, Gemini 2.5 Pro, and DeepSeek-V3.1. 

 FRES FKGL SMOG GFI CLI 

FKGL      

• r -0.93 - - - - 

• p-value <0.001 - - - - 

SMOG      

• r -0.74 0.86 - - - 

• p-value <0.001 <0.001 - - - 

GFI      

• r -0.78 0.87 0.97 - - 

• p value <0.001 <0.001 <0.001 - - 

CLI      

• r -0.89 0.77 0.75 0.78 - 

• p-value <0.001 <0.001 <0.001 <0.001 - 

FKGL: Flesch–Kincaid Grade Level, FRES: Flesch–Kincaid Reading Ease Score, SMOG: Simple Measure of Gobbledygook, GFI: Gunning 
Fog Index, CLI: Coleman–Liau Index 

 

 

 

 
 

Discussion 
 
Recent advances in artificial intelligence and human 
interactions have led to the increasing prevalence of AI-
based chatbots. As a result, physicians can rely on AI 
chatbots as a primary source of information regarding 
avulsion, a critical dental trauma requiring urgent 
intervention. Delays in treatment negatively affect 
prognosis; therefore, ensuring the reliability and 
consistency of the chatbot responses to relevant 
questions is crucial. AI chatbots can facilitate treatment 
by answering physicians' questions and providing 
information about treatments, potential side effects, 
complications, prognoses, and outcomes (2, 18, 28). 

In this study, the accuracy, completeness, and 
readability of the responses provided by the ChatGPT-5, 
DeepSeek-V3.1, and Gemini 2.5 Pro models to questions 
related to avulsed teeth were statistically evaluated. 
According to the analysis results, the null hypothesis was 
rejected for all three criteria, and significant differences 
were observed. 

Each of the prepared questions, as in studies in this 
field, was directed to the LLM only once in our study (29-
31). When the model's response was unsuccessful, follow-
up questions were not asked, nor were additional 
explanations provided. This approach aimed to conduct 
the evaluation under controlled conditions as much as 
possible and to ensure the comparability of responses 
from different models. By simulating scenarios in which 
dentists seek emergency help for avulsion trauma, this 
study gained a structure that reflects real-world clinical 
decision-making environments. Thus, the goal was to 

evaluate the model performance, not only theoretically, 
but also in a practical clinical context. Furthermore, the 
aim of our study was not to evaluate the consistency of 
LLMs but to examine the accuracy, completeness, and 
readability of responses to dental trauma, such as 
avulsion, which develops suddenly and requires urgent 
intervention. 

As noted in the study by Chatzopoulos et al., it has 
been observed that LLM responses to open-ended clinical 
questions still need improvement in terms of 
comprehensiveness, scientific validity, logical 
consistency, and presentation clarity (32). This finding 
demonstrates that open-ended questions present an 
important opportunity to analyze LLMs and evaluate 
their performance in greater depth. Therefore, open-
ended questions were preferred in our study. There are 
two main reasons for this finding. First, open-ended 
questions allow us to measure the model's ability to 
recall information, reason, make logical inferences, and 
interpret the clinical context holistically. Second, in 
clinical settings, questions are often posed in an 
unexpected manner, such as in emergency or complex 
scenarios involving an avulsion, rather than in a test 
format. Therefore, such questions allow the model to be 
evaluated closer to real-world conditions. For these two 
reasons, an open-ended question format was adopted in 
our study, and the model's performance was examined in 
a more comprehensive manner, both scientifically and 
practically. 

The fact that LLMs can generate incorrect 
information and references has been observed in various 
studies across different fields (30, 33), and this 
phenomenon has been termed "hallucination" (34). In 
one study, to eliminate the so-called hallucinations and 
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obtain accurate and up-to-date information, questions 
were prepared solely according to the IADT avulsion 
injury guidelines, and scoring and evaluation were 
performed according to these guidelines (31). Similarly, 
in our study, questions were prepared solely according to 
the IADT avulsion injury guidelines, and the evaluation 
and scoring were performed based on these guidelines. 
Other reasons for using a single source include comparing 
the reliability of the new LLM versions used to prevent 
the production of incorrect or inconsistent information, 
ensuring objectivity in the evaluation, and following a 
scientific standard, repeatable method. 

A previous study evaluating anatomy questions from 
the Turkish Dental Specialty Exam (DUS) found 
statistically significant differences in the accuracy of the 
LLM responses. In this study, ChatGPT-4o showed the 
highest performance with an accuracy rate of 98.6%, 
while DeepSeek-v3, Gemini 2.0, and Claude 3.7 Sonnet 
models achieved the same accuracy level (89.2%) (35). 
Although the subject area and LLM versions used in our 
current research are different, significant differences 
were observed between the accuracy rates of the 
models. ChatGPT-5's accuracy score was found to be 
statistically significantly higher than that of DeepSeek-
V3.1. In contrast, no significant difference was observed 
between the accuracy levels of DeepSeek-V3.1 and 
Gemini 2.5 Pro. 

