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ABSTRACT

Background: Artificial intelligence (AI) has recently advanced in medicine globally, transforming healthcare delivery and
medical education. While AT integration into medical curricula is gaining momentum worldwide, research on medical students’
preparedness remains limited, particularly in developing countries. This paper aims to investigate the readiness of medical
students at the Kerman University of Medical Sciences to employ AI in medicine in 2022.

Methods: This cross-sectional research was carried out by distributing the validated 20-item Medical Artificial Intelligence
Readiness Scale for Medical Students (MAIRS-MS) among 360 medical students, with a response rate of 94% (n = 340). The
MAIRS-MS assessed four domains, including cognition (8 items), ability (7 items), vision (2 items), and ethics (3 items), using a
5-point Likert scale. Data analysis was conducted by descriptive statistics and independent sample t-tests in SPSS v24.0,
considering p < 0.05 significant.

Results: Participants demonstrated below-average readiness scores across all domains: ability (M = 21.88 + 6.74, 62.5% of the
maximum possible score), cognition (M = 20.30 + 7.04, 50.8%), ethics (M =10.94 + 3.04, 72.9%), and vision (M = 6.09 +1.94,
60.9%). The total mean readiness score was 59.21 +16.12 (59.2% of the maximum). The highest and lowest-rated items were
“value of AI in education” (3.96 +1.18) and “explaining Al system training” (2.10 + 1.01), respectively. No significant differ-
ences were found across demographic factors (p > 0.05).

Conclusion: Iranian medical students currently show limited readiness for Al integration in healthcare practice. Therefore, the
study recommends: (1) implementing structured introductory AI courses in medical curricula, focusing particularly on tech-
nical fundamentals and practical applications, and (2) developing hands-on training programs that combine AI concepts with
clinical scenarios. These findings provide valuable insights for curriculum development and educational policy in medical

education.
1 | Introduction algorithms in medical imaging, comprising X-ray, CT scan, and
MRI diagnosis, acoustic data-based pattern recognition and
Artificial intelligence (AI) has recently found extensive appli- disease prediction, and prognosis on disease types and devel-
cations in medical practice [1]. Today, artificial intelligence- opmental trends for patients [2]. For instance, the disease

based health/medical care programs can assist physicians in diagnosis is facilitated when AI analyzes electrocardiograms [3],
various ways, such as supporting vigorous machine learning  providing information on the patients’ age, gender, anemia, risk
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of diabetes or arrhythmias, heart function, valve complications,
and kidney or thyroid conditions [4]. AI can also contribute to
identifying psychotic and neurological illnesses, including Par-
kinson's disease using speech patterns [5], detecting polyps and
neoplasms in the digestive system [6], and even automating
surgical tasks and enhancing intraoperative safety while also
upgrading surgical training programs using automated skills
evaluation tools and intraoperative feedback delivery [7].

In critical care settings, machine learning (ML) models have
demonstrated superiority in predicting mortality and providing
risk stratification, while unsupervised ML-based phenotypic
clustering has emerged as a strategy to connect clinical aspects to
basic pathophysiology and treatment response [8]. While AI
adoption is still in its preliminary stages in many societies [9], Al
applications show particular promise in several areas like
screening programs with considerably specific and sensitive
autonomous models for disease detection, such as glaucoma [10],
and in orthodontics for skeletal relationship analysis, facial
attractiveness assessment, postpuberty mandibular growth pre-
diction, and treatment progress supervision [11]. What may be
most impressive is Al's ability to detect different medical image
characteristics not promptly detectable by human beings—a
retinal scan can provide information about blood pressure, glu-
cose control, risk of Parkinson's, Alzheimer's, kidney, and he-
patobiliary diseases, and the possibility of heart attack and stroke
[4]. A review of the available literature shows that artificial
intelligence has a significant impact on various medical fields
and healthcare [12], even though some restrictions need con-
sideration before applying deep-learning techniques in general
medical practice [13]. Nevertheless, these innovative tools have
revolutionized the world, facilitating and enriching the work of
medical professionals, ensuring higher precision, and providing a
more personalized approach to patient care [11, 14-18].

