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Background: The increasing number of student cohorts has compelled academics to create a larger number of Multiple-Choice 
Question (MCQ) items. Large language models (LLMs) can help educators generate assessment items across multiple disciplines. The 
study compared the ability of LLMs (Gemini Advanced, Perplexity Pro, and ChatGPT 4.0) to generate high-quality, clinical-scenario- 
based MCQ items across three disciplines in a medical program, using an 8-point quality rubric.
Materials and Methods: Learning Outcomes (LOs) from Anatomy and Pathology disciplines of a pre-clinical semester 4 module 
and Family Medicine discipline of a clinical semester 6 module of a medical undergraduate program were selected. Using a pre- 
determined descriptive prompt, 63 MCQ items were generated from three AI tools. The quality of item construction was assessed by 
external content experts who were blinded to item generation using an 8-criterion rubric and a 4-point Likert scale. Mean scores and 
ranks for MCQs under each LLM were analysed, and a Friedman test was conducted to compare them. Kendall’s W showed that all 
criteria except one demonstrated some effect and weak-to-fair inter-rater reliability.
Results: When measuring key problem-solving skills, Perplexity Pro-generated MCQ items received a higher percentage of “strongly 
agree” ratings in Anatomy (57.1%, n=63), Pathology (56.5%, n=63), and Family Medicine (71.4%, n=63). Perplexity Pro received a higher 
percentage of “strongly agree” ratings in Anatomy, at 47.6% (n = 63), when evaluating specific content. Gemini Advanced also scored 
highly, with 68.8% in Pathology and 81% in Family Medicine (n = 63). A comparative analysis of the higher mean scores and ranks across 
24 quality criteria showed that Perplexity Pro, Gemini Advanced, and ChatGPT 4.0 achieved 13, 10, and 1 higher mean scores, 
respectively. There is no significant difference in mean scores and ranks among the three LLMs across different quality criteria.
Conclusion: MCQs created by Perplexity Pro and Gemini Advanced achieved comparatively higher percentages of “strongly agree” 
ratings across quality criteria for item construction. Assessing LLM-generated assessment items provides valuable insight into the 
quality of LLM-supported MCQ questions.
Keywords: large language models, MCQ, quality, rater-based comparison

Introduction
Developing high-quality MCQ items for a medical undergraduate program requires time and attention to clarity, content 
accuracy, cognitive level, and alignment with learning outcomes.1 To ensure the validity and reliability of the assessment tool, 
academics need to follow the procedures prescribed by educational institutions.2 The assessment mapping ensures balanced 
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representation of the subject disciplines and student learning times (SLTs).3 An assessment blueprint is a crucial step in 
improving assessment validity and ensuring constructive alignment between course learning outcomes (CLOs) and teaching 
methods.4 The use of CLOs as the foundation for developing MCQ items ensures that the questions measure specific knowledge, 
skills, and professional competencies as per the blueprint.5 Recent reforms in medical education, aimed at mitigating workforce 
shortages, have led to increased enrolment, with multiple cohorts of students admitted in a single academic year.6 Academic staff 
are required to produce a higher volume of MCQ items over the course of an academic year. The increased workload can cause 
testing bias and lower assessment scores.7 The demand for curriculum-aligned items has compelled the faculty to embrace the 
technological advancement in LLM-generated MCQ item creation and the consequent ethical and educational challenges.8,9

LLMs can rapidly produce large volumes of assessment items, which is appealing when faculty workload is high.10 

However, assessment quality supports fairness, validity, and accountability, and MCQs still need to map clearly to CLOs to 
achieve the outcome.11–13 In parallel, LLMs such as GPT-4, Google Gemini, and other generative AI platforms have rapidly 
improved and are increasingly used to generate assessment items.9,14 These systems are trained on large datasets and can 
generate questions that resemble expert-authored formats. Initial research indicates that LLM-assisted workflows have been 
reported to reduce question-generation time from 96 to 24.5 person-hours in high-stakes settings.15 Other comparative 
pipeline work has shown that newer models (for example, GPT-4o) can generate quizzes quickly (about 16 seconds per 
question), with high topic diversity (89.8%), at a low approximate cost (~$0.51 per quiz).14 LLMs can help educators generate 
assessment items on demand and at scale across multiple specialties. That said, whether LLM-generated MCQ items 
consistently meet quality and validity expectations remains an open question. When comparing LLM-generated items with 
human-authored questions, some psychometric studies report similar difficulty indices (0.67 vs 0.65) and discrimination 
parameters (0.29 vs 0.27), and students may not reliably identify whether an item was written by an LLM or a human.14,15 

