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Introduction

Advancements in medicine have led to a rising role for arti-
ficial intelligence (AI). AI-based LLMs, such as Google 
Gemini, Llama 3.3, and ChatGPT, are now being used to 
facilitate medical education and evaluation. Many research-
ers have stated that it can have different benefits, includ-
ing cost, efficiency, and time savings. However, it is also 
emphasized that particular concerns must be considered, 
such as compliance with ethical standards, potential copy-
right infringement, plagiarism in writing, data security, and 
the risk of providing inaccurate information [1–4].

Anatomy constitutes a primary priority within the realm 
of medical education. Nonetheless, the development of 
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Abstract
Purpose  The study aimed to evaluate the effectiveness of anatomy multiple-choice questions (MCQs) generated by GPT-4, 
focused on their methodological appropriateness and alignment with the cognitive levels defined by Bloom’s revised tax-
onomy to enhance assessment.
Methods  The assessment questions developed for medical students were created utilizing GPT-4, comprising 240 MCQs 
organized into subcategories consistent with Bloom’s revised taxonomy. When designing prompts to create MCQs, details 
about the lesson’s purpose, learning objectives, and students’ prior experiences were included to ensure the questions were 
contextually appropriate. A set of 30 MCQs was randomly selected from the generated questions for testing. A total of 280 
students participated in the examination, which assessed the difficulty index of the MCQs, the item discrimination index, and 
the overall test difficulty level. Expert anatomists examined the taxonomy accuracy of GPT-4’s questions.
Results  Students achieved a median score of 50 (range, 36.67-60) points on the test. The test’s internal consistency, assessed 
by KR-20, was 0.737. The average difficulty of the test was 0.5012. Results show difficulty and discrimination indices for 
each AI-generated question. Expert anatomists’ taxonomy-based classifications matched GPT-4’s 26.6%. Meanwhile, 80.9% 
of students found the questions were clear, and 85.8% showed interest in retaking the assessment exam.
Conclusion  This study demonstrates GPT-4’s significant potential for generating medical education exam questions. While 
it effectively assesses basic knowledge recall, it fails to sufficiently evaluate higher-order cognitive processes outlined in 
Bloom’s revised taxonomy. Future research should consider alternative methods that combine AI with expert evaluation and 
specialized multimodal models.
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innovative assessment and evaluation methodologies for 
this discipline, as well as the adaptation to evolving edu-
cational requirements, presents various challenges. There is 
an increasing need for innovative tools that introduce new 
approaches to evaluation processes while enhancing the 
accuracy and efficiency of examinations.

ChatGPT exhibits considerable potential in supporting 
medical research, education, and clinical practice, espe-
cially in anatomy education. Recent studies have increas-
ingly emphasized its ability to deliver precise anatomical 
descriptions and clarify the intricate relationships among 
anatomical structures. Furthermore, the incorporation of 
ChatGPT into anatomy education has garnered attention 
for its potential to elevate student engagement and stimu-
late research initiatives. However, the positioning of Chat-
GPT as a co-author in academic publications has given rise 
to significant ethical dilemmas, particularly concerning 
academic integrity and the appropriateness of generating 
scholarly work without direct human intellectual contribu-
tion [5–7]. Although the large language models (LLMs) 
that have emerged recently were not explicitly designed for 
medicine, they can be quite effective in many medical fields 
due to their capabilities [8, 9]. In a study that reviewed 50 
different works conducted with ChatGPT, five main func-
tions for educators were categorized under two primary 
themes: instructional preparation (material development, 
suggestions, translation, etc.) and evaluation processes 
(task creation and performance assessment). However, it 
has been observed that there are a limited number of stud-
ies addressing its role in supporting both instructional and 
evaluation processes [3]. It has been noted that educators 
can conduct evaluation processes more efficiently by using 
ChatGPT, saving both time and effort [10]. Also, many edu-
cators spend a significant amount of time preparing quiz-
zes, monthly tests, and exams, and thus, ChatGPT offers an 
opportunity to alleviate the assessment burden. ChatGPT 
could contribute to the evaluation process by providing a 
semi-automated grading system and reducing instructors’ 
workload [11]. Assessing student feedback is crucial since 
their views greatly affect engagement, motivation, and over-
all learning results in relation to AI-generated assessments. 
For instance, ChatGPT’s ability to generate questions about 
anatomy was evaluated, and it was noted that it was quite 
effective [12]. However, the methodologies used and the 
commands given may prevent questions from being cre-
ated at a level appropriate for the purpose. Such situations 
raise some questions about integrating artificial intelligence 
into the assessment processes in the field of anatomy. Fol-
lowing the rise of artificial intelligence language models, a 
recent study has started to explore their ability to generate 
exam questions for relevant medical fields [13]. These stud-
ies have examined the accuracy of AI models’ responses to 

the same questions in different languages and evaluated the 
comparative results of multiple language models. However, 
research regarding the effective and efficient use of LLMs 
in the medical field remains limited, particularly concerning 
the reliability, validity, and difficulty level of AI-generated 
questions. Automating the creation of purposeful ques-
tions can both reduce the workload of experts in the field of 
anatomy and increase the scope and depth of the assessment 
process. Bloom’s revised taxonomy is a framework used to 
classify the cognitive levels an educator expects a student 
to utilize when learning a subject or responding to a ques-
tion [14]. However, the use of Bloom’s revised taxonomy in 
anatomy, particularly in studies focused on assessment, has 
remained limited [15].

