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Abstract: Background: Anatomically accurate illustrations are imperative in medical edu-
cation, serving as crucial tools to facilitate comprehension of complex anatomical structures.
While traditional illustration methods involving human artists remain the gold standard,
the rapid advancement of Generative Artificial Intelligence (GAI) models presents a new
opportunity to automate and accelerate this process. This study evaluated the potential
of GAI models to produce craniofacial anatomy illustrations for educational purposes.
Methods: Four GAI models, including Midjourney v6.0, DALL-E 3, Gemini Ultra 1.0, and
Stable Diffusion 2.0 were used to generate 736 images across multiple views of surface
anatomy, bones, muscles, blood vessels, and nerves of the cranium in both oil painting
and realistic photograph styles. Four reviewers evaluated the images for anatomical detail,
aesthetic quality, usability, and cost-effectiveness. Inter-rater reliability analysis assessed
evaluation consistency. Results: Midjourney v6.0 scored highest for aesthetic quality and
cost-effectiveness, and DALL-E 3 performed best for anatomical detail and usability. The
inter-rater reliability analysis demonstrated a high level of agreement among reviewers
(ICC = 0.858, 95% CI). However, all models showed significant flaws in depicting cru-
cial anatomical details such as foramina, suture lines, muscular origins/insertions, and
neurovascular structures. These limitations were further characterized by abstract depic-
tions, mixing of layers, shadowing, abnormal muscle arrangements, and labeling errors.
Conclusions: These findings highlight GAI’s potential for rapidly creating craniofacial
anatomy illustrations but also its current limitations due to inadequate training data and
incomplete understanding of complex anatomy. Refining these models through precise
training data and expert feedback is vital. Ethical considerations, such as potential biases,
copyright challenges, and the risks of propagating inaccurate information, must also be
carefully navigated. Further refinement of GAI models and ethical safeguards are essential
for safe use.

Keywords: artificial intelligence; generative Al; text-to-image; craniofacial anatomy;
anatomy; generative adversarial networks; diffusion model
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1. Introduction
1.1. Anatomical Illustrations: Cornerstones of Medical Education

“A picture is worth a thousand words,” as the adage goes, and this holds particularly
true when it comes to the study of human anatomy. Anatomical illustrations are essential
for understanding complex anatomy in medical education [1]. Traditional illustration
methods involving skilled human artists remain the gold standard for creating detailed
and precise anatomical representations [2]. These illustrations serve as crucial learning
tools for medical professionals responsible for patient well-being and enhance the scientific
community’s understanding of research papers [3].

1.2. Traditional Methods: Hurdles and Constraints

Becoming a medical illustrator requires significant time and specialized training,
making their work highly valuable [4,5]. With fewer than 2000 trained medical illustrators
worldwide [6], the global demand for medical education materials poses a significant
challenge. Resource-constrained settings, especially in developing countries, face a difficult
choice: invest heavily in creating original illustrations or purchase copyright permissions
for existing ones. While Al-generated illustrations offer a potential solution, copyright
concerns arise due to the models’ training on copyrighted datasets [7] Modern medical
illustration employs a range of methods, from traditional hand drawing to sophisticated
digital tools like ZBrush, Maya, Adobe Creative Suite, and other specialized medical
visualization softwares [8]. Despite these advancements, challenges persist. Professional
medical illustration demands specialized training and expertise, often requiring advanced
degrees. Costs and time requirements vary significantly based on complexity, style, and
intended use.

Previous research has shown that Al-generated medical illustrations can be both
time- and cost-effective [3]. Traditional methods often require multiple 2D images to
convey 3D anatomical structures, placing a cognitive burden on learners. While 3D models
are increasingly available, they often lack customization and accessibility [9]. A more
pressing issue is the lack of diversity in medical illustrations, with only 4.5% representing
dark skin tones [10,11]. Recent studies have confirmed this bias, with a disproportionate
representation of light skin tones (81.2%) and male bodies (61.6%) in medical textbooks [11].
This alarming statistic underscores the urgent need to address systemic biases in medical
education and practice, highlighting the potential of Al-generated images to create more
diverse and representative visual content.

1.3. GAI: A Promising Frontier

GAIl advancements offer potential for automating and accelerating illustration. In 2022,
text-to-image models, trained on vast datasets of images, emerged as a groundbreaking
technology capable of generating novel, vivid, and imaginative visual content based on
text prompts and descriptions. Researchers coined this technology “Autolography” [12].
Initially a research tool, these models have found various applications, including promising
potential in medical illustration for creating anatomical images [13].