However, other studies point to recurring weaknesses, including factual errors (6% vs 4% for human items), poor calibration 
of difficulty (14% vs 1% for human items), and misalignment with intended learning outcomes.16,17 Approximately 31% of 
questions require considerable modifications due to issues related to content validity and insufficient clinical accuracy 
reasoning.9 A recent study comparing LLM-generated and human-generated multiple-choice questions (MCQs) in medical 
education found the level of agreement among expert raters was moderate, with an intraclass correlation coefficient (ICC) of 
0.62 (95% Confidence Interval: 0.12–0.84, p =0.01). LLM-generated questions often tested lower-order cognitive skills, 
whereas human-generated MCQs were better at assessing higher-order skills. This illustrates the potential of consistently 
applying the concept of “quality” throughout the review process for the items.9 Educators should apply Kane’s validity 
framework to LLM-generated MCQ items to assess whether the item scores translate into meaningful real-world decisions. 
Assessment of reliable scoring, generalisation to the overall cognitive domain, extrapolation to real-world competency, and 
implications of the test for the learning process should be evaluated by the application of human judgment.18 One practical 
limitation in the current evidence is that there are still limited direct comparisons among modern LLMs across different 
medical disciplines. Many studies evaluate only a single model within a single specialty, and broader comparisons using the 
same methods and quality metrics are still limited.14,19 This matters because commercial LLMs may not perform consistently 
across subject disciplines and clinical domains. At the same time, studies often use different prompts, review processes, and 
outcome measures, making findings hard to compare and limiting what educators can confidently take forward.20 Because of 
this, a more rigorous expert review is needed to determine whether questions are appropriate for the intended learner level.8,9,11

This study addresses these limitations by using a structured, rater-based approach to compare MCQ items generated 
by three leading LLM platforms (Gemini Advanced, Perplexity Pro, and ChatGPT 4.0) across three medical disciplines 
(Anatomy, Pathology, and Family Medicine). The objective of this study is to compare the ability of three LLM tools 
(Gemini Advanced, Perplexity Pro, and ChatGPT 4.0) to generate high-quality scenario-based MCQ items across three 
disciplines in a medical program.
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Materials and Methods
Ethical Approval
The study was approved by the IMU Joint Committee on Research and Ethics at IMU University, Kuala Lumpur, 
Malaysia, under project number 631–2024. The study complies with the Declaration of Helsinki. Informed consent was 
obtained from the participants who joined the study as external assessors.

Study Design
The study included a preclinical module (Neuroscience and Locomotion 1) (NL1) taught in semester 4 and a clinical 
module (Primary Care Medicine) (PCM) taught in semester 6 of the medical undergraduate degree program. With the 
help of the module coordinators, the lesson outcomes (LOs) mapped to the module examinations were identified, and 
assessment blueprints were developed for the Anatomy and Pathology components of the NL1 module and the Family 
Medicine components of the PCM module. Twenty-one higher-order LOs from the Anatomy and Pathology disciplines of 
the NL 1 module and from the Family Medicine discipline of the PCM module were selected. Two content experts from 
each discipline reviewed the LOs to assess the inclusion of the application of basic science and clinical reasoning 
concepts. Including disciplines such as Anatomy, Pathology, and Family Medicine facilitated integration across disease 
processes, encompassing pathophysiology, related anatomical structures, and primary care.

The project followed the institutional guidelines on the use of AI in teaching and learning, and the ethical guidelines 
prescribing the application of human judgment before using assessment items generated by LLM tools. Three LLM tools, 
Gemini Advanced, Perplexity Pro, and ChatGPT 4.0, were used to generate one higher-order single-best-answer MCQ 
with a clinical vignette for each of the 21 selected LOs in each of the three subjects. The three LLM tools were 
recognized by the university administration, and the university provided paid access to them. The structured prompt 
(Appendix 1) included the topic, student level (program and semester), learning outcome, difficulty level, Bloom’s 
taxonomy, and four options. The prompt also requested that the clinical vignette be produced as a single narrative 
paragraph, including patient details (gender and age), presenting complaint, relevant clinical history, and physical 
examination findings. Researchers from the Anatomy, Pathology, and Family Medicine departments collaborated to 
standardize the prompt. The trial process focused on generating clinical scenario-based vignettes aligned with the LOs, 
using plausible descriptors that were structurally parallel and free of accidental clues. The LLMs were also instructed to 
select the correct answer and justify their choices, including explaining why the other options were incorrect. Once 
standardized, the prompt was not changed by the researchers from the Anatomy, Pathology, and Family Medicine 
departments. The sample size could not be determined because the project needed to follow the medical program module 
LOs to determine the number of MCQs.

