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Abstract

:

(1) Background: As the field of artificial intelligence (AI) evolves, tools like ChatGPT are increasingly integrated into various domains of medicine, including medical education and research. Given the critical nature of medicine, it is of paramount importance that AI tools offer a high degree of reliability in the information they provide. (2) Methods: A total of n = 450 medical examination questions were manually entered into ChatGPT thrice, each for ChatGPT 3.5 and ChatGPT 4. The responses were collected, and their accuracy and consistency were statistically analyzed throughout the series of entries. (3) Results: ChatGPT 4 displayed a statistically significantly improved accuracy with 85.7% compared to that of 57.7% of ChatGPT 3.5 (p < 0.001). Furthermore, ChatGPT 4 was more consistent, correctly answering 77.8% across all rounds, a significant increase from the 44.9% observed from ChatGPT 3.5 (p < 0.001). (4) Conclusions: The findings underscore the increased accuracy and dependability of ChatGPT 4 in the context of medical education and potential clinical decision making. Nonetheless, the research emphasizes the indispensable nature of human-delivered healthcare and the vital role of continuous assessment in leveraging AI in medicine.
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1. Introduction


In 1968, Marvin Minsky described “artificial intelligence” (AI) as “the science of making machines do things that would require intelligence if done by men” [1]. This definition, despite the passage of more than half a century, remains remarkably pertinent. The advent of AI technologies, especially in the form of advanced chatbots such as ChatGPT, has ushered in a new era of possibilities in various fields, including medicine. An extensive body of research underscores the significant value that ChatGPT brings to research and education, particularly within the medical domain. Its utility spans a broad spectrum of users, including physicians, healthcare workers, medical students, and even patients, assisting them in making informed, data-driven healthcare decisions [2,3,4,5,6].



ChatGPT represents just one facet of the burgeoning field of chatbots powered by Large Language Models (LLMs). Google’s Med-PaLM, for instance, marked a significant milestone by exceeding the benchmark score—over 60%—on questions modeled after the U.S. Medical Licensing Examination (USMLE), as detailed in a previous publication [7]. Following this achievement, Google introduced Med-PaLM 2, which has demonstrated considerable improvements over its predecessor, indicating significant performance advancements [8]. However, access to such advanced chatbots remains somewhat restricted, not being widely available to the general public.



Contrastingly, the widespread availability of LLMs like ChatGPT, Bard, and Bing has facilitated comprehensive comparative studies across various domains. For example, a study evaluating these models on case vignettes in Physiology highlighted ChatGPT 3.5’s superior performance over Bard and Bing, indicating its enhanced effectiveness in case-based learning [9]. Further, in a specialized comparison focusing on clinicopathological conferences regarding neurodegenerative disorders, both Google Bard and ChatGPT 3.5 were evaluated for their ability to deduce neuropathological diagnoses from clinical summaries. The findings revealed that both models accurately diagnosed 76% of cases, while ChatGPT 4 showed a higher accuracy rate, correctly identifying 84% of diagnoses [10]. Another study comparing ChatGPT 3.5, Google Bard, and Microsoft Bing in hematology-related cases noted distinct performance disparities, with ChatGPT achieving the highest accuracy [11].



The superior performance of ChatGPT, compared to other accessible alternatives, has been a crucial factor in our decision to conduct an in-depth investigation into this LLM’s effectiveness and capabilities. ChatGPT has demonstrated remarkable performances in various medical examinations, highlighting its potential as a significant educational and assessment tool in the medical field. A study by Oztermeli and Oztermeli in 2023 assessed ChatGPT’s performance in the five most recent medical specialty exams, revealing an average performance ranging from 54.3% to 70.9%, indicating proficient levels of understanding both clinical and basic science questions [12]. Similarly, Flores-Cohaila et al. reported that ChatGPT achieved an “expert-level performance” on the Peruvian National Licensing Medical Examination, with an accuracy of 86% with ChatGPT 4, followed by 77% with ChatGPT 3.5, significantly outperforming the examinee average of 55% [13]. This underscores ChatGPT’s potential to enhance medical education, especially in regions where access to educational resources may be limited.