Large language models (LLMs) have demonstrated significant capabilities in accu-
rately responding to queries about human anatomy [14-16]. The development of special-
ized GAI models, such as RadImageGan [17], which is specifically designed for generating
diverse synthetic two-dimensional medical images, underscores the increasing focus on
leveraging Al for medical image synthesis in research and training context. If GAI can
achieve high levels of accuracy in creating and interpreting complex medical images for
such crucial applications as disease diagnosis and scientific research, it logically follows
that, with appropriate training and further refinement, it could also be capable of produc-
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ing high-quality and anatomically accurate visual aids specifically designed for learning
and instruction in the field of anatomy. Given the growing interest in Al-driven anatomy
education and the promising results of LLMs, we sought to explore the potential of state-
of-the-art text-to-image Al models in portraying craniofacial anatomy. Although prior
work has explored the use of GAI in creating anatomical illustrations, there remains a gap
in the literature regarding a systematic evaluation with a dedicated focus on craniofacial
anatomy. In particular, the ability of these models to accurately and distinctly represent
separate anatomical layers within the craniofacial region has not been thoroughly investi-
gated [13,18].

This study aims to evaluate the potential of Midjourney v6.0, DALL-E 3, Gemini Ultra
1.0, and Stable Diffusion 2.0 for producing craniofacial anatomy images for educational
purposes. By assessing factors like anatomical accuracy, aesthetic appeal, usability, and
cost-effectiveness, we aim to determine their current state and potential applications in
this domain.

2. Literature Review
2.1. Understanding Al Image Generation Techniques

Al text-to-image generation has evolved rapidly, with deep learning techniques
like GANs or Generative Adversarial Networks (Figure 1) [19] and Diffusion Models
(Figure 2) [20,21] powering modern models. GANs generate images through adversarial
training, often producing sharp details but potential anatomical inaccuracies. Diffusion
models, on the other hand, gradually add and remove noise, resulting in more stable,
consistent outputs, albeit with potential loss of fine detail.

Generative Adversarial Networks (GANs)

Is this Real
or Fake?

Real Images

Discriminator
A

|

Fake Images

l

v
Fine Tuning

Input Noise
@

Generator

Figure 1. Structure of a Generative Adversarial Network (GAN): A Generator creates images, while
a Discriminator distinguishes real from fake, refining both through adversarial training.

2.2. Applications in Medical lllustration

GAI models like Midjourney, DALL-E, and Stable Diffusion have gained significant
attention for their potential in medical illustration [13,18,22-26]. These models offer advan-
tages such as stylistic versatility, rapid prototyping, increased accessibility, efficiency, and
aesthetically pleasing results [27]. Additionally, generated images are copyright-free [28].
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Figure 2. Diffusion Model Process: Forward diffusion gradually adds noise to an image, while reverse
diffusion, using a U-Net architecture, reconstructs the original image by removing noise step by step.

Several studies have evaluated the capabilities and limitations of these models. Noel
et al. investigated their performance in generating detailed illustrations of the human
skull, heart, and brain [13]. Adams et al. examined DALL-E 2’s ability to generate and
manipulate medical images [26]. Ajmera et al. validated DALL-E 3’s capacity to generate
accurate illustrations of the musculoskeletal system [18]. Other studies have explored Al's
potential in creating images depicting clinical features, laboratory images, and various
medical diagnostic modalities [22-26,29].

While these studies highlight the potential of Al, they also reveal limitations. Models
often struggle with pathological findings and cross-sectional imaging modalities. Many
Al-generated illustrations tend to be more artistic than strictly anatomically accurate [13,23].

3. Materials and Methods
3.1. GAI Models Evaluated

Four publicly available GAI models were selected for the creation and evaluation of
craniofacial anatomy illustrations:

1.  Midjourney (Paid v6.0, Midjourney, Inc., San Francisco, CA, USA) [28];

2. DALL-E (Paid, Model: 3, OpenAl, San Francisco, CA, USA) [30];

3. Gemini (Paid, Model: Ultra 1.0, Google, Mountain View, CA, USA) [31];

4 Stable Diffusion (Open-source, v2.0, Stability AI < CompVis < RunwayML) [32].

These models were chosen because they represent a range of leading GAI technologies,
widely recognized and adopted in the field, and several are the most popular by market
size. Midjourney and DALL-E are recognized for their high-quality image generation
and artistic versatility, while Stable Diffusion is a widely used open-source model known
for its flexibility and accessibility. Gemini Ultra 1.0 was included to evaluate one of the
newer models by Google, offering a comparative perspective on the latest advancements in
the field.

3.2. Image Generation Process
3.2.1. Prompt Generation

We aimed to generate images in two styles—oil painting resembling a medical illus-
tration and a professional photograph—as these formats are predominant in published
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anatomical literature. To achieve this, we generated images across five key anatomical
layers: surface anatomy, bones, muscles, blood vessels, and nerves. For each layer, images
were generated from six different views—frontal, lateral, superior, inferior, and mid-sagittal
(n =6 views x 5 layers = 30). Considering both the styles (30 x 2 = 60), this resulted in
60 prompts. However, due to the limited anatomical relevance of the mid-sagittal view for
craniofacial muscles, these two prompts were excluded, resulting in a total of 58 unique
prompts. Each prompt was repeated four times for the four Al models, initially aiming for
a dataset of 928 images (58 x 4 x 4). However, due to errors with the Gemini Ultra 1.0
model in generating human faces, the final dataset consisted of 736 images.