The external content experts, recruited from universities or institutes with no direct ties to the university involved in 
the study, were blinded to the process used to generate the MCQs from the three Gen AI tools and tasked with assessing 
the quality of all generated MCQ items. The quality of each of the 63 questions in Anatomy, Pathology, and Family 
Medicine generated by Gemini Advanced, Perplexity Pro, and ChatGPT 4.0 was assessed using a rubric adapted from 
Haladyna (2002) (Table 1).21 The rubric comprised eight criteria designed to minimize item writing flaws (IWFs) that can 
undermine the validity and reliability of assessments. These criteria emphasize outcome-focused, single-content-specific 

Table 1 Kendall’s Coefficient (W) Indicates the Effect Size and Inter-Rate Agreement for the Quality Criteria Used to Score the MCQ 
Items

No Quality Criteria Kendall’s W Chi-Square (χ2) df p-value Interpretation

1 The question measures specific content, 

as outlined in the syllabus.

0.22 27.98 2 0.001 Small effect, Fair agreement

2 The question measures key thinking and 

problem-solving skills.

0.43 38.77 2 0.001 Medium effect, Moderate agreement

(Continued)

Advances in Medical Education and Practice 2026:17                                                                         https://doi.org/10.2147/AMEP.S618711                                                                                                                                                                                                                                                                                                                                                                                                       3

Mitra et al

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/618711/618711%20Supplementary%20Material.docx


STEM construction, the development of plausible homogeneous options without cues, and correct formatting free of 
grammatical errors to ensure MCQs assess content knowledge rather than test-taking skills. The subject-specific content 
experts in Anatomy, Pathology, and Family Medicine were blinded to the process used to generate the MCQ items. There 
was no mixed scoring. Initially, each of them received 30 MCQ items (10 from each of the three LLM tools) and scored 
them using the 8 criteria shown in Figure 1. The scoring was conducted using a 4-point Likert scale (1 = strongly 
disagree, 4 = strongly agree). To ensure the rigor of the quality check process, the internal consistency of the 8-point 
MCQ evaluation criteria was statistically validated. Because the three content experts were assigned to distinct, subject- 
specific domains (Anatomy, Pathology, and Family Medicine) with no overlap in evaluations, the 4-point Likert scale 

Figure 1 Rubric to evaluate the quality of MCQ items generated by AI tools (adapted from Haladyna 2002 et al).21

Table 1 (Continued). 

No Quality Criteria Kendall’s W Chi-Square (χ2) df p-value Interpretation

3 The question is carefully edited and 

formatted using correct grammar and 
spelling.

0.14 17.6 2 0.065 Small effect, Weak agreement

4 The central idea is included in the stem, 
not the options.

0.44 45.54 2 0.001 Medium effect, Moderate agreement

5 The stem of the question is worded 
positively and avoids negatives such as 

NOT and EXCEPT.

0.37 26.88 2 0.001 Medium effect, Fair agreement

6 Only 1 of the options is clearly correct. 0.29 36.44 2 0.001 Small effect, Fair agreement

7 The correct option is not cued by item 
writing errors

0.067 8.43 2 0.015 No effect, No Agreement

8 All of the distractors are plausible 0.19 23.24 2 0.001 Small effect, Weak agreement

Notes: Test statistic (Chi-Square) (X2); Degrees of freedom (df); Significance level (p-value<0.05).
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responses to 30 MCQ items across all eight quality criteria for three LLM tools were evaluated using Cronbach’s alpha 
(α). The analysis yielded a standardized Cronbach’s alpha of 0.795 (unstandardised α = 0.766). These demonstrated that 
the 8-point quality criteria remained a reliable and coherent measurement tool.

The framework for developing test items with LLM tools is shown in Figure 2.

Data Analysis
The quality of the 63 multiple-choice questions (MCQs) in Anatomy, Pathology, and Family Medicine, generated by the 
three LLM tools, was evaluated by external content experts using a 4-point Likert scale (1 = strongly disagree, 4 = 
strongly agree). Categorical scores for the MCQ items were compiled across Gemini Advanced, Perplexity Pro, and 
ChatGPT 4.0. Consequently, within each subject area, scores for a total of 63 MCQ items (21 MCQ items for each of the 
21 LOs generated by the three LLMs) were recorded. Each MCQ received a single score for each of the eight criteria 
outlined in the quality rubric (Figure 1). Data for each criterion were analysed using IBM SPSS Statistics for Windows, 
version 30, for descriptive statistics, and a Friedman test was conducted to compare the mean ranks of 63 questions 
across three LLM tools within each discipline. Differences were considered statistically significant at p < 0.05. Pair-wise 
post-hoc comparisons (Gemini Advanced vs Perplexity Pro, ChatGPT4.0 vs Perplexity Pro, ChatGPT4.0 vs Gemini 
Advanced) using Bonferroni correction were conducted in case of a significant p-value. The mean score and 95% 
confidence interval (CI) for each of the three LLM tools against each quality criterion were tabulated. The percentage 
scores on the Likert scale for MCQs generated by Gemini Advanced, Perplexity Pro, and ChatGPT 4.0 were also 
tabulated. These 63 MCQs assessed specific knowledge and essential problem-solving skills within a similar discipline.

