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Abstract

Introduction: Artificial intelligence (AI) emergence has changed the medical education landscape. The
United States Medical Licensing Exams increasingly include questions in the “Social Sciences
(Ethics/Legal/Professional)” domain, which often require reasoning through complex scenarios. This
study evaluates three Al platforms in answering such preparation questions.

Methods: Social-science questions from UWorld and Amboss were accumulated for Steps 1 and 2.
Multiple-choice questions were entered into ChatGPT, Gemini, and Perplexity, yielding a correct/incorrect
response. Percentages of correct responses were compared between platforms and to student averages.
Analysis of variance and t-tests conducted determined statistical significance, the upper threshold being P
=0.05. As this study focused on quantitative performance, outcomes were limited to accuracy on multiple-
choice items, rather than direct measures of empathetic reasoning.

Results: One hundred nine UWorld and 63 Amboss questions were available for Step 1. A total of 189
UWorld and 185 Amboss questions were available for Step 2. Google Gemini had the highest accuracy for
Step 1 (86.6%), while ChatGPT had the highest accuracy for Step 2 (83.6%). All platforms outperformed
the student average for Step 1 (68.5%) and Step 2 (68.9%), with ChatGPT and Gemini doing so significantly
for Step 1 (p < 0.01), and ChatGPT doing so significantly for Step 2 (p < 0.01).

Conclusion: It is critical to understand whether empathetic thinking can be replicated by technology or
prepare students. This study highlights the ability for AI to solve ethical dilemmas that students may
struggle with.

Categories: Al applications, Al Ethics and Fairness, Al/ML-based decision support systems
Keywords: artificial intelligence, medical ethics, medical education, large language model(llm), exam preparation

Introduction

The rapid advancement and widespread adoption of artificial intelligence (AI) and large language models
(LLMs) is transforming multiple industries including various aspects of medicine. The Al market, valued at
$50 billion in 2023, is projected to grow remarkably, reaching $826 billion by 2030 [1]. With the
democratization of Al tools, these emerging technologies may offer new ways to support students
navigating medical training, including preparation for pivotal exams such as the United States Medical
Licensing Examination (USMLE). As medicine adapts to this technological shift, the role of LLMs in
shaping how future physicians learn, reason, and make decisions is becoming a central question.

Despite the promise of Al in medical education, its integration has been met with mixed responses [2-4]. A
2023 study by Alkhaaldi et al. [2] found that only 20.4% of surveyed residency applicants endorsed using
Al to complete written assessments, and 9.4% used Al for clinical work. However, the majority of
applicants expressed interest in utilizing Al during residency to explore new medical topics and exam
preparation [2]. It appears that Al use is increasing drastically in medical education, with a 2024 study by
Zhang et al. [3] finding that nearly half of United States medical students were using Al tools like ChatGPT
to assist in their studies, particularly for writing, revising, and summarizing content. Similarly, a 2022
survey by Pucchio et al. [4] revealed that 94% of medical students believe AI will become more common in
the future, with 84% agreeing that it will improve medicine. A majority also advocated for formal Al
education in medical curricula to optimize the use of emerging technologies [4].

In the realm of medical education, LLMs like Generative Pre-trained Transformer 4 (GPT-4) have
demonstrated the ability to effectively answer USMLE board-style questions both for the Step 1 and Step 2
examinations [5]. With an increased number of questions on ethical scenarios in the USMLE [6], there is a
question of whether LLMs have the ability to empathetically and ethically reason through complex social
scenarios at the level comparable to medical students. These questions are important as they are designed
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to assess a physician's ability to navigate complex moral dilemmas with empathy and strong ethical
judgment. These are skills included in a majority of medical curricula, which have been identified as
essential for providing compassionate patient care [7]. UWorld is one of the most used online preparation
resources for standardized medical examinations, with over 90% of medical students choosing this
resource for exam preparation [8]. UWorld has been previously shown by multiple studies to be a
predictive factor for USMLE exam performance [9-10]. Similarly, Amboss has previously been associated
with positive learning outcomes for medical students [11], with every two out of three United States
medical students using the online platform to prepare for their examinations [12]. In preparation for
USMLE exams, previous literature has found that ChatGPT is capable of performing at or near the passing
threshold for Step 1, Step 2 Clinical Knowledge (CK), and Step 3 questions, although this study did not
specify how well specific test sections were performed, such as the ethics discipline [5].