However, acknowledging ChatGPT’s limitations is critical. Research has shown that earlier versions like ChatGPT 3.5 hovered at or near the passing threshold of approximately 60% for the USMLE. More specifically, Kung et al. demonstrated that ChatGPT 3.5 was unable to achieve a passing score for the Step 1 and Step 2CK examinations, scoring 55.8% and 59.1%, respectively, while it managed a passing score of 61.3% for the Step 3 examination [14]. Although the literature effectively highlights advancements in the accuracies of responses provided by ChatGPT in various medical education scenarios, the reliability of ChatGPT’s responses upon repeated queries remains uncertain. Ensuring high reliability in ChatGPT’s outputs is essential for users to trust its data-driven conclusions. Reliable information is of paramount importance in the medical field, where chatbots like ChatGPT can serve as a significant source of healthcare information for patients.



In this context, our aim was to assess the accuracy and reliability of ChatGPT in answering medical examination questions when queried multiple times. We also intended to contrast the performances of both commercially available versions, ChatGPT 3.5 and ChatGPT 4, to better understand their respective strengths and weaknesses.



The evolution of AI in medicine reflects a broader trend toward digital transformation in healthcare. AI-driven solutions, including chatbots, are increasingly being integrated into healthcare systems to support diagnostic processes, patient engagement, and personalized care plans. These technologies offer the promise of enhancing the efficiency and quality of healthcare services, reducing the burden on healthcare professionals, and facilitating patient access to reliable medical information.



Despite these promising developments, the integration of AI into healthcare raises ethical, legal, and social questions. Issues such as data privacy, algorithmic bias, and the need for transparent and explainable AI solutions are at the forefront of ongoing debates. As AI technologies become more embedded in healthcare, addressing these concerns is crucial to ensure that they serve the best interests of patients and healthcare providers alike.



In conclusion, the role of chatbots like ChatGPT in the medical field is an evolving narrative of technological innovation, offering both significant opportunities and challenges. As we continue to explore and understand the capabilities and limitations of these AI-driven tools, it is essential to approach their integration into healthcare with a balanced perspective, considering both their potential to transform medical education and patient care and the need to address the ethical, legal, and social implications of their use.




2. Materials and Methods


2.1. Question Bank Access and ChatGPT Data Entry


From 22 July to 18 August 2023, we accessed the Amboss© question bank and extracted 450 practice medical examination questions for the scope of this study. Prior to the initiation of the study, official permission for the use of the Amboss© question bank for research purposes was granted by Amboss© (Amboss GmbH, Berlin, Germany). The questions are in English and were specifically designed to aid medical students in their preparation for examination formats in the United States’ medical schools (e.g., shelf examinations, USMLE). Questions were selected from two categories within the question bank: “Shelf” and “Basic sciences”, each with 225 questions. Further, each category was divided into nine distinct subcategories, from which 25 questions were selected from each. The “Shelf” subcategories included Medicine, Surgery, Pediatrics, Obstetrics & Gynecology, Clinical Neurology, Psychiatry, Family Medicine, Emergency Medicine, and Ambulatory Care. The “Basic sciences” subcategories included Anatomy & Embryology, Behavioral Sciences, Biochemistry, Histology, Microbiology, Neurosciences, Pathology, Pharmacology, and Physiology. This categorization was strategically chosen to cover a broad spectrum of topics and specialties across clinical care (“Shelf”) and basic sciences (“Basic sciences”), ensuring comprehensive subject coverage of both more practical and theoretical aspects in medical education, respectively.



Questions were randomly selected using a number generator to guarantee an unbiased distribution, aiming for 25 questions per subcategory. The selected questions were then screened for their compatibility with ChatGPT (i.e., questions based only on text without any additional images) by three independent examiners (M.A.; C.C.H.; P.F.F.) and random checks were performed to ensure that none of the answers were indexed in major search engines. To assess the difficulty of the test questions, we utilized the proprietary rating system of the Amboss© question bank, which assigns a difficulty level based on the number of hammers (ranging from one to five). One hammer represented the easiest 20% of all questions, while five hammers indicated the most difficult 5% of questions [15].