This study makes a unique contribution to the literature 
by systematically analyzing anatomy MCQs generated by 
GPT-4 using Bloom’s revised taxonomy. This approach 
effectively addresses significant gaps related to the validity 
and reliability of questions and their cognitive appropriate-
ness. In this respect, our study evaluates the effectiveness of 
GPT-4 in creating anatomy MCQs, using Bloom’s revised 
taxonomy and concentrating specifically on the circulatory 
and respiratory systems because of their essential roles in 
medical education.

Materials and methods

Ethics committee approval

The necessary permissions for the study’s conduct were 
obtained from the Kocaeli University Non-Interventional 
Clinical Research Ethics Committee, with approval number 
GOKAEK-2023/17.13.

Learning environment

The study was conducted within the Department of Anat-
omy at Kocaeli University Faculty of Medicine. An anat-
omy education program comprising 21 theoretical and 
28 practical lecture hours was implemented as part of the 
7-week circulatory and respiratory systems course. These 
lectures were distributed by the National Core Curriculum 
(NCC). Faculty members from the Department of Anatomy 
delivered the education in person. There are 313 students in 
the second-year medical faculty, 165 female and 148 male 
students. The average age of the students was 20.57 ± 0.93 
years.
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Question preparation process

AI training and commands

The questions to be used in evaluating medical students 
were prepared using GPT-4, an AI-based LLM, following 
the subcategories of Bloom’s revised taxonomy. Before 
generation, we provided GPT-4 with detailed prompts that 
included:

	● the course aims and learning objectives in circulatory 
and respiratory systems anatomy;

	● the second-year students’ level of professional 
competence;

	● relevant background on previously covered anatomy 
topics;

	● explicit mention of the need to align questions with the 
National Core Curriculum.

240 multiple-choice questions were created, with 40 ques-
tions for each subcategory [14]. Commands (prompts) were 
provided to GPT-4 to generate questions at the desired level. 
These commands included the following key instructions:

	● The AI must identify itself as an expert in anatomy, re-
ferred to as AnatomyGPT.

	● It should behave as if it is a specialist in the field of 
anatomy.

	● The purpose of the committee; cardiovascular, blood, 
bone marrow, lymphoid organs, and respiratory systems 
is the examination of developmental, structural, macro-
scopic, cellular, and functional aspects.

	● The learning objectives of this committee include the 
following information:

1.	 Learns basic information about the anatomical structure 
and functions of the heart, vessels, and lungs.

2.	 Can explain the organization of the circulatory system, 
systemic and pulmonary circulations.

3.	 Defines the structures in the respiratory system and 
knows the respiratory system mechanisms.

4.	 With its applications, (i) can take venous blood, (ii) can 
apply intravenous injection, (iii) and perform urinary 
catheterization on men, (iv) suturing, and (v) breast 
examination on women.

5.	 Relates basic medical courses with clinical correlation 
courses.

	● The difficulty level of the questions should align with 
the professional competency of second-year medical 
students. These students received 48 lesson hours of 
anatomy training from the Skeletal and Tissue Systems 

Committee in the first year, 80 lesson hours from the 
Muscle and Nerve Tissues Committee, and 49 lesson 
hours of anatomy education from the Circulatory and 
Respiratory Systems Committee in the second year.

	● The topics must cover the anatomy of the circulatory 
and respiratory systems.

	● The questions should consist of five options.
	● The questions must be original and free of repetition.
	● The AI must demonstrate a full understanding of the im-

portance of clinical anatomy.
	● The question content should not contain synonymous 

terms that would directly reveal the correct answer.
	● The correct answer must be highlighted underneath each 

question.
	● The question prompts explicitly mentioned “avoid neg-

ative phrasing or double negatives” and “provide only 
one correct answer to minimize ambiguity.”

	● 240 questions, 40 questions suitable for each subhead-
ing of the taxonomy, should be prepared. There should 
be an equal number of questions for each subheading.

	● Our purpose in creating these questions is to verify the 
hypothesis that “In the field of medicine, especially in 
the field of anatomy, the use of large language models 
can enable more effective use of artificial intelligence by 
improving training and evaluation processes.”

	● The options in the questions must comply with FIPAT 
Terminologia Anatomica v.2.07 and Latin terminology 
should be used for anatomical terms [16] (Fig. 1).