Of the LLMs in the market, ChatGPT hosts nearly 300 million weekly active users worldwide, 70 million of
which are from the United States. ChatGPT also accounts for nearly 63% of the market share of all Al tools
[13]. A recent study found that 96% of medical students had heard of ChatGPT with 52% using it for
medical school coursework [14]. Likewise, Google Gemini has an average of nearly 275 million monthly
visits, with the highest share of traffic being from the United States [15]. Perplexity has 10 million active
monthly users, with 45 million visits in December 2023. The United States is also in the top three user
bases of Perplexity [16]. A major commonality and important consideration of these three LLMs is their
affordability as free-to-use platforms, thereby making them more accessible for medical students [4,17-
18]. When comparing the three models in terms of content generation, a recent study found that ChatGPT
is best at processing textual data, in comparison to Gemini and Perplexity who are capable of processing
both text and visual-based data [19].

A previous study on 80 board-style questions found Al to be effective in answering these ethically charged
questions, with GPT-4 outperforming ChatGPT [20]. The present study aims to build on this body of
research by analyzing the ethical decision-making capacity of a variety of generative Al tools with the
largest question sample size to date. By comparing the responses of multiple LLMs, this study seeks to
provide a comprehensive understanding of Al platform strengths and limitations in addressing the ethical
challenges faced by medical professionals. In doing so, this work contributes not only to the evaluation of
Al as a practical study tool, but also to the broader conversation about how LLMs may reshape the ethical
reasoning, empathy, and clinical judgment that define the practice of medicine in the 21st century.

Materials And Methods

Input source

Three LLMs were used in this study: ChatGPT-40, Google Gemini 2.0 Flash, and Perplexity free [21-23].
ChatGPT-4o is a transformer-based autoregressive language model trained on large-scale textual data to
predict and generate human-like text [21]. Google Gemini 2.0 Flash is a multimodal LLM that leverages
both text and image inputs with transformer-based attention mechanisms, optimized for general
reasoning tasks [22]. Perplexity free is a retrieval-augmented LLM that combines pre-trained language
generation with external knowledge sources to provide informative and contextually relevant responses
[23]. All three models generate responses using probabilistic pattern recognition over learned language
representations rather than explicit rule-based reasoning. They were chosen based on their large United
States user base and free-to-use option.

All questions within the system of “Social Sciences (Ethics/Legal/Professional)” of UWorld and “Social
Sciences” of Amboss were accumulated from the Step 1 and 2CK question banks [24]. Question collection
was conducted between January 3-9, 2025, acknowledging that UWorld and Amboss periodically update
their banks and that future replications may differ slightly depending on the versions available at the time
of access. This totaled to four preparation question banks: 109 from UWorld Step 1, 189 for Uworld Step 2,
63 for Amboss Step 1, and 185 for Amboss Step 2 CK. Each question along with its multiple-choice
answers was entered in a randomized order into each respective LLM model. The scoring consisted of
allocating one point based on whether each question entered into the LLM model matched the correct
answer indicated by UWorld or Amboss preparation banks. If the LLM model incorrectly identified the
letter choice based on the options provided by the preparation bank, then it received a score of 0. Each
question was only inputted once into the LLM models. This “one-shot” approach was chosen to provide a
consistent and reproducible assessment of initial LLM accuracy, reflecting a standardized testing scenario.
We acknowledge that it may disadvantage models capable of refining answers after follow-up prompts,
which some students might use in practice. The number of points based on each LLMs correctness of
questions within their respective question banks was summed, and divided by the total number of
questions within that preparation bank (109 from UWorld Step 1, 189 for UWorld Step 2, 63 for Amboss
Step 1, and 185 for Amboss Step 2 CK). This resulted in each of the four question banks having three
percentage scores for ChatGPT-40, Google Gemini 2.0 Flash, and Perplexity free.