The questions were manually entered into ChatGPT by one examiner (P.F.F.), while strictly adhering to the original text, with a new chat session for each question to prevent memory bias [14]. Further, the authors refrained from using any additional prompts to ensure methodological standardization and minimize the risk of potential systematic errors by influencing the responses provided by ChatGPT through any preceding user prompts (Figure 1). Each question was entered thrice, each for ChatGPT 3.5 and ChatGPT 4. ChatGPT’s responses were recorded and entered into the corresponding Amboss© practice questions. Subsequently, data regarding the accuracy of the responses were meticulously gathered and collected in a separate excel spreadsheet. A comprehensive depiction of the entire study’s workflow can be found in Figure 2.




2.2. Statistical Analysis


Differences between the overall accuracies of ChatGPT 3.5 and ChatGPT 4 were calculated using a paired sample t-test while differences between question categories were calculated employing the independent student’s t test. Differences in the consistency between question entry rounds for each version were determined using Cochran’s Q test. The statistical analysis was conducted with IBM SPSS Statistics 27 (IBM, Armonk, NY, USA), and a two-tailed p-value of ≤0.05 was deemed to indicate statistical significance.





3. Results


3.1. General Test Question Characteristics and Overall Performance Statistics


A total of n = 2700 ChatGPT queries were manually entered with three queries for both ChatGPT 3.5 and ChatGPT 4 utilizing 450 practice questions (225 shelf and 225 basic science questions). The distribution of question difficulty was 22.0% with 1 hammer, 33.6% with 2 hammers, 28.0% with 3 hammers, 12.4% with 4 hammers, and 4.0% with 5 hammers. The overall accuracy for both versions was 71.7% (1936/2700 entries) while the accuracy was 57.7% (779/1350 entries) and 85.7% (1157/1350 entries) for ChatGPT 3.5 and ChatGPT 4, respectively (p < 0.001). When stratifying for question category, the overall performance for both versions was 71.9% (970/1350 entries) and 71.6% (966/1350 entries) for shelf and basic science questions, respectively (p = 0.918). Statistically significant differences in the accuracies of ChatGPT 3.5 and ChatGPT 4 were found for both shelf questions with 56.7% (766/1350 entries) and 87.0% (1174/1350 entries) with p < 0.001 and basic science questions with 58.7% (792/1350 entries) and 84.4% (1144/1350 entries) with p < 0.001. No statistically significant differences were found between both question categories for neither ChatGPT 3.5 with p = 0.635 nor for ChatGPT 4 with p = 0.374.




3.2. ChatGPT 3.5 Performance


In a detailed analysis of the response accuracy across three rounds of questions submitted to ChatGPT 3.5, the data revealed that the accuracy of correct responses was quantified at 57.6%, 57.1%, and 58.4% for the first, second, and third rounds, respectively. A statistical analysis indicated no significant variance among these percentages, with a p-value of 0.793, suggesting that the differences in accuracy rates between rounds were not statistically significant. Furthermore, the study found that in 44.9% of cases (202 out of 450 entries), ChatGPT consistently selected the correct answer across all three rounds of questions. In contrast, the correct answer was selected in two out of the three rounds in 11.6% of cases (52 out of 450 entries) and in only one round in 15.3% of cases (69 out of 450 entries). Notably, in 28.2% of cases (127 out of 450 entries), ChatGPT did not choose the correct answer in any of the rounds of entry. This comprehensive examination sheds light on the consistency and variability of ChatGPT 3.5’s performance in accurately responding to user queries across multiple rounds of interaction, highlighting areas for potential improvement in future iterations of the model.




