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ABSTRACT

INTRODUCTION: Multiple-choice questions (MCQs) are essential in medical education and
widely used by licensing bodies. They are traditionally created with intensive human effort to
ensure validity. Recent advances in artificial intelligence (Al), particularly large language models
(LLMs), offer the potential to streamline this process. This study aimed to develop and test a
GPT-4 model with customized instructions for generating MCQs to assess urology residents.

METHODS: A GPT-4 model was embedded using guidelines from medical licensing bodies
and reference materials specific to urology. This model was tasked with generating MCQs
designed to mimic the format and content of the 2023 urology examination outlined by
the Royal College of Physicians and Surgeons of Canada (RCPSC). Following generation, a
selection of MCQs underwent expert review for validity and suitability.

RESULTS: From an initial set of 123 generated MCQs, 60 were chosen for inclusion in an
exam administered to |15 urology residents at the University of Toronto. The exam results
demonstrated a general increasing performance with level of training cohorts, suggesting the
MCQs' ability to effectively discriminate knowledge levels among residents. The majority
(33/60) of the questions had discriminatory value that appeared acceptable (discriminatory
index 0.2-0.4) or excellent (discriminatory index >0.4).

CONCLUSIONS: This study highlights Al-driven models like GPT-4 as efficient tools to aid
with MCQ generation in medical education assessments. By automating MCQ creation while
maintaining quality standards, Al can expedite processes. Future research should focus on
refining Al applications in education to optimize assessments and enhance medical training
and certification outcomes.

182 CUAJ « JUNE 2025 « VOLUME 19,ISSUE 6 © 2025 CANADIAN UROLOGICAL ASSOCIATION

INTRODUCTION
Multiple-choice questions (MCQs)
have been widely used for testing
across many disciplines." In urology,
along with most other medical spe-
cialties, examination for board certifi-
cation and licensure in North America
relies on this type of testing?’

Creating a well-formulated MCQ
is a difficult task, especially for use
in high-level and high-stake exami-
nations such as medical licensure;’
however, there are principles to cre-
ating suitable MCQs in the context
of medical licensing exams;>® these
principles include having a clear lead-
in question that is of appropriate dif-
ficulty with clinically relevant scenar-
ios, adequate testing application of
medical knowledge, and generating
fair distractors.

The task of generating MCQs
demands qualified individuals spend
several hours formulating such ques-
tions and discussing their validity;’
however, with the “rules” available
to make appropriate MCQs, arti-
ficial intelligence (Al), specifically
large language models (LLMs) such
as ChatGPT, may be instructed to
create questions per these regula-
tions. Previous studies have shown
the utility and limitations of LLMs in
medical education, including generat-
ing and answering MCQs across vari-
ous disciplines.® Moreover, with the
advent of newer Al models that can
analyze the contents of files such as
PDF, LLMs can now access additional
knowledge to support the creation
of MCQ with reliable content.



KEY MESSAGES

B A GPT-4 model trained using urology-related
guidelines and reference materials produced
23 MCQs; 60 were used for a formal

exam administered to residents in various
postgraduate years.

B Results showed a correlation between
resident performance and level of training,
with a noticeable progression of scores by
cohort. The study also analyzed the difficulty,
discriminatory power, and effectiveness of
distractors in the questions.

B Al-driven models like GPT-4 can enhance the
efficiency of MCQ creation for medical exams
while maintaining question quality, although
ethical considerations and further validation are
essential for implementation.

Herein, we report on the creation of high-level
MCQs using a GPT-4 model with customized instruc-
tions to test the knowledge of urology residents.

METHODS

Following institutional research ethics board approval
(#1000081309), a GPT-4 model using ChatGPT-4 from
OpenAl (openai.com) was created. Specific instructions
were to create MCQs based on established guidelines
on how to write well-designed MCQ items, available
from the Royal College of Physicians and Surgeons of
Canada (RCPSC) and the National Board of Medical
Examiners (NBME®). Custom instructions included
rules for MCQ building, recommendations for drafting
good stems and lead-ins, description of suitable distrac-
tors, and number of options, which was limited to four
(Appendix A; available at cugj.ca).

The customized model was provided with a PDF of
publicly available guidelines and reference study materi-
als according to the 2023 RCPSC urology examination.
Through retrieval-augmented generation (RAG), LLMs
such as GPT-4 extract relevant text data from uploaded
documents to generate responses. In RAG, the model
retrieves information from external documents and
combines it with its existing knowledge base to cre-
ate more contextually accurate outputs. This approach
enables the model to use specific, credible sources,
thereby ensuring that the generated MCQs are well-
aligned with current guidelines.”

