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Introduction 
The widespread adoption of e-learning and internet 
technologies has transformed the environment for 
medical education. E-learning platforms, equipped 
with features such as adaptive learning, audio-visual 
media, and virtual simulation models, are now utilized 
by medical universities worldwide.1 Digital education 
tools, in comparison to traditional teaching methods, 
offer advantages such as the ability to update content 
timely with current evidence-based information, cost 
reduction, improved efficiency, and increased availability 
of resources.

Research indicates that e-learning can be as effective 
as traditional instruction, and it enhances self-directed 

learning.2 This approach provides students with greater 
control over their learning by offering flexible access and 
pacing. Furthermore, e-learning allows instructors to 
assess competencies objectively and provide personalized 
feedback to improve performance.3

The gradual transition towards e-learning not 
only facilitates adult learning but also allows medical 
educators to serve more as facilitators focused on 
competency development and evaluation. While most 
medical students find e-learning effective and enjoyable, 
it is often used in conjunction with traditional teaching 
methods in a blended approach. Studies of medical and 
nursing students indicate that satisfaction levels are 
higher in blended environments than in lecture-only 
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Abstract
Background: Educational evaluation is one of the main pillars of educational systems, and course 
evaluation is a survey that students or course members complete at the end of a class or academic 
course. This study aims to evaluate the ‘Artificial Intelligence Fall School Program’ at Smart 
University of Medical Sciences. 
Methods: This study was conducted by collecting on various aspects of the course, including the 
course structure, teaching methods, instructors, scientific evaluations, and pre- and post-course 
tests. The course evaluation was conducted using an online questionnaire. In the initial phase of 
the study, the sample size was determined to be 96 participants, as calculated using Cochran’s 
formula. The research data were statistically analyzed at two levels: descriptive and inferential. 
Descriptive analysis was performed using statistical indicators such as frequency, percentage, and 
mean. The inferential analysis was conducted using the paired t test. Analyses were performed 
using SPSS 22.
Results: From the viewpoint of the participants, all artificial intelligence (AI) schools in the field of 
medical sciences were deemed satisfactory. A paired t test was used to analyze and compare the 
pre-test and post-test scores of participants in the Fall AI schools. The results indicated an increase 
in the post-test scores of participants, following their involvement in the seven-week AI schools, 
compared to their pre-test scores.
Conclusion: This evaluative study offers crucial insights into the effectiveness of the “Fall AI 
Schools” training program in fostering AI proficiency among medical professionals. The 
quantitative findings reveal a statistically significant positive response and learning outcomes 
among the participants across the seven specialized schools.
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environments.4

New teaching methods, which are often well-received, 
can improve the learning experience beyond traditional 
formats. Research shows that Iranian medical universities 
employ e-learning to supplement conventional teaching 
in four key areas:
1. simulation for teaching biological processes 
2. clinical simulation with virtual reality and patients 
3. lecture capture for remote access 
4. learning management platforms to organize 

resources.
Artificial intelligence (AI) plays an essential role in each 
of these four domains: 
1. simulation-based biological process training 
2. clinical case simulation using virtual reality and 

patients 
3. lecture recording for distance learning 
4. indexing and managing access to e-learning 

materials.5-7

Following Ministry of Health policies to expand medical 
AI education, specialized ‘AI schools’ were held in Fall 
2022 in collaboration with several universities.8

The AI schools covered topics including fuzzy systems, 
deep learning, image processing, EEG analysis, virtual 
reality, and text mining. Through an applied approach, 
students developed coding, simulation, and core AI skills. 
Focus areas were defined by analyzing needs, including 
AI fundamentals, image processing, virtual reality, and 
vital signal processing.

Building on a successful summer program, the ‘Fall AI 
Schools’ delivered focused instruction on AI applications 
in medicine across universities nationwide. This study 
evaluates the fall program at the ‘Intelligent Medical 
University’ using surveys and tests. The methodology, 
results, and discussion are presented below.

Materials and Methods
This educational program utilized a systematic, process-
oriented evaluation to determine instructional design 
quality and effectiveness. The evaluation data guided 
design decisions for similar future courses.

A multi-stage evaluation process was conducted 
throughout the training using the Kirkpatrick model, 
which proposes four training evaluation levels: reaction, 
learning, behavior, and results.9 Given limitations, 
reaction, and learning were selected as the main evaluation 
objectives.

Reaction level: At a minimum, learners should be 
satisfied with the program, as this boosts motivation and 
participation. As key customers, learner satisfaction is 
crucial for educational system success. Online surveys 
measuring satisfaction with the course and delivery 
methods assessed reactions.

