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ABSTRACT

Background: The rapid proliferation of artificial intelligence (Al) in medical education has outpaced the develop-
ment of quality assurance methods for Al-generated content. This study provides the first systematic evaluation of
Al-generated instructional materials for lung ultrasound (LUS) training.

Methods: The ATLAS study employed a cross-sectional, multi-rater evaluation design comparing six instruction
sources (five Al systems and human-generated content) across ten LUS content sessions. Expert evaluators
(n=39) assessed materials using five standardized domains: Medical Accuracy, Evidence Completeness, Clarity,
Practical Utility, and Pedagogical Quality. Statistical analysis included Kruskal-Wallis tests and pairwise compari-
sons with Bonferroni correction.

Results: Significant differences existed between instruction sources (H = 92.582, p < 0.001). Manus Al achieved
the highest overall rating (4.55+0.83) and significantly outperformed human instructions in Medical Accuracy

(p = 0.0002) and Evidence Completeness (p < 0.001). Gemini Al (3.94+0.97) performed statistically equivalent to
human instructions (4.23+1.00). ChatGPT (2.62+1.35) and Meta (1.53+1.02) performed significantly worse than
human instructions (p < 0.001). Clarity emerged as the most discriminating criterion with the widest performance
range (1.53-4.54).

Conclusions: Certain Al systems can generate high-quality LUS instructional materials that match or exceed
human-generated content. However, significant quality variations across Al systems emphasize the critical
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importance of systematic evaluation before implementation. These findings support cautious but optimistic integra-
tion of high-performing Al systems into medical education with appropriate quality assurance measures.

Key words: artificial intelligence, medical education, lung ultrasound, quality assessment, generative Al, instruc-

tional design, point-of-care ultrasound

Introduction

The integration of artificial intelligence (AI)
into medical education is rapidly transforming how
healthcare professionals are trained, offering unprec-
edented opportunities for personalized, accessible,
and eflicient learning (1). From intelligent tutoring
systems that adapt to individual learner needs to vir-
tual reality simulations that provide risk-free practice
environments, Al is poised to address many of the
long-standing challenges in medical pedagogy (2).
The recent emergence of sophisticated large language
models (LLMs) and other generative Al tools has
further accelerated this trend (3), enabling the auto-
mated creation of vast amounts of educational con-
tent, including detailed instructional materials for
complex clinical skills (4). However, this rapid pro-
liferation of Al-generated content has outpaced the
development of rigorous methods for quality assur-
ance, raising significant concerns about the accuracy,
educational effectiveness, and safety of these novel
resources (5, 6).

Lung ultrasound (LUS) has become an indispen-
sable tool in emergency and critical care settings, per-
mitting rapid, non-invasive diagnosis and monitoring
of life-threatening conditions such as pneumothorax,
pneumonia, pulmonary oedema, and pleural effu-
sion (7). Despite its proven clinical value, widespread
adoption of LUS has been hindered by significant
challenges in training and competency assessment. A
systematic review of the literature by Pietersen et al.
revealed a lack of international consensus on LUS ed-
ucation, with most training programs being unstruc-
tured and lacking validated assessment methods (8).
This heterogeneity in training prevents the consist-
ent, effective application of LUS in clinical practice.

The potential for generative Al to create stand-
ardized, evidence-based instructional materials for
LUS is immense. Al could, in theory, produce com-
prehensive curricula that cover everything from basic
ultrasound physics to complex clinical integration,
tailored to the specific needs of novice learners. How-
ever, the unguided use of such tools carries important
risks including inaccurate medical information, poor
pedagogical structure, or the omission of critical safety
considerations, all of which could have direct and det-
rimental consequences for patient care (9). This un-
derscores the urgent need for a systematic approach
to evaluating the quality of Al-generated educational
content within the high-stakes environment of medi-
cal skills training. To date, no study has systematically
evaluated the quality of instructional materials gen-
erated by different AT models for a specific, complex
clinical skill such as LUS.

The primary objective of this study was to conduct
a comprehensive, multi-domain comparative quality
assessment of written instructional materials for LUS
generated by multiple, distinct AI models. The findings
of this study provide the first evidence-based insights
into the capabilities and limitations of current gen-
erative Al in creating high-quality medical education
content, offering crucial guidance for the future devel-
opment and implementation of Al in clinical training.

Methods

Study design

The ATLAS (Artificial intelligence-generated
Training for Lung ultrASound) study employed a

cross-sectional, multi-rater evaluation design to assess
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the quality of Al-generated written instructional ma-
terials for focused LUS training. This study was con-
ducted between June and August 2025 and received
ethical approval from the King’s College London, UK
Research Ethics Committee.

