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Abstract 

Background: The use of artificial intelligence applications in medicine is becoming increasingly common. At the 
same time, however, there are few initiatives to teach this important and timely topic to medical students. One reason 
for this is the predetermined medical curriculum, which leaves very little room for new topics that were not included 
before. We present a flipped classroom course designed to give undergraduate medical students an elaborated first 
impression of AI and to increase their “AI readiness”.

Methods: The course was tested and evaluated at Bonn Medical School in Germany with medical students in semes-
ter three or higher and consisted of a mixture of online self-study units and online classroom lessons. While the online 
content provided the theoretical underpinnings and demonstrated different perspectives on AI in medical imaging, 
the classroom sessions offered deeper insight into how “human” diagnostic decision-making differs from AI diagnoses. 
This was achieved through interactive exercises in which students first diagnosed medical image data themselves and 
then compared their results with the AI diagnoses. We adapted the “Medical Artificial Intelligence Scale for Medical 
Students” to evaluate differences in “AI readiness” before and after taking part in the course. These differences were 
measured by calculating the so called “comparative self-assessment gain” (CSA gain) which enables a valid and reliable 
representation of changes in behaviour, attitudes, or knowledge.

Results: We found a statistically significant increase in perceived AI readiness. While values of CSA gain were different 
across items and factors, the overall CSA gain regarding AI readiness was satisfactory.

Conclusion: Attending a course developed to increase knowledge about AI in medical imaging can increase self-
perceived AI readiness in medical students.
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Background
Artificial intelligence education in medical schools
Developments of artificial intelligence (AI) in healthcare 
accelerated in the past few years. Already today, a num-
ber of medical fields rely on the help of AI-programs 
in their work [1, 2], including radiology [3], cardiology 
[4], or drug design [5], albeit mostly in laboratory or 
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experimental environments. While AI and its currently 
most important technology, machine learning, penetrates 
more and more medical subspecialties, it is most preva-
lent in medical imaging [6–10]. There is a clear positive 
trend in the funding of AI research in the healthcare sec-
tor. This applies both to the private and venture capital 
sector, which has seen a steady increase in funding over 
the last few quarters [11, 12], as well as to the public sec-
tor. The governments of several countries are promot-
ing the research and implementation of AI in healthcare, 
such as the USA with the Department of Health & 
Human Services’ “Artificial Intelligence Strategy” [13], 
Germany as part of their “National Strategy for Artificial 
Intelligence” [14], and China through its National Natu-
ral Science Foundation of China [15]. It can be assumed 
that these research results of these initiatives will reach 
clinical practice in the not too distant future.

However, the current medical school curricula very 
rarely cover aspects of medical informatics, let alone 
AI, as part of their mandatory study programs [16–18]. 
While there are some attempts to teach AI to (future) 
health care providers [19, 20] and to foster “AI literacy”, 
a term coined by Duri Long and Brian Magerko [21], the 
educational landscape is very heterogeneous. In addi-
tion to this, the medical curriculum in Germany and in 
other countries is strongly regulated by the government, 
listing in detail which topics must be taught during the 
6 years of studying medicine (National Competence 
Based Learning Objectives Catalog, NKLM, www. nklm. 
de/ zend). These relatively strict guidelines lead to little 
room to integrate courses about AI in regular teaching. 
This means that only a small fraction of medical students 
gets the opportunity to further their education in this 
important topic, although past research has already dem-
onstrated that medical students would like to see more 
elaborate courses on digital health and AI [22, 23].

Apart from the fact that AI in medicine is an exciting 
and fast-moving research field in which future physicians 
and physician-scientists can conduct interesting experi-
ments, knowing how it works and being able to inter-
pret its results is also a prerequisite for their future jobs. 
Furthermore, AI will permeate much of the daily clinical 
work as a supporting entity [24], which will have an enor-
mous impact on skills necessary for future practice [25]. 
However, medical students today do not feel they under-
stand the subject matter particularly well or receive suf-
ficient teaching on the topic [26].

It is important to note that promoting AI skills in 
medical education and increasing medical students AI 
readiness does not necessarily mean that all students 
must learn to program or understand the mathemati-
cal models underlying AI. Rather, training in AI for 
students from diverse study backgrounds who are not 

majoring in technical subjects should be about under-
standing how different AI applications work and what 
opportunities or threats come with the usage of these 
new technologies. As Long et al. nicely put it, the goal 
is to acquire a “casual understanding of AI - i.e., under-
standing how a search engine works, not necessarily 
understanding how to program one” [27].