Randomization of AI-generated questions

The questions in the pool were reviewed by two expert anat-
omists to ensure their content complied with FIPAT Termi-
nologia Anatomica v2.07 and to verify the accuracy of the 
answers. Five questions from each subcategory of the tax-
onomy were randomly selected to form six sets of 30-ques-
tion tests using the online randomization service Research 
Randomizer v4.0 [17].

Manual verification of questions and Bloom’s 
classification

Two expert anatomists, each with over five years of teaching 
experience, reviewed the 30 generated questions from the 
randomizer. They ensured that each question met the fol-
lowing criteria:

1.	 Content validity and accuracy: The questions were 
thoroughly examined to verify their alignment with 
recognized anatomical standards (FIPAT Terminologia 
Anatomica v2.07).
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Fig. 1  Commands given to GPT-4 and questions created according to Bloom’s revised taxonomy
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225 completed the answer sheets accurately by marking 
their responses on the optical forms.

Analysis and statistical methods

Statistical analysis was performed using IBM SPSS 29.0 
(IBM Corp., Armonk, NY, USA). The normality of the 
data distribution was assessed using the Kolmogorov-
Smirnov test. Since the assumption of normal distribution 
was unmet, numerical variables were presented as medians 
(25th-75th percentiles), and categorical variables were pre-
sented as frequencies (percentages). The Friedman two-way 
ANOVA was used for dependent group comparisons, and 
multiple comparisons were conducted using the Dunn test. 
The percentage of correct and incorrect responses for each 
question was calculated for item analysis. Success rates for 
the subcategories of questions aligned with Bloom’s revised 
taxonomy were also evaluated. The scores obtained by the 
students on the AI-generated test were recorded, and over-
all averages were calculated. Using the top-bottom group 
method, the top 27% of students who scored the highest 
were classified as the “high group,” while the bottom 27% 
were classified as the “low group” [18]. The item difficulty 
index was used to assess whether each question demon-
strated high performance in evaluating students, while the 
item discrimination index was used to determine the qual-
ity of each question [19]. Reliability analysis was examined 
using the Kuder-Richardson 20 (KR-20) [20]. A p-value of 
< 0.05 was considered sufficient for statistical significance 
in hypothesis testing.

Results

Scores on test questions and subcategories

The 30 questions generated by GPT-4 are grouped into five 
questions and show the categories of analyzing, applying, 
creating, evaluating, remembering, and understanding, 
respectively. The table below displays the scores achieved 
by students on questions classified into six subcategories 
based on Bloom’s revised taxonomy, as organized by GPT-4 
(Table 1). The results are expressed as medians and percen-
tiles because the data did not follow a normal distribution. 
It was found that students scored 50 (36.67-60) points on 
the administered test. According to the Post-Hoc test, which 
analyzed significant differences between groups, the median 
score for application-type questions in other subcategories 
was noted. Furthermore, the scores from creativity-based 
questions were lower than those from understanding, evalu-
ating, remembering, and analyzing questions in line with 
GPT-4. The scores from understanding-type questions were 

2.	 Bloom’s revised taxonomy classification: As suggested 
by GPT-4, the questions were classified using Bloom’s 
revised taxonomy. The experts will evaluate the accu-
racy of GPT-4’s taxonomy classification. Considering 
this assessment, they have opted not to modify the sub-
groups in which the questions have been categorized. 
However, their actual feedback regarding the classifica-
tion of questions based on Bloom’s revised taxonomy 
was documented in tables.

3.	 Clarity and phrasing: The questions were carefully 
reviewed to ensure they were unambiguous, avoiding 
potential confusion or multiple correct answers.

4.	 Alignment with learning objectives: The questions 
were thoroughly assessed to ensure they aligned with 
the learning objectives and the second-year curriculum 
level.

Feedback on the AI-based questions by medicine 
faculty students

After the test was administered to the students, feedback 
was received on the following questions and topics from 42 
students who voluntarily participated in the study, with a 
survey prepared using a 5-point Likert scale.

	● How did you find the difficulty level of the prepared 
questions?

	● I would like this kind of evaluation exams to be repeated.
	● The questions were clear and understandable enough.

Participant information and test administration

Out of 313 s-year medical students, 280 voluntarily partici-
pated in the study. The questions were distributed to the stu-
dents in printed form in the lecture hall two days before the 
committee exam, and the answers were marked on optical 
sheets. The confidentiality of the students was ensured, and 
the answer sheets were stored in sealed envelopes without 
collecting any identifying information. Of these students, 

Table 1  Students’ scores in Bloom’s revised taxonomy subgroups 
were based on questions classified by GPT-4

Median (IQR)
Analyzing questions (1) 10 (6.67–13.33)
Applying questions (2) 3.33 (3.33–6.67)
Creating questions (3) 6.67 (3.33-10)
Evaluating questions (4) 10 (6.67–13.33)
Remembering questions (5) 10 (6.67–13.33)
Understanding questions (6) 6.67 (6.67-10)
Total point 50 (36.67-60)
p < 0.001
Post-Hoc test 1,3,4,5,6 > 2 for all

1,4,5,6 > 3
1,4,5 > 6
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question with the highest percentage of correct responses 
was question 3. Although question 3 had a very easy item 
difficulty index, it was found to have a high discrimination 
index. On the other hand, question 28 was calculated to be 
very difficult regarding the item difficulty index, and its dis-
crimination index was found to be weak.

