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Abstract
Aim: Considering the growing role artificial intelligence technologies play in medical education, this study aims to provide a comparative evaluation of the 
performances of large language models ChatGPT-4o, Gemini 2.0, Claude 3.5, and DeepSeek R1 in the Basic Life Support (BLS) Exam.
Materials and Methods: In this observational study, we presented four large language models with 25 multiple-choice questions based on the American 
Heart Association (AHA) guidelines. Questions were divided into two categories as knowledge-based (n = 14,  56%) and case-based (n = 11,  44%). Response 
consistency was ensured by presenting each question on three separate days to all models. Models’ accuracy rates were assessed using overall accuracy, strict 
accuracy, and ideal accuracy criteria. 
Results: In the overall accuracy assessment, ChatGPT-4o and DeepSeek R1 models showed 100% success, and Gemini 2.0 and Claude 3.5 models achieved  
96% success rate. All models performed perfectly on the case-based questions. On the knowledge-based questions, ChatGPT-4o and DeepSeek R1 scored full 
points, while Gemini 2.0 and Claude 3.5 achieved 90.9% success. Statistical analysis showed no significant difference between results (p = 0.368).
Discussion: Large language models show high accuracy rates in BLS training. These technologies can be used in supportive roles in medical education, but 
human supervision is critical in clinical decision-making.
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Introduction
Basic Life Support (BLS) is a critical procedure that includes 
timely initiation of life-saving interventions in life-threatening 
situations such as cardiac or respiratory arrest.  Timely and 
appropriate resuscitation significantly improves survival rates 
and neurological outcomes of patients [1]. Organisations 
such as the American Heart Association (AHA) organise and 
deliver courses around the world to improve accessibility of 
cardiopulmonary resuscitation (CPR) and automatic external 
defibrillators (AED) training [2]. Similarly, the Resuscitation 
Council UK (RCUK) organizes Basic Life Support (BLS) and 
Advanced Life Support (ALS) courses that are mandatory for all 
healthcare providers, and these courses are updated every five 
years [3]. In all these courses, pre-course tests are performed 
to facilitate participant learning, and post-course tests are 
performed to provide certification for participants.  
The rapid development of artificial intelligence (AI) technologies 
is leading to important transformations in medical education. 
Nowadays, large language models (LLMs) are playing ever-
increasing roles in the training of healthcare professionals 
through platforms such as ChatGPT, Bard, and Claude [4]. 
Studies focusing on the performance of large language models 
in medical exams have increased remarkably in recent years 
[4,5,6]. King et al.’s study, where GPT-4V achieved success 
rates of 96% in BLS and  90% in ACLS exams, shows the 
potential of these technologies in medical education [7]. In 
their study where they performed a comparative analysis of 
the performances of ChatGPT and Bard in resuscitation-based 
medical questions, Patel et al. found similar results where these 
models achieved success rates between 75-96% [4]. These 
successful performances suggest that AI models can be used 
effectively as supportive tools in medical education [8]. It has 
been reported that AI-supported tools can provide high-quality 
and empathetic health recommendations, and in some cases, 
can even surpass physicians’ answers [9].
However, despite the successful performances of specifically 
engineered software, the question of whether widely used 
general-purpose chatbots such as GPT-3.5, GPT-4, Bard, 
and Bing have the same competence in emergencies is still 
unanswered. The study by Aqavil-Jahromi et al. revealed that 
there are significant differences in the accuracy and reliability 
of different AI models in BLS scenarios [10]. Meanwhile, 
Birkun’s study showed that AI-based chatbots do not generate 
content in accordance with resuscitation guidelines and can 
give potentially harmful recommendations [11]. 
The aim of this study is to analyse the performances of four large 
language models, such as ChatGPT-4o, Gemini 2.0, Claude 3.5, 
and DeepSeek R1 in standard questions based on the American 
Heart Association’s (AHA) BLS protocols and the reliability of 
these chatbots in emergencies. In our study, all models were 
asked the same BLS questions on three separate days, and 
the answers were assessed using the overall accuracy, strict 
accuracy, and ideal accuracy criteria. The findings of this study 
have critical importance for understanding the potentials and 
limitations of large language models in emergencies, parallel to 
technological advancements. 

