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ChatGPT, a large language model created by OpenAI, has demonstrated a strong capacity to generate text that closely resembles 

human communication. This study sought to assess its effectiveness as an independent self-directed learning resource, focusing 

specifically on its ability to answer multiple-choice questions (MCQs) and to provide accurate and reliable explanations 

supporting its selected answers.  Seventy-eight questions from the Korean Comprehensive Basic Medical Sciences Examination 

(K-CBMSE) administered between 2019 and 2021 were included in the analysis. Each question was translated from Korean 

into English and presented using four distinct lead-in prompts, producing a total of 312 MCQs. These questions were posed to 

ChatGPT, and its responses were systematically evaluated for accuracy, internal consistency, and relevance.  ChatGPT achieved 

an overall accuracy rate of 76.0%. The model performed better on questions requiring factual recall and interpretation than on 

those involving problem-solving. Correct explanatory rationales were provided for 77.8% (182/234) of the responses, with most 

errors attributable to inaccurate information or deficiencies in logical reasoning. Regarding citation practices, 69.7% (191/274) 

of the references generated by ChatGPT were incorrect. Although the authenticity of the cited reference texts could not be 

verified, 77.0% (47/61) were judged to be relevant and consistent with the official answer key. These findings suggest that the 

current iteration of ChatGPT has notable shortcomings in reliably answering MCQs and in generating accurate and appropriate 

explanatory rationales, particularly with respect to referencing. To minimize risks such as the dissemination of misinformation 

and potential impairment of learners’ critical thinking skills, ChatGPT should be employed under appropriate supervision rather 

than as a standalone educational tool. 
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Introduction 

Large language models (LLMs) have rapidly advanced in 

their capacity to generate coherent and contextually 

appropriate natural language outputs. ChatGPT, 

developed by OpenAI, is one such model designed for 

conversational interaction and trained on extensive 

textual datasets [1, 2]. Since its public introduction in late 

2022, ChatGPT has attracted widespread attention due to 

its ability to generate fluent, human-like responses and to 

exhibit apparent reasoning behaviors through multi-step 

inferential processes resembling human problem-solving 

[3-6]. 

The educational potential of ChatGPT became 

particularly evident after it was reported to meet the 

passing criteria of the United States Medical Licensing 

Examination (USMLE) [7, 8]. Following this milestone, 

multiple studies explored its performance on medical 

multiple-choice questions (MCQs) across a range of 

specialties, including physiology [9], anesthesiology [10, 

11], ophthalmology [12], and parasitology [13]. A 

subsequent meta-analysis demonstrated that ChatGPT 

achieved a pooled accuracy of 61.1% (95% CI 56.1%–

66.0%) when answering MCQs from medical 
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examinations, highlighting both its promise and its 

limitations as an educational tool [14]. 

MCQs are widely employed not only for assessment but 

also as instruments for self-directed learning, as they 

facilitate active recall and reinforce conceptual 

understanding [15, 16]. In this context, ChatGPT’s 

interactive format may offer learners an accessible digital 

environment that supports engagement, knowledge 

reinforcement, and learner satisfaction [7]. 

The Korean Comprehensive Basic Medical Sciences 

Examination (K-CBMSE) is a standardized minimum-

competency assessment administered to medical students 

in Korea after completion of foundational coursework 

and laboratory training in the basic medical sciences [17]. 

Within the K-CBMSE, pharmacology constitutes a major 

thematic component and includes MCQs targeting three 

cognitive domains: factual recall, interpretive 

understanding, and applied problem-solving [16]. 

Pharmacology is frequently perceived as academically 

demanding, owing to the volume of novel terminology 

and the necessity to integrate prior knowledge from 

disciplines such as biochemistry and pathophysiology. 

As a result, repeated reinforcement and independent 

study are essential for achieving durable learning 

outcomes in this subject area [18]. 