A weighted average score for each LLM was also created based on their overall performance for either Step
1 preparation questions, across both UWorld and Amboss using the following formula: ((109*UWorld%
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correct )+(63*Amboss% correct))/(109+63). Similarly, this was also done for Step 2, using the following
formula: ((189*UWorld% correct)+(185*Amboss% correct))/(189+185). This resulted in each LLM having
two weighted average scores, one for Step 1 and another for Step 2 preparation questions. Weighted
averages were calculated for each LLM across UWorld and Amboss question banks to ensure proportional
representation of question bank sizes, so that larger banks contribute appropriately more to the overall
performance metric than smaller banks.

Average medical student percentage correct scores were gathered for each of the Social Science
preparation question banks, based on the information provided from both UWorld and Amboss
preparation resources. These averages reflect performance on practice questions and are not standardized
across cohorts, nor are they equivalent to final USMLE exam performance. Weighted averages were
calculated using the same formulas to provide a reference point for LLM performance.

To address the scope of question content, we note that the UWorld “Social Sciences
(Ethics/Legal/Professional)” and Amboss “Social Sciences” categories are exam preparation resources
modeled after, but not identical to, the NBME Social Sciences content outline. While they are widely used
by medical students to prepare for USMLE examinations [8,12], they do not represent the official NBME
item pool. Within our dataset, questions represented a mixture of ethical/empathetic, ethical/legal, and
professional responsibility items. While a detailed subcategorical breakdown (e.g., proportion of
empathetic vs. legal reasoning questions) was not performed in this study, we recognize this as a
limitation and an opportunity for future work to more precisely categorize and analyze question types.

Statistical analysis

The percentage of correct responses per platform was calculated separately for Step 1 and Step 2, and
overall accuracy scores were computed to analyze differences between Al platforms and question bank
origins. UWorld and Amboss provide the average score among medical students who completed the same
questions, and these scores were recorded for comparison with LLM accuracy.

A one-way analysis of variance (ANOVA) was performed using Microsoft Excel [24] to assess differences
between LLMs for each question set, with p-values reported precisely (e.g., P = 0.60). Post-hoc pairwise
comparisons were conducted using t-tests with Bonferroni correction to account for multiple comparisons
and reduce Type I error. Effect sizes were calculated for both ANOVA (n?) and t-tests (Cohen’s d) to
quantify the magnitude of differences between LLMs and between LLMs and medical student averages. A
significance threshold of P = 0.05 was applied.

Results And Discussion
Experimental setup

The questions were obtained using a new anonymized account for UWorld and Amboss preparation
resources. A data table was created in Microsoft Excel [25] for each of the four question banks (UWorld
Step 1, UWorld Step 2CK, Amboss Step 1, and Amboss Step 2 CK). This sheet was utilized for the purpose
of scoring a question within each bank, either 1 point or 0 points across each LLM. A new private window
was opened and utilized for each set of questions for the four preparation banks, and each LLM assessed.
Each question was then copied and pasted one at a time into its respective LLM.

Step 1

This study yielded a total of 109 UWorld questions and 63 Amboss questions under the Step 1 social
science/ethics discipline. As demonstrated in Table /, ChatGPT answered 82.6% (90/109) of UWorld
questions correctly, while Google Gemini performed slightly better at 85.3% (93/109), and Perplexity
performed with a 73.3% (80/109) correctness. ChatGPT answered 90.4% (57/63) of Amboss questions
correctly, with Google Gemini similarly answering 88.8% (56/63) correctly. Perplexity had the lowest
correct response rate at 73.0% (46/63).
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UWorld question bank percent Amboss question bank percent Weighted average of question banks P-
Large language model
correct correct percent correct value
ChatGPT 40 82.6 90.4 85.5
<0.005
Google Gemini 85.3 88.8 86.6
<0.005
Perplexity 733 73 73.2 P=
0.098
Average of all Al models 80.4 84.1 81.8
<0.005
Average medical
66.7 71.6 68.5

student score

TABLE 1: USMLE Step 1 social science/ethics question banks correctness.