Table  5 presents the item difficulty indices for the AI-
generated questions. The average difficulty of the test is 
calculated by dividing the sum of these values by the total 
number of questions, which is 30. The average difficulty 
value of the test was found to be 0.50. In terms of the item 
difficulty index, six questions (20%) were classified as 
extremely difficult, 4 (13.3%) as difficult, 9 (30%) as mod-
erately difficult, 8 (26.6%) as relatively easy, and 3 (10%) 
as extremely easy.

In terms of the item discrimination index, twenty ques-
tions (66.6%) were found to have a high validity rate. Three 
questions (10%) were deemed acceptable, while six (20%) 
required revision due to weak discrimination. One question 
(3.3%) did not adequately assess the intended objective and, 
therefore, needed to be removed from the test.

We received feedback about AI-generated questions from 
students. 16.7% of volunteer students found the anatomy 
questions to be very difficult, 47.6% found them hard ques-
tions, and 35.7% found them moderately difficult (Fig. 2).

On the other side, 85.8% of volunteer students expressed 
interest in retaking such assessment exams. While 7.1% 
were undecided, 7.2% of the students did not agree with this 
opinion (Table 3).

Of the students surveyed, 80.9% provided feedback indi-
cating that the questions were clear and understandable. 
Conversely, 14.3% expressed undecision on this matter, 
while 4.8% expressed dissatisfaction with the clarity and 
comprehensibility of the questions (Table 4).

also lower than those from evaluating, remembering, and 
analyzing questions (p < 0.001).

The KR-20 test checks the internal consistency of mea-
surements with dichotomous choices. A correct answer is 
scored 1 point, and an incorrect answer is scored 0 points. 
The most common use of KR-20 is in analyzing students’ 
abilities or learning tests. These tests contain one correct 
answer for each item, which means that even though mul-
tiple options are presented to the respondent, only one is 
considered correct, while the others are deemed incorrect. 
The ability to categorize responses into correct and incor-
rect categories makes such questions inherently dichoto-
mous, even if the item has more than two potential answers 
[20]. The analysis conducted using this method found that 
the test’s internal consistency, according to the KR-20 for-
mula, was 0.737. Since the ideal range for KR-20 is between 
0.70 and 0.80, the test’s internal consistency was considered 
to be within an acceptable range. It was determined that the 
highest possible value if the 10th question were removed to 
improve the internal consistency, would be 0.749.

In item analysis, no universally agreed-upon range val-
ues exist for item difficulty and discrimination indices in 
the literature. However, it is generally desired that the item 
difficulty index for a test’s questions falls between 0.20 and 
0.80, with an average difficulty of 0.50, and that the item 
discrimination index exceeds 0.30. According to Wood, the 
item difficulty index can range from 0 to 1 [21] (Table 2). 
When the p-value is multiplied by 100, it converts into a 
percentage representing the proportion of students who 
answered the item correctly. These ratios are generally 
expressed with the letter “p” [22]. The higher the p-value, 
the easier the items are. A higher difficulty index indicates 
that the item is easier to understand. Items with a p-value 
between 20% and 90% are considered good and accept-
able. Within this range, items with a p-value between 40% 
and 60% are deemed excellent, as the difficulty index is at 
its maximum within this range. Items with a p-value less 
than 20% (very difficult) or greater than 90% (very easy) 
are considered unacceptable and need revision. It should be 
conceptualized that the p-value is essentially a behavioral 
measure. Rather than explaining difficulty as an intrinsic 
characteristic of an item, difficulty is defined based on how 
frequently test-takers select the correct answer [23].

The item difficulty and discrimination indices for each 
question are provided in the tables below. Items with a dis-
crimination index between 0.30 and 0.40 are considered 
good, while items with a discrimination index above 0.40 
are regarded as very good [18] (Table 3).

The percentage of correct and incorrect answers for each 
question is presented in the Table 4. It was observed that 
the question with the most incorrect responses, indicating 
outlier behavior among students, was question 28, while the 

Table 2  Item difficulty index
Item difficulty index Interpretation
0.00–0.20 Extremely difficult
0.20–0.40 Difficult
0.40–0.60 Moderately difficult
0.60–0.80 Relatively easy
0.80–1.00 Extremely easy

Table 3  Item discrimination index
Item discrimination index Interpretation
-1.00–0.00 Invalid (Measures the 

opposite variable)
0.00–0.19 Weak (Does not measure 

the intended construct)
0.20–0.29 Acceptable (Can be 

revised and used)
0.30–0.39 Moderately Valid
0.40–1.00 Highly Valid
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recognition rather than production of knowledge. This reli-
ance limits the assessment of critical thinking and complex 
cognitive reasoning [26, 27, 28].

