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ABSTRACT 

 Large language models (LLMs) with advanced natural language processing are 

increasingly used in medical education. This study evaluated and compared the 

accuracy of four LLMs (GPT-4O, O3-mini, Gemini, and Copilot) in answering 

questions from Iran’s master’s and doctoral entrance exams in medical 

informatics. Multiple-choice questions from the 2024 exams, 116 for master’s and 

96 for doctoral programs, were submitted to the free versions of the models using 

uniform prompts. Responses were compared with the official answer key to 
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measure accuracy, uncertainty, and error rates. Statistical analyses included Chi-

Square tests and logistic regression. At the master’s level, O3-mini performed best, 

while Copilot was weakest, though the differences were not significant (p = 

0.2088). At the doctoral level, GPT-4O and O3-mini outperformed Gemini, which 

had 79.44% accuracy and a 21.55% error rate, with significant differences (p < 

0.001). Model performance varied across specialized subjects. These results 

indicate that LLM performance depends on model type, educational level, and the 

nature of the content, providing a foundation for more accurate assessments and 

targeted AI applications in specialized education.   

Keywords: Educational Measurement, Large Language Models, Generative Artificial Intelligence, Medical 

Informatics, Distance Education 

INTRODUCTION 

Large Language Models (LLMs) are trained on vast amounts of data. They can 

process and understand natural language to perform a wide range of tasks, including text 

generation, question answering, logical reasoning, machine translation, summarization, 

and multimodal support (1,2). 

Some chatbots that are based on large language models include ChatGPT, Gemini, and 

Copilot. The first version of the ChatGPT chatbot was released by the company OpenAI 

on 30 November 2022 (3). The company subsequently released newer models with more 

advanced capabilities, including GPT-4o (13 May 2024), O1, O1-mini, and O3-mini (31 

January 2025) (4). O3-mini offers exceptional STEM capabilities—with strong 

performance in science, mathematics, and programming—while maintaining the low cost 

and reduced latency of O1-mini (5). Microsoft also introduced its first model, called Bing, 

which was powered by the GPT-4 artificial intelligence model (OpenAI). This version was 

known as an intelligent chatbot called Bing Chat. Eventually, the company introduced its 

new model, Copilot, on 16 March 2023 (6). In addition, Google released its chatbot, Bard, 

in March 2023 (7). On 6 December 2023, Sundar Pichai, the CEO of Google and Alphabet, 

introduced Gemini, the most capable model ever developed by the company (8). These 

chatbots are used in various fields, including healthcare, education, and web development. 

The opportunities offered by large language models in medical education and academic 

research include improved access to information, curriculum development, educational 

methodologies, study plans, personalized educational materials, assessment and 

evaluation, assistance with medical writing, medical research, and literature review, and 

program monitoring and evaluation. However, the use of LLMs in medical education also 

raises concerns such as plagiarism, misinformation, overreliance on artificial intelligence, 

reduced critical thinking, algorithmic bias, privacy concerns, and copyright-related issues 

(9,10). 

Given the opportunities and concerns mentioned, numerous studies have been conducted 

to evaluate the performance of chatbots powered by large language models. In one study, 

ChatGPT's performance was assessed on the United States Medical Licensing 

Examination (USMLE), and the results showed that ChatGPT’s accuracy is improving. 

Given its ability to generate novel insights, this artificial intelligence can be helpful for 

education in medical training environments (11). The performance of GPT-4o and GPT-4 
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on the Arabic GAT exam demonstrates the high potential of these chatbots to support 

students in Arabic education and their applicability to non-English languages. However, 

they are not yet reliable as independent preparation tools for students (12). Large language 

models (GPT-4, Claude 3 Oplus, Gemini 1.0 Pro) demonstrated strong performance across 

all subjects in the Thailand Medical Licensing Examination and show high potential in 

medical education, particularly in accurately interpreting and responding to a wide range 

of exam questions (13). Microsoft Copilot, ChatGPT-4, and Google Gemini performed 

well on the Italian Healthcare Entrance Exam, and their narrative coherence was generally 

logical. However, it is generally recommended to use this new technology cautiously, as a 

supplement to learning rather than as a primary source (14). In the continuing education 

exam of the American Academy of Periodontology (AAP), ChatGPT-4o demonstrated 

strong capability in answering AAP questions in terms of accuracy and reliability, while 