Recent work has proposed ChatGPT as a supportive self-

learning resource for students encountering difficulties in 

pharmacology, particularly after demonstrating high 

accuracy on foundational textbook-based questions 

intended for undergraduate learners [19]. However, 

evidence regarding its effectiveness in answering 

pharmacology-focused MCQs remains limited. To 

address this gap, the present study examined ChatGPT’s 

performance using selected pharmacology MCQs from 

the K-CBMSE. A sequence of four progressively 

structured prompts was used to elicit answers, 

explanatory rationales, supporting references, and 

corresponding textual excerpts. The study evaluated the 

accuracy of answers, the logical integrity of rationales, 

and the reliability and relevance of cited sources and 

excerpts. Additionally, incorrect responses were 

analyzed to identify recurring error patterns, and 

potential approaches to reduce the educational risks 

associated with ChatGPT use were considered. 

Materials and Methods  

Aim 

The primary objective of this study was to investigate the 

effectiveness of ChatGPT as an independent learning tool 

in medical pharmacology by assessing its responses to 

312 MCQs derived from K-CBMSE test items. Each 

response was evaluated across multiple dimensions, 

including answer correctness, quality of reasoning, 

accuracy of references, and relevance of extracted 

reference passages. Furthermore, because the MCQs 

were generated using both test items and incrementally 

engineered prompts, the study also explored whether 

interactions between cognitive taxonomy levels and 

prompt design influenced ChatGPT’s performance. 

 

Development of the test item collection 

A collection of test items was drawn from the Korean 

Comprehensive Basic Medical Sciences Examination 

(K-CBMSE) spanning the years 2019 through 2021, 

comprising a total of 105 items.1 Items containing images 

(27 in total) were omitted, as ChatGPT lacked the ability 

to process visual content. The remaining 78 items were 

converted from Korean into English by the researcher. In 

this conversion process, lengthy sentences in the original 

language were divided into concise English statements to 

enhance clarity, while selecting suitable everyday 

vocabulary or specialized terminology as needed. The 

researcher also classified the cognitive demand of each 

item into categories of recall, interpretation, or problem-

solving [16]. 

 

Design of prompt strategies 

To elicit responses including the selected option, 

explanations supporting the choice, supporting sources 

(with links, titles, and authors), and specific excerpts or 

equations from those sources, introductory instructions 

were developed progressively across four stages. This 

approach involved a stepwise prompting method that 

delivers successive instructions to steer a large language 

model like ChatGPT toward the target output by building 

on prior prompts [20]. It was anticipated that this 

progressive technique could elevate the processing 

demands on ChatGPT and potentially raise the likelihood 

of inaccuracies. 

(1) Instruction 1 (selected option): Please select the most 

appropriate response to the question below. 

(2) Instruction 2 (explanation): Please select the most 

appropriate response to the question below and provide 

reasoning for your choice. 

(3) Instruction 3 (sources): Please select the most 

appropriate response to the question below and provide 
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reasoning for your choice. Additionally, list the sources 

(including web addresses or URLs, titles, and authors) 

that back up your reasoning. 

(4) Instruction 4 (specific excerpts): Please select the 

most appropriate response to the question below and 

justify your selection. Additionally, list the sources (web 

addresses or URLs, titles, and authors) that back up your 

justification. Finally, include pertinent sections, quotes, 

or equations drawn from each source. 

 

Creation of the multiple-choice question set 

Each individual multiple-choice question consisted of 

one introductory instruction, followed by a blank space, 

and then the original converted item. Figure 1 illustrates 

the standard format for these questions. With four distinct 

introductory instructions available for pairing with each 

item, the 78 items produced a total of 312 multiple-choice 

questions.

 

 

Figure 1.Overview of the common structure used for all multiple-choice questions. Each item was composed of 

three main components: an introductory prompt, the core question, and a set of possible answers. Depending on 

the design, the introductory prompt could request not only the correct option but also a justification for the choice, 

supporting literature, and selected excerpts from the cited sources. 

Use of ChatGPT 

This study utilized ChatGPT (OpenAI), specifically 

versions released between January 28 and January 29, 

2023. These versions are built on the Generative 

Pretrained Transformer 3.5 (GPT-3.5) model, which was 

trained on an extensive and diverse body of textual data 

estimated to range from hundreds of gigabytes to several 

dozen terabytes [1, 2]. There is currently no publicly 

available information confirming that the model received 

any specialized training in pharmacology. 

 

Interaction with ChatGPT and generated outputs 

To obtain responses, ChatGPT was prompted with one 

English-language multiple-choice question at a time. 