Our study also examined each question based on item 
difficulty and discrimination indices. The analyses indicated 
that five questions were inadequate for use as multiple-
choice questions. Specifically, 80% of these extremely dif-
ficult questions also exhibited poor discrimination indices. 
Furthermore, the negation phrase (‘which one is not’) used 
in questions 7, 14, 17, 18, and 29 likely introduced unneces-
sary complexity. In the ‘understanding’ category, the terms 
‘widely’ and ‘primary’ in questions 26 and 27 undermined 
the distractors, reducing overall question quality and lim-
iting effective assessment. Although GPT-4 offers instruc-
tors a quick way to generate numerous questions, manual 
revisions and additional instructions based on student per-
formance are advised to enhance question suitability and 
ensure alignment with Bloom’s revised taxonomy [24, 29].

It was observed that the questions generated by GPT-4 
and classified in the “analyzing” subcategory showed 
a balanced distribution in terms of difficulty and item 

Discussion

As medical school curricula grow increasingly integrated 
and regulated, careful planning (blueprinting) of course and 
exam content is essential. Educators must thoughtfully cre-
ate exam tasks and criteria that evaluate the knowledge and 
cognitive skills students must develop, ensuring that assess-
ment methods align with the current curriculum [15, 24]. 
Our study evaluated the effectiveness of the prompts for 
GPT-4 in generating MCQs for the circulatory and respira-
tory systems in anatomy education. The findings revealed 
significant differences in student performance across ques-
tions. Although the questions are uniquely created, they are 
not sufficient in terms of creating questions that are fully 
compatible with the taxonomy subgroups. The MCQ format 
may struggle to capture complex cognitive processes, which 
appears to hinder the AI’s ability to generate taxonomy-
compliant questions [25, 26]. Indeed, previous studies have 
highlighted similar constraints, demonstrating that MCQs 
often fail to properly capture students’ abilities in analyz-
ing, evaluating, and creating because they rely primarily on 

Table 4  Correct and incorrect answer rates of medical faculty students for each question
No. Percent No. Percent

1 False 35 15.6 16 False 94 41.8
True 190 84.4 True 131 58.2

2 False 96 42.7 17 False 55 24.4
True 129 57.3 True 170 75.6

3 False 34 15.1 18 False 91 40.4
True 191 84.9 True 134 59.6

4 False 193 85.8 19 False 86 38.2
True 32 14.2 True 139 61.8

5 False 103 45.8 20 False 182 80.9
True 122 54.2 True 43 19.1

6 False 163 72.4 21 False 36 16.0
True 62 27.6 True 189 84.0

7 False 136 60.4 22 False 128 56.9
True 89 39.6 True 97 43.1

8 False 158 70.2 23 False 88 39.1
True 67 29.8 True 137 60.9

9 False 179 79.6 24 False 106 47.1
True 46 20.4 True 119 52.9

10 False 193 85.8 25 False 110 48.9
True 32 14.2 True 115 51.1

11 False 58 25.8 26 False 66 29.3
True 167 74.2 True 159 70.7

12 False 188 83.6 27 False 44 19.6
True 37 16.4 True 181 80.4

13 False 125 55.6 28 False 209 92.9
True 100 44.4 True 16 7.1

14 False 104 46.2 29 False 176 78.2
True 121 53.8 True 49 21.8

15 False 186 82.7 30 False 98 43.6
True 39 17.3 True 127 56.4
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we examine the structure of these questions, it becomes clear 
that they connect anatomical knowledge with surgical meth-
ods, requiring a general understanding of surgical branches 
within the context of clinical anatomy. A more suitable solu-
tion might involve reviewing the courses taken by second-
year students in clinical or surgical fields, re-evaluating the 
questions in relation to NCC, or adding different questions 
related to the creating subcategory instead of these.

Approximately 80% of the evaluating questions based 
on GPT-4 are perceived as easy, yet they demonstrate high 
validity regarding item discrimination. Although the ques-
tions were deemed appropriate in terms of discrimination 
index, analyses by anatomy experts indicated that four of 
these questions belonged to the remembering category and 
one to the understanding category. This shows that the clas-
sification consistency is low in categories that require inter-
pretation and analysis, such as “evaluating”.

However, a study indicates the productivity of GPT-4 in 
anatomy questions; it has been noted that the questions were 
not prepared within a proper methodology or systematic 

discrimination. In contrast, the questions categorized by 
GPT-4 under the “applying” subcategory revealed inconsis-
tencies, with some questions more fitting for the “remem-
bering” subgroup. For instance, question 7 displayed 
moderate difficulty and high validity, but the use of negation 
in the question stem added unnecessary complexity, reduc-
ing its alignment with Bloom’s revised taxonomy. Manual 
revisions in such instances could improve the accuracy and 
suitability of these questions. Furthermore, the questions 
accurately categorized by GPT-4 as “remembering” exhib-
ited high validity and an appropriate difficulty distribution. 
This observation may indicate the effectiveness of students’ 
study strategies or the inherently memorable quality of 
anatomical knowledge. These findings align with previous 
research suggesting that multiple-choice items, particularly 
those assessing lower-order cognitive skills such as remem-
bering and understanding, can perform reliably in evaluat-
ing basic knowledge when well-constructed [30].