Creation of a flipped classroom AI course for medical 
students
To address the aforementioned issue, the Insti-
tute of Medical Education at Bonn Medical School, 
together with experts from the department of radiol-
ogy, ophthalmology, and neuroradiology, created the 
course “KI-LAURA” (the German abbreviation stands 
for “Künstliche Intelligenz in der Lehre der Augen-
heilkunde und Radiologie” and translates to “Artifi-
cial intelligence in the teaching of ophthalmology and 
radiology”).

KI-LAURA was a seven-month project which was sub-
divided into two sections. The first part dealt with the 
production of online self-study content, which was sub-
sequently uploaded to the publicly accessible MOOC 
platform “AI-Campus” (or “KI-Campus” in German, 
www. ki- campus. org). In the second section of the pro-
ject, a flipped classroom course was created at Bonn 
campus, which consisted of the on-demand online con-
tent on the one hand and interactive classroom sessions 
(held online due to Covid-19 restrictions) on the other.

In addition to explanations on how AI is (and will be) 
supporting the diagnostic process using medical image 
data, possible opportunities and risks of AI application 
and the future of physicians in the context of AI were 
discussed.

The flipped classroom incorporated the online content 
as one component, supplemented it with more in-depth 
explanations, and tutored exercises (see the supplemen-
tary material for a detailed description of the course 
curriculum). A description of the radiology classroom 
session, which was held by two experts in the field of AI 
in radiology, can be used as an example for the interac-
tive classroom sessions: At the beginning of the lesson, 
a short input on AI and medical imaging was given by a 
clinical expert. This was followed by a diagnostic exer-
cise using a web-based DICOM viewer (see get. pacsb in. 
com), which allowed students to view medical imaging 
data (e.g., CT-data sets) of real, anonymized patient data 
on their mobile devices or PCs. Finally, an AI researcher 
explained how AI-algorithms are able to analyze images, 
and presented studies in which AI-applications are 
already on the level of a human radiologist in terms of 
diagnostic accuracy.

http://www.nklm.de/zend
http://www.nklm.de/zend
http://www.ki-campus.org
http://get.pacsbin.com
http://get.pacsbin.com
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Advantages of using the flipped classroom method for AI 
education in medical schools
Using the flipped classroom method to develop stu-
dents’ AI competencies has several advantages, which 
are even more important in the context of medical 
education. First, knowledge transfer components are 
separated in time and space from in-depth practical 
teaching [28], which increases perceived learning flex-
ibility [29] and student satisfaction [30]. Second, due to 
the low implementation effort, other medical schools 
can easily adopt the course structure, which means 
that the course is scalable with little to no additional 
resource requirements. Third, the increased flexibility 
and reduced effort ensures that the course can be eas-
ily integrated into existing medical curricula without 
the need for major changes. Last but not least, this kind 
of teaching format seems to be particularly suitable 
in times of the Covid-19 pandemic [31], as it makes it 
possible to switch spontaneously between online and 
face-to-face teaching since the online content is already 
available in its entirety.

Measuring changes in AI readiness
Karaca et al. [32] recently created the so-called “Medi-
cal Artificial Intelligence Readiness Scale for Medical 
Students” (MAIRS-MS), which tries to assess the per-
ceived preparedness to use AI-applications in health-
care, i.e., “AI readiness”. The scale was psychometrically 
tested for reliability and validity on a population of 
Turkish medical students and achieved good results 
on both criteria. However, that scale was not originally 
designed to detect changes in AI readiness, but rather 
to evaluate the status quo of the concept. Nevertheless, 
it makes sense to resort to this scale and adapt it as an 
instrument to measure changes in AI readiness, as it 
is the only available instrument that has been psycho-
metrically tested and developed specifically for medical 
students.

Purpose of the research
The main purpose of this study was to design and evalu-
ate a novel AI-course for medical students. In addition 
to students’ attitudes towards the course, our primary 
research objective was to assess if and in what ways the 
course changed the AI readiness of the participants. 
Thus, this research attempts to answer two questions:

1) What are students’ attitudes towards the course on 
AI in medical imaging?

2) Does the AI-course presented here have an effect on 
students’ perceived AI readiness?