A single basic version of the prompt was made, incorporating the different variations:

“A high-definition [illustration/photograph] of the [layer: bone/muscle etc.] of the human
[face/head], [frontal/lateral/superior/inferior/mid-sagittal] view, with a clear depiction
of [features]. The background is simple and white. Style: [Oil painting in a medical
illustration/ Photograph taken from a professional camera]”

3.2.2. Ethical Approval

The study utilized publicly available GAI technologies to create images using their
own databases, so no patient information was used. Therefore, Institutional Review Board
(IRB) permission was unnecessary.

3.3. Evaluation Criteria

The generated images were evaluated using a 5-point Likert scale across four key
criteria, adapted from Ajmera et al. [18]. These criteria are consistent with evaluation
metrics used in previous studies assessing the quality of medical illustrations and Al-
generated images. We opted not to evaluate Al-generated annotations in the images,
aligning with current research suggesting their general unreliability [18]. This approach
mirrored our own experience with these models.

1.  Anatomical detail (D): This criterion assessed the accuracy and completeness of
the anatomical features depicted, including proportions, layers, angles, and views.
This included accurate proportions of anatomical structures, clear delineation of
the requested anatomical layer (e.g., nerves being distinguishable from surrounding
structures, muscles having accurate origins/insertions), and appropriate viewing
angles matching the specified prompts. Reviewers were asked to specifically assess the
correctness of anatomical relationships and the presence of key anatomical landmarks.

2. Aesthetic quality (A): This criterion evaluated the visual appeal of the images, consid-
ering factors such as color, lighting, and shadows, in comparison to currently available
publications while adhering to the requested artistic style specified in the prompt.
Reviewers were asked to consider if the color palette and lighting were appropriate for
medical illustrations, and if shadows enhanced or detracted from anatomical clarity

3. Usability (U): This criterion assessed the suitability of the images for use in scientific
literature compared to currently available resources (i.e., is the current image usable
in research papers, publications, books, or other educational materials). Reviewers
were instructed to consider if the images could be used without further modification
in a textbook or research article.

4. Cost-effectiveness (C): This criterion evaluated the potential cost savings of using
Al-generated images compared to traditional illustration methods, based on the
estimated number of potential revisions and the time and effort a professional artist
would need to refine the Al-generated image to meet traditional standards. Reviewers
were instructed to estimate the number of potential revisions and the time and effort
required for a professional artist to achieve traditional standards.
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3.4. Evaluation Process

Four reviewers, including medical professionals holding MD/MBBS degrees with
anatomical expertise, independently evaluated the images. Each criterion was scored
while keeping in reference the highly anatomically accurate illustrations from Netter and
Sobotta’s anatomical atlases [32,33]. Images were randomized and presented blindly to
minimize bias. Inter-rater reliability was assessed using a two-way mixed-effects model,
and the Intraclass Correlation Coefficient (ICC) was calculated. The average measures
ICC and its 95% confidence interval was reported to indicate the reliability of the average
ratings. The analysis includes Average Measures ICC for overall agreement, agreement
by model (Midjourney v6.0, DALL-E 3, etc.), and agreement by metric (anatomical detail,
aesthetic quality, etc.). Additionally, the time taken by each Al model to generate images
was recorded.

3.5. Craniofacial Proportion Index Calculation

To assess the anatomical accuracy of the generated images, craniofacial proportion anal-
ysis was conducted using Image]J software (v 1.54). Two independent reviewers measured
specific landmarks on each image, following established photographic anthropometric
analysis protocols [33-37]. The average measurements were compared to reference values
from the Sobotta Atlas of Human Anatomy (Figure 3).

Craniofacial Proportion Indices

Facial Index =  Face Height (n-gn)

Facial Convexity = Angle between g-sn-p
Bizygomatic Breadth (zy-zy)

Angle

Upper Facial = Upper Face Height (n-sto) Cephalic Index =  Occipitofrontal diameter (g-op)
Index Bizygomatic Breadth (zy-zy) Biparietal Diameter (eu-eu)

Craniofacial Landmarks
n Nasion g Glabella sto Stomion
gn Gnathion sn Subnasale eu Euryon
2y Zygion p Pogonion op Opisthion

Figure 3. Craniofacial Proportion Index Calculation.
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3.5.1. Frontal View Analysis

e  Facial Index: calculated from facial height and bizygomatic breadth, providing insights
into facial proportions [37].

e  Upper Facial Index: calculated from upper face height and bizygomatic breadth,
providing insights into vertical facial proportions.