Materials and Methods
In this observational study, response accuracy and consistency 

of ChatGPT-4o, Gemini 2.0, Claude 3.5, and DeepSeek R1 models’ 
performances in answering Basic Life Support (BLS) module 
questions were examined. Models’ comparative performances 
were analysed in overall accuracy, strict accuracy, and ideal 
accuracy levels. BLS training has been a routine training 
provided to all healthcare workers and even students for many 
years, and is updated every five years [1,2]. The BLS exam 
consists of 25 multiple-choice questions with five options. BLS 
courses are the highest level courses based on the American 
Heart Association (AHA) BLS guidelines [3]. 
We used four large language models (LLMs) in our study. First 
is ChatGPT-4o; ChatGPT 4 Omni (ChatGPT-4o) version of 
ChatGPT, which is currently known to have the highest level 
of medical knowledge among its peers, was used [4]. This 
model is trained on extensive data, including medical texts and 
journals published up to and including September 2024 [7,9]. 
Second is Gemini 2.0, representing Google’s evolving family 
of large language models (including Bard and earlier Gemini 
versions), known for producing medically relevant, accurate, and 
referenced outputs in scientific contexts [10,12]; third is Claude 
3.5, used for its accuracy and quality levels similar to that of 
physicians in the medical field [13]; fourth is DeepSeek R1, used 
because it is reported as a promising AI tool in facilitating the 
diagnosis of diseases and conditions [14,15].
25 multiple choice BLS questions were assessed by authors R.Y. 
and H.M. separately and divided into two groups as knowledge-
based questions and case-based questions. Where the 
assessment of these authors differed, questions were assessed 
by author B.B. for a final decision. Out of all BLS questions, 
11 (44%) were case-based and 14 (56%) were knowledge-
based. BLS questions were presented to ChatGPT-4o, Gemini 
2.0, Claude 3.5, and DeepSeek R1 models once each on three 
separate days between 1-30 January, and three answers were 
generated for each question. This approach is similar to other 
studies where LLMs are presented with a question three times 
in order to provide LLM consistency and response stability 
[4,14]. Models’ accuracy rates were evaluated using overall 
accuracy, strict accuracy, and ideal accuracy criteria. 
Overall accuracy: Considered correct when all three responses 
are correct. 
Strict accuracy: Considered correct when two out of three 
responses are correct. 
Ideal accuracy: Considered correct when one out of three 
responses is correct. 
AHA’s BLS questions and answers and responses of ChatGPT-
4o, Gemini 2.0, Claude 3.5, and DeepSeek R1 models were 
recorded in a separate Microsoft Excel 2023 file (Version 
16.73, Microsoft Corporation, Redmond, WA). Because only 
artificial intelligence models were used in this study, and there 
were no human or animal test subjects, it did not require ethics 
committee approval. 
Statistical Method 
Statistical analysis was performed using SPSS 27.0 (IBM 
Corp, Armonk, NY, USA). Categorical variables were expressed 
as numbers and percentages (%). Categorical variables were 
analysed by the Chi-square and Fisher’s exact test. Models’ 
performances were compared using the Cochran Q test. 
Statistical differences between the models were evaluated 
using the McNemar test for pairwise comparisons. Fleiss’ 
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Kappa test was applied to measure the consistency between 
the responses of models in three separate sessions. 

Results
BLS exam questions were presented to four large language 
models (LLMs): ChatGPT-4o, Gemini 2.0, Claude 3.5, and 
DeepSeek R1. All models showed complete success in case-
based questions. On knowledge-based questions, ChatGPT-4o 
and DeepSeek R1 achieved 100% accuracy, while Gemini 2.0 and 
Claude 3.5 models achieved 90.9% accuracy rates. According to 
strict accuracy criteria, ChatGPT-4o, Gemini 2.0, and DeepSeek 

R1 achieved %100 success, while Claude 3.5 was inconsistent 
on one question and achieved only %96 accuracy. On the ideal 
accuracy level, only Claude 3.5 lagged behind other models with 
an accuracy rate of  96%. There was no significant difference 
between models in the statistical analysis (p = 0.368) (Table 1, 
Figure 1, Figure 2). 