Methods
Setting and participants
We conducted our research at Bonn Medical School in 
Germany in the winter semester of 2021/22. Medical 
students from semester three or higher were invited via 
messenger apps to participate in the aforementioned vol-
untary, extracurricular course about AI in medical imag-
ing. While they could not obtain credit points or grades, 
they were incentivized by the opportunity to receive a 
certificate of extracurricular achievement if they attended 
the individual lessons and passed four multiple choice 
tests (graded learning progress tests).

As mentioned before, due to restrictions caused by 
the Covid-19 pandemic, “classroom” lessons were held 
through an online conference tool. All self-study content 
could be accessed and downloaded by students free of 
charge and for an unlimited time on the MOOC platform 
“AI-Campus” after an initial registration on the website.

Response rate and participants’ characteristics
From an initial 32 course participants, 3 dropped out 
during the course and 5 did not respond to both ques-
tionnaires, leading to an overall response rate of 83% and 
a final sample of n = 24.

There were 21 women (87.5%) and 3 men (12.5%). 
The median semester that participants reported was 7 
(min = 5, max = 11). Participants’ age ranged from 21 to 
37 years, with a median of 23 (see Tables 1 and 2).

Data collection
Data collection was conducted prior to each of the last 
two lessons. Online questionnaires were distributed to 
the course participants via link sharing. We informed 
students that study participation was voluntary. The first 
questionnaire consisted of an adaptation of the “Medical 
Artificial Intelligence Readiness Scale for Medical Stu-
dents (MAIRS-MS) [32] and the second asked for more 

Table 1 Participants’ gender

Gender Absolute Relative

Male 3 12.5%

Female 21 87.5%

Table 2 Participants’ semester and age

Mean Median SD Min Max

Semester 7.2 7 2.12 5 11

Age 24.0 23 3.96 21 37
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general assessments (see “General evaluation” below). In 
order to simultaneously preserve anonymity and enable 
comparability between the two measurements, a subject 
code was generated at the beginning of the first question-
naire, which was queried again in the second question-
naire. The completion of each questionnaire took less 
than 10 minutes.

MAIRS‑MS
The original MAIRS-MS instrument asks participants to 
rate their self-assessment on a 5-point Likert-scale (rang-
ing from 1 - “strongly disagree” to 5 - “strongly agree”) 
on 22 statements regarding their own AI readiness. The 
authors define AI readiness as “the healthcare provider’s 
preparedness state in knowledge, skills, and attitude to 
utilize healthcare-AI applications during delivering pre-
vention, diagnosis, treatment, and rehabilitation ser-
vices in amalgam with own professional knowledge” 
[30]. MAIRS-MS is subdivided into four factors: “cogni-
tion” (8 items), “ability” (8 items), “vision” (3 items), and 
“ethics” (3 items). Two exemplary items are called “I can 
explain how AI systems are trained” (cognition) and “I 
can explain the limitations of AI technology” (vision) (see 
Fig.  2 for an exhaustive list of all items). In the original 
study, the authors report the internal consistency of the 
whole scale to be acceptable (Cronbach’s alpha coeffi-
cient = 0.88), and Cronbach’s alpha for the individual fac-
tors was 0.83 (cognition), 0.77 (ability), 0.72 (vision), and 
0.63 (ethics), respectively.

Adaptation of MAIRS‑MS
Since the MAIRS-MS instrument was designed to assess 
the status-quo of AI readiness in medical students, some 
changes to the original questionnaire were necessary. 
While the general structure remained the same, each 
item was presented in a “post”-version (self-assessment 
after attending the course) and a “then”-version (retro-
spective self-assessment before attending the course). In 
addition, the questionnaire was independently translated 
from English into German by the first author and three 
colleagues. There were no major discrepancies between 
the individual translations.

General evaluation
The second questionnaire consisted of 32 short questions 
that asked the participants, among other questions, how 
they liked the respective course modules and how clearly 
the course was structured. Socio-demographic questions 
covered age, semester and gender.

Analysis
To answer research question 1 (RQ1), we conducted a 
repeated measures ANOVA to compare student ratings 

regarding self-study content (i.e., online content), class-
room lessons, and the final assignment.

Since the focus of our primary research question (RQ2) 
lay on the assessment of differences in AI readiness, 
paired t-tests were calculated to determine the statistical 
significance of then/post differences.