Content generation

AIl-GENERATED CONTENT

Six distinct sets of written instructional materials
for LUS training were generated (supplementary ma-
terial 1 - 6). Five sets were created by different Al lan-
guage models; one set was generated by human experts
to serve as a control. The Al models used were selected
based on their prevalence and distinct underlying ar-
chitectures at the time of the study:

- ChatGPT 4.0 (OpenAl, version accessed July
2025)

- Claude 3 Opus (Anthropic, version accessed
July 2025)

- Manus 1.5 (Manus, version accessed July 2025)
- Meta Llama 3 (Meta AI, version accessed
July 2025)

- Gemini 2.5
July 2025)

(Google, version accessed

Each Al model was engaged using the same stand-
ardized prompt framework (supplement material 7).
The prompt was designed to create instructional mate-
rials suitable for healthcare professionals with no prior
ultrasound experience. It specified the target audience,
the ten essential learning sessions for novice LUS
training, and the requirement for clear, practical, and
evidence-based content. Images or video clips were
not included in the training materials.

HUMAN-GENERATED CONTENT

The human-generated control training materials
were developed by two board-certified intensive care
physicians with over 15 years of collective experi-
ence in LUS education and curriculum development.
The materials were created de novo, referencing the
international evidence-based recommendations for

point-of-care LUS [7] to ensure they represented a
high-quality standard.

INSTRUCTIONAL CONTENT

Each of the six instruction sets comprised compre-
hensive educational content covering ten standardized
learning sessions essential for novice LUS training:

- Basic Ultrasound Physics

- Probe Selection and Positioning

- Normal LUS Appearance

- Identifying Pleural Sliding

- Recognizing B-Lines

- Detecting Pneumothorax

- Assessing Pleural Effusion

- Lung Consolidation Patterns

- Common Artifacts and Troubleshooting

- Clinical Integration and Decision-Making

Expert evaluator recruitment

Expert evaluators were recruited through profes-
sional organizations (WINFOCUS) and institutional

networks based on the following criteria:

- Inclusion Criteria: Current involvement in LUS
education at an institutional or national level;
demonstrated expertise through publications,
presentations, or recognized training programs;
clinical practice involving regular use of LUS.

in Al-

generated content development for medical

- Exclusion Criteria: Involvement
education; declared conflicts of interest with
Al technology companies; insufficient English
proficiency.

Evaluation framework

The evaluation framework was developed follow-
ing established principles for questionnaire design (10)
and competency-based assessment in medical educa-
tion (11, 12). The use of a structured, multi-domain
framework ensures systematic and consistent assess-
ment of instructional material quality (13). The five
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domains were chosen to incorporate key principles of
instructional design (14) and align with established
approaches for assessing ultrasound education (15).

Each content section within every instruction set
was evaluated across five standardized domains using
a 5-point Likert scale (1 = Poor, 2 = Below Average,
3 = Average, 4 = Good, 5 = Excellent):

1. Medical Accuracy: Assessment of factual cor-
rectness, adherence to current evidence-based
recommendations, and absence of medical er-
rors or misconceptions.

2. Educational Clarity: Evaluation of content
appropriateness for novice learners, clarity of
explanations, logical progression of concepts,
and accuracy of sentence structures.

3. Completeness: Assessment of comprehensive
coverage of essential content, inclusion of crit-
ical safety considerations, and adequate depth
for competency development.

4. Practical Utility: Evaluation of actionable
guidance, real-world applicability, hands-on
procedural details, and clinical relevance.

5. Pedagogical Quality: Assessment of adher-
ence to sound educational principles, effective
learning structure, use of appropriate teaching
methods, and engagement strategies.

Evaluation protocol

Evaluators completed a structured assessment pro-
cess for each instruction set, consisting of both quantita-
tive (domain-specific scores from 1 to 5 for each content
session) and qualitative (free-text comments and feed-
back) measures. To ensure assessment independence,
evaluators were instructed to complete their grading in-
dividually without interaction or discussion with other
participants. Evaluators were strictly blinded to the
source of the instruction sets (i.e., whether they were
generated by an Al model or human experts) and to the
identity of other evaluators throughout the process.

Statistical analysis

Statistical analysis was conducted using Prism v
10.4 (GraphPad Software, San Diego, CA). Descrip-

tive statistics were calculated for all variables. Given

that the evaluation data were derived from a 5-point
Likert scale, which produces ordinal data, non-
parametric statistical tests were employed (16). The
Shapiro-Wilk test confirmed that the data were not
normally distributed.