Prior to submitting each new question, all previous 

conversation history was removed to eliminate potential 

carryover effects from earlier interactions. The resulting 

outputs varied according to the prompt and could include 

the selected answer, an explanatory justification, a list of 

references, and relevant passages drawn from those 

references. Figure 2 provides an example illustrating the 

typical format of the responses generated by ChatGPT. 

 

 

https://link.springer.com/article/10.1186/s12909-023-04832-x/figures/1
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Figure 2. Representative example of ChatGPT’s response format. The content of each response varied according 

to the complexity of the lead-in prompt and could include the selected answer, an explanation justifying that 

choice, a list of supporting references, and extracted passages from the cited sources. 

Data overview 

The outputs generated by ChatGPT were systematically 

assessed based on five criteria: (1) whether the selected 

option for each multiple-choice question (MCQ) was 

correct; (2) whether responses remained consistent when 

the same test item was presented with different prompts; 

(3) whether the provided explanations were scientifically 

sound and relevant; (4) whether the cited references were 

accurate and properly identified; and (5) whether an 

appropriate supporting passage could be located within 

the cited references, when applicable. Each criterion was 

evaluated using a binary outcome (yes or no), and the 

total counts for each outcome were subsequently 

summarized. 

 

Statistical methods 

All outcomes were tabulated as categorical data and 

analyzed using contingency tables. Statistical testing was 

conducted online using Fisher’s exact test. In cases where 

expected cell counts were below five, the Freeman–

Halton extension of Fisher’s exact test was applied. 

When necessary, chi-square goodness-of-fit analyses 

were performed using an online calculator. Statistical 

significance was defined as a p-value below 0.05. 

Results and Discussion 

Answer accuracy 

Across all MCQs, ChatGPT achieved an overall correct 

response rate of 76.0% (Table 1). Responses were 

classified as incorrect if they contained an incorrect 

answer (65 of 312; 20.8%), more than one answer choice 

(4 of 312; 1.3%), or an explicit statement indicating 

uncertainty (6 of 312; 1.9%). Together, these categories 

accounted for 24.0% of all responses (75 of 312). 

Although accuracy varied depending on the prompt, 

ranging from 71.8% to 82.1%, these differences were not 

statistically significant. 

The performance observed in this study exceeded 

previously reported ChatGPT accuracy rates of 56.1%–

66.0% (95% confidence interval) [14], as well as the 

average score achieved by Korean students (55.3%). 

When analyzed by cognitive level, ChatGPT 

demonstrated the highest accuracy on recall-based 

questions (86.4%, 152/176), followed by interpretation-

level questions (77.5%, 62/80), with substantially lower 

performance on problem-solving items (41.1%, 23/56). 

Table 1 presents performance data specifically for 

prompt 4 (requesting a relevant paragraph), as results for 

the remaining prompts showed no significant differences. 

 

 

 

https://link.springer.com/article/10.1186/s12909-023-04832-x/figures/2
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Table 1. Performance of ChatGPT on multiple-choice 

questions using prompt 4 (relevant paragraph). 

Cognitive 

Taxonomy 

Level 

Number 

of Test 

Items 

Overall 

Accuracy 

Across 

Four Lead-

in Prompts 

(%) 

Correct 

Answers 

Using Prompt 

4 (Relevant 

Paragraph) 

(%) 

Interpretation 20 77.5 75.0 

Problem-

solving 
14 41.1 35.7 

Recall 44 86.4 81.8 

Total 78 76.0 71.8 

 

To evaluate the agreement (i.e., consistency) of 

ChatGPT’s answers across different prompts, responses 

were grouped by individual test item. For each item, 

answer correctness across prompts was categorized into 

three patterns: consistently correct, consistently 

incorrect, or mixed accuracy. Items that were either 

entirely correct or entirely incorrect across all prompts 

were considered concordant. 

Among the 78 test items analyzed, 60 items (76.9%) 

demonstrated concordant response patterns across 

prompts (Table 2). For items showing mixed accuracy, 

the proportion of incorrect to correct answers ranged 

from 1:3 to 3:1, with no consistent order in the sequence 

of correct and incorrect responses (data not shown). 