Figure 2 The framework for developing test items with LLM tools.

Advances in Medical Education and Practice 2026:17                                                                         https://doi.org/10.2147/AMEP.S618711                                                                                                                                                                                                                                                                                                                                                                                                       5

Mitra et al

Powered by TCPDF (www.tcpdf.org)



To assess inter-rater reliability among the three scorers across the 63 LLM-generated questions, Kendall’s coefficient 
of concordance (W) was computed for each of the eight evaluation criteria. This non-parametric test was selected because 
of the ordinal nature of the 4-point Likert scale. Kendall’s W serves directly as an effect size, with 0 indicating no 
consensus and 1 indicating perfect consensus. Following Cohen’s (1988) guidelines, Kendall’s W was used to assess the 
effect size and the degree of agreement among the raters.22

Results
External content experts rated each MCQ item generated by LLMs on a 4-point Likert scale (strongly agree, agree, 
disagree, or strongly disagree) for each of the eight criteria. Kendall’s Coefficient of Concordance (Kendall’s W) 
demonstrated effect size and inter-rater reliability across all eight quality criteria (Table 1). All criteria except one 
showed some effect and weak-to-fair agreement. The criterion of the correct option not cued by item-writing errors 
showed no effect or agreement. Under the first criterion, which assesses whether the item measures specific content, 
Perplexity Pro-created Anatomy MCQ items received 47.6% of “strongly agree” ratings (n=63), compared with items 
created by Gemini Advanced (33.3%, n=63) and ChatGPT 4.0 (28.6%, n=63. Under the first criterion, 80.9% of items 
generated by Perplexity Pro, 76.2% of items created by Gemini, and 71.5% of items created by ChatGPT 4.0 showed 
agreement in assessing specific content. Under the first criterion of the Pathology discipline, Gemini Advanced items 
received 68.8% of strongly agree ratings (n=63). In comparison, 56.5% of Perplexity Pro-created items and 44% of 
ChatGPT 4.0-created items received a “strongly agree” rating. In the Family Medicine discipline, 81% of Gemini 
Advanced-generated items received a “strongly agree” rating, compared with 66.7% of Perplexity Pro-generated items 
and 47.6% of ChatGPT 4.0-generated items.

Figure 3 shows the percentage distribution of ratings for Anatomy MCQ items according to the criterion for assessing 
key thinking and problem-solving skills. The Perplexity Pro-created items received 57.1% of strongly agree ratings 
(n=63). Figure 4 shows the percentage distribution of ratings for Pathology MCQ items on the criterion for assessing key 
thinking and problem-solving skills. The Perplexity Pro-generated items received 56.5% of “strongly agree” ratings 
(56.5%, n=63). Figure 5 shows the percentage distribution of ratings for Family Medicine MCQ items in the criterion 
measuring key thinking and problem-solving skills. The Perplexity Pro-generated items received 71.4% of “strongly 
agree” ratings (71.4%, n=63). Gemini Advanced-generated MCQ items received 38.1% of “strongly agree” ratings in 
Anatomy (38.1%, n=63), Pathology (39.3%, n=63), and Family Medicine (61.9%, n=63) MCQ items in the criterion for 
measuring problem-solving skills (Figures 3–5).

A Friedman test was conducted to assess differences in mean ranks across 63 MCQ items (n=63) rated on 4-point 
Likert scales, each generated by Gemini Advanced, Perplexity Pro, and ChatGPT 4.0. Table 2 presents the mean score, 

Figure 3 Percentage of Score among 21 Anatomy MCQs Measuring Key Thinking and Problem-Solving Skills.
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mean rank, Chi-Square test statistics (X2), degrees of freedom (df), and p-values for the Anatomy discipline MCQ items, 
indicating the strength of differences in the ratings received by the MCQs created by the three AI tools. Analysis across 
the eight quality criteria showed that Perplexity Pro-created Anatomy MCQ items received higher mean scores and ranks 
on five of the eight criteria, with no statistically significant differences in mean scores and ranks among items created by 
three LLM tools.