We included Canadian Urological Association
(CUA) clinical guidelines, CUA best practice reports,
and CUA review articles (example sample question cre-
ation: https://chatgpt.com/share/45e7bab5-d942-4c2 | -
9ebd-3742de | 66a7d; for this specific question, CUA
guideline for neurogenic lower urinary tract dysfunc-
tion was uploaded to LLM chat).'® While not explic-
itly stated as a reference study material by RCPSC,
European Association of Urology (EAU) guidelines
were also used. The American Urological Association
(AUA) guidelines were not included due to a new
policy enforcing restrictions on AUA-related content
exposure to LLM models.

Generated MCQs were screened by one or more
Royal College-certified author(s) for content validity.
Questions of appropriate difficulty were identified and a
randomly selected 60-question MCQ exam was created,
with its contents mimicking the anticipated proportion of
question topics as the 2023 RCPSC urology exam. This
exam was distributed among urology residents training
at the University of Toronto in a monitored setting.

The proportion of questions answered correctly was
evaluated by year of training and topic for psychometric
analysis, which included difficulty assessment, discrimi-
natory index calculation (formula defined as % correct
by top 27" percentile performers minus % correct by
bottom 27" percentile performers; top/bottom 27
percentile cutoff were used per previously established
conventional cutoff for high- and low-performers in
literature), and functional distractor evaluation (defined
as options chosen by >5% of participants).'"'?

Privacy concerns surrounding LLM use was addressed
by opting out of model training based on contents pro-
vided by the user account, as well as using the ChatGPT
Team account, on which OpenAl guarantees privacy
without training based on uploaded content.'

RESULTS

Exam construction
A total of 123 sample questions were generated using
our GPT-4 model. Following screening, six questions
(4.9%) had undergone modifications per at least one
screener’s suggestion due to possible ambiguity of
clinical scenario (3/6, 50%) or answer choices (3/6,
50%). The remaining | |7 questions appeared suitable
for testing, with good construct validity. (Questions
requiring modifications to improve ambiguity are shown
in Supplementary Table I; available at cugj.ca.)

Ofthe 123 questions, 60 were chosen for testing by
the author group. Questions were selected based on
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topic distribution suggested by the 2023 RCPSC urol-
ogy exam and randomly chosen within our bank of 123
questions. The proportion of topics in this exam are
summarized in Figure | and the examined questions are
shown in Supplementary Table | (available at cugj.ca).

Participants

Fifteen urology residents training at the University
of Toronto were tested using the GPT-4-generated
MCQ exam on June 7, 2024. Tested cohorts were
from postgraduate years (PGY) -4, near the end of
their academic year (July I, 2023 to June 30, 2024). The
median score was 37/60 (range 31-44).

Five PGY | s wrote the exam; among this cohort, two
were international medical graduates (IMG) who had
already completed urology residency training in another
country before joining our PGY'| cohort and were eval-
uated separately from their non-IMG peers. In addition,
three PGY2s, four PGY3s, and three PGY4s wrote
the exam. PGY5s were not tested, as they already
completed their RCSPC examination and contributed
to screening the questions.

Psychometric analysis
Among the questions, 2| were deemed difficult, with a
<50% correct response rates. In contrast, |4 questions
were deemed easy, with >80% correct response rates.
The discriminatory index was calculated for each
question. Twenty-seven questions (45%) had poor
discriminatory value (<0.2) and 33 questions 65%
had acceptable or excellent discriminatory values (20
acceptable [0.2-0.4], |3 excellent [>0.4]).

Diagnostic techniques and imaging

Neurourology/Voiding dysfunction

Transplantation/Nephrology/
Renovascular disease

Patient safety

1.7% (0-10%)

1.7% (0-10%)

3.3% (0-10%)

5.0% (0-10%)

5.0% (5-15%)

6.7% (5-15%)

8.3% (5-15%)

8.3% (5-15%)

11.7% (5-15%)
11.7% (10-20%)

Basic sciences

Urinary tract obstruction

Trauma/Fistula

Pediatrics

Infection/Inflammation

Urolithiasis
18.3% (10-20%)
18.3% (15-25%)
175 20.0

Andrology/Endocrinopathy
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Figure 1. Breakdown of proportion of examination content (percentages within brackets are the suggested proportion of questions accord-
ing to the 2023 Royal College urology exam).
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There were 98 functional distractors (98/180, 54%),
with >5% selection rates from participants. There was
poor correlation with number of functional distrac-
tors and discriminatory index of a question. (Pearson
r=0.150) (Supplementary Figure |; available at cuaj.ca).