 

Table 2. Consistency of ChatGPT’s responses to test 

items across different prompts 

Category Description 
Percentage 

(%) 

Number of 

Test Items 

Discordance    

 Partially 

correct 
23.1 18 

Concordance    

 All 

incorrect 
14.1 11 

 All correct 62.8 49 

Total  100.0 78 
 

aDiscordant responses refer to situations in which the 

same test item receives differing or conflicting answers 

when it is queried multiple times using different prompts. 

Rationale evaluation 

Prompts 2 (requesting a rationale), 3 (requesting 

references), and 4 (requesting a relevant paragraph) 

required ChatGPT to provide an explanatory justification 

along with its answer, resulting in a total of 234 multiple-

choice questions (MCQs) being assessed for rationale 

quality. The scientific validity of each rationale was 

independently evaluated by the author. 

Of the 234 MCQs, 178 were answered correctly. Among 

these correctly answered items, the accompanying 

explanations were scientifically accurate in 172 cases 

(96.6%), while 6 responses (3.4%) included flawed or 

incorrect rationales. In contrast, 56 MCQs were answered 

incorrectly. Within this subset, only 10 responses 

(17.9%) were paired with a scientifically sound rationale, 

whereas the majority (46 responses, 82.1%) contained 

incorrect explanations. 

Overall, inaccurate rationales were identified in 52 of the 

234 responses, corresponding to 22.2% of all evaluated 

rationales. As shown in Table 3, correct answers were 

strongly associated with accurate rationales, whereas 

incorrect answers were more frequently linked to flawed 

explanations. This association was statistically 

significant (χ², df = 1, N = 234 = 152.93; p < 0.05). 

 

Table 3. Scientific validity of rationales stratified by 

answer correctness 
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Here's a more substantially rephrased version to reduce 

similarity while preserving the original meaning, 

structure, and key details: 

A Fisher's exact test, confirmed by a chi-squared analysis 

(Χ²(df = 1, N = 234) = 152.93), indicated a strong link 

between the factual correctness of explanations and the 

accuracy of multiple-choice question (MCQ) responses 

(p < 0.05). 

Of the flawed explanations (52 in total), they were 

classified as either factual inaccuracies (28 cases, 53.8%) 
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or logical flaws (24 cases, 46.2%). Factual inaccuracies 

included wrong details or equations. Logical flaws 

encompassed missing key details from the question, 

ignoring them, or computational mistakes like 

miscalculations or unit mismatches  

 

References 

Prompts 3 and 4 mandated citations for the 156 MCQs, 

yielding 274 references overall (Table 4). These included 

web links (e.g., PubMed), standard journal formats, and 

book details. Notably, 191 (69.7%) featured links 

pointing to unrelated or invalid pages, even for PubMed 

entries that didn't align with the described content. From 

350 named authors, 59 (16.9%) were untraceable on 

PubMed, Amazon, or Google searches, with no matching 

publications even when combining known ones. Of 152 

listed titles for papers or books, 148 (97.4%) were 

inaccurate or invented. 

An example of citation flaws appears in Figure 2: 

“Proton pump inhibitors: a review of their pharmacology 

and their therapeutic uses. Scarpignato, JJ and Zentilin, 

G. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC137293

3/”. The PMC ID PMC1372933 actually corresponds to 

a 1959 article titled “Preventive Medicine in World War 

II. Vol. IV. Communicable Diseases Transmitted Chiefly 

through Respiratory and Alimentary Tracts” (Am J 

Public Health Nations Health. 1959 Jul; 49(7): 969). The 

named authors are not associated with this record or the 

topic in any verifiable sources, and no publication 

matches the given title in PubMed queries. 

Such issues with author details, chapter titles, and page 

numbers continued even after refining prompts to focus 

solely on verified textbooks (data not shown). 