It appears that two questions in the GPT-4’s creating sub-
category demonstrate a weak level of discrimination. When 

Question No. Cronbach’s
Alpha if Item 
Deleted

Item 
difficulty 
index

Item difficulty 
classification

Item discrimi-
nation index

Item 
discrimina-
tion index 
classification

1 0.731 0.84 Extremely easy 0.52 High validity
2 0.726 0.56 Moderately difficult 0.58 High validity
3 0.728 0.84 Extremely easy 0.56 High validity
4 0.732 0.15 Extremely difficult 0.23 Acceptable
5 0.724 0.54 Moderately difficult 0.64 High validity
6 0.749 0.28 Difficult 0.14 Weak
7 0.733 0.40 Moderately difficult 0.41 High validity
8 0.737 0.31 Difficult 0.24 Acceptable
9 0.741 0.21 Difficult 0.19 Weak
10 0.749 0.14 Extremely difficult -0.03 Invalid
11 0.719 0.72 Relatively easy 0.65 High validity
12 0.745 0.17 Extremely difficult 0.09 Weak
13 0.728 0.45 Moderately difficult 0.52 High validity
14 0.732 0.53 Moderately difficult 0.52 High validity
15 0.749 0.16 Extremely difficult 0.04 Weak
16 0.732 0.60 Relatively easy 0.53 High validity
17 0.720 0.74 Relatively easy 0.63 High validity
18 0.724 0.60 Relatively easy 0.65 High validity
19 0.716 0.63 Relatively easy 0.77 High validity
20 0.740 0.18 Extremely difficult 0.14 Weak
21 0.723 0.82 Extremely easy 0.63 High validity
22 0.717 0.46 Moderately difficult 0.64 High validity
23 0.723 0.60 Relatively easy 0.68 High validity
24 0.724 0.54 Moderately difficult 0.63 High validity
25 0.722 0.51 Moderately difficult 0.67 High validity
26 0.719 0.69 Relatively easy 0.76 High validity
27 0.719 0.79 Relatively easy 0.72 High validity
28 0.739 0.06 Extremely difficult 0.05 Weak
29 0.738 0.23 Difficult 0.25 Acceptable
30 0.733 0.56 Moderately difficult 0.49 High validity

Table 5  Item difficulty index and 
item discrimination index values ​​
and classifications of each ques-
tion generated by GPT-4
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moderately difficult, eight were easy, and three were very 
easy. In terms of the item discrimination index, twenty 
questions had a high validity rate, three were acceptable, 
six required revisions due to weak discrimination, and one 
needed to be removed from the test as it didn’t correctly 
assess the intended objective. The results obtained reveal 
the usability of GPT-4 in creating a valid test of the question 
distribution ratio in a created test. Additionally, the internal 
consistency of the test was found to be generally accept-
able; however, some questions were identified as having a 

framework [8]. Additionally, there is a lack of evaluation 
regarding the quality of the generated questions. This study 
analyzed the questions produced by GPT-4 at both the ques-
tion and test levels, showing objective results, that anatomy 
questions can be created based on artificial intelligence in 
the future with appropriate commands and grounds.

Our findings show how complex the AI-generated ques-
tions were. On average, the test was moderately difficult, 
with an average difficulty value of 0.5012. Out of 30 ques-
tions, six were very difficult, four were difficult, nine were 

Fig. 3  Students’ opinions about the repeatability of such exams

 

Fig. 2  Students’ opinions about the difficulty of exam questions
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significantly enhance student engagement and motivation in 
educational assessments [31, 32].

Study limitations

Limited student sample

This study’s conclusions are restricted to a particular sub-
set of Kocaeli University Faculty of Medicine students. 
The number of students taking part in the research and their 
demographics place restrictions on how far the findings may 
be applied. Using a bigger sample size could help the results 
become more broadly applicable. Other limitations of this 
study may include not grouping students by gender and age. 
Evaluating the relationship between genders may be nec-
essary in revealing differences between student groups. In 
addition, although noting the opinions of these groups on 
the questions created will constitute a subjective analysis, it 
may be essential to obtain the opinions of the student groups 
regarding the questions.

Limitations of the LLMs

LLMs have significant limits regarding their application in 
medical education despite their promise to be an extremely 
effective teaching tool. These restrictions include giv-
ing false information, depending too much on technology, 

negative impact on the test’s overall reliability. In order to 
increase the usability and validity of the questions in the 
test, instead of selecting questions from the question pool 
with the randomization method, it may be a more effective 
method for anatomy experts to choose the questions that 
comply with the taxonomy rules. Thus, the rates in tests 
based on questions with high-quality levels may be higher.