Discussion
In this study, we compared the performances of ChatGPT-
4o, Gemini 2.0, Claude 3.5, and DeepSeek R1 models in Basic 
Life Support (BLS) questions. Our study is the first study 
that evaluates the performances of ChatGPT-4o, Gemini 2.0, 
Claude 3.5, and DeepSeek R1 in the BLS exam. Our findings 
demonstrate the increasing role AI models play in medical 
education, while also highlighting the current limitations. While 
ChatGPT-4o and DeepSeek R1 perform with %100 accuracy 
on the overall accuracy measure reflects these models’ perfect 
progress in medical knowledge, the 96% accuracy rate of 
Gemini 2.0 and Claude 3.5 is also satisfactory. Similarly, in their 
study comparing the performances of ChatGPT and Bard in BLS 
exams, Patel et al. reported that Bard achieved 96% accuracy 
rates, and ChatGPT’s performance was  75% [4]. These findings 
show that large language models can be utilised effectively as 
medical training tools. 
In the study of Fijačko et al., ChatGPT’s performance in AHA 
exams differed between 68% and 92.1% according to the 
model used [16]. Patel et al. reported that ChatGPT showed 
success rates ranging between 75-96% for medical questions 
[4]. Kokulu et al. reported that ChatGPT achieved 94% success 
in the Pediatric Advanced Life Support (PALS) exam [17]. 
Similarly, in their study evaluating the performance of GPT-4 in 
BLS and ACLS exams, King et al. showed a success rate of 96% 
in the BLS exam [7]. In our study, we found that ChatGPT-4o and 
DeepSeek R1 achieved % 100% accuracy rates in knowledge-
based questions. The high success rates achieved in our study 
demonstrate the perfect progress of integrating AI models 
into medical education and highlight the potential of these 
technologies. 
The complete success shown by our models in case-based 
questions reflects their potential in analysing clinical scenarios. 
The fact that all models achieved  100% accuracy rates in case-
based questions demonstrates that these tools can be used 
in practical resuscitation training. Beck et al. also obtained 
similar findings and concluded that AI models could be useful 
in clinical case analysis [18]. However, this success needs to be 
interpreted with caution as there are more complex variables in 
real clinical practice.
One of the remarkable findings of our study was that Claude 
3.5 lagged behind other models in case-based questions. 
Claude 3.5 performing with an accuracy rate of 90.9% in case-
based questions demonstrates that different models perform 
differently in complex clinical scenarios. Beck et al. also 
obtained similar findings in their study, where they evaluated 
the European Council (ERC) guidelines with different ChatGPT 
versions. In this study, ChatGPT-3.5 was reported to be only  
77% compliant with the guidelines, whereas ChatGPT-4 was  
84% compliant [18]. These findings indicate that while AI 
models are competent in the transfer of medical knowledge, 

Table 1. Accuracy comparison of large language models

ChatGPT 4o Gemini 2.0 Claude 3.5 DeepSeek R1

n (%) n (%) n (%) n (%)

Overall accuracy

Total (n = 25) 25 (100.0) 24 (96.0) 24 (96.0) 25 (100.0)

Case (n = 11) 11 (100.0) 10 (90.9) 10 (90.9) 11 (100.0)

Knowledge (n = 14) 14 (100.0) 14 (100.0) 14 (100.0) 14 (100.0)

Strict accuracy

Total (n = 25) 25 (100.0) 25 (100.0) 24 (96.0) 25 (100.0)

Case (n = 11) 11 (100.0) 11 (100.0) 10 (90.9) 11 (100.0)

Knowledge (n = 14) 14 (100.0) 14 (100.0) 14 (100.0) 14 (100.0)

Ideal accuracy

Total (n = 25) 25 (100.0) 25 (100.0) 24 (96.0) 25 (100.0)

Case (n = 11) 11 (100.0) 11 (100.0) 10 (90.9) 11 (100.0)

Knowledge (n = 14) 14 (100.0) 14 (100.0) 14 (100.0) 14 (100.0)

Figure 1. Performance comparison of large language models

Figure 2. Model performance by question type
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there are still areas open for improvement when analysing 
complex clinical scenarios. 
Providing a comprehensive assessment of four different large 
language models and being one of the first comprehensive 
studies to include different question types (case and knowledge-
based) are the strengths of our study. Also, presenting each 
question three times in order to assess response consistency 
improves the reliability of our findings. However, our study also 
has weaknesses. Firstly, we evaluated only 25 BLS questions, 
and 14 of these were knowledge-based and 11 were case-
based. A larger question pool could better evaluate the models’ 
performances with questions of different difficulty levels. 
Secondly, our study was limited to four large language models, 
and other available AI models were not included. Finally, due 
to the constant updating of language models, our findings are 
valid only for a specific version, and performance may change 
with future updates.
Conclusion
This study comprehensively evaluated the performances 
of large language models in Basic Life Support training and 
provided important findings. The performances of ChatGPT-4o, 
Gemini 2.0, Claude 3.5, and DeepSeek R1 in BLS questions were 
overall satisfactory. In particular, ChatGPT-4o and DeepSeek R1 
achieve 100% accuracy rates in knowledge-based questions, 
indicates that these models can be used as reliable sources 
of information in medical education. However, their current 
technological levels are not mature enough to provide services 
as independent advisors in clinical settings. At this time, when 
human supervision and oversight are necessary, the use of 
these technologies as training and supporting tools should be 
considered, but they should not be relied upon to make vital 
decisions. Future studies should evaluate the adaptive capacity 
of these models to updated guidelines and their performance in 
multi-language education. 
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