3.3. ChatGPT 4 Performance


The accuracies of correct responses were measured to be 86.4%, 85.8%, and 84.9% for the first, second, and third round of questions entries into ChatGPT 4, respectively. No statistically significant difference between the three question entry rounds was found with p = 0.571. In 77.8% (350/450 entries) of cases, the correct answer was consistently chosen throughout the three rounds of entries while it was chosen in 9.1% (41/450 entries) in two rounds and in 5.6% (25/405 entries) in only one round. In 7.6% (34/450 entries) of cases, the correct answer was not chosen in any of the entry rounds. Response accuracies for both ChatGPT 3.5 and ChatGPT 4, when stratified by difficulty (i.e., number of Amboss© hammers), are summarized in Table 1.





4. Discussion


In the present study, we conducted an in-depth investigation to assess the accuracy and reliability of both commercially available versions ChatGPT 3.5 and ChatGPT 4 in answering medical examination questions sourced from the Amboss© question bank when queried multiple times. Our objective was to comprehensively evaluate ChatGPT 3.5’s and ChatGPT 4’s performances and their ability to respond to complex medical scenarios.



A major strength of our study was the utilization of an extensive practice question bank, kindly granted permission by Amboss©. This enabled us to categorize questions based on various medical categories, question types, and difficulties, facilitating an in-depth and insightful analysis of ChatGPT’s computational capabilities. These findings have important implications for the field of medical education and can contribute to further improvements in the training and development of AI systems in healthcare.



After the media hype clears, it becomes more and more apparent that ChatGPT is a boon and bane for state-of-the-art medical education. On the one hand, ChatGPT condenses medical knowledge, rendering the principles of clinical reasoning and patient examination a more compact body of knowledge. Subsequently, ChatGPT can help regulate the overflow of medical information and link the multitude of unconnected education resources, ultimately freeing up more time to master clinical topics. In contrast, ChatGPT poses the risk of developing a tunnel view of medical data and clinical knowledge by streamlining the information flow. Besides the complexity of its application, there have been concerns about the possibility of AI tools like ChatGPT being exploited to cheat or secure unfair benefits in medical exams. It is crucial to note that our research was focused on assessing ChatGPT’s efficacy as a study aid, rather than promoting its usage during actual exams. Despite these obstacles, the main message is the significance of incorporating ChatGPT into a broader educational strategy. This method should enhance AI-based education with conventional teaching methods, including textbooks, lectures, and personalized guidance from experts in the field. Such a blend not only offers a comprehensive learning experience, but also addresses potential issues of dependability and ethics that might arise from relying exclusively on AI tools for educational objectives.



Before ChatGPT was made available to the public, various research efforts were undertaken to assess how well AI models could respond to questions from medical licensing exams. For instance, Jin and colleagues observed that such models achieved a mere 37% accuracy when they tested them on a collection of 12,723 questions from Chinese medical licensing exams [16]. Similarly, Ha and their team found an even lower success rate of 29% after reviewing 454 questions from the 2019 USMLE Step 1 and Step 2 [17].



ChatGPT transcends the limitations of conventional question–answering approaches, marking a considerable advancement in the realm of online knowledge retrieval that benefits both medical professionals and the general public. Gilson and colleagues have shown that ChatGPT’s performance is on par with, or even exceeds, that of earlier models when dealing with questions of similar complexity and subject matter [18]. This underscores the model’s enhanced capability for producing precise answers through comprehensive analysis and medical insight.



The integration of AI tools like ChatGPT into the medical field has sparked a considerable amount of interest among healthcare professionals and medical educators. This interest stems from the potential of these tools to enhance the learning experience for medical students, aid physicians in keeping abreast of the latest medical knowledge, and offer patients access to information that can aid in understanding their health conditions. The performance of ChatGPT in responding to medical examination questions offers a window into its reliability and potential utility in real-world medical scenarios. Our research aligns with previous studies, presenting evidence that the accuracy and consistency of ChatGPT have seen significant improvements from version 3.5 to version 4, across various languages, medical specialties, and educational systems [13,19,20,21,22,23,24,25].