In our study, student feedback showed that the AI-
generated questions were considered challenging, closely 
aligning with the objective analysis indicating that 63.33% 
of the items were classified as not easy based on their dif-
ficulty indices. This consistency highlights GPT-4’s ability 
to generate contextually rich and complex anatomy ques-
tions. Furthermore, over 85% of students expressed a will-
ingness to retake ChatGPT-based assessments, highlighting 
their positive experiences and the perceived value of diverse 
questions. Such exams seem to foster greater student inter-
est and active participation compared to traditional assess-
ments. Most students also reported that the AI-generated 
questions were clear, understandable, and suitably challeng-
ing, showcasing GPT-4’s skill in accurately using complex 
medical terminology. These findings suggest that AI-gener-
ated questions can effectively help students focus on con-
tent rather than question structure. Combining objective 
data with student feedback further strengthens the validity 
of our results and underscores the potential of GPT-4 to 

Fig. 4  Students’ opinions about the understandability of these questions
According to the opinion of two expert anatomists in the department 
of anatomy, the categories in which the questions created by GPT-4 
should be classified are detailed in Table 6. It has been reported that 24 
of these questions should be included in the remembering category, 1 
in the understanding category, and 5 in the applying category. When 

the classification made by GPT-4 was compared with the taxonomy 
classification of anatomy experts, a 26.6% agreement was observed. 
It was determined that 2 of these questions were in the applying sub-
group and 1 in the understanding group, while all of the questions in 
the remembering subcategory were found to be compatible with the 
classification.
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No. Question Taxonomy 
Classification

1. During a thoracic surgery, a surgeon identifies a vessel that originates from the 
aortic arch and supplies the head and neck. Which of the following vessels is 
being described?

Remembering

2. Which pharyngeal structure serves as the opening for both the respiratory and 
digestive tracts?

Remembering

3. The cricothyroid muscle plays a crucial role in adjusting the pitch of the voice. It 
functions by:

Remembering

4. Which of the following structures is found in the posterior part of the heart, mak-
ing it most likely to be injured during procedures on the esophagus?

Remembering

5. Which nasal concha has a direct relation to the opening of the maxillary sinus? Remembering
6. Patient complains of difficulty swallowing solid foods but can swallow liquids 

with ease. An obstruction in which part of the esophagus might explain this?
Applying

7. A thoracic surgeon needs to access the posterior mediastinum. Through which of 
the following would the surgeon NOT need to maneuver?

Applying

8. A patient who has had damage to their posterior cricoarytenoid muscle would 
most likely have difficulty in:

Remembering

9. Which muscle assists in tensing the vocal cords? Remembering
10. During a surgical procedure on the larynx, a surgeon notes damage to a nerve that 

solely innervates the cricothyroid muscle.
Remembering

11. Given the anatomical positioning and function of the heart’s chambers, which 
chamber would primarily be responsible for pumping oxygenated blood to the 
body tissues?

Remembering

12. In developing a new surgical technique, a surgeon seeks to minimize the risk of 
myocardial infarction. Which vessel, if occluded, would pose the highest risk to 
the left ventricular myocardium?

Applying

13. A new surgical technique aims to alleviate pressure on the recurrent laryngeal 
nerve by the aortic arch. Which lung’s related structures would most likely be in 
close proximity to this surgery?

Applying

14. A physician is attempting to locate the thymus in an adult patient. In which 
region of the mediastinum would the physician expect to find a relatively small 
and regressed thymus?

Remembering

15. Imagine that a new thoracic surgical procedure requires an entry point through 
the intercostal space. Which of the following landmarks would best guide the 
surgeon to avoid damage to the intercostal nerve and vessels?

Applying

16. The absence of which structure would significantly impede the function of the 
vocal cords?

Remembering

17. Which structure is NOT found in the intercostal space? Remembering
18. Which of the following muscles would NOT play a role in elevating the ribs dur-

ing forced inhalation?
Remembering

19. A tumor has been found pressing against the only muscle responsible for abduct-
ing the vocal cords. Which muscle is compromised?

Remembering

20. A singer presents with a strained voice and undergoes laryngoscopy. Damage 
is noted on the arytenoid cartilage. Which muscle is primarily responsible for 
adducting the vocal cords, which may be affected?

Remembering

21. Which structure lies immediately posterior to the tracheal bifurcation? Remembering
22. The torus tubarius is related to which structure? Remembering
23. Which layer of the heart contains Purkinje fibers? Remembering
24. Which rib articulates with the sternum at the sternal angle? Remembering
25. Which structure separates the two atria of the heart? Remembering
26. Which bronchi is wider, shorter, and more vertical, making it more susceptible to 

foreign object entry?
Remembering

27. A foreign object lodged in the trachea would likely enter which primary bronchus 
due to its more vertical orientation?