P-value indicating significant differences between average large language model score and average medical student score using t-tests (*P < 0.05).

USMLE, United States Medical Licensing Examination

Step 2

This study yielded a total of 189 UWorld questions and 185 Amboss questions under the Step 2 social
science/ethics discipline. ChatGPT had the highest correct response rate for Amboss preparation
questions at 81.0% (150/185) (Table 2). Meanwhile, Google Gemini's correct response rate was 72.9%
(135/185) and Perplexity was similar in performance with an accuracy rate of 70.2% (130/185). On average,
ChatGPT answered 86.2% (163/189) of UWorld preparation questions correctly, while Google Gemini
performed slightly higher at 87.3% (165/189). Perplexity performed the highest of all platforms at 87.8%
(166/189) (Table 2).

UWorld question bank percent Amboss question bank percent Weighted average of question banks P-
Large language model
correct correct percent correct value
ChatGPT 86.2 81 83.6 D=
0.047
Google Gemini 87.3 72.9 80.2 -
0.199
Perplexity 87.8 70.2 79.1 P=
0.278
Average of all Al models  87.1 747 81.0 )
0.154
Average medical
65.8 72.0 68.9

student score

TABLE 2: USMLE Step 2 social science/ethics question banks correctness

P-value indicating significant differences between average LLM score and average medical student score using t-tests (*P < 0.05).

USMLE, United States Medical Licensing Examination

It was determined that Perplexity had the worst performance across both UWorld and Amboss question
banks for both Step 1 and Step 2 preparation. ChatGPT was determined to be the most accurate LLM in
answering Amboss questions for either Step 1 or 2 preparation. Google Gemini was the most accurate tool
to use for UWorld Step 1 preparation.
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ANOVA demonstrated no statistically significant differences between the UWorld and Amboss question
banks for both Step 1 (P = 0.60, n% = 0.004) and Step 2 (P = 0.35, n% = 0.004). ANOVA determined that
accuracy was significantly different between the three LLMs in the Step 1 combined question banks (P <
0.001, n? = 0.12). However, ANOVA did not identify a statistically significant difference between accuracy
of the LLMs in the Step 2 question bank (P = 0.08, n2 = 0.007).

Post-hoc t-tests with Bonferroni correction revealed that ChatGPT (P = 0.01, Cohen’s d = 0.61) and Google
Gemini (P =0.01, Cohen’s d = 0.58) were significantly more accurate than medical students in answering
Step 1-level social science/ethics questions. The question-solving accuracy of Perplexity was not
significantly different from medical students (P = 0.10, Cohen’s d = 0.18). For Step 2, statistically
significant differences were observed only between ChatGPT and medical students (P = 0.01, Cohen’s d =
0.48), whereas differences for Gemini (P = 0.199, Cohen’s d = 0.12) and Perplexity (P = 0.278, Cohen’s d =
0.10) were not significant.

These results suggest that while performance among LLMs is largely comparable, ChatGPT consistently
outperformed medical students with moderate effect sizes, whereas differences for other LLMs were
smaller or non-significant.

The purpose of this study was to assess and compare the accuracy of three LLMs including ChatGPT,
Google Gemini, and Perplexity, in solving board-style questions from the two most commonly used social
science/ethics question banks used by medical students preparing for the USMLE. The results
demonstrated notable differences in the accuracy of responses between the LLMs and average medical
student scores, highlighting their ability to navigate complex empathy-based scenarios and potential for
serving as tools for medical board exam preparation.

The consistent low performance of Perplexity across both question banks for Step 1 and Step 2
preparation suggests that it may not be the ideal LLM in preparing for complex social and ethical board-
style questions. These findings are further supported by previous studies in which Perplexity was
compared with three other LLMs in medical decision-making and was found to have the lowest mean
accuracy [26]. Our results suggest that ChatGPT and Google Gemini may be better suited options for
learners seeking guidance with ethical dilemmas in medicine. However, it is important to note that this
study solely observed the accuracy of Al-generated responses to multiple choice questions, which may not
fully encompass the multi-faceted approach to assessing the quality of an educational tool. When
considering the possibility of using Al as a learning tool, additional factors must be considered, including
quality of explanations generated by the LLM.