Learning level: The most important criterion is the 
learning achieved. Learners should demonstrate acquired 
knowledge and skills post-training. Pre- and post-test 

score analysis evaluated learning levels.
To measure reaction, a validated questionnaire by Jafari 

was utilized, with confirmed face/content validity and 
reliability per 10 experts and Cronbach’s alpha analysis.10

Learning was evaluated via pre/post-test score 
comparisons using a paired t test. The sample size was 
96 based on Cochran’s formula. SPSS 22 facilitates both 
descriptive and inferential data analysis.

In summary, this program evaluation aimed to assess 
the quality and effectiveness of instructional design, 
providing valuable insights for future iterations. Reaction 
and learning were measured through validated surveys 
and pre/post-testing using a robust methodology. 
The data derived from the results serve as a guide for 
continuous improvements to the curriculum.

Results
The evaluation of this program yielded valuable insights 
into the quality and effectiveness of instructional design, 
which will guide future iterations. Given the constraints 
of resources, the reaction and learning levels of the 
Kirkpatrick model were assessed using surveys and pre/
post-testing.

Reaction level: Learner satisfaction was assessed through 
validated surveys measuring perceptions of the course and 
delivery methods. As they are the key stakeholders, their 
satisfaction is crucial for ensuring active participation and 
the overall success of the system.

Learning level: The primary outcome is the evident 
acquisition of knowledge and skills. Pre- to post-test score 
increases measured learning resulting from the training. 

Descriptive statistics such as frequency and percentage, 
along with inferential paired t-tests, were used to analyze 
the data from a sample of 96 participants, comparing pre 
and post-test scores.

Demographic information
Table 1 provides a breakdown of the participant 
demographics and their participation across various 
AI schools. The gender distribution of the sample was 
almost equal, with males comprising 51% and females 
49%. The age group of 20-25 years was the most common, 
accounting for 41% of the participants.

In summary, reaction, and learning were measured for 
this program using surveys and pre/post-testing with 96 
learners. The majority were males and in their early to 
mid-1920s. Descriptive and inferential statistics evaluated 
the data to guide future program improvements.

Quantitative findings
The desirability of each questionnaire item was 
determined by dividing the total of each option’s score, 
multiplied by its frequency, by the overall number of 
respondents. Scores ranging from 1 to 2.5 were deemed 
undesirable, those between 2.5 and 3.5 were considered 
relatively desirable, and scores from 3.5 to 5 were classified 
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as desirable.
From the participants’ perspectives, the evaluation 

questions related to the ‘Fall AI Schools Program’ in the 
field of medical sciences were categorized as undesirable, 
relatively desirable, or desirable based on the collected 
data (Table 2).

In this study, we evaluated the desirability of 
questionnaire items. The desirability was determined by 
dividing the sum of each option’s score (multiplied by 
its frequency) by the total number of respondents. We 
categorized the scores for each question as follows: a score 
from 1 to 2.5 was deemed undesirable, a score from 2.5 to 
3.5 was considered relatively desirable, and a score from 
3.5 to 5 was classified as desirable.

As depicted in (Table 2), the majority of participants 
evaluated the ‘Fall AI Schools Program’ as relatively 
desirable. A one-sample t-test revealed that the sample 
mean of 67.50 significantly exceeded the population 
mean of 45. This difference was statistically significant, 
as indicated by a t-value of 3.835 (P < 0.01). These 
findings lend statistical support to the conclusion that the 
program’s desirability was significant.

The overall evaluation item mean across different AI 
schools was compared using a one-way ANOVA. The 
assumption of homogeneity of variance was confirmed by 
Levene’s test (Table 3).

In summary, we calculated the desirability for each item 
in the evaluation questionnaire, and overall, the program 
was rated as relatively desirable. The data were analyzed 
using one-sample t-tests and one-way ANOVA, which 
provided statistical support for the conclusion that the 

program’s desirability was significant.
Levene’s test result was not significant (P > 0.05), 

confirming equal variances across schools. Consequently, 
a one-way ANOVA was conducted to compare the 
evaluation score means between schools. The results are 
shown in (Table 4).

Although the mean scores differed among schools, 
these differences were not statistically significant at the 
95% confidence level according to the ANOVA (P > 0.05). 
Paired t-tests were used to compare pre-test and post-test 
scores before and after the AI schools. The mean pre-test 
and post-test scores were:
• Medical image processing: 62.6 and 92.9
• Text mining in medical sciences: 50.5 and 87.7
• Fuzzy systems in medicine: 25.6 and 75.7
• Virtual reality in medical sciences: 50.5 and 87.7
• EEG and ERP signal processing: 37.6 and 87.7
• Deep learning in medical data processing: 62.7 and 

90.9
• AI in medical data processing: 25.6 and 87.8

The post-test scores increased across all schools, 
representing statistically significant differences at the 99% 
confidence level (P < 0.01).