Remembering

28. The oropharynx is bordered superiorly by the: Remembering
29. Which of the following structures is NOT located in the posterior mediastinum? Remembering
30. Why is the location of the azygos vein clinically relevant in relation to the 

mediastinum?
Understand-
ing

Table 6  Classification of ques-
tions developed by GPT-4 follow-
ing Bloom’s revised taxonomy by 
expert anatomists of the anatomy 
department
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formats effectively assess knowledge retention and compre-
hension, yet they remain insufficient for assessing analytical 
and evaluative reasoning [34, 35].

Future research goals

Future studies can conduct similar experiments at mul-
tiple medical schools and with larger student populations 
to explore the effectiveness of AI-based exam questions in 
greater depth. This research can provide valuable insights 
into how artificial intelligence (AI) can be applied more 
broadly and successfully in educational settings. Further-
more, by contrasting the artificial intelligence language 
model’s skills and flexibility with the questions developed 
using the “Blooming Anatomical Tool” created for the anat-
omy branch, it will be easier to see how strong it is [15].

Additionally, further research is needed to develop arti-
ficial intelligence models that can more effectively gener-
ate creative and practice-intensive questions. This further 
maximizes AI’s educational potential by assisting students 
in acquiring a greater variety of cognitive capabilities and 
streamlining the evaluation procedure. Due to the increas-
ing LLM competition between technology and companies 
today, it will be valuable to see the results of more com-
prehensive studies that include other language models to 
compare the capabilities of LLMs. In addition, AI models 
trained with unique data sets can be crucial in creating more 
qualified anatomy questions and eliminating terminology 
errors. Although it can be interpreted as a limitation in this 
study, it is a good idea for future studies.

Conclusion

This study demonstrates that advanced artificial intelligence 
models, like GPT-4, have significant potential in creating 
exam questions for medical education. GPT-4 is highly 
effective at generating anatomy MCQs that test factual 
recall consistently but struggles with prompts that require 
higher-order thinking skills. To leverage its strengths and 
mitigate its weaknesses, we strongly recommend explor-
ing alternative assessment methods and hybrid approaches 
that combine AI generation with expert human evaluation. 
Specialized LLMs trained specifically with medical and 
anatomical data could further improve the quality and appli-
cability of AI-generated assessment tools. Future research 
should prioritize comparative studies between AI-generated 
and conventionally developed assessment materials, as well 
as investigate multimodal AI models that can address the 
essential visual components of anatomy education.

Author contributions  A.T.: project development, first draft of the man-
uscript, writing - review and editing, data analysis; N.F.K.: project de-

hurting critical thinking, and raising issues with academic 
integrity. Therefore, it’s critical that the data supplied by 
LLMs be verified and that the focus on practical skills 
never changes. Furthermore, it is believed that regular 
LLM updates are essential to guaranteeing timeliness and 
correctness. The GPT-4’s shortcomings were particularly 
noticeable regarding questions that assessed higher-order 
cognitive functions like application and creativity. This 
implies that additional model development is required to 
offer a more thorough assessment of exam questions based 
on artificial intelligence. Although GPT-4 seems sufficient in 
preparing sentence-based anatomy questions, there is a seri-
ous inadequacy in preparing visual questions and describ-
ing anatomical structures. The analysis of visual structures 
holds significant importance in the evaluation of anatomy 
education. This clearly demonstrates that this area is poised 
for future development and enhancement, which can lead to 
improved learning outcomes. Considering the publications 
that emphasize the importance of visuality in anatomy, the 
importance of this subject can be clearly understood [33]. 
Moreover, although we made randomization among the 
questions we created, repeatability was observed regarding 
question style. This situation may pose a problem in creat-
ing question pools of very large scope and creating various 
types of questions. Furthermore, comparing the validity and 
dependability of AI-produced questions with those gener-
ated by humans is possible, and more research is necessary.

Feedback on questions from anatomy department experts

As a result of the examinations, it was emphasized that 
MCQs generated by GPT-4 were generally focused on the 
categories of remembering, understanding, and applying, 
but did not address the levels of analyzing, creating, and 
evaluating. The key factors contributing to this outcome 
seem to be the exam format and assessment objectives 
[26, 28]. The MCQ format has limitations in evaluating 
higher-order cognitive processes like analyzing, evaluat-
ing, and creating. Because students can only choose from 
set options, they cannot adequately showcase their critical 
thinking, creative problem-solving, or evaluative reason-
ing skills. Therefore, alternative assessment methods such 
as open-ended questions, clinical case discussions, or oral 
exams may better assess these intricate cognitive abilities. 
Our experts observed that multiple-choice questions are bet-
ter suited for assessing students’ abilities in remembering 
and comprehending information. Moreover, since anatomy 
education emphasizes learning fundamental structures at the 
preclinical level, ChatGPT-4 based MCQs could not fully 
address questions in the analyzing, creating and evaluat-
ing category. Educational literature further supports these 
expert findings by demonstrating that multiple-choice 
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