Kaygısız et al. evaluated responses to clinical case 
scenarios related to oral pathology using two different AI 
models: DeepSeek-V3 and ChatGPT-4o. The accuracy of 
the responses was measured using a 5-point Likert scale. 
The average score for DeepSeek-V3 was 4.02 ± 0.36, 
while that for ChatGPT-4o was 3.15 ± 0.41. These results 
indicate that both models performed at a moderate-to-
high level. In the overall evaluation, DeepSeek-V3 was 
found to be statistically more successful than ChatGPT-
4o (36). In our study, however, the accuracy score of the 
ChatGPT-5 model was higher than that of DeepSeek-
V3.1. This finding partially contradicts the results of 
Kaygısız et al. However, this difference may stem from 
both the change in the subject matter of the study 
(addressing a situation requiring urgent intervention, 
such as avulsion, instead of oral pathology) and updates 
in the versions of the artificial intelligence models used. 
Therefore, it can be said that the performance of 
artificial intelligence models is significantly affected not 
only by the brand or model but also by version 
differences and the characteristics of the clinical 

scenario addressed. 
In one study, four different artificial intelligence 

chat models were compared based on their responses to 
25 open-ended questions regarding traumatic dental 
injuries during the deciduous dentition period, as 
evaluated by independent pediatric dentists, according 
to the IADT guidelines. This study reported that the 
ChatGPT-4o, DeepSeek, and Claude 3.7 models produced 
significantly more accurate responses than Gemini 
Advanced. Although there was no statistically significant 
difference in accuracy among the first three models, 
ChatGPT-4o achieved the highest overall accuracy rate 
(37). In our current study, although similar next-

generation models were used, the accuracy score of the 
ChatGPT-5 model was significantly higher than that of 
the DeepSeek-V3.1 model. Although the differences in 
the average accuracy values of the models were not 
large in absolute terms, we believe that this difference 
could have clinically significant consequences in avulsion 
cases.  

In their study comparing the performance of 
advanced artificial intelligence models in pulp therapy 
for immature permanent teeth, Sezer and Aydoğdu 
reported that ChatGPT-4 scored significantly higher than 
Gemini Advanced in terms of completeness. Our study 
yielded similar findings: although different versions were 
used, ChatGPT-5's completeness (accuracy) scores were 
higher than Gemini 2.5 Pro's. This result is consistent 
with previous literature data, demonstrating that 
ChatGPT models can outperform Gemini models, 
particularly in terms of the comprehensiveness and 
completeness of the responses (37). 

In a survey conducted among dental professionals 
regarding knowledge, perception, and management of 
traumatic tooth avulsion, the majority of participants 
(87.62%) agreed that a dislodged tooth should be 
reimplanted. 40.10% knew the ideal transport medium 
for an avulsed tooth, and 63.86% accepted the critical 
time window for successful replantation. According to 
the study results, dentists' knowledge of the clinical 
management of avulsion is moderate but insufficient, 
and some aspects of the appropriate treatment protocol 
for avulsed teeth remain for improvement (38). At this 
point, the importance of LLM-based artificial 
intelligence systems increases. This is because clinicians 
may not always have immediate access to the current 
literature or accurate information in an emergency. 
LLMs, which are easily accessible via smartphones and 
computers, have the potential to bridge this information 
gap. In time-sensitive cases, such as traumatic tooth 
avulsion, the ability of LLMs to provide accurate, 
evidence-based, and practical answers can directly 
affect treatment success. Therefore, our current study 
aims to demonstrate that LLMs can be evaluated as 
potential educational and support tools by examining 
their information accuracy and clinical guidance 
capacity in a subject where dentists currently lack 
sufficient knowledge. The results emphasize the 
importance of integrating artificial intelligence into 
dental education and the value of decision support 
systems in clinical practice. 

Readability refers to the extent to which a text can 
be easily understood by reader. In addition to factors 
such as the reader's intelligence level, educational 
background, environment, interests, and reading 
purpose, the ideas, vocabulary, style, and formal 
characteristics of the text are also key factors affecting 
readability (39). In this study, DeepSeek V3.1's median 
FRES score was found to be 45.9, which was higher than 
that of other chatbots. This result shows that DeepSeek 
V3.1 has the highest readability.  