The ability of LLMs to respond to empathy-based prompts is of increasing importance. Medical students
face an overwhelming amount of information to master, and LLM tools serve as valuable assistance in
studying for board examinations. By assessing the reliability of LLMs in specific question banks, students
can make informed decisions about which LLMs to incorporate into their study routines. LLMs are also
becoming more prevalent in medical decision-making. A recent study comparing responses of ChatGPT
and physicians to patient inquiries through social media found that ChatGPT’s responses were viewed as
more empathetic, emphasizing its potential to display human-like characteristics [27]. Therefore, it is
essential that LLM can provide reliable responses and be used as an effective supplement.

The present study is the first of its kind to compare the performance of different LLMs in responding to
complex ethical scenarios in the form of board-style questions. It is also the first to do so with two input
sources including AMBOSS and UWorld, yielding the largest sample size of questions to date. A previous
study assessed the ability of ChatGPT and GPT-4 in answering ethics-style questions, with an overall
accuracy score of 62.5%; however, multiple Al platforms and a broad question sample were not assessed
[28]. However, the notable difference in accuracy between the aforementioned study and our study poses
the question of whether Al platforms have continued to strengthen neural networks relating to ethical
questions in medicine over time. ChatGPT-4.5 [29] represents an important evolution in LLM capabilities,
demonstrating improvements in intuition and scaling reasoning. Given its enhanced ability to process
complex ethical dilemmas and provide empathetic responses, it may serve as a study aid in reflective
learning regarding medical ethics and patient interactions. Future research should examine how ChatGPT-
4.5 performs in open-ended or interactive cases as a comprehensive medical learning tool.

A limitation of this study is that, due to limited sample size, it was unable to further assess subgroups of
these ethics questions such as difficulty ratings or related specialty. This may have provided insight into
specific strengths or weaknesses in each LLM. The study also did not assess the quality of Al-generated
explanations for their answers, which would provide more information on how each platform may be used
as a learning tool for students. Additionally, students are learning when performing board-style question
banks. Due to the role of UWorld and Amboss as study tools, they may present deflated medical student
averages in comparison to student performance on the official USMLE. It is also important to note that
each LLM was given only one attempt per question (“one-shot” prompting) in this study. While this
approach reflects a standardized testing scenario and allows reproducible assessment of initial accuracyj, it
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may disadvantage models capable of refining answers through follow-up prompts. In practice, students
may interact iteratively with LLMs, requesting explanations or clarifications, which could impact
performance. This represents an opportunity for future research to evaluate multi-step or interactive
prompting strategies.

Conclusions

This study provides valuable insights into the accuracy and effectiveness of different LLMs for medical
exam preparation within the social science/ethics discipline. The dataset included multiple-choice
questions from UWorld and Amboss question banks in the categories of ethical/legal and professional
responsibility scenarios. The results suggest that ChatGPT and Gemini may both be strong supplemental
resources for Step 1 question banks; however, ChatGPT may be the only strong supplemental LLM for Step
2 question banks. ChatGPT was shown to be the most reliable LLM for this style of question, while
Perplexity was the least reliable; however, all the Al platforms studied outperformed medical students on
these practice questions. Given the growing role of LLMs in medical education and decision-making, their
ability to provide accurate responses in complex ethical scenarios is increasingly important. Future
studies may explore LLM performance across diverse medical disciplines, assess the impact of continuous
model updates, and examine the quality of explanations provided. Understanding these factors will help
medical students make informed decisions about integrating Al tools into their study routines and ensure
that these models serve as effective educational supplements.

Appendices

Link to Dataset: https://docs.google.com/spreadsheets/d/1rcF_-G6yWfGScrRdHPy-
j8rg1tI6M30wYLQ4YniCcms/edit?usp=sharing
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