Table 2 shows the mean score, mean rank, Chi-Square test statistics (X2), degrees of freedom (df), and p-values for 
the Anatomy discipline MCQ items. Analysis across the eight quality criteria showed that Perplexity Pro-generated 
Anatomy MCQ items received higher mean scores and ranks for five of the eight criteria. Gemini Advanced-generated 
MCQ items received next-high mean scores and ranks for the remaining three of the eight criteria. However, no 
statistically significant differences were observed in the mean ranks of Anatomy MCQ items generated by Gemini 
Advanced, Perplexity Pro, and ChatGPT 4.0.

Figure 4 Percentage of Score among 21 Pathology MCQs Measuring Key Thinking and Problem-Solving Skills.

Figure 5 Percentage of Score among 21 Family Medicine MCQs Measuring Key Thinking and Problem-Solving Skills.
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Table 2 Descriptive Statistics and Friedman Test results for Anatomy MCQ Items Generated from Three AI Tools (n=63). The Score for Each MCQ Item Was Provided by External 
Content Experts on a 4-Point Likert Scale (1=strongly Disagree; 4=strongly Agree) Based on the Quality Criteria

No Criteria Gemini Perplexity Pro GPT4.0 X2(df) p-value

Mean Score 
[95% CI]

Mean 
Rank

Mean Score 
[95% CI]

Friedman 
Rank

Mean Score 
[95% CI]

Mean 
Rank

1 The question measures specific content, as outlined in the syllabus. 3.09 [2.74, 3.44] 1.93 3.28 [2.92, 3.64] 2.21 3.00 [2.65, 3.35] 1.86 1.66 (2) 0.437

2 The question measures key thinking and problem-solving skills. 3.14 [2.78, 3.5] 1.90 3.43 [3.09, 377] 2.26 3.09 [2.74, 3.44] 1.83 2.73 (2) 0.255

3 The question is carefully edited and formatted using correct grammar 

and spelling.

3.38 [3.08, 3.68] 1.86 3.76 [3.56, 3.96] 2.26 3.43 [3.12, 3.74] 1.88 3.57 (2) 0.168

4 The central idea is included in the stem, not the options. 3.62 [3.35, 3.89] 2.07 3.62 [3.35, 3.89] 2.00 3.52 [3.21, 3.83] 1.93 0.41 (2) 0.815

5 The stem of the question is worded positively and avoids negatives 

such as NOT and EXCEPT.

3.86 [3.69, 4.02] 2.00 3.95 [3.85, 4.05] 2.14 3.76 [3.56, 3.96] 1.86 3.43 (2) 0.180

6 Only 1 of the options is clearly correct. 3.76 [3.56, 3.96] 2.14 3.52 [3.18, 3.86] 1.88 3.62 [3.39, 3.84] 1.98 1.77(2) 0.412

7 The correct option is not cued by item writing errors 3.38 [3.01, 3.75] 2.10 3.52 [3.25, 3.79] 2.14 3.14 [2.81, 3.47] 1.76 2.62 (2) 0.270

8 All of the distractors are plausible 3.62 [3.35, 3.89] 2.07 3.48 [3.1, 3.85] 2.02 3.48 [3.17, 3.78] 1.90 0.61 (2) 0.739

Notes: Mean score and ranks in bold show highest value among three AI tools; 95% CI (Confidence Interval); Test statistic (Chi-Square) (X2); Degrees of freedom (df); Significance level (p-value<0.05).

https://doi.org/10.2147/A
M

EP.S618711                                                                                                                                                                                                                                                                                                                                                                                                                                  
A

dvances in M
edical Education and Practice 2026:17 

8 M
itra et al                                                                                                                                                                            

Powered by TCPDF (www.tcpdf.org)



Table 3 shows the mean score, mean rank, Chi-Square test statistics (X2), degrees of freedom (df), and p-values for 
the Pathology discipline MCQ items. Analysis across the eight quality criteria showed that Perplexity Pro-generated 
Anatomy MCQ items received higher mean scores and ranks for four of the eight criteria. Gemini Advanced-generated 
MCQ items received next-high mean scores and ranks for the remaining three of the eight criteria. Both Gemini 
Advanced and ChatGPT 4.0 achieved a similar high mean score on the fifth criterion: the stem of the question being 
worded positively. However, no statistically significant differences were observed in the mean ranks of Pathology MCQ 
items generated by Gemini Advanced, Perplexity Pro, and ChatGPT 4.0.