The median FKGL scores of all the chatbots ranged 
from 10.3 to 13.3, corresponding to a fairly advanced 
reading level. Similar to our study, Civelek et al.'s study 
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found that the FKGL scores of all chatbots ranged 
between 9.42 and 10.70, indicating a very difficult 
reading level (40). These results show that, in general, 
the responses generated by chatbots require above-
average, advanced reading skills. 

Chatbots used for patient information and guidance 
ideally have high FRES and low FKGL scores to be 
beneficial to the user (41). Although the content of the 
questions is directed at physicians, avulsion cases require 
urgent intervention. Therefore, it is crucial that the 
prepared texts are highly readable; physicians must be 
able to understand the text easily and make immediate 
and accurate interventions without wasting time in such 
situations. 

When examining the SMOG scores, the average 
readability level of the responses provided by ChatGPT-5 
and Gemini 2.5 Pro was significantly higher than that of 
DeepSeek-V3.1. Similarly, GFI scores also supported this 
result; it was determined that the texts produced by both 
models (ChatGPT-5 and Gemini 2.5 Pro) contained higher 
reading difficulty than the responses provided by 
DeepSeek-V3.1. This suggests that DeepSeek-V3.1 can 
produce more accessible and comprehensible texts. In 
the evaluation of the CLI scores, ChatGPT-5's responses 
scored higher than those of Gemini 2.5 Pro and 
DeepSeek-V3.1. This result indicates that ChatGPT-5's 
responses have a relatively more complex structure. 
Overall, it can be said that there are significant 
differences in readability levels among the three models, 
and DeepSeek-V3.1 in particular offers a user-friendly 
advantage with lower readability index values. Similar to 
our study, a study evaluating the performance of 
advanced artificial intelligence models in dental injuries 
resulting from trauma during the primary dentition 
period found that DeepSeek produced the most readable 
outputs (37). This finding supports the potential of 
DeepSeek to provide more understandable and practical 
information for physicians, especially in clinical scenarios 
requiring urgent intervention. 

Artificial intelligence chatbots are inherently 
probabilistic and generate responses by predicting the 
likelihood of the next word based on statistical patterns 
in the training data. They operate differently from 
conventional deterministic software. As a result, asking 
the same question twice may not always yield the same 
answers (42, 43). The reason questions related to 
avulsion were asked only once to the artificial 
intelligence models in this study is that the focus was on 

accuracy and completeness rather than on the 
consistency of responses. Since avulsion is an emergency 
situation in dentistry requiring immediate clinical 
intervention, it is critically important for dentists to 
access the required information quickly and accurately. 
Therefore, rather than focusing on whether artificial 
intelligence provides consistent answers to the same 
question at different times, the study evaluated whether 
the information provided at the initial moment was 
accurate, complete, and clinically applicable. Thus, a 
research method consistent with the need for dentists to 
make quick decisions in emergencies was used. 

 

Limitations 
 
This study has several limitations. First, the inclusion of 
only a limited number of large language models 
(ChatGPT-5, DeepSeek-V3.1, and Gemini 2.5 Pro) limits 
the generalizability of the results. Furthermore, as the 
results are limited to the versions available during the 
data collection process, future updates to the models 
may yield different findings. The study's focus solely on 
avulsion may limit the inferences that can be made 
regarding other dental subspecialties. Furthermore, the 
questions were only asked once, and the consistency of 
the models across different sessions was not examined. 

Therefore, further research supported by repeated 
measurements is required to evaluate the stable 
performance of the models. Future studies could 
overcome these limitations by using broader model 
groups, different clinical scenarios, and multicenter 
designs. 

 
 

 

Conclusion 
 
This study aimed to comparatively evaluate three LLMs 
in terms of the accuracy, completeness, and readability 
of responses to clinical questions related to avulsion in 
traumatic dental injuries. The findings showed that 
ChatGPT-5 performed statistically significantly better in 
terms of accuracy. In the completeness assessment, the 
ChatGPT-5 and Gemini 2.5 Pro models scored similarly 
and highly, while DeepSeek-V3.1 lagged behind with 

lower scores. In the readability analysis, DeepSeek-V3.1 
produced texts that were easier to understand, scoring 
higher on FRES; however, all models exceeded the 6th–
8th grade level recommended for patient information 
materials in terms of FKGL and SMOG scores. These 
results demonstrate that LLMs have the potential to 
provide clinical support in situations requiring urgent 
intervention, such as traumatic tooth avulsion. However, 
the accuracy and clinical validity of their responses must 
be evaluated under expert supervision.  

While LLM-based systems hold value as a 
complementary source of information in dental practice 
based on the current IADT guidelines, they should not be 
the sole determinant in clinical decision-making 
processes. 
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