 

Table 4. Categories and occurrence rates of citation 

inaccuracies 

Error 

Type 
Description Percentage 

Frequency 

(N1/N2) 

A 

Reference URLs 

directing to incorrect 

content or resulting 

in a "404 page not 

found" error (N1) 

out of all provided 

references (N2) 

69.7% 191/274 

B 

Cited authors 

unverifiable through 

searches on PubMed, 

Amazon (for books), 

16.9% 59/350 

or Google (N1) out 

of total authors listed 

across references 

(N2) 

C 

Article or book titles 

that were inaccurate 

or fabricated (N1) 

out of all titles 

provided in the 

references (N2) 

97.4% 148/152 

 

Supporting paragraphs 

Prompt 4 required the model to extract and include key 

paragraphs from the cited sources for 78 multiple-choice 

questions. In practice, excerpts were only generated for 

47 of these questions (Table 5), producing a total of 61 

paragraphs (Table 6). There was no meaningful 

difference in how often paragraphs were included for 

accurately answered questions versus those answered 

wrongly (Table 5; χ² (1, 78) = 1.35, p > 0.05). 

 

Table 5. Occurrence of supporting paragraphs for 

correct versus incorrect responses 

Answer 

Category 

With 

Paragraph

s (%) 

Numb

er of 

MCQs 

Without 

Paragrap

hs (%) 

Total 

(%) 

Incorrect 14.1 22 14.1 28.2 

Correct 46.2 56 25.6 71.8 

Total 60.3 78 39.7 100.0 

P-value    p > 

0.05* 

*Fisher's exact test, backed by a chi-squared analysis (χ²(1, 78) = 1.35), 

showed no notable connection between the model's answer accuracy 

and the presence or absence of extracted paragraphs from sources (p > 

0.05). 

 

Table 6. Evaluation of the trustworthiness and precision 

of the extracted paragraphs, grouped by correct and 

incorrect responses 
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1. *The Freeman–Halton modification of Fisher’s exact test 

demonstrated a statistically significant relationship between the 

accuracy of ChatGPT’s responses and the reliability of the cited 

paragraphs (p < 0.05). 

 

When the content of the 61 extracted paragraphs was 

examined independently of answer correctness, they 

could be categorized into three groups: paragraphs that 

were factually accurate and aligned with the answer key 

(47/61, 77.0%), paragraphs that were factually accurate 

but not aligned with the answer key (6/61, 9.8%), and 

paragraphs that contained factual errors (8/61, 13.1%). 

As reported in Table 6, paragraphs that were both 

accurate and relevant were more frequently associated 

with correct responses.  

Using pharmacology-based multiple-choice questions, 

this study demonstrated that the current iteration of 

ChatGPT requires further refinement before it can 

function effectively as an independent self-learning 

resource. Although ChatGPT achieved an overall 

accuracy of 76%—exceeding the performance reported 

in earlier studies (61.1%, 95% CI 56.1%–66.0%) [14]—

its effectiveness appears to be influenced by factors such 

as subject breadth, the number of answer options per 

question, and the cognitive level distribution of the test 

items. Nevertheless, performance below the 95% 

threshold raises concerns regarding its dependability as a 

standalone learning tool [14]. While ChatGPT surpassed 

Korean medical students in overall accuracy (76% vs. 

55%), it showed notably weaker performance on 

problem-solving questions (45%), despite its presumed 

strengths in reasoning and analytical thinking. This 

finding suggests ongoing limitations in applying critical 

reasoning to practical, real-world scenarios. 

Another major concern identified was the inconsistency 

of ChatGPT’s outputs. Nearly one-quarter of the 

questions (23.1%) received different answers when 

prompted repeatedly. Although variability can be 

advantageous in creative or exploratory tasks, it poses a 

serious challenge in contexts that require factual 

precision [21]. One particularly concerning 

manifestation of this variability is hallucination, wherein 

the model produces convincing yet inaccurate or 

misleading information [22–25]. Such hallucinations 

may arise from biases in training data, insufficient 

contextual knowledge, limited real-world understanding, 

or inherent algorithmic constraints [26]. In this study, 

answer rationales and cited references were especially 

prone to these issues. Approximately 22.2% of the 

generated explanations contained factual or logical 

errors. Furthermore, most of the generated web links 

were invalid or inaccessible (191/274, 69.7%), and a 

notable proportion of cited authors could not be verified 

(59/350, 16.9%). As a result, although ChatGPT 

occasionally supplied reference paragraphs when 

prompted, the credibility of these materials could not be 

confirmed due to the unavailability of the cited sources. 

This limitation underscores a critical weakness of 

ChatGPT as an unsupervised learning resource. 