When evaluating the percentage of correct replies
per topic, residents performed well on pediatrics,
trauma/fistula, and basic sciences, with >70% average
score. In contrast, they performed poorly on trans-
plantation/nephrology/renovascular disease, diagnostic
imaging, infection/inflammation, and neurology/voiding
dysfunction, with <60% correct rate (Figure 2).

There was no significant correlation between the
discriminatory index and the proportions of correct
questions in each topic; however, there was a significant
correlation between the median functional distractors
per topic and the proportion of questions correct per
topic (Pearson r=-0.759, p=0.004) (Supplementary
Table 2; available at cugj.ca).

Exam results

The scores per cohort showed progressive improve-
ment based on the level of training (Figure 3A, Table 1).
The PGY'| IMGs, with more experience than their peers,
had scores comparable to the senior residents. While
PGY3s performed very well, the PGY4s performed with
less variation in their scores. When excluding MCQs
with poor discriminatory index, there was a noticeable
stepwise increase in scores with progressing PGY level
(Figure 3B).

DISCUSSION

Until now, LLMs have been primarily used to answer
MCQs to assess performance on standardized exams.
Recent GPT-4 models have performed remarkably well
on standardized examination questions, suggesting they
can be well-trained on various topics, including medi-
cine."® The accuracies are often reported to be beyond
the passing score of 70% across several disciplines.'®!?
This suggests that LLMs, such as ChatGPT, have signifi-
cant contextual data and can create clinically relevant
and reasonable questions for examinees.

We have seen improved performance of LLMs in
examinations specific to urology, although still inferior
to top-performing human counterparts.?®?' There are
preliminary reports on the use of GPT-4 to create
MCQs to test surgical subspecialty residents; however,
these studies did not customize the GPT-4 model with
specific instructions around MCQ building, nor did they
provide appropriate reference materials. This led to
increased susceptibility to “hallucination” and poorer



question quality, with only 25% of their questions reach-
ing discriminatory index value of >0.2.%

To our knowledge, ours is the first study to create
high-level MCQs designed for testing medical subspe-
cialty residents and evaluate the feasibility of imple-
menting this in a formal examination setting.

Our study showed that the exam did have some
discriminatory value in evaluating the knowledge of
urology residents based on their training year. Due to
the small number of participants, evaluation of statistical
differences among cohorts was not performed.

Some improvements can be made. There were nine
questions (15%) on the exam that were of limited utility
in evaluating resident knowledge, as there was 100% or
0% correct rates, with 45% of questions having poor
discrimination. Moreover, some topics were more dif-
ficult than others, likely due to the higher proportion
of functional distractors present in questions covering
those topics. As there were fewer numbers of ques-
tions on some of these topics, caution is needed to
interpret resident knowledge based on these questions
alone; however, this may also reflect the design of the
residency program exposure (early exposure to pedi-
atric rotations, surgical foundations, and trauma rotation
as a PGY'|/2 leading to higher marks).

Additional evaluation of “difficult” and “easy” ques-
tions showed that more difficult questions were testing
concepts not frequently encountered or tested during
clinical settings, such as pheochromocytoma followup
and different catheter types. Despite this, most of the
questions were acceptable or excellent in discrimina-
tory index classification, suggesting there may be great
value in using LLMs to support MCQ creation.

This is further corroborated when evaluating perfor-
mance based on questions with acceptable or excel-
lent discriminatory value. There is a clear trend toward
higher scores in the more senior cohort; while PGY3s
performed better than the PGY4s on average, there
was less variation across PGY4 marks, suggesting that
as a complete cohort, they may be better prepared
compared to the PGY3s,

Drafting MCQs for examination is a complex pro-
cess and there are measures by organizations, such as
the American Board of Urology, to experiment with
a proportion of their MCQ exam to safeguard ques-
tion quality. It is undisclosed how many such questions
become testable questions in the future, but our cus-
tom GPT performed well in creating a good mix of
easy, moderate, and difficult questions.”

The correlation analysis reveals key factors that
contribute to both the difficulty of a question and its

Pediatrics

Trauma/Fistula

Basic sciences

Neoplasm

Urolithiasis

Andrology and endocrinopathy
Urinary tract obstruction

disease

Diagnostic imaging
Infection and inflammation

Neurourology and voiding dysfunction | L

3 >70% correct
N 60-70% correct
[ <60% correct

0 20 40 60
Proportion correct (%)

80 100

Figure 2. Summary of the proportion of questions correct per topic.