Al integration into medical education presents distinct chal-
lenges, particularly regarding clinical reasoning processes. Gi-
ven the nonlinear characteristics of deep learning, there is often
no explanation of how AI systems arrive at their predictions,
posing a significant challenge for medical education, where
clinical reasoning forms the foundation of professional devel-
opment [19]. Medical students face specific barriers, including
limited formal AI education and significant concerns about the
impact on healthcare delivery. Studies show that while students
recognize Al as potentially beneficial for facilitating physician
access to information (85.8%) and patient healthcare access
(76.7%), many worry about potential reductions in physician
services (44.9%) and devaluation of the medical profession
(58.6%) [20].

Technical competency gaps represent another significant bar-
rier, with only 6.0% of students reporting sufficient competence
to make patients aware of Al characteristics and risks. Educa-
tional needs are particularly pronounced, with 96.2% of stu-
dents demanding enhanced knowledge and skills associated
with AI applications, 95.8% requiring training in Al-based error
reduction, and 93.8% needing education in managing Al-related
ethical challenges [20]. The disconnect between students' en-
gagement with AI technology and formal AI education in
medical curricula creates additional challenges in developing
appropriate Al literacy [21].

This understanding of barriers is crucial because curriculum
developers and instructors, upon awareness of students' readi-
ness for the basic concepts of a topic, can plan the educational
content presentation according to learners’ requirements.
Therefore, assessing readiness to understand knowledge and
perspectives toward medical AI among students in this field
seems vital for guiding instructional design and various devel-
opmental procedures, including curriculum development,
pedagogical design, and needs analysis [1, 22, 23].

Additionally, some studies across various settings and contexts
have examined medical students' readiness for, knowledge of,
and attitudes toward artificial intelligence. Park (2021) assessed
this population’s perspectives on Al in medicine and showed
high agreement among students (over 75%) regarding the sig-
nificant contribution of AI to the future of the medical field,
emphasizing the necessity of formal education on AI [24]. Sim-
ilarly, Yiizbasioglu (2021) examined dental students' knowledge
of and attitudes toward AI and its potential dental applications,
revealing the students’ tendency to enhance their knowledge of
artificial intelligence in dentistry [25]. Gray et al. (2022) identified
major barriers, including lack of governmental structure and
mechanism, resource limitation, and resistance to cultural
change in curriculum and educational materials to AI applica-
tion in medical practice [26].

Given the critical role of assessing medical students' prepared-
ness to utilize AI technologies in medicine to outline subse-
quent steps for teaching artificial intelligence, examining this
readiness seems essential. The Medical AI Readiness Scale for
Medical Students (MAIRS-MS), designed by Karaca et al.
(2021), is a valid instrument for such assessments [27]. This
scale is the only validated and dependable tool specifically
designed to assess medical students’ Al preparedness, and more
importantly, it is the only tool translated to Persian with dem-
onstrated validity and reliability [28].

Tung et al. (2023) assessed medical students’ Al perspectives in
Malaysia and evaluated their preparedness to use AI medical
technologies through MAIRS-MS. While most Malaysian stu-
dents believed that artificial intelligence would play a major role
in healthcare, they showed low readiness for AI adoption [29].
Aboalshamat et al. (2022) used MAIRS-MS to evaluate artificial
intelligence readiness among physicians and dentists in Saudi
Arabia. Their results demonstrated that participants had low
readiness to adopt artificial intelligence [30].

Studies assessing the current status of artificial intelligence in
Iranian medical education demonstrate varying adoption pat-
terns. A cross-sectional survey conducted in Iranian medical
institutions reported that medical students showed higher utili-
zation rates of Al-based decision support systems (89.5%) com-
pared to physicians (45.1%), while both indicated frequent AI
errors in their practice (physicians: 65.1%, students: 68.5%) [31].
The influence of experience on AI attitudes has been well-
documented, with less experienced practitioners showing more
favorable perspectives toward Al implementation (p = 0.02) [31].
Studies conducted at Smart University of Medical Sciences
indicate that while structured Al education programs are being
implemented, there remains a need for more comprehensive
training to address both technical competencies and practical
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applications in medical education [32]. While several interna-
tional studies have assessed Al readiness in medical education,
scant research has specifically examined Iranian medical stu-
dents’ preparedness. Thus, this paper investigates medical stu-
dents’ readiness at Kerman University of Medical Sciences
(KMU) to adopt AI in medicine in 2022, addressing this gap in
the literature and seeking to enhance the increasingly growing
international research on medical Al education.