Google Gemini and ChatGPT-3.5 showed weaker performance. These findings emphasize 

the potential of large language models as educational tools in periodontics and oral 

implantology. However, the limitations of these models, such as their inability to process 

image-based requests effectively and their tendency to generate inconsistent responses to 

identical prompts, should be taken into account (15). A study showed that computer 

science students, especially experienced students (96% use LLMs), use large language 

models to generate ideas and quickly access information, but they have concerns about 

accuracy (80%) and the impact on academic integrity (16). Large language models, when 

combined with human supervision and continuous refinement, can serve as virtual learning 

assistants, significantly improving accessibility and student engagement in computer 

science courses (17). A comprehensive review of the applications of large language models 

in smart education (LLM4Edu) showed that these models have significant potential to 

transform education, including providing personalized learning, adaptive feedback, access 

to diverse resources, and the creation of educational content, ultimately enhancing the 

quality and effectiveness of teaching and learning (18). Given the growing role of large 

language models in medical education and academic research, one area that could benefit 

in particular from this technology is medical informatics.  

Medical informatics is continuously evolving and is influenced by technological advances, 

changes in healthcare delivery, and the increasing volume of healthcare data. This field 

encompasses a wide range of topics, including health data management, clinical 

informatics, telemedicine, bioinformatics, and more. The primary goal of medical 

informatics is to improve patient care, enhance the efficiency of healthcare systems, and 

facilitate medical research through the effective use of information technology and data 

science (19). 

In Iran, the first steps toward academic training in medical informatics were taken in the 

late 1990s. The first official master’s and doctoral programs in medical informatics in Iran 

began in 2008 and 2009 (20). The aforementioned exams are held annually in Iran for 

candidates of the master’s and doctoral entrance exams in medical informatics. Given the 

nature of this field, professors and students can benefit from the chatbots mentioned for 

educational purposes. Therefore, evaluating the accuracy and reliability of these chatbots’ 

responses is of significant importance. 

Objectives 
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This study was conducted to evaluate the accuracy and reliability of responses provided 

by large language models to multiple-choice questions from the master’s and doctoral 

entrance exams in the field of medical informatics in Iran. 

METHODS 

This comparative study examined the performance of large-language-model-based 

platforms, including GPT-4o, O3-mini, Gemini (Flash 2.0), and Copilot. The multiple-

choice questions used in this study were extracted from the master’s and doctoral entrance 

exams in the field of medical informatics in Iran, which were held in the year 1403 (2024–

2025). The master’s entrance exam in medical informatics consisted of 160 questions, 

covering various areas including programming principles and data structures, biostatistics 

and mathematics, health information management, health informatics, medical 

terminology and concepts, and general language. The doctoral entrance exam in medical 

informatics consisted of 130 questions, covering areas such as medical informatics, health 

information management and technology, and both specialized and general language. This 

study focused on evaluating the ability of large language models to answer questions in 

the specialized field of medical informatics; therefore, questions related to the general 

language course were not included. Questions containing images were excluded from the 

total due to the models’ limitations in image analysis. Ultimately, 116 questions from the 

master’s entrance exam were included in the study, and out of 130 questions from the 

doctoral entrance exam, 100 remained. Additionally, 4 questions were removed by the 

doctoral exam organizing body (Sanjesh Organization), resulting in a final total of 96 

questions included in the study. 

The questions, without any modifications and categorized according to the domains 

specified in the master’s and doctoral entrance exams in medical informatics, were 

presented to GPT-4o, O3-mini, Gemini (Flash 2.0), and Copilot on 2 March 2025, using a 

single prompt in Persian: “Select the correct answer from the options A, B, C, D.” 