Table 4 presents the mean score, mean rank, Chi-square test statistics (X2), degrees of freedom (df), and p-values for 
the Family Medicine discipline MCQ items. Analysis across the eight quality criteria showed that Perplexity Pro- 
generated Anatomy MCQ items received higher mean scores and ranks for four of the eight criteria. Gemini Advanced- 
generated MCQ items received next-high mean scores and ranks across the remaining four of the eight criteria. Only one 
criterion (the central idea is included in the stem) showed a significant difference in mean ranks [X2 (2, n=21)=10.17, p = 
0.006]. However, the Bonferroni-corrected p-value for pairwise comparison between the LLM tools was not statistically 
significant. The Gemini Advanced-generated MCQ item received a higher mean score and rank under this criterion. 
Across other criteria, no statistically significant differences were observed in the mean ranks of the Family Medicine 
MCQ items generated by the Gemini Advanced, Perplexity Pro, and ChatGPT 4.0 tools.

The comparative analysis of higher mean scores across the cumulative data for three disciplines of Anatomy, 
Pathology, and Family Medicine (8 criteria applied to 3 LLMs, totaling 24), as judged by external content experts, 
showed that Perplexity Pro achieved 13 higher mean scores, Gemini Advanced achieved 10, and both Gemini Advanced 
and ChatGPT 4.0 achieved only 1. (Table 5).

Discussion
Summative assessment in professional higher education is vital for student learning and for decision-making about academic 
progress. When generating items using an LLM, it is essential to explicitly define the blueprint and outcome domain in the 
prompt to produce relevant items. In this study, by including specific topics and clear learning outcomes expressed using 
higher-order action verbs aligned with the assessment blueprint, we created high-quality MCQs that reflected the lesson 
outcomes and reduced the risk of bias and hallucination. Studies have shown that a well-constructed blueprint can facilitate the 
use of LLMs to create test items with minimal effort.23 The knowledge tested by the item should be communicated to the 
LLMs in the prompt for item generation using at least two dimensions (topic and learning outcome domain).24

The recruitment of external content experts, blinded to the generation of MCQ items on Anatomy, Pathology, and 
Family Medicine CLOs in this study, enabled them to evaluate the MCQ items produced by three LLMs for item-writing 
flaws and for relevance to the specific subject content.25 According to the criterion for measuring specific content, 
Perplexity Pro-generated Anatomy MCQ items in this study received a higher percentage of “strongly agree” ratings than 
those from Gemini Advanced and GPT 4.0. According to the criterion for assessing key thinking and problem-solving 
skills, Perplexity Pro-generated MCQ items across all three disciplines (Anatomy, Pathology, and Family Medicine) 
received a higher percentage of “strongly agree” ratings. A similar study comparing ChatGPT, Perplexity, and DeepSeek- 
generated MCQ items in Haematology found that expert validation yielded a 96% acceptance rate for Perplexity items, 
indicating its reliability for complex-reasoning, multi-response tasks.26 CBME requires assessing judgment and reasoning 
rather than merely recalling facts. LLM-generated MCQs might encourage shallow learning, with trainees performing 
well on tests but struggling to apply the concepts in real-world, high-stress clinical settings.27

Current literature recommends that the vocabulary used in MCQs be simple enough for the weakest readers in the 
group to comprehend. MCQ options should be formatted vertically rather than horizontally to improve readability.28 

According to the criterion of careful editing and formatting using correct grammar, both Anatomy and Family Medicine 
MCQ items showed that Perplexity Pro had comparatively higher percentages of “strongly agree” ratings. For Pathology 
MCQ items, Gemini Advanced had comparatively higher percentages of “strongly agree” ratings. The existing literature 
proposes a few criteria to follow when constructing the stem of an MCQ. The stem should be meaningful and should 
highlight a specific problem, ensuring the item focuses on assessing the learning outcome. Irrelevant information in the 
stem reduces the test’s reliability and validity.29 The stem should be a question, because it helps the student focus on 
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Table 3 Descriptive Statistics and Friedman Test Results for Pathology MCQ Items Generated from Three AI Tools (n=63). The Score for Each MCQ Item Was Provided by External 
Content Experts on a 4-Point Likert Scale (1=strongly Disagree; 4=strongly Agree) Based on the Quality Criteria

No Criteria Gemini Perplexity Pro GPT4.0 X2(df) p-value

Mean Score 
[95% CI]

Friedman 
Rank

Mean Score 
[95% CI]

Friedman 
Rank

Mean Score 
[95% CI]

Friedman 
Rank

1 The question measures specific content, as outlined in the syllabus. 3.62 [3.28, 3.95] 2.26 3.48 [3.17, 3.78] 1.71 3.24 [2.89, 3.59] 2.02 5.02 (2) 0.081

2 The question measures key thinking and problem-solving skills. 3.15 [2.73, 3.56] 2.00 3.33 [2.92, 3.75] 2.19 2.95 [2.53, 3.37] 1.81 2.37 (2) 0.306