2 | Methods

2.1 | Research Design and Setting
This cross-sectional research was carried out from November to
December 2022 at KMU.

2.2 | Ethical Considerations

The research ethics were approved by the KMU institutional
review board (IR.KMU.AH.REC.1401.253). Eligible partici-
pants were identified through university registration lists and
initially contacted via text messages. Study information links
were then shared through online messaging platforms. The
study information, including objectives and data handling
procedures, was provided to all participants. Electronic in-
formed consent was obtained through the online survey
platform before the questionnaire was presented. Data were
collected anonymously and saved securely with access
restricted to the research team only.

2.3 | Study Participants and Sampling

The population consisted of KMU medical students in 2022.
Through simple random sampling, students were contacted
using the university registration system and their registered
phone numbers. Cochran's formula for finite populations was
utilized to determine the sample size. With a total medical
student population of 1200, 95% confidence level (Z =1.96), 5%
margin of error, and p-value of 0.5, the calculated minimum
sample size was 291 participants (n = (1200 X 1.962 x 0.5 X 0.5)/
(0.052x 1199 + 1.962 x 0.5 x 0.5) = 291), which was increased to
360 to account for potential non-responses. The inclusion
criteria were studying medicine and willingness to participate
in research. Questionnaires with >10% unanswered questions
were excluded.

2.4 | Data Collection Tools and Techniques

The MAIRS-MS has been previously translated into Persian
and psychometrically validated by Rezazadeh et al. (2023).
Cronbach's alpha was employed to assess the scale's reli-
ability, revealing an acceptable value of 0.94. Content
validity index (0.92) and content validity ratio (0.75) were
used for the content validity measurements. All hypothe-
sized factors showed adequate fit according to confirmatory
factor analysis.

The Persian MAIRS-MS version contains two parts, with the
first covering demographic data such as gender and level of
education. The second part outlines 20 items in four domains of
“cognition” (8 items), “ability” (7 items), “vision” (2 items), and
“ethics” (3 items). Participants’ attitudes are examined on a
5-point Likert scale from 1 to 5, representing strongly disagree
to strongly agree, respectively [28].

The cognition domain measures the student's terminological
knowledge of medical AI usages, their logics, and data science.
The second domain assesses the student's competencies in
selecting suitable medical Al tools, properly integrating them
with professional knowledge, and effectively conveying AI in-
sights. The vision domain determines students’ abilities to
articulate restrictions, strengths, and drawbacks associated with
medical Al, predict potential benefits and risks, and envision
innovations. The last domain refers to the student's commit-
ment to legal and ethical principles and regulations throughout
healthcare AI deployment [27].

2.5 | Data Collection and Analysis

After introducing the study objectives and necessity, the stu-
dents were invited to collaborate, and their confidence in their
participation was built to minimize incomplete and erroneous
data. The online MAIRS-MS was distributed through online
messaging platforms. Non-responders were followed up after
2 weeks using the same online messaging platforms. Responses
were automatically captured through the online survey plat-
form to eliminate manual entry errors and ensure data quality.
A research methodologist and a biostatistician reviewed the
data independently for completeness and consistency. Any
discrepancies were resolved through discussion with the
principal researcher.

2.6 | Data Analysis

The collected data were processed and analyzed by SPSS 24.0.
Descriptive statistical techniques were primarily used. Inde-
pendent sample t-tests helped evaluate differences in mean
questionnaire scores across variables. Statistical significance
was represented by p < 0.05.

3 | Results

Of 360 distributed questionnaires, 340 were completed and sub-
sequently included in the study (response rate =94%). The
demographic characteristics of medical students showed that of
340 participants, 265 (77.9%) were female and 75 (22.1%) were
male. Regarding their educational level, 197 (58%) were basic
sciences students, 112 (33%) were in their clinical clerkship phase,
and 31 (9%) were interns. The participants’ enrollment years
ranged from 2017 to 2022, with the majority entering medical
school in 2021 (27.06%) and 2020 (26.18%).