However, t-tests are only able to determine that an 
intervention led to a change in, for example, attitude, 
knowledge, or skills. The problem with only report-
ing t-tests is that it is relatively self-evident that some 
changes will occur when participating in an interven-
tion. In order to address this problem, the “comparative 
self-assessment gain” (CSA gain) was also calculated 
[33]. This measurement accounts for the initial readiness 
of students and thus facilitates a valid estimation of the 
actual increase in AI readiness through the course. CSA 
gain was calculated for each item and for each factor 
individually. It is computed as follows:
Aggregated performance gain [%] =

xpre−xpost
xpre−1 ∗ 100  , 

with xpre meaning initial self-assessment and xpost mean-
ing self-assessment after the course. In order to get posi-
tive values when the ratings are higher after the teaching 
intervention than before, each item value is recoded so 
that “5” would consequently mean “1”, “4” would mean 
“2”, and vice versa. In theory, CSA gain can range from 
− 100 to + 100%.

To evaluate the psychometric quality of the instrument, 
the sum of each item (i.e., addition of each participant’s 
rating for each factor) in the factors (“AI-cognition”, 
“-ability”, “-vision” and “-ethics”) were correlated with 
each other and Cronbach’s alpha was calculated as a 
measurement of reliability.

We have refrained from a gender-based, group-wise 
mean comparison, as only 3 male participants (compared 
to 21 females) took part in the survey. Furthermore, we 
only included data of participants who answered both 
questionnaires, leading to the exclusion of 5 subjects who 
only answered one questionnaire.

We used the statistics software SPSS (see www. ibm. 
com/ analy tics/ spss- stati stics- softw are), R (with R-Studio, 
see www. rstud io. com), and Python 3 (see www. python. 
org) for the analyses and data visualizations and set sig-
nificance levels to 5%. We present descriptive data as 
means (or medians, where appropriate) and standard 
deviations (SDs), and we present correlations as Pearson 
r (95% confidence interval).

Results
General evaluation
Twelve participants (50.0%) graded the overall course 
“1 - very good” (German grading system, 1 corresponds 
to “A” in the American grading system, 6 corresponds to 
“F”), 11 participants (45.8%) rated it with “2 - good” and 

http://www.ibm.com/analytics/spss-statistics-software
http://www.ibm.com/analytics/spss-statistics-software
http://www.rstudio.com
http://www.python.org
http://www.python.org
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1 person (4.2%) gave it a “3 - satisfactory”. Furthermore, 
23 participants (95.8%) stated that their motivation to 
participate was their interest in the topic and/or the rele-
vance of the topic for their future profession, respectively 
(multiple answers were possible). Nineteen subjects also 
considered the possibility to obtain a certificate as being 
a primary motivator, and 16 thought the topic to be rel-
evant for their further studies. In addition to that, one 
person also ticked “Other, namely…” and indicated in the 
free text field that they wanted to try out this new format 
of continuing education.

Comparison between satisfaction with online self‑study 
content, classroom lessons, and final assignment
The mean student rating on the course in general was 
4.50 on a 5-point Likert-scale (SD = 0.57). The repeated 
measures ANOVA determined that mean student ratings 
showed a statistically significant difference between the 
three pedagogical formats (i.e., self-study content, class-
room lessons, and final assignment), F(2, 46) = 15.33, 
p < .001, partial η2 = .40. While the mean rating of the 
self-study content was higher than the mean rating of the 
classroom sessions (see Fig. 1), Bonferroni-adjusted post-
hoc analysis revealed this difference to be statistically 
insignificant (p = .06,  MDiff = 0.46, 95%-CI [− 0.01, 0.92]). 
However, post-hoc analysis found that both the self-study 
content and the classroom sessions were rated signifi-
cantly more positive than the final assignment (p < .001, 
 MDiff = 1.25, 95%-CI [0.57, 1.93] and p < .01,  MDiff = 0.79, 
95%-CI [0.19, 1.39], respectively).

Change in perceived AI readiness
Mean self-ratings after course completion (post-items) 
were significantly higher than mean self-ratings before 
course participation (then-items) for the cognition factor, 
t (23) = 16.09, p < .001, the ability factor, t (23) = 13.41, 
p < .001, the vision factor, t (23) = 12.61, p < .001, and the 
ethics factor, t (23) = 6.85, p < .001, respectively.