In addition, because access to advanced versions of these chatbots was limited, the free 

versions were used. To ensure uniform conditions, each model's default settings were 

applied, and responses were recorded without intervention. The responses generated by 

the large language models were evaluated based on answer accuracy, the rate of uncertain 

responses, and the error rate.  

To evaluate the models, their responses were compared with the official answer key 

published by the exam-organizing body (Sanjesh Organization). For each model, the 

percentages of correct, incorrect, and uncertain responses were calculated both overall and 

separately for each specialized subject area.  

Statistical analyses were conducted using the Spyder environment and the Python 

programming language. Given the nominal and binary nature of the data 

(correct/incorrect), the Chi-Square test was employed to compare differences in accuracy 

proportions among the various Large Language Models (LLMs). In instances where the 

Chi-Square test yielded significant results, post-hoc pairwise comparisons with Bonferroni 

correction were performed to identify specific differences between models while 

controlling for Type I error. Furthermore, to evaluate the simultaneous impact of 'LLM 

type' and 'subject matter' on the probability of error, a Logistic Regression model was 

utilized. Model fit indices, including Pseudo R-squared and regression coefficients (β), 
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were reported to assess the predictive power and the strength of associations within the 

model. Since the analyses were conducted using non-parametric tests (Chi-square) and 

logistic regression models, the assumption of normality was not required and therefore was 

not assessed.  

Ethical Statement 

As this study did not involve human participants or human data, compliance with research 

ethics guidelines and ethics committee approval were not required. 

RESULTS 

At the master’s level, O3-mini demonstrated the best performance, with an accuracy 

of 80.17%, while Copilot showed the lowest, at 69.83%. Overall, a small proportion of 

indeterminate responses was observed for both O3-mini and Copilot (approximately 

0.86%). The error rate for Copilot was higher (29.31%) than that of the other models, 

whereas O3-mini exhibited the lowest error rate (17.97%) among all models (Table 1). 

TABLE I. OVERALL PERFORMANCE OF LARGE LANGUAGE MODELS IN THE MEDICAL INFORMATICS MASTER’S 

ENTRANCE EXAMINATION 

Metric (%) GPT-4o O3-mini Gemini Copilot 

Accuracy 71.55 80.17 77.59 69.83 
uncertain 0.00 0.86 0.00 0.86 
Error  28.45 17.97 22.41 29.31 

Subject-wise analysis at the master’s level revealed that the O3-mini model achieved 

absolute superiority in 'Mathematics and Biostatistics' (94.74%) and 'Medical 

Terminology' (95%) (Table 3). However, the Chi-Square statistical test indicated that the 

overall difference in accuracy among the four models at this level was not statistically 

significant (χ² = 4.55, p = 0.207).  

At the doctoral level, both GPT-4o and O3-mini ranked first with an accuracy of 80.21%, 

whereas the Gemini model demonstrated the weakest performance at 44.79%. 

Correspondingly, the error rate for Gemini was significantly higher (55.21%) than that of 

the other models (Table 2). 

TABLE III. OVERALL PERFORMANCE OF LARGE LANGUAGE MODELS IN THE MEDICAL INFORMATICS DOCTORAL 

ENTRANCE EXAMINATION 

Metric (%) GPT-4o O3-mini Gemini Copilot 

Accuracy 80.21 80.21 79.44 78.12 
uncertain 0.00 0.00 0.00 0.00 
Error  19.79 19.79 55.21 21.88 

At the doctoral level, the Chi-Square test indicated a highly significant difference in 

performance among the models (χ^2 = 42.15, p < 0.001). Regarding specialized doctoral 

subjects, the highest performance in 'Medical Informatics' was achieved by O3-mini 

(80%), while GPT-4o demonstrated the superior accuracy in 'Health Information 

Management and Technology' (84.78%).  