The highest score was related to the “ability” domain (M = 21.88,
SD = 6.74), followed by “cognition” (M = 20.30, SD = 7.04), “eth-
ics” (M=10.94, SD=3.04), and “vision” (M =6.09, SD =1.94),
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respectively. Analysis of Al readiness scores across different
domains revealed varying levels of preparedness, with
respective score ranges of 8-40, 7-35, 2-10, 3-15, and 20-100
for cognition, ability, vision, ethics, and total score, relatively.
Table 1 and Figure 1 present the analysis results for the
questionnaire domains.

Further analysis of scores across different academic years
revealed variations in readiness levels. As shown in Table 2 and
Figure 2, there was a slight downward trend in overall readiness
scores from earlier to more recent academic years, with the
highest mean total score observed in the 2018 cohort
(62.91 + 19.31) and the lowest in the 2022 cohort (56.63 + 16.59)

The highest score was related to the item “I find it valuable to
use Al for education, service, and research purposes.” (42.6%
strongly agree, mean =3.96, standard deviation=1.18). The
lowest score was related to the item “I can explain how Al
systems are trained.” (1.5% strongly agree, mean = 2.10, stan-
dard deviation =1.01). These results clearly demonstrate the
need to design and deliver educational programs on Al appli-

cations in medicine for students. Table 3 and Figure 3 present
the students’ responses to MAIRS-MS.

We looked for associations between the demographic data and
the four domains of the questionnaire. The Wilcoxon test
showed no significant correlations between gender and the Al
scores (p =0.61). Similarly, using the Kruskal-Wallis test and
considering the relationship between AI scores and education
level, no significant correlations were found between Al scores
and education level (p =0.44). Additionally, enrollment year
had no significant correlations with AI scores (p > 0.05). Over-
all, the demographic characteristics did not have any significant
correlations with the AI scores obtained (p > 0.05).

According to the Correlation analysis in Table 4, all domains
revealed significant positive correlations (p <0.001). The
strongest correlation was found between Ability and Vision
(r=0.806), while Ethics and Cognition showed the weakest
correlation (r=0.441). These patterns suggest that while AI
competencies are interconnected, technical knowledge may not
necessarily align with ethical awareness.

TABLE 1 | Results of the analysis of the MAIRS-MS domains (N = 340).

Domain Mean #+ SD. % of Maximum Score* 95% CI Range
Cognition 20.30 + 7.04 50.75% [19.53, 21.07] 8-40
Ability 21.88 +6.74 62.51% [21.14, 22.62] 7-35
Vision 6.09 +1.94 60.90% [5.88, 6.30] 2-10
Ethics 10.94 + 3.04 72.93% [10.61, 11.27] 3-15
Total 59.21 +16.12 59.21% [57.46, 60.96] 20-100
Abbreviation: MAIRS-MS, Medical Artificial Intelligence Readiness Scale for Medical Students.
*Percentage of the maximum possible score for each domain.
MAIRS-MS Domain Scores with Standard Error
100
75
50 S
0
Cognition Ability Vision Ethics
FIGURE 1 | Distribution of MAIRS-MS domain scores with standard errors, showing the percentage of maximum possible scores for each

domain. MAIRS-MS, Medical Artificial Intelligence Readiness Scale for Medical Students.
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TABLE 2 | MAIRS-MS scores by academic year.
Entry year N (%) Total score (Mean + SD) Cognition Ability Vision Ethics
2017 25 (7.35%) 61.28 +12.94 21.04 23.16 6.48 10.60
2018 32 (9.41%) 62.91 +19.31 21.44 23.53 6.47 11.47
2019 48 (14.12%) 60.92 +12.93 20.73 22.44 6.25 11.50
2020 54 (15.88%) 57.17 +18.23 19.43 21.06 5.85 10.83
2021 89 (26.18%) 60.24 +15.23 20.56 22.11 6.13 11.44
2022 92 (27.06%) 56.63 +16.59 19.29 20.78 5.87 10.69

Abbreviation: MAIRS-MS, Medical Artificial Intelligence Readiness Scale for Medical Students.

MAIRS-MS Score Trends by Entry Year

@® Total Score

Cognition

- - Ability

100
75
50
0
2 2 2
%, %, %
FIGURE 2 |

2 2
2, 2, 2,

Trends in MAIRS-MS scores by entry year (2017-2022) showing total scores and domain-specific patterns. A slight downward trend

is observed in more recent academic years. MAIRS-MS, Medical Artificial Intelligence Readiness Scale for Medical Students.