Overall between-group comparisons of instruc-
tion sets were performed using the Kruskal-Wallis test.
Pairwise comparisons between the human-generated
instructions and each Al system were conducted using
Mann-Whitney U tests. Inter-rater reliability was as-
sessed using intraclass correlation coefficients (ICC),
with a target ICC > 0.6 considered acceptable (17).
Qualitative feedback from free-text comments was
analysed using thematic analysis to identify recurring
themes. Sample size was determined based on detect-
ing a 1-point difference on the 5-point scale for grad-
ing instruction sets, with 80% power and o = 0.05.
Accounting for multiple comparisons and potential
dropout (10%), a minimum of 22 expert evaluators was
required. The final sample of 39 evaluators provided a
statistical power of >90% for the primary analysis.

Results

Participant characteristics

A total of 39 expert evaluators from four geo-
graphic regions completed the ATLAS study assess-
ment. The demographic characteristics of the study
participants are presented in Table 1. The majority of
respondents were from Malaysia (48.7%, n=19), fol-
lowed by the United Kingdom (23.1%, n=9). Critical
care specialists comprised the largest clinical specialty
group (51.3%, n=20), followed by internal medicine
physicians (23.1%, n=9). Participants demonstrated
moderate experience in LUS training, with a mean ex-
perience of 2.49 years (SD = 0.94). 56.4% (n=22) of the
participants reported some experience with Al tools,
while 41.0% (n=16) reported extensive experience.

Overall quality assessment

A Kruskal-Wallis test revealed a statistically signifi-
cant difference in the overall quality ratings across the six
instruction sources. As summarized in Table 2, Manus

AT achieved the highest overall rating (mean = 4.55,
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SD = 0.83), followed by human-generated instructions
(mean = 4.23, SD = 1.00), Gemini (mean = 3.94, SD
= 0.97), Claude (mean = 3.56, SD = 1.11), ChatGPT
(mean = 2.62, SD = 1.35), and Meta (mean = 1.53,SD =
1.02). Manus AT also received the highest proportion of
high-quality ratings (scores of 4 or 5), with 84.8% of its
ratings falling within this category, followed by human
instructions (77.1%). In contrast, Meta and ChatGPT
received the highest proportion of low-quality ratings
(scores of 1 or 2), at 84.4% and 48.7%, respectively.

Domain-specific performance analysis

The performance across the five evaluation do-
mains is presented in Figure 1. Manus Al achieved the
highest mean scores across all domains: Medical Ac-

curacy (4.67), Evidence Completeness (4.58), Clarity

Table 1. Participant demographics and characteristics.

Characteristic | n (%)
Geographic Distribution

Malaysia 19 (48.7)
United Kingdom 9(23.1)
Singapore 6 (15.4)
Other European 5(12.8)
Clinical Specialty

Critical Care 20 (51.3)
Internal Medicine 9(23.1)
Other 10 (25.6)
AT Experience

Some experience 22 (56.4)
Extensive experience 16 (41.0)

*One respondent did not answer the question on Al experience level.

Table 2. Overall quality assessment by instruction source.

(4.54), Practical Utility (4.50), and Pedagogical Qual-
ity (4.42). Human-generated instructions demon-
strated consistent high performance across domains,
with scores ranging from 4.18 to 4.42.

Gemini showed moderate performance with
relatively consistent scores across domains (range:
3.78-3.99). Claude demonstrated similar moderate
performance but with greater variability, particularly
a lower score in Clarity (3.40). ChatGPT performed
poorly across all domains (range: 2.52-2.87), while
Meta achieved the lowest scores in all categories

(range: 1.53-2.05).

Comparisons between Al
and human-generated instructions

Pairwise comparisons between human-generated
instructions and each Al system using Mann-Whitney
U tests revealed significant differences for two Al sys-
tems after Bonferroni correction (p < 0.01), as shown
in Table 3. ChatGPT (U = 203.5, p < 0.001, r = -0.69)
and Meta (U = 48.0, p < 0.001, r = -0.89) performed
significantly worse than human instructions. Notably,
Manus (U = 476.5, p = 0.132, r = 0.18) and Gemini
(U = 464.5, p = 0.152, r = -0.19) were statistically
equivalent to human instructions, indicating these Al
systems can generate content of acceptable quality for
clinical education purposes.