Accuracy is particularly vital in medical education, 

where misinformation can lead to serious adverse 

consequences [27]. Without reliable references, learners 

cannot independently verify or correct erroneous content, 

increasing the risk of internalizing incorrect information 

and compromising educational outcomes. Moreover, the 

lack of credible citations restricts learners’ access to 

supplementary resources, potentially limiting their depth 

of understanding and broader conceptual learning [28]. 

Despite these shortcomings, ChatGPT may still serve as 

a valuable educational aid when used with appropriate 

oversight [29]. To prepare students for future learning 

environments, educators can train them to critically 

assess and question AI-generated responses, such as by 

tracing claims back to primary evidence sources [28]. For 

example, learners may prompt ChatGPT to explain its 

reasoning using queries like “Explain your reasoning 

process” or “Describe your chain of thought” [30]. 

Engaging with these responses can encourage students to 

scrutinize the model’s logic, evaluate the validity of its 

claims, and cultivate their own analytical and reasoning 

skills. While ChatGPT can enhance engagement and 

accessibility in learning, it should complement rather 

than replace independent thinking. Excessive reliance on 

AI tools may hinder the development of higher-order 

cognitive abilities, including creativity and problem-

solving [31]. 

This study contributes to existing literature by 

demonstrating that the current version of ChatGPT is not 

yet suitable as a fully autonomous self-learning tool, 
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while also highlighting its potential benefits when 

applied under supervision. 

Several limitations should be acknowledged. First, the 

analysis was based on a relatively small sample of 78 

pharmacology questions from the K-CBMSE. Although 

sufficient for the study’s objectives, this limited scope 

may not capture the full diversity of medical examination 

formats. Future research should incorporate larger and 

more varied question sets to provide a more 

comprehensive assessment. Second, the study focused 

exclusively on pharmacology-related MCQs, which 

restricts the generalizability of the findings to other 

disciplines or question formats. Subsequent studies could 

explore ChatGPT’s performance in non-medical domains 

or in response formats such as essays to enhance external 

validity. Third, the rapid evolution of ChatGPT presents 

an additional challenge. Significant updates occurred 

during the study period, including the release of GPT-4, 

which is recognized as more advanced than earlier 

versions [32]. Fourth, ChatGPT’s overall performance 

may have been overestimated due to an imbalance in 

cognitive taxonomy levels, with recall-based questions 

comprising 56.4% of the test items compared to only 

17.9% problem-solving questions. Standardizing 

cognitive level distributions would allow for more 

meaningful comparisons across studies. Finally, key 

factors influencing learning effectiveness—such as 

learner perceptions and interaction patterns—were not 

examined in this study [33, 34]. 

The integration of emerging technologies such as the 

internet, mobile devices, and AI-based tools like 

ChatGPT introduces both opportunities and challenges in 

education. Artificial intelligence has the potential to 

fundamentally transform learning by enabling 

personalized support, adaptive instruction, and virtual 

tutoring [31, 35–37]. AI-driven platforms can deliver 

immediate feedback, customized guidance, and 

interactive learning experiences [26, 36, 38]. While 

concerns persist regarding plagiarism and 

misinformation, historical attempts to prohibit new 

technologies in higher education have largely failed, and 

ChatGPT is unlikely to be an exception [39]. 

Rather than resisting these technologies, educational 

systems should focus on adopting ChatGPT and similar 

tools in ways that mitigate risks through structured 

supervision. For instance, students might be asked to 

assess AI-generated solutions to complex problems, 

evaluating their validity and practical applicability [30]. 

Such approaches require learners to actively engage in 

problem-solving and critical analysis, thereby fostering 

higher-level cognitive skills. Further empirical research 

is needed to determine whether supervised use of 

ChatGPT can meaningfully enhance critical thinking and 

problem-solving abilities. 

Conclusion 

Although ChatGPT demonstrated reasonable accuracy in 

answering MCQs, its current limitations restrict its 

effectiveness as an independent self-learning tool. 

Inconsistencies in responses, incorrect reasoning, and 

unreliable or fabricated references remain significant 

concerns. To harness the advantages of AI in education 

while minimizing associated risks, the development of 

robust supervision and moderation frameworks is 

essential. 
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