Table 5 comparatively analyzes MAIRS-MS scores across different
countries, providing an international context for our findings and
highlighting the differences in medical students’ readiness for AI
technologies. The table includes data from Iran, where the current
study involved 340 participants, revealing a high score in the ethics
domain (72.93%) but lower scores in cognition (50.75%) and ability
(62.51%). Similar trends were observed in Saudi Arabia, with a
larger sample size of 572 and only 14.5% of students receiving
formal AT training. In the same vein, Jordanian students showed a
correlation between academic performance and AI readiness.
Malaysian studies demonstrated significant correlations between
age and academic year with readiness levels, while Lebanese stu-
dents expressed a high interest in Al learning despite lower scores.
Qatari students expressed a strong demand for AI knowledge in
healthcare, whereas Indian students emphasized the need for fo-
cused educational programs. Turkish studies revealed varying levels
of awareness and readiness, with one study indicating high AI
anxiety. Lastly, Indonesian students showed a positive correlation
between Al readiness and prior coding experience. Overall, the
table illustrates the diverse landscape of AI readiness among
medical students across various cultural and educational contexts.

4 | Discussion

This study provides some early insights into medical students’
perceptions of Al readiness and applications in the medical field
by evaluating the contributions of four key aspects: cognition,
ability, vision, and ethics. The research has employed the
MAIRS-MS for the first time to investigate Iranian medical
students’ preparedness for AI adoption.

Our study evaluated AI readiness among medical students,
seeking to address a gap in previous research with a primary
focus on knowledge and attitudes [30, 42, 43]. Using the vali-
dated MAIRS-MS instrument, the findings revealed scores of
2.10 to 3.96 on a 1 to 5 scale for most participants, which was
below the midpoint of 3 and indicated low AI readiness levels.

This finding aligns with international patterns, as shown in
Table 5, where varying readiness levels are observed across
different countries. While Turkish medical students showed
similar overall readiness levels (59.5%) to our findings (59.21%),
Malaysian students demonstrated higher scores across all
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domains (67.9%) [35]. Studies from Saudi Arabia and Jordan
reported comparable challenges, particularly regarding formal
Al education [33, 34].

Aboalshamat et al. (2022) evaluated AI readiness among med-
ical and dental specialists and students in Saudi Arabia using
the MAIRS-MS, indicating their low AI readiness levels. Their
results highlighted the need for the inclusion of AI and its
practical education at the undergraduate level [30].

One unexpected finding was the relatively high performance in
the ethics domain (72.93%) compared to other domains, align-
ing with similar studies in Saudi Arabia (70.7%) [33], Malaysia
(67.1%-73.3%) [29, 35], and Turkey (67%-68.7%) [39, 40]. This
consistency across different cultural contexts suggests that
medical students generally demonstrate strong ethical aware-
ness regarding Al applications, possibly due to the emphasis on
medical ethics in traditional curricula.

Another notable finding was a lack of significant demographic
correlations with AI readiness scores in our study (p > 0.05).
This contrasts with findings from Malaysia, where significant
relationships were found between age and academic year with
Al readiness scores, and Indonesia, where gender and prior
coding experience showed positive correlations with readiness
levels [41]. The absence of such correlations in the present

study might reflect the uniformity of AI exposure across
different student groups in Iran.

We found that the items in the “ability” domain showed the
most important aspects of medical students’ Al readiness and
tendency toward its adoption in the medical field. These items
highlighted competencies in selecting appropriate medical Al
applications, properly combining them with professional
knowledge, and explaining them to patients. Interestingly, our
findings showed lower ability scores (62.51%) compared to
several countries, including Malaysia (67.9%) [35] and Indone-
sia (70.5%) [41], suggesting specific challenges in practical Al
application skills among Iranian students. Sadoughi et al. (2018)
reviewed various Al-based image processing methods for breast
cancer diagnosis and demonstrated that computerized breast
cancer diagnosis involves advanced medicine and is clearly
acceptable ethically and medically, considering its impacts [44].
Alowais et al. (2023) highlighted the capacity of Al to diagnose
diseases, develop personalized treatment plans, and support
clinician decision-making [45]. Both studies recommended
physician training, especially during student years, as a
worthwhile investment to enhance diagnosis approaches.