Pairwise comparisons of overall quality:
Human vs Al systems (Table 3)

Domain-specific revealed that
Manus Al significantly outperformed human instruc-

tions in Medical Accuracy (mean difference = 0.25,

p:

comparisons

0.0002) and Evidence Completeness (mean

Source n Mean (SD) Median High Quality (4-5) n (%) Low Quality (1-2) n (%)
Manus 33 4.55(0.83) 5.0 28 (84.8) 1(3.0)

Human 35 4.23 (1.00) 5.0 27 (77.1) 3(8.6)

Gemini 33 3.94(0.97) 4.0 22 (66.7) 1(3.0)

Claude 32 3.56 (1.11) 4.0 18 (56.3) 6 (18.8)
ChatGPT 39 2.62 (1.35) 3.0 14 (35.9) 19 (48.7)

Meta 32 1.53 (1.02) 1.0 2(6.3) 27 (84.4)
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Figure 1. Domain-specific mean scores by instruction source.

Table 3. Pairwise comparisons: Human vs Al systems.

AT System U-statistic p-value Effect Size Significant Difference
Manus 476.5 0.132 0.184 No
Gemini 464.5 0.152 -0.190 No
Claude 349.0 0.009 -0.368 No*
ChatGPT 203.5 <0.001 -0.693 Yes
Meta 48.0 <0.001 -0.893 Yes

*Not significant after Bonferroni correction.

difference = 0.34, p < 0.001). No other significant dif-
ferences were observed for Clarity, Practical Utility, or
Pedagogical Quality.

Reviewer confidence in Al detection
(Table 4, Figure 2)

ChatGPT was most confidently identified as
Al-generated (71.8% high confidence, mean = 4.03).
Conversely, Manus was least confidently identified as
Al-generated (57.6% high confidence, mean = 3.58),
suggesting it produced more human-like content.

Notably, evaluators expressed high confidence (69.4%)
that the human-generated instructions were created by
Al indicating a potential bias or difficulty in distin-
guishing high-quality human writing from sophisti-
cated Al output.

Qualitative analysis

Thematic analysis of the free-text comments re-
vealed several key themes. For high-performing systems
like Manus and Gemini, evaluators praised the “clear,
concise language,” “logical flow,” and “comprehensive
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evidencebase.”In contrast,feedback forlow-performing
systems like ChatGPT and Meta frequently cited is-
sues such as “vague and generic statements,” “lack of
practical detail,” and “medically imprecise language.”

Discussion

This study represents the first systematic evalu-
ation of Al-generated instructional materials for fo-
cused LUS training, providing critical insights into
the current capabilities and limitations of generative
Al in medical education. Our findings demonstrate
significant heterogeneity in quality across different
AT systems, with important implications for the safe
and effective implementation of Al-generated content
in clinical training. The central finding is that while
some Al systems can produce instructional materials
that match or even exceed a human-expert standard,
others generate content of unacceptably low quality,

Table 4. Reviewer confidence in Al detection.

Source N | Mean (SD) | High Confidence (4-5) (%)
ChatGPT | 39 | 4.03 (0.99) 71.8%
Meta 32 | 3.97(0.86) 68.8%
Human 36 | 3.86 (0.90) 69.4%
Claude 32 | 3.78 (0.75) 65.6%
Gemini 33 | 3.76 (0.90) 63.6%
Manus 33 | 3.58(0.83) 57.6%

underscoring the absolute necessity of rigorous, sys-
tematic evaluation before deployment.

A key finding of this study is that the Manus Al
system not only matched but outperformed human-
generated instructions in the domains of Medical Ac-
curacy and Evidence Completeness. This challenges
the prevailing assumption that human-generated
content is the unequivocal gold standard for medical
education. It suggests that an Al system, when ap-
propriately designed and trained on a high-quality,
curated knowledge base, can synthesize evidence more
comprehensively and with greater fidelity to current
guidelines than a human expert working from memory
or general knowledge. This has significant implica-
tions, suggesting a future role for Al not just as a con-
tent creator, but as a tool for evidence synthesis and
curriculum validation.

Conversely, the poor performance of ChatGPT
and Meta highlights the considerable risks of using
general-purpose Al models for specialized medi-
cal education without stringent quality control. The
qualitative feedback, which noted these systems pro-
duced “vague,” “generic,” and “medically imprecise”
content, aligns with broader concerns that some
LLMs may prioritize helpfulness and linguistic flu-
ency over factual accuracy (18). While ChatGPT
has shown improving performance on standardized
knowledge exams (19), our findings suggest that the
ability to answer factual questions does not directly
translate to the ability to create high-quality, peda-
gogically sound instructional materials for a com-
plex procedural skill. This distinction is critical for

Distribution of Confidence Levels in Al Detection by Source
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Figure 2. Distribution of confidence level in AI detection by source.
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educators to understand. However, a limitation of
evaluating proprietary commercial models is their
‘black box’ nature; the specific algorithms and real-
time source selection logic are not publicly disclosed.
While Manus appears better optimized for evidence
synthesis, the opacity of these systems prevents a
definitive technical explanation for the performance
disparities observed.