As described earlier, since t-tests are generally limited 
in their ability to explain or compare changes result-
ing from participation in an intervention (see “Analysis” 
section), CSA gain was also calculated. The aggregated 
CSA gain (CSA gain on group-level) was positive on all 
22 items. While the mean CSA gain averaged across all 
items was 55.6% (SD = 12.9), which can be interpreted as 
an acceptable result of an intervention, CSA gain scores 
differed widely across individual items (see Fig.  2). The 
three items that generated the lowest CSA gain were “I 
can define the basic concepts of statistics.” (cognition-
factor, 28.3%), “I can use health data in accordance with 
legal and ethical norms.” (ethics-factor, 37.3%), and “I can 
use AI technologies effectively and efficiently in health-
care delivery.” (ability-factor, 38.8%). The three items that 

generated the highest CSA gain were “I can explain the 
strengths and weaknesses of AI technology.” (vision-fac-
tor, 72.2%), “I can explain how AI systems are trained.” 
(cognition-factor, 72.8%), and “I find it valuable to use 
AI for education, service and research purposes.” (ability, 
73.5%).

On a factor-level, the vision-factor yielded the biggest 
CSA gain (67.1%, SD = 13.0), followed by ability (57.3%, 
SD = 12.0), cognition (55.1%, SD = 4.3), and ethics (40.8%, 
SD = 2.9).

Psychometric properties and internal consistency 
of the questionnaire
The internal consistency of both whole scales, measured 
by Cronbach’s alpha, was […].93 (“then”-condition) and 
.88 (“post”-condition), which can be interpreted as good 
[34] (see Tables 3 and 4). Cronbach’s alpha of the individ-
ual factor-scales was good or acceptable (.78 to .88) with 
one exception: The internal consistency of the “post”-
cognition factor was only .67.

Discussion
The results of our study indicate that the implementa-
tion of a flipped classroom AI-course is a viable option 
to teach AI to medical students and increase their AI 
readiness. Thus, our research tries to answer the call 
expressed by many scholars that AI competencies of 

Fig. 1 Student evaluation of formats used in the course. Students 
rated the course on a Likert-scale ranging from 1 to 5
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medical students should be promoted [35] and that their 
AI readiness should be improved, as there is a strong stu-
dent interest in this topic [36].

Students generally rated the course as “Very good” 
or “Good”, which provides a good indicator for 

student satisfaction. The marginally significant differ-
ence between self-study and face-to-face content is an 
indication that students might prefer the online elements 
to the more active classroom sessions. However, too 
much weight should not be placed on this difference, as 

Fig. 2 Comparative Self-Assessment Gain in percent for every MAIRS-MS item. Note: The colors indicate to which factor each item belongs. The 
factor order is cognition, ability, vision, and ethics

Table 3 Descriptive statistics and reliability of “then”-factors

* p < .05, ** p < .01, *** p < .001

“Then”‑
Factors

1 2 3 4 Mean SD Cronbach’s 
Alpha

Skewness Kurtosis

1. Cognition 14.5 5.47 .88 1.24 4.04

2. Ability .80*** 15.3 4.21 .81 1.23 3.69

3. Vision .66*** .75*** 6.2 2.48 .86 0.56 2.60

4. Ethics .35 .56** .49* 7.6 3.28 .81 0.73 2.57
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the classroom lessons took place face-to-face via online 
video conference tools, but not in the actual classroom 
due to pandemic restrictions, which may have had a det-
rimental effect on the evaluation of the latter. Neverthe-
less, participants did not find the self-study content any 
worse than traditional teaching methods. One possible 
explanation for the relatively poor evaluation of the final 
assignment (compared to the self-study and instructional 
content) could be the method chosen. The course par-
ticipants themselves were seen in the final assignments’ 
educational videos as they explained the subject matter, 
which may have put some participants in an unfamiliar 
or even intimidating situation. In future course iterations, 
it has to be examined whether the positive effect of active 
learning and independent acquisition of knowledge can 
also be achieved in a way that allows greater flexibility 
with regard to the mode of presentation.

While student satisfaction is certainly important for 
boosting motivation to learn and reducing dropout 
rates, it says little in itself about the success of the new 
innovation. Therefore, the adapted MAIRS-MS instru-
ment was used to capture changes in AI readiness and 
to answer our main research question (RQ2). Somewhat 
unsurprisingly, we found statistically significant differ-
ences between self-assessments at the time before the 
course began and self-assessments after the course was 
completed.