In our study, ChatGPT version 4 demonstrated a remarkable improvement in performance, with an 85.7% rate of correctly answered questions, compared to the 57.7% accuracy rate of its predecessor. This improvement is indicative not only of the model’s enhanced understanding of medical content, but also of its ability to provide consistent responses. Specifically, our study revealed that in 77.8% of cases, ChatGPT version 4 consistently chose the correct answer across all rounds of questioning, a substantial increase from the 44.9% consistency rate of ChatGPT 3.5.



The advancements in ChatGPT’s performance can be attributed to several key developments in its underlying technology. The model has benefited from the implementation of more sophisticated and efficient computing algorithms, enabling it to process and interpret larger datasets with greater precision. Moreover, the breadth and recency of the training data used have significantly enhanced the model’s comprehension capabilities. Notably, architectural changes have played a crucial role, with ChatGPT 4 rumored to possess a vastly larger number of parameters, potentially in the trillions, compared to the 175 billion parameters of its predecessor. This leap in architectural complexity, coupled with improvements in training methodologies, has led to noticeable enhancements in the model’s output. These include increased accuracy, a reduced tendency to generate implausible or irrelevant information, and a boost in the confidence levels of its responses, as our study effectively illustrates [26,27,28,29].



The implications of these advancements are profound, especially in the medical context, where reliability and accuracy are paramount. If the performance of ChatGPT on medical examination questions can serve as a surrogate for its reliability in providing medical information, it represents a significant step forward. However, despite these promising developments, it is essential for medical students, physicians, and patients to approach the information provided by AI tools like ChatGPT with caution. The inherent limitation of such tools is their reliance on the information provided to them, which means there is always a risk of omitting critical data necessary for making comprehensive, data-driven decisions. This underscores the importance of the continuous, rigorous evaluation of AI tools, particularly in critical domains like healthcare.



Nonetheless, the improvements in accuracy and consistency observed in ChatGPT 4’s performance are noteworthy. They highlight the tool’s potential to play a significant role in medical education and clinical practice, offering support in a variety of healthcare scenarios. Remarkably, ChatGPT 4’s test-taking capabilities have been shown to surpass those of many medical students, indicating that it meets the rigorous knowledge requirements essential for delivering high-quality healthcare. Furthermore, recent studies have suggested that AI can exhibit a degree of empathetic understanding, previously thought to be exclusive to human healthcare providers. This ability to engage with patients in a natural and effective manner suggests that AI can fulfill both the “hard skills” related to medical knowledge and the “soft skills” related to patient care [30,31,32].



However, it is crucial to recognize that the provision of healthcare extends beyond the fulfillment of quantifiable criteria. The nuanced judgment that comes from the personal assessments of patients, coupled with the empathetic connections developed through face-to-face interactions, remains irreplaceable. While AI technology offers valuable tools that can support various aspects of healthcare delivery, the unique contributions of human healthcare providers in offering compassionate, holistic care cannot be overlooked. As we continue to explore the integration of AI into medicine, it is vital to maintain a balanced perspective, embracing the potential of these technologies while acknowledging their limitations.



In conclusion, the enhanced performance of ChatGPT in responding to medical examination questions signals a promising advancement in the use of AI in healthcare. These improvements in accuracy and consistency reflect the model’s growing capability to support medical education and clinical decision making. However, the critical roles of human judgment and empathy in healthcare delivery underscore the importance of using AI as a complementary tool rather than a replacement for human healthcare providers. As AI technologies evolve, their potential to transform healthcare is undeniable, but their integration into the medical field must be approached with careful consideration of their strengths and limitations [33,34,35]. The future of healthcare will likely be characterized by a synergistic partnership between AI and human expertise, leveraging the best of both worlds to enhance patient care and medical education.




5. Limitations


This study offers insightful observations on the performance metrics of ChatGPT versions 3.5 and 4 in the context of medical examination queries, shedding light on their potential utility and accuracy in educational settings. However, it is essential to recognize several constraints that might impact the interpretation and applicability of the findings.