The demonstration that certain Al systems can
generate clinically acceptable educational content
has implications for global medical education. High-
quality LUS training is often limited by the availabil-
ity of expert instructors and standardized curricula. AT
systems that can generate consistent, evidence-based
content on demand could democratize access to qual-
ity medical education, particularly in low-resource
settings or for emerging medical technologies where
expert educators are scarce (20, 21).

Our findings align with recent comparative re-
search on Al in medical education while providing
novel insights specific to procedural skills training.
While other studies have compared the performance
of models like Gemini and ChatGPT in answering
clinical questions (22, 23), this study is the first to
evaluate their output in the context of instructional de-
sign. The superior performance of Manus and Gemini
in this study suggests that the architectural design and
training data of these models may be better suited for
generating structured educational content than other
general-purpose Al models.

One of the most intriguing findings was the eval-
uators’ difficulty in distinguishing AI from human-
generated content. The fact that the human-generated
instructions were more frequently misidentified as
Al-generated than the Manus and Gemini outputs is
a cause for reflection. This may suggest that expert-
written educational content can be perceived as for-
mulaic, or that evaluators hold a preconceived bias
that high-quality, well-structured content is more
likely to be Al-generated. Furthermore, the ability of
the highest-performing AI system (Manus) to be the
least identified as Al suggests a level of sophistication
in its writing style that mimics human nuance- a key
factor in creating engaging and effective educational
material. This finding has implications for academic
integrity, the nature of authorship, and the evolving

relationship between human and artificial intelligence
in content creation.

Limitations

Several limitations should be considered when
interpreting our findings. The study sample, while
geographically diverse, was concentrated in certain
regions (48.7% from Malaysia) and clinical special-
ties (51.3% critical care), which may limit generaliz-
ability. This concentration of evaluators within specific
demographics introduces a potential source of bias,
as these groups may share reduced variability in pre-
ferred instructional styles or terminology compared to
a broader global cohort.

Furthermore, the human-generated control mate-
rials were developed by experts from a single specialty
(Intensive Care). While these authors possess signifi-
cant experience, a multidisciplinary panel including
respiratory or emergency medicine physicians might
have produced control texts with different clinical nu-
ances. Additionally, the use of a standardized prompt
structure, while necessary to ensure a fair comparison
across models, may have constrained the AI models
from demonstrating their full potential in structuring
a curriculum de novo. Future research should explore
optimal prompt engineering strategies and iterative Al
refinement to determine whether different prompt de-
signs yield superior educational outcomes.

Importantly, our study focused on text-based
instructions due to the limitations of the current Al
models to generate images. Hence, the evaluation was
limited to written instructional materials and did not
assess multimedia content or interactive elements,
which are important components of comprehensive
medical education. Additionally, the study assessed
content quality but did not evaluate learning outcomes
or long-term retention. Finally, the study focused ex-
clusively on LUS, a relatively straightforward point-
of-care application; it is possible that different results
would occur when more complex skills are the subject
matter of the instructional materials studied (24). The
rapid evolution of Al models also means these find-
ings represent a snapshot in time, and performance
will likely change with future model updates.
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Future directions

Future research should focus on longitudinal stud-
ies evaluating learning outcomes and skill retention
with Al-generated versus human-generated content.
Investigation of optimal hybrid approaches combin-
ing Al efficiency with human expertise is critical to
maximizing educational effectiveness while maintain-
ing quality standards [25]. Additionally, research into
domain-specific Al training for medical education
could address the performance gaps observed in prac-
tical utility and clinical integration. The development
of dedicated Al platforms fed with selected subject-
specific publications, as suggested by the performance
of Manus Al, warrants further investigation.

Conclusion

The ATLAS study provides the first systematic
evidence that Al can generate high-quality instruc-
tional materials for focused LUS training that meet
or, in some cases, exceed the standards of human-
generated content. Our comprehensive evaluation
of six different instruction sources across five qual-
ity domains reveals significant heterogeneity in Al
system performance. These findings support a cau-
tious but optimistic integration of high-performing
Al systems into medical education, but only when
coupled with rigorous, systematic quality assurance
measures to ensure the safety and effectiveness of
clinical training.
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