At the master's level, variations in response accuracy were observed across different 

subjects; O3-mini outperformed other models in 'Programming and Data Structures' 

(64.71%), 'Mathematics and Biostatistics' (94.74%), and 'Health Informatics' (86.97%). 
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Furthermore, in 'Health Information Management' and 'Medical Terminology', O3-mini 

exhibited performance comparable to that of the Gemini model (Table 3). 

TABLE IIIII. PERFORMANCE (ACCURACY) OF LARGE LANGUAGE MODELS ACROSS MASTER ’S-LEVEL SPECIALIZED 

COURSES IN MEDICAL INFORMATICS 

Course/Subject Area (%) GPT-4o O3-mini Gemini Copilot 

Programming and Data Structures 52.94 64.71 52.94 52.94 
Mathematics and Biostatistics 60.00 94.74 75.00 55.00 
Health Information Management  90.00 83.33 83.33 80.00 
Health Informatics  65.52 86.97 75.86 72.41 
Medical Terminology  80.00 95.00 95.00 80.00 

At the doctoral level, the best performance in Medical Informatics was observed for O3-

mini (80%), while Gemini exhibited the lowest performance (18%) (Table 4). In Health 

Information Management, GPT-4o achieved the highest accuracy (84.78%), whereas 

Gemini showed the lowest performance (73.91%). 

TABLE IVV. PERFORMANCE (ACCURACY) OF LARGE LANGUAGE MODELS ACROSS DOCTORAL-LEVEL SPECIALIZED 

COURSES IN MEDICAL INFORMATICS 

Course/Subject Area (%) GPT-4o O3-mini Gemini Copilot 

Medical Informatics 76.00 80.00 18.00 74.00 
Health Information Management & 
Technology   

84.78 80.43 73.91 82.61 

The Chi-square test indicated that the differences in model performance at the master’s 

level were not statistically significant (p = 0.207); however, at the doctoral level, the 

differences were highly significant (χ² = 42.15, p < 0.001). Given the significant Chi-

square result at the doctoral level, post hoc pairwise comparisons with Bonferroni 

correction were conducted. The results demonstrated that the performance of the Gemini 

model was significantly poorer than that of GPT-4o (p < 0.001), O3-mini (p < 0.001), and 

Copilot (p < 0.001). However, no statistically significant differences were observed 

among GPT-4o, O3-mini, and Copilot in pairwise comparisons (p > 0.05). 

At the master’s level (with model fit of Pseudo R² = 0.059), the “type of specialized 

course” emerged as the primary predictor of error. Specifically, the courses “Health 

Information Management” (β = −1.42, 95% CI: [−2.11, −0.72]) and “Medical 

Terminology” (β = −1.69, 95% CI: [−2.52, −0.87]) were associated with negative and 

highly significant coefficients (p < 0.001), substantially reducing the odds of error 

occurrence, indicating greater model proficiency in these domains. 

In contrast, at the doctoral level (with model fit of Pseudo R² = 0.124), the “type of 

language model” played a determining role, with the Gemini model identified as the 

primary factor increasing the likelihood of error, as evidenced by a positive and 

significant coefficient (β = 1.57, 95% CI: [0.92, 2.22], p < 0.001). Additionally, at this 

level, the course “Health Information Management and Technology” (β = −1.04, p < 

0.001) was associated with fewer errors compared to “Medical Informatics. 

DISCUSSION 
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This study compared the performance of four large language models, GPT-4o, O3-

mini, Gemini (Flash 2.0), and Copilot, in answering multiple-choice questions from the 

master’s and doctoral entrance exams in Medical Informatics in Iran in 1403 (2024-2025). 

Although previous studies have evaluated the performance of large language models 

(LLMs) on standardized tests across various countries and languages (13–15, 21–30), this 

study's focus on Iranian graduate entrance exams in Persian represents a distinctive 

contribution. 