As mentioned earlier, it is quite obvious and has been 
proven numerous times that attitudes, skills, etc. (e.g., 
AI readiness) change when participating in an interven-
tion that is designed to improve or change these specific 
variables. For this reason, we decided to additionally cal-
culate the so-called CSA gain, which takes into account 
the initial AI readiness of students and thus facilitates 
a valid estimation of the actual increase in AI readiness 
through the course. The CSA gain differed widely across 
items (see Fig. 2), with the lowest item (“I can define the 
basic concepts of statistics.”) at only 28.3% and the high-
est (“I find it valuable to use AI for education, service and 
research purposes.”) at 73.5%. This broad range led to an 
average CSA gain of 55.6%, which can just be considered 

“acceptable”, since good learning outcomes usually yield a 
gain of 60% or higher [35]. A possible explanation for the 
large variance between items lies in the content of the KI-
LAURA course. The MAIRS-MS instrument asks very 
generally about AI readiness and to some extent also con-
tains techno-mathematical aspects (see item on statistics 
skills), which is not considered to be a central aspect of 
AI literacy by all research groups (e.g., [21]). In contrast, 
the described course dealt with a more basic understand-
ing of AI and focused on fundamentals (like chances and 
opportunities) rather than programming or mathematics.

In addition, the various modules repeatedly tried to 
give participants an idea of the importance of AI in the 
medical future, which may explain the high scores on 
the vision factor (67.1%). Time constraints prevented us 
from integrating a standalone and in-depth module dis-
cussing ethical implications, and ethical issues were only 
addressed in the context of higher-level problems, which 
explains the low CSA gain on the ethics factor (40.8%). 
These findings also corroborates the notion that CSA 
gain validly captures what was learned and what was 
not. Since ethics are an integral part of AI literacy edu-
cation, especially in the medical context, future AI liter-
acy courses should try to incorporate at least some basic 
information about the topic.

Strengths
Our research demonstrated that the flipped classroom 
approach might provide a valid way to introduce medi-
cal students to AI in medical imaging. Furthermore, we 
found preliminary evidence that the only currently exist-
ing scale for assessing AI readiness (MAIRS-MS), which 
captures AI readiness at one point in time, is also able to 
capture intrapersonal changes in AI readiness caused by 
interventions.

Finally, we went beyond simply reporting mean differ-
ences and demonstrated a more valid alternative to com-
monly used learning effect analyses by calculating CSA 
gain, a tool that is much more suitable for measuring 
learning outcomes and changes in knowledge and skills 

Table 4 Descriptive statistics and reliability of “post”-factors

* p < .05, ** p < .01, *** p < .001

“Post”‑
Factors

1 2 3 4 Mean SD Cronbach’s Alpha Skewness Kurtosis

1. Cognition 29.1 3.19 .67 −0.35 1.84

2. Ability .49* 29.2 4.51 .78 0.87 2.90

3. Vision .55** .56** 12.2 1.91 .86 −0.27 2.42

4. Ethics .28 .62** .60** 10.7 2.71 .82 0.31 2.05
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whenever summative objective tests at the beginning as 
well as at the end of the course are not an option.

Limitations
Although the psychometric qualities of the MAIRS-
MS instrument were evaluated in the original study of 
Karaca et al. [34], we could not run a confirmatory fac-
tor analysis to check the assumption of an underlying 
four factor model for the adapted version of the scale 
due to our comparatively small sample size of 24 stu-
dents. Furthermore, the original scale was created to 
assess AI readiness as a status quo, and the adaptation 
of the scale as a tool to compare AI readiness between 
different points of time has to be validated in future 
research. In addition to that, most students (95.8%) 
stated that they participated in the extracurricular, 
voluntary course because of their intrinsic interest in 
the topic. This could have influenced the responses 
in different ways. For example, it is possible that stu-
dents who are interested in AI from the outset may feel 
more ready to use AI in their field even before taking a 
course, as compared to uninterested students.

Finally, MAIRS-MS tests AI readiness, a construct that 
describes subjects’ perceived readiness to work with AI 
in a professional setting. However, it would be of great 
interest to additionally be able to reliably measure the 
more commonly used “AI literacy”, as this construct 
deals with knowledge and skills (instead of attitudes and 
affect). This could be achieved by using performance 
tests (e.g., knowledge tests) rather than self-assessment 
questionnaires.

Conclusion
AI skills training for medical students is becoming 
increasingly relevant. For this reason, researchers and 
teachers from Bonn Medical School have developed the 
AI course “KI-LAURA” which aims to improve medical 
students’ AI readiness in a flipped classroom format. To 
test the effectiveness of the course, the “MAIRS-MS” 
instrument by Karaca et al. was used. The results showed 
that the course significantly improved participants’ AI 
readiness, with a particularly high increase in AI vision. 
This illustrates that even entry-level AI courses can 
increase medical students’ AI readiness, preparing them 
to collaborate with AI in their future careers.
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