In summary, ANOVA found no significant differences 
in evaluation scores between schools. However, paired 
t-tests demonstrated statistically significant test score 
increases from pre- to post-training across all the AI 
schools.

Discussion
The results provide important insights into the ‘Fall AI 
Schools Program’s’ effectiveness in building AI expertise 
among medical professionals.

The quantitative findings show the program was rated 
relatively desirable overall by participants, with statistically 
significant desirability per one-sample t-test (P < 0.01). 
This suggests the training is successfully increasing 
knowledge and skills in applying AI to medicine.

The one-way ANOVA found no significant differences 
in evaluation scores between the seven schools (P > 0.05), 
indicating consistent quality and outcomes across subjects. 
Standardized curriculum design and instructional 
methods likely contribute to this consistency.11

Critically, paired t-tests revealed statistically significant 
pre- to post-test score increases across all schools 
(P < 0.01), demonstrating meaningful knowledge gains 
from participation. Objective learning aligns with 
subjective desirability.

The results collectively suggest that the program is 
enhancing the AI competence of learners in the field of 
medicine. This improvement can lead to better outcomes 
and behaviors if the program is implemented correctly, as 
per the Kirkpatrick model.12 The program offers valuable 
opportunities to expand expertise among medical 
professionals, potentially improving healthcare practice

Table 1. Description of the demographic characteristics of the participants 
in the evaluation

Variables Frequency Percent

Gender status

Man 49 51.0

Female 47 49.0

Age status

20-25 years 39 40.6

26-30 years 2 2.1

31-35 years 22 22./9

35 years and above 33 34/4

Participating people according to ‘fall schools’

Medical image processing 17 17.7

Text mining in medical sciences 14 14.6

Fuzzy systems in medicine 5 5.2

Virtual reality in medical sciences 10 10.4

EEG and ERP signal processing 12 12.5

Deep learning in medical data processing 16 16.7

Artificial intelligence in medical data processing 22 22.5

Total 96 100

EEG, electroencephalography; ERP, event-related potential
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Continued assessment is recommended to sustain 
and optimize the program over time. Further areas of 
exploration include conducting a comparative analysis 
of various teaching methods, evaluating the long-term 
impact on job performance, and establishing a correlation 
between learning and organizational performance.13

The demographics indicate that the program is 
primarily enrolling individuals in the early stages of their 
careers, aged 20-25, which suggests an acknowledgment 
of the importance of developing AI skills. Expanding 
outreach to professionals in the middle and later stages 
of their careers could help distribute this expertise across 
various experience levels.14

Although the overall feedback is positive, scrutinizing 
areas that received lower ratings could help identify 
potential improvements. Collecting follow-up qualitative 
data through methods such as interviews or focus groups 
could offer insights for enhancing the curriculum and 

Table 2. The percentage of responses of the participants of the artificial intelligence fall schools program in medical sciences

Desirability level Mean Answers to the options of the items in percentage
Subjects related to the evaluation N

Poor Average Good
Very 
good

Excellent

Relatively desirable 3.59 2.4 5.11 0.25 6.39 8.19 Improve awareness 1

Relatively desirable 3.40 2.4 4.10 7.42 0.26 7.16 The difficulty level of the course 2

Relatively desirable 3.60 2.5 5.12 0.24 3.33 0.25 Teaching method 3

Relatively desirable 3.40 3.8 6.14 1.28 0.26 9.22 Completeness of the objectives 4

Relatively desirable 3.21 5.12 7.17 0.26 9.22 8.20 The level of meeting expectations 5

Relatively desirable 3.03 4.10 1.28 0.25 8.20 6.15 The quality of forum discussions 6

Relatively desirable 2.60 9.22 1.28 0.25 5.13 4.10 The quality of group activities 7

Relatively desirable 3.55 2.5 6.15 0.25 1.27 1.27
The connection between the 
course and work activity

8

Relatively desirable 3.17 5.11 8.19 0.24 2.29 6.15
The compatibility of teaching aids 
and media with the goals

9

Relatively desirable 3.19 3.7 0.24 1.27 0.25 7.16
The overall quality of educational 
aids

10

Desirable 3.78 2.5 3.8 0.24 1.28 4.34
The teacher's ability to guide the 
course

11

Relatively desirable 3.34 3.7 7.17 1.27 2.29 8.18 The quality of the feedback 12

Relatively desirable 3.40 3.6 6.15 3.31 0.25 9.21
Encouraging students by the 
teacher

13

Relatively desirable 3.64 3.7 5.11 9.22 0.26 3.32
The clarity of the teacher's 
explanations and teaching

14

Desirable 3.70 2.5 4.10 9.21 3.33 2.29
The overall effectiveness of the 
teacher

15

Table 3. Levine’s test to check the homogeneity of variances

Evaluation of the program from the 
perspectives of participants

Levene's 
test

df1 df2 P value

Based on Mean 0.473 6 89 0.827ns

Based on Median 0.380 6 89 0.890ns

Based on the Median and with 
adjusted df

0.380 6 77.64 0.890ns

Based on trimmed mean 0.451 6 89 0.843ns

ns, not significant at the 5% level.