The findings of this study indicated that, overall, large language models demonstrated 

relatively high accuracy in predicting correct answers. These results are consistent with a 

study that reported notable performance by ChatGPT on medical licensing exams, 

confirming its potential as an assistive tool for answering medical questions (31). 

Furthermore, another study reported that high internal consistency and low internal 

contradiction in ChatGPT reflect sound clinical reasoning and high-quality explanations, 

supporting the model’s relative capability in medical education (11). 

A more detailed analysis revealed significant differences among the models. O3-mini 

demonstrated highly satisfactory performance at both the master’s and doctoral levels. At 

the doctoral level, the performance of this model was comparable to GPT-4o. In contrast, 

the weakest performance at the master’s level was observed for Copilot, while at the 

doctoral level, it was observed for Gemini. This pattern aligns with previous studies 

reporting the superiority of advanced GPT-family models (15, 21) and suggests that these 

models may have applicability in medical domains under human supervision. 

A more detailed examination of chatbot performance revealed that the accuracy of large 

language models varied across different subjects, including Mathematics, Statistics, and 

Medical Informatics. In other words, there were significant differences in response 

quality across courses. These findings are consistent with previous studies (23, 24) that 

report variations in accuracy across topics. Such fluctuations in accuracy may be 

attributed to differences in the volume and diversity of training data available for each 

scientific domain, highlighting the importance of optimizing models for specialized 

content. 

The results indicated that, at the master’s level, no significant differences were observed 

in the performance of large language models. However, at the doctoral level, significant 

differences emerged, primarily due to Gemini's poor performance. These findings are 

consistent with previous studies in the field, which have shown that the performance of 

language models on complex, analytical tests is directly influenced by the type of exam, 

question complexity, cognitive level, and subject domain (13, 15, 21, 23) 

Furthermore, regression analysis in this study indicated that the error rate is 

simultaneously influenced by both the type of model and the subject area, underscoring 

the importance of the specialized context in assessing model capabilities. Therefore, it is 

recommended that the evaluation of large language model performance incorporate 

rigorous statistical methods alongside qualitative assessments of responses by human 

experts to gauge the models’ capabilities across different cognitive levels accurately. 

Differences in the accuracy of large language models can be attributed to variations in 

neural network architectures, the quality, diversity, and volume of training data, as well 

as the techniques employed in model design and training, all of which play a significant 

role in optimizing the models’ final performance. However, due to the black-box nature 
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of large language models, it is not possible to determine the definitive reasons for these 

performance differences. 

This study faced several limitations, including: 

a) The exclusion of questions containing images due to the inability of language models 

to process visual content; 

b) The use of free versions of the models due to the lack of unrestricted access to the 

advanced versions of the studied platforms; and 

c) The use of questions from a single year’s entrance exam because of the unavailability 

of official answer keys for previous years, as well as variations in question difficulty and 

design style across different years. 

d) The unbalanced distribution of questions across different subject areas—inherent in 

the official budgeting of the National Organization for Educational Testing 

This resulted in small cell counts within certain subgroup analyses, potentially reducing 

the statistical power required to detect subtle differences between the models.  

CONCLUSION 

This study assessed the performance of four advanced large language models in medical 

education. Results showed that error rates depend not only on the model type but also 

significantly on educational level and question content. These findings align with global 

trends and highlight less-explored factors, such as educational level and specialized 

courses, that influence model performance. While many international studies focus on 

model performance in specific, often English-language exams, this research emphasizes 

that educational level and subject context were also key to effectiveness. Consistent with 

other research, combining statistical and qualitative approaches and designing context-

aware assessments can improve the use of large language models in higher and 

specialized education. Although the results were promising in terms of accuracy, there is 

room for further improvement. Differences in the comprehensiveness of each model also 

underscore the need for ongoing AI development to enhance reliability and trust. Lastly, 

as AI continues to evolve rapidly, newer, more optimized models are constantly being 

created and released. Consequently, the performance of the models evaluated here may 

be limited compared to future versions. 
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