The “cognition” domain concerns students' cognitive pre-
paredness regarding medical AI applications’ terminological
knowledge, artificial intelligence, and data science logic. Our

TABLE 3 | The students' responses to MAIRS-MS.
1D Item Mean  Standard deviation
T1 I can define the basic concepts of data science 2.43 1.07
T2 I can define the basic concepts of statistics 2.92 1.07
T3 I can explain how AI systems are trained 2.10 1.01
T4 I can define the basic concepts and terminology of Al 2.31 1.11
T5 I can properly analyze the data obtained by AI in healthcare 2.32 1.05
T6 I can differentiate the functions and features of Al-related tools and applications 2.30 1.07
T7 I can organize workflows compatible with AI 2.77 1.14
T8 I can express the importance of data collection, analysis, evaluation, and safety; for 3.16 1.25
the development of Al in healthcare
T9 I can harness Al-based information combined with my professional knowledge 3.06 1.23
T10 I can use Al technologies effectively and efficiently in healthcare delivery 3.01 1.19
T11 I can use artificial intelligence applications in accordance with its purpose 3.01 1.15
T12 I can access, evaluate, use, share and create new knowledge using information and 3.15 1.15
communication technologies
T13 I can explain how AI applications offer a solution to which problem in healthcare 2.79 1.11
T14 I find valuable to use Al for education, service, and research purposes 3.96 1.18
T15 I can choose proper Al application for the problem encountered in healthcare 2.90 1.09
T16 I can explain the limitations of Al technology 2.92 1.06
T17 I can foresee the opportunities and threats that AI technology can create 3.17 1.03
T18 I can use health data in accordance with legal and ethical norms 3.51 1.13
T19 I can conduct under ethical principles while using AI technologies 3.74 1.05
T20 I can follow legal regulations regarding the use of AI technologies in healthcare 3.69 1.10
Total 59.21 16.12

Abbreviation: MAIRS-MS, Medical Artificial Intelligence Readiness Scale for Medical Students.
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FIGURE 3 |

Students.

TABLE 4 | Correlations between MAIRS-MS domains (N = 340).
Domain Cognition Ability  Vision Ethics
Cognition 1 0.702 0.712 0.441
Ability 0.702 1 0.806 0.707
Vision 0.712 0.806 1 0.596
Ethics 0.441 0.707 0.596 1

Note: Significant correlation at the 0.01 level (two-tailed).
Abbreviation: MAIRS-MS, Medical Artificial Intelligence Readiness Scale for
Medical Students.

students’ cognition scores (50.75%) were notably lower than
those reported in most other countries (Table 5), with only
Lebanon reporting lower scores (46.0%) [36]. Our findings align
with Markus et al. (2021), who identified a lack of transparency
as a primary barrier to AI implementation in healthcare,
highlighting the potential of Al as a strategy to address these
concerns and constituting a step toward trustworthy AI [46].

The MAIRS-MS “ethics” domain measures commitment to
pertinent legal and ethical guidelines when applying Al in
healthcare. Despite achieving the highest domain score among
our participants, several challenges remain in translating ethi-
cal awareness into practice. Wang et al. (2023) highlighted that
healthcare AI must follow strict ethical principles, reassuring
healthcare experts about the responsible application of AlI,
promoting reliable information exchange, safeguarding patient
privacy, and enabling patients to make informed treatment
decisions [47]. Zhang et al. (2023) considered the ethical issues
in medical Al and encouraged further research to investigate Al
risks and social impacts while strengthening international
collaboration [48].

As indicated, the “vision” domain items reflected the lowest
aspects of medical students' readiness for AI adoption in the
medical field. Our vision domain scores (60.90%) were lower
than those reported in most Asian countries (Table 4),

Neutral

Agree M Strongle Agree

Students’ responses to MAIRS-MS (Percentage/Item's ID). MAIRS-MS, Medical Artificial Intelligence Readiness Scale for Medical

particularly compared to Qatar (70.0%) [37] and India (69.1%)
[38]. This domain refers to individuals' ability to articulate
limitations, strengths, and weaknesses, predict opportunities
and threats, and formulate ideas regarding medical Al. Godde
et al. (2023) reviewed the strengths, drawbacks, chances, and
threats of ChatGPT in the medical literature, indicating that in
spite of clear opportunities, some guidelines must be followed to
ensure strengths in clinical practice and protect against threats.
They emphasized the necessity of providing informal Al train-
ing in the educational programs of medicine [49]. Noguerol
et al. (2019) explained the weakness of Al-based approaches in
radiology, including not being able to interpret the patient's
clinical context and the need to ensure data privacy with correct
reliable data labeling [50].