Table 4. One-way analysis of variance concerning the evaluation score of the 
artificial intelligence fall program among the participants of different schools 
(seven schools).

Variable Groups N, Mean P value

Evaluation of 
the program 
from the 
perspective of 
participants

Medical image processing 17, 46.94

0.509ns

Text mining in medical sciences 14, 52.35

Fuzzy systems in medicine 5, 61.80

Virtual reality in medical sciences 10, 49.40

EEG and ERP signal processing 12, 54.25

Deep learning in medical data 
processing

16, 49.00

Artificial intelligence in medical 
data processing

22, 49.81

ns = not significant at the 5% level.

overall experience.15 Feedback from participants can be 
used to continually optimize and improve the program.

The effectiveness is linked to the support provided 
by the organization for applying new skills on the job. 
Institutions should strategize their policies, resources, 
and culture to effectively utilize the capabilities acquired 
through AI.16 Assessing the readiness for implementation 
can optimize the impact. The introduction of AI 
necessitates the consideration of both technical and 
human aspects. A socio-technical approach underscores 
the importance of organizational, regulatory, and ethical 
factors in addition to technical capabilities. The inclusion 
of wider implementation subjects could enhance the 
effectiveness of training methods.17

Consistent with our findings, Bzdok and Ioannidis 
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found AI training can significantly improve medical 
professionals’ competence in applying AI to medicine. 
They also emphasized the need for continued evaluation 
and optimization of such programs over time, aligning 
with our recommendations.18

Furthermore, Obermeyer and Emanuel suggested AI 
could substantially improve healthcare practices and 
outcomes. This supports the potential benefits of the ‘Fall 
AI Schools’ for the medical field indicated by our results.19

 In terms of demographics, Muller et al discovered that 
early career professionals have a higher propensity to 
enroll in these programs, a finding that is consistent with 
our participant profile. However, they also advocated 
for a broader outreach to professionals in the middle 
and later stages of their careers, which aligns with our 
recommendation.20

Additionally, Greenhalgh et al highlighted the 
importance of a sociotechnical approach when 
implementing healthcare AI, addressing technical and 
human factors. This aligns with our advice to incorporate 
organizational, regulatory, and ethical considerations, in 
addition to technical training.21

To summarize, our findings are in line with prior 
research that underscores the necessity for ongoing 
optimization of medical AI training programs, the 
potential of AI to improve healthcare, the participation 
patterns of younger professionals, and the importance of 
a sociotechnical approach to implementation. Our study 
results contribute further to the existing body of research 
in this rapidly evolving field.

Conclusion
This evaluative study provides valuable preliminary 
insights into the efficacy of the “ Fall AI Schools “ training 
program for building AI expertise among medical 
professionals. The quantitative results demonstrate 
statistically significant positive reactions and learning 
outcomes among participants across the seven subject-
specific schools. This supports the conclusion that 
the curriculum, instructional strategies, and process 
standardization are effectively achieving the aims.22

The findings suggest the program is an impactful 
initiative for expanding and disseminating critical AI 
knowledge and skills within medicine. Developing these 
competencies will enable institutions to harness AI’s 
tremendous potential to transform healthcare practices, 
processes, and outcomes.17 However, realizing this 
potential also requires deliberate organizational efforts 
to align policies, resources, culture, and infrastructure to 
fully support AI integration.23

While the evaluation outcomes are positive, they 
represent evidence from the initial stages. Ongoing 
assessment incorporating quantitative metrics and 
qualitative feedback can provide insights to guide 
continual optimization.15 Future research should examine 
longer-term indicators of behavior change, adoption, and 

performance impact.24

In general, the ‘Fall AI Schools’ demonstrate promising 
outcomes and offer a beneficial framework for endowing 
professionals with vital AI skills to tackle present and 
forthcoming healthcare challenges. 

Broader involvement across disciplines and career 
stages, along with attention to sociotechnical integration 
factors, could further amplify effectiveness in advancing 
medicine through AI education. This aligns with 
leveraging technology to improve human lives and 
societal well-being.
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