3 The question is carefully edited and formatted using correct grammar and 
spelling.

3.71 [3.5, 3.92] 2.33 3.43 [3.09, 3.77] 2.00 3.24 [2.99, 3.48] 1.67 8.34 (2) 0.15

4 The central idea is included in the stem, not the options. 3.38 [2.94, 3.82] 2.10 3.381 [2.96, 3.8] 2.14 3.14 [2.73, 3.56] 1.76 3.53 (2) 0.171

5 The stem of the question is worded positively and avoids negatives such as 
NOT and EXCEPT.

3.95 [3.85, 4.05] 2.02 3.90 [3.77, 4.04] 1.95 3.95 [3.85, 4.05] 2.02 0.67 (2) 0.717

6 Only 1 of the options is clearly correct. 3.00 [2.86, 3.14] 1.95 3.09 [2.96, 3.23] 2.05 3.05 [2.95, 3.15] 2.00 0.80 (2) 0.670

7 The correct option is not cued by item writing errors 3.43 [3.09, 3.77] 1.98 3.48 [3.05, 3.89] 2.14 3.24 [2.83, 3.64] 1.88 1.41 (2) 0.494

8 All of the distractors are plausible 3.76 [3.52, 4.0] 2.07 3.62 [3.28, 3.95] 1.95 3.71 [3.46, 3.97] 1.98 0.56 (2) 0.756

Notes: Mean score and ranks in bold show highest value among three AI tools; 95% CI (Confidence Interval); Test statistic (Chi-Square) (X2); Degrees of freedom (df); Significance level (p-value<0.05).

https://doi.org/10.2147/A
M

EP.S618711                                                                                                                                                                                                                                                                                                                                                                                                                                  
A

dvances in M
edical Education and Practice 2026:17 

10 M
itra et al                                                                                                                                                                            

Powered by TCPDF (www.tcpdf.org)



Table 4 Descriptive Statistics and Friedman Test Results for Family Medicine MCQ Items Generated from Three AI Tools (n=63). The Score for Each MCQ Item Was Provided by 
External Content Experts on a 4-Point Likert Scale (1=strongly Disagree; 4=strongly Agree) Based on the Quality Criteria

No Criteria Gemini Perplexity Pro GPT4.0 X2(df) p-value

Mean Score 
[95% CI]

Friedman 
Rank

Mean Score 
[95% CI]

Friedman 
Rank

Mean Score 
[95% CI]

Friedman 
Rank

1 The question measures specific content, as outlined in the syllabus. 3.72 [3.39, 4.04] 2.24 3.52 [3.18, 3.86] 2.00 3.28 [2.9, 3.67] 1.76 4.17 (2) 0.125

2 The question measures key thinking and problem-solving skills. 3.43 [3.06, 3.79] 2.05 3.57 [3.23, 3.91] 2.07 3.24 [2.78, 3.69] 1.88 0.86 (2) 0.649

3 The question is carefully edited and formatted using correct grammar and 
spelling.

2.95 [2.59, 3.32] 1.98 3.28 [2.9, 3.67] 2.31 2.52 [2.08, 2.97] 1.71 5.15 (2) 0.076

4 The central idea is included in the stem, not the options. 3.81a [3.5, 4.12] 2.31 3.67 [3.4, 3.93] 2.02 3.33 [2.97, 3.69] 1.67 10.17(2) 0.006

5 The stem of the question is worded positively and avoids negatives such as 
NOT and EXCEPT.

3.91 [3.77, 4.04] 2.05 3.86 [3.69, 4.02] 1.98 3.86 [3.69, 4.02] 1.98 0.4 (2) 0.819

6 Only 1 of the options is clearly correct. 3.48 [3.03, 3.92] 2.05 3.38 [2.89, 3.87] 2.04 3.33 [2.94, 3.72] 1.90 0.75 (2) 0.687

7 The correct option is not cued by item writing errors 3.00 [2.62, 3.38] 2.00 3.19 [2.79, 3.59] 2.17 2.95 [2.59, 3.32] 1.83 1.96 (2) 0.375

8 All of the distractors are plausible 3.09 [2.72, 3.47] 2.00 3.24 [2.83, 3.64] 2.05 3.19 [2.85, 3.53] 1.95 0.15 (2) 0.929

Notes: Mean score and ranks in bold show highest value among three AI tools; 95% CI (Confidence Interval); Test statistic (Chi-Square) (X2); Degrees of freedom (df); Significance level (p-value<0.05); a Bonferroni correction (adjusted 
p-value not significant).
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answering the question.30 According to the criterion, the central idea is included in the stem and not in the options; both 
Anatomy and Family Medicine MCQ items showed that Gemini advanced had comparatively higher percentages of 
“strongly agree” ratings. Pathology MCQ items showed that the Perplexity Pro had comparatively higher percentages of 
“strongly agree” ratings.