First and foremost, the study’s methodology might have been subject to selection bias due to the partially manual selection process utilized for gathering questions from the Amboss© question bank. Despite employing a random selection strategy, the deliberate omission of image-based questions could inadvertently influence the difficulty level and subject matter of the questions ultimately chosen for analysis. This bias could have skewed the study’s outcomes, making them less representative of the full spectrum of medical examination content. Moreover, the exclusive reliance on a single question bank and a specific question format could have limited the study’s relevance across the diverse landscape of medical education and clinical practice, potentially affecting the generalizability of the results to other examination types or educational tools, including key feature questions, essay formats, or objective-structured clinical examinations (OSCEs) [36,37].



Another notable limitation is the study’s focus on the accuracy and consistency of ChatGPT’s responses, while overlooking the AI’s reasoning processes or its capability to provide explanatory context for its answers. This omission is significant because the ability to understand the rationale behind a response is crucial in medical education and clinical decision making. By neglecting to examine the AI’s reasoning, this study may not have fully captured the educational value of ChatGPT, particularly in scenarios where comprehending the “why” behind an answer is as critical as the answer itself.



Furthermore, the research was conducted under controlled conditions, which may not accurately mirror the complex and unpredictable nature of real-life medical testing and patient care environments. The study’s standardized methodology, aimed at ensuring reproducibility, did not account for the potential impact of variable user interactions, question formulations, or the context of inquiries on the performance of ChatGPT. This limitation raises questions about the external validity of the findings, especially concerning the practical application of ChatGPT in genuine medical education and clinical settings.



Taking these limitations into account is crucial for a balanced interpretation of the study’s results. Future research endeavors should strive to mitigate these issues by broadening the scope of question types included in the analysis, diversifying the methods of question presentation, integrating an examination of the AI’s reasoning capabilities, and assessing the application of AI tools like ChatGPT in real-world clinical and educational contexts. Such comprehensive evaluations are vital for accurately determining the utility and reliability of AI in enhancing medical education and improving clinical decision-making processes. This approach will not only enrich our understanding of AI’s potential roles in healthcare, but also help in identifying areas where further development and refinement are needed to maximize the benefits of AI technologies in medical training and practice.




6. Conclusions


Our study aimed to rigorously evaluate the performances of ChatGPT versions 3.5 and 4 in the context of medical examination questions, focusing on their accuracy and consistency. The advent of AI in healthcare has opened new avenues for augmenting medical education and supporting clinical decision-making processes. With the healthcare sector increasingly relying on AI tools for various applications, the reliability and precision of these technologies are paramount. In our comparative analysis, ChatGPT 4 emerged as a significantly improved version, showcasing enhanced accuracy and consistency in its responses. This progression underscores the potential of advanced AI systems like ChatGPT 4 to serve as invaluable assets in the medical field, offering support in both educational environments and clinical settings.



The importance of high reliability in AI-generated responses cannot be overstated, particularly when these responses are utilized to assist physicians and patients in making informed healthcare decisions. Our findings suggest that as AI technologies like ChatGPT continue to evolve, they could play a pivotal role in shaping the future of medical consultation and patient care. Nevertheless, it is crucial to acknowledge that despite the significant benefits AI introduces to healthcare, it is designed to function as an augmentative tool rather than a standalone solution. The nuanced judgment, critical thinking, and interpersonal dynamics that human healthcare professionals bring to patient care are irreplaceable and remain at the core of effective healthcare delivery.



Therefore, while AI, exemplified by the advancements seen from ChatGPT 3.5 to ChatGPT 4, offers a multitude of opportunities for enhancing healthcare services, it is essential to maintain a balanced perspective. Emphasizing the augmentative nature of AI underscores the technology’s role in supporting, not supplanting, the expertise and empathetic care provided by human healthcare professionals. This balanced approach ensures that AI’s integration into healthcare augments the human elements that are fundamental to delivering compassionate and effective care, thereby maximizing the benefits of AI for patients and healthcare providers alike.
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Figure 1. Manual entry of an exemplary question into ChatGPT. 
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Figure 2. Comprehensive overview of the study’s workflow. 
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Table 1. Summary of the accuracies of ChatGPT 3.5 and ChatGPT 4 through the three entry rounds, stratified by practice question difficulty.
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