Several factors appear to contribute to low readiness levels
observed in our study. First, as seen across multiple countries
(Table 5), limited formal AI education represents a significant
barrier. Second, data from Saudi Arabia suggests that profi-
ciency in English and computer skills significantly influences
Al readiness—factors that may also affect Iranian students but
weren't directly measured in our study [33]. Third, findings
from Turkish studies indicate that AI anxiety may impact
readiness levels, with higher anxiety correlating with lower
readiness scores.

Our findings demonstrate the necessity of integrating formal or
informal AI education into medical programs. In this regard,
Xuan et al. (2022) utilized the MAIRS-MS in a Malaysian study
to evaluate medical students’ Al readiness. They recommended
that education policymakers introduce more AI educational
programs, especially introductory courses for undergraduates,
to enable future enhanced confidence in interacting with Al
technologies [51]. Liu et al. (2022) revealed that medical stu-
dents recognize Al's importance, yet current formal education
programs and learning resources on Al topics are limited in
most American medical schools [52]. These studies indicate
that both developed and developing countries have restricted
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Key findings

No significant demographic correlations; highest scores in ethics domain

Only 14.5% received formal Al training; computer skills correlated with scores [33]

[34]
[35]
[29]
[36]
[37]
[38]
[39]
[40]
[41]

Academic performance correlated with Al readiness

Significant correlation between age, academic year, and readiness

87.36% believe AI will play an important role in healthcare

High interest in Al learning despite low scores

High demand (84%) for AI healthcare knowledge

Need for focused educational programs

High awareness of medical AI applications

Moderate readiness levels; high Al anxiety

Positive correlation with prior coding experience

medical AI curricula, necessitating undergraduate educational
programs to enhance competencies, as future physicians will
undoubtedly leverage Al in daily practice.

To expand future research directions, we recommend longitu-
dinal studies that track AI readiness over time and assess the
influence of integrated Al curricula on students’ competencies
and confidence in using Al technologies.

Incorporating a discussion of cultural and educational con-
texts is essential for a comprehensive understanding of medi-
cal students’ readiness for AI technologies. Cultural factors,
such as societal attitudes toward technology, educational
practices, and the emphasis on ethical considerations, signif-
icantly influence how students perceive and engage with Al in
medicine. For instance, in cultures prioritizing technological
innovation and integration, students may have a more favor-
able view of AI and its applications in healthcare. This can
lead to higher readiness levels, as seen in countries like
Malaysia and Qatar, where there is a strong demand for Al
knowledge in healthcare. Conversely, in cultures dominated
by skepticism about technology or limited AI exposure, stu-
dents may exhibit lower readiness levels, as observed in Leb-
anon. Additionally, the educational context plays a critical
role. Countries with robust AI curricula and hands-on training
opportunities tend to produce graduates with higher readiness
for AI adoption in their medical practice. In contrast, regions
lacking formal AI education may result in students feeling
unprepared, even if they have a theoretical understanding of
the subject. By examining these cultural and educational
dynamics, we can gain deeper insights into the variations in
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participants’ previous AI exposure or English language
proficiency—factors that other studies have identified as sig-
nificant predictors of Al readiness. This is the first assessment
of Iranian medical students’ AI preparedness and could serve as
a benchmark for future research. A key strength is the appli-
cation of the validated MAIRS-MS to gauge preparedness. We
suggest further studies in educational settings for more
meaningful cross-cultural comparisons.

5 | Conclusion

Al is advancing globally across all domains, including medicine,
increasingly contributing to humans' daily lives, which em-
phasizes the need for extensive AI education. As highlighted by
the low readiness scores, medical students have not gained Al
readiness yet. Therefore, it is recommended that medical sci-
ence universities include AI educational programs in under-
graduate and postgraduate contexts to ensure that the next
generation of medical professionals fit for the near AI
ecosystem.
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