The one-best-choice MCQ items often fail to measure learning outcomes due to a lack of effective distractors. When 
constructing high-quality scenario-based MCQ items, as practiced in this study, distractor options must be well written. 
A previous study has shown that educators spend a significant amount of time creating the stem, with less time spent 
creating plausible distractor options.31 According to the criterion, all of the distractors are plausible; both Anatomy and 
pathology MCQ items showed that Gemini advanced had comparatively higher percentages of “strongly agree” ratings. 
Family medicine MCQ items showed that the Perplexity Pro had comparatively higher percentages of “strongly agree” 
ratings. A review of 734 single-best-choice MCQ items, encompassing 2,936 options, revealed that the difficulty indices 
rose—indicating easier items—as the number of non-functioning distractors increased.32

While previous studies have examined LLM-generated MCQs and compared their performance, this study focused on 
their use in pre-clinical and clinical modules of an MBBS program and employed evidence-based quality criteria for 
MCQ construction. The study included the topics and learning outcomes outlined in the module’s assessment blueprint. It 
incorporated them into the prompt to generate 63 higher-order clinical-scenario-based MCQ items in the Anatomy and 
Pathology disciplines of the pre-clinical semester 4 program and in the Family Medicine disciplines of the semester 6 
program, to orient LLMs toward clinical integration.

Limitations and Future Directions
This study provided valuable insights into the quality of three LLMs for generating higher-order, scenario-based MCQs in 
the medical field, though it had some limitations. Other LLMs could not be used because of institutional subscriptions. The 
number of MCQ items per discipline was small (63), limiting the power of the data analysis and the generalizability of the 

Table 5 Highest Mean Scores Received by Generative AI Tools Across Anatomy, Pathology and Family Medicine MCQ Items Across 
24 Quality Criteria

No Generative AI Tool Total No. of 
Highest Mean 
Scores Across

Quality Criteria

1 Gemini Advanced 10 The central idea is included in the stem, not the options. 
Only 1 of the options is clearly correct. 

All of the distractors are plausible. 

The question measures specific content, as outlined in the syllabus 
The question is carefully edited and formatted using correct grammar and spelling, 

The stem of the question is worded positively and avoids negatives. 

All of the distractors are plausible. 
The central idea is included in the stem, not the options.

2 Perplexity Pro 13 The question measures specific content, as outlined in the syllabus. 
The question measures key thinking and problem-solving skills. 

The question is carefully edited and formatted using correct grammar and spelling. 

The stem of the question is worded positively and avoids negatives. 
The correct option is not cued by item writing errors. 

The central idea is included in the stem, not the options. 
Only 1 of the options is clearly correct. 

The correct option is not cued by item writing errors. 

All of the distractors are plausible

3 GPT 4.0  

(along with Gemini Advanced)

1 The stem of the question is worded positively and avoids negatives.
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findings. The sample size could not be determined because the project needed to follow the medical program module LOs to 
determine the number of MCQs. The sample size was insufficient to support robust statistical inference for the eight quality 
criteria. Consequently, none of the comparisons reached statistical significance. During the initial validation of the quality 
criteria, inter-rater reliability could not be calculated due to the subject-specific assignment of the content experts. However, 
instrument validation was assessed by testing internal consistency (Cronbach’s alpha). Although two subject disciplines 
(Anatomy and Pathology) were from the pre-clinical program, one (Family Medicine) was from the clinical program. The 
quality of MCQ item construction, as assessed on a Likert scale by external content experts, could not be corroborated by 
item analysis indices such as difficulty and discrimination indices. Future studies should include the use of generated MCQ 
items in actual assessments and corroborate the scores using item-analysis indices.

Conclusion
The study compared the ability of three LLM tools (Gemini Advanced, Perplexity Pro, and ChatGPT 4.0) to generate 
high-quality, clinical-scenario-based MCQ items across three disciplines in a medical program, using an 8-point quality 
rubric. Perplexity Pro achieved comparatively higher percentages of “strongly agree” ratings across 13 of 24 criteria in 
the combined data from three subject disciplines. Gemini Advanced achieved comparatively higher percentages of 
“strongly agree” ratings across 10 of 24 criteria in the combined data from three subject disciplines. Both Gemini 
Advanced and ChatGPT4.0 achieved the highest percentage of “strongly agree” ratings for only 1 criterion. According to 
the 8-point criteria for assessing the quality of generated MCQ items, there is no significant difference in the mean scores 
and ranks of the three LLMs across the quality criteria. Evaluating LLMs will provide educators with practical, evidence- 
based guidance for developing AI-supported MCQ items.
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