Table 1. Summary of test resulis

Results (all questions)

Year of training Median score (out of 60) | 25th percentile
PGY1 33 32.5

PGYT IMG 37.5 37.25

PGY2 35 34

PGY3 38.5 34.75

PGY4 38 37

Results (with poor discriminatory index questions removed)

Year of training Median score (out of 33) | 25th percentile
PGY1 17 16.5

PGYT IMG 20.5 20.25

PGY2 20 18

PGY3 22 19

PGY4 23 22

IMG: international medical graduate; PGY: postgraduate year.

75th percentile
35

37.75

38

41.75

40

75th percentile
19.5

20.75

24

25.75

27

discriminatory power. A strong negative correlation
(-0.78) between the percentage of correct responses
and the number of functional distractors suggests that
questions with more effective distractors are gener-
ally harder, as fewer respondents can choose the cor-
rect answer. Regarding discriminatory power, the data
indicate that the number of functional distractors has
a positive correlation (0.15) with the discriminatory
index, suggesting that questions with more plausible dis-
tractors are better at distinguishing between high- and
low-performing respondents. The relatively weak cor-
relations between the discriminatory index and other
factors, such as the percentage of correct responses
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Figure 3. Summary of raw scores per postgraduate year training cohort: (A) summary of results for all questions (n=60); (B) summary
of results for questions with acceptable and high discriminatory value (n=33).
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(-0.15), indicate that the ability of a question to discrimi-
nate between performance levels is not solely depen-
dent on how many people answer correctly, but rather
on the quality of the distractors.

Future LLMs used for this purpose should be modi-
fied to ensure that at least one or more plausible dis-
tractors are included in its options (with or without the
help of humans) to enhance its discriminatory index.
Moreover, this may be an opportunity to study the
functional distractors that are frequently chosen by
residents to identify potential common misconceptions
and create tailored educational content. By augmenting
LLMs to assess individual trainee weaknesses, we can
potentially create a system that generates personalized
questions to address these gaps.

Barriers to using presented GPT-4-based models
in the future include the low custom GPT-4 use by
non-subscribers to OpenAl's ChatGPT service. There
have also been privacy concerns with LLMs, with mod-
els being trained on subscription or propriety content
without permission. In the era of Al and LLMs, there
have been increasing efforts to protect propriety data.
The AUA, whose guideline contents are also testable
resources according to the RCPSC, released a recent
policy that their contents should not be uploaded to
LLMs without permission.

The results of our study suggest that the creation
of useable MCQs can be made significantly less cum-
bersome with LLMs. Thus, agencies that may benefit
from such increased efficiency should aim to develop
partnerships with those with expertise in LLM, as well
as organizations that have propriety content of interest
to ensure the creation of appropriate MCQs without
a breach of privacy policies.

Limitations

There are several limitations to this investigation. While
it shows the feasibility of LLM use in the creation of
useable and high-quality MCQs for subspecialty resi-
dent examination, this evaluation was performed on a
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small cohort of |5 individuals from a single residency
program in Canada. Further interal and external valid-
ity for ongoing reliable use of such tools is necessary
prior to routine use.

Moreover, this investigation did not include the
graduating cohort of PGY5s, who have already passed
their licensing examination and would be the ideal gold
standard to assess whether the exam is representative
of the RCPSC urology examination. There may also be
a selection bias with the questions chosen; however,
we aimed to minimize this by selecting the questions
randomly from the database of questions deemed
appropriate by screeners.

Furthermore, when using a LLM, one must be
aware of how it was trained and developed.** While
it is uncertain what training data GPT-4 models had
access to, we augmented our custom GPT with reliable
resources. Moreover, RAG is a complex process that
relies on the model to locate and extract the most
pertinent information in a vast array of data, which
is particularly challenging due to the “needle-in-a-hay-
stack” nature of identifying the most relevant informa-
tion from extensive data sources. It has been shown
that LLMs may miss information, especially when the
provided content is longer.”® Nonetheless, we suspect
that LLMs' capacity to perform RAG will continue to
improve with advanced techniques such as improved
indexing, relevance ranking, and context-aware retrieval
strategies.”?

As the use of Al in medical education becomes
increasingly common, there may be benefits in col-
laboration with computer scientists and Al experts to
evolve our methodology and create higher-level use
of LLMs through computer programming. We hope to
continue validating our tool in our residency program
cohorts, as well as in other institutions for external
validation.

CONCLUSIONS

This study highlights the feasibility and utility of Al-driven
models, such as GPT-4, in the creation of MCQs for
medical education and assessment. By leveraging Al,
the process of MCQ generation can be expedited
while maintaining standards of validity and relevance.
One should be cognizant of ethics around the use of
LLMs and ensure questions are developed from reli-
able sources. Future research could further explore
and refine Al applications in educational assessment,
potentially revolutionizing the efficiency and effective-
ness of medical training and certification examinations.
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