3.5.2. Lateral View Analysis

e  Facial Convexity Angle: measured to assess facial profile balance and protrusion [38].

3.5.3. Superior View Analysis

e  Cephalic Index: calculated from biparietal and occipitofrontal distances, providing
insights into head shape [39].

4. Results

Table 1 and Figure 4 summarize the performance evaluation of the four AI mod-
els across various criteria. All models fell short of the standards required for medical
illustration, except in generating surface anatomy illustrations.

Table 1. Overall Performance Evaluation of Al-Generated Craniofacial Anatomy Illustrations.

MEAN = SD Detail Aesthetic Usability C.o st
Effectiveness
Midjourney v6.0 2.63+1.24 3.53 +1.37 2.35 +1.27 234 +1.32
DALL-E 3 2.79 +£1.15 3.49 +1.16 241 +1.19 2.324+1.25
Stable Diffusion 2.0 1.33 +0.47 1.34 + 0.65 1.17 £0.32 1.16 +0.33
Gemini Ultra 2.28 +1.05 275+ 1.16 1.89 £+ 1.03 1.85 +£1.04
. . . Cost-
MEDIAN Detail Aesthetic Usability .
Effectiveness
Midjourney v6.0 3 4 2 2
DALL-E 3 3 4 2 2
Stable Diffusion 2.0 1 1 1 1
Gemini Ultra 2 3 1 1
MODE Detail Aesthetic Usability Cost-
Effectiveness
Midjourney v6.0 1 1 1 4
DALL-E 3 1 1 1 1
Stable Diffusion 2.0 1 1 1 1
Gemini Ultra 1 1 2 3

ANOVA results showed statistically significant differences between the models for each evaluation criterion
(Detail, Aesthetic, Usability, and Cost Effectiveness) with p < 0.005. Tukey’s HSD post-hoc test was used to identify
where those differences occurred (see text for details).

Among the models evaluated, DALL-E 3 and Midjourney v6.0 generally demonstrated
the strongest performance, while Stable Diffusion 2.0 consistently showed the weakest
results across all evaluation criteria. The analysis of variance (ANOVA) revealed statistically
significant differences between the four Al models in their performance across all four
evaluation criteria: anatomical detail, aesthetic quality, usability, and cost-effectiveness (all
p < 0.001). Effect sizes, as measured by Eta-squared, ranged from medium to large, with
the largest effect observed for aesthetic quality (Eta-squared = 0.387), indicating that model
differences had a substantial impact on this criterion. Post-hoc analysis using Tukey’s HSD
test further elucidated the nature of these differences.
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Overall Performance

5.00

4.00

B Midjourney [ DALL-E3 Stable Diffusion 2.0 [l Gemini Ultra 1.0

Anatomical Detail Aesthetic Quality Usability Cost-Effectiveness

Figure 4. Overall performance of Al models.

In terms of anatomical detail, DALL-E 3 outperformed both Gemini Ultra and Stable
Diffusion 2.0 (p < 0.001). Midjourney v6.0 also demonstrated significantly better anatomical
detail than Stable Diffusion 2.0 (p < 0.001). Regarding aesthetic quality, DALL-E 3 and
Midjourney v6.0 performed comparably (p = 0.867) and both significantly outperformed
Gemini Ultra and Stable Diffusion 2.0 (p < 0.001). Stable Diffusion 2.0 received the lowest
ratings for aesthetic quality. For usability, DALL-E 3 showed the highest performance,
with significantly greater usability than Gemini Ultra and Stable Diffusion 2.0 (p < 0.001).
Midjourney v6.0 also outperformed Stable Diffusion 2.0 in usability (p < 0.001).

4.1. Subgroup Analysis of AI Model Performance Across Anatomical Layers

Table 2 and Figure 5 present subgroup analysis results for each model’s performance
in generating illustrations of specific anatomical layers (surface anatomy, bones, muscles,
blood vessels, nerves).

Table 2. Performance of Al models in various anatomical layers.

Layer Evaluation Criterion Midjourney DALL-E 3 Stable Diffusion Gemini Ultra
v6.0 2.0 1.0
Surface Anatomy Anatomical Detail 3.78 3.65 1.84 1.28
Aesthetic Quality 3.92 3.98 1.76 1.76
Usability 3.45 3.45 1.55 1.38
Cost-Effectiveness 3.49 3.51 1.52 1.29
Bones Anatomical Detail 3.28 3.11 1.80 2.82
Aesthetic Quality 4.27 4.04 2.30 3.12
Usability 2.99 2.81 1.55 2.29
Cost-Effectiveness 2.98 2.66 1.46 2.23
Muscles Anatomical Detail 2.68 2.78 1.13 2.59
Aesthetic Quality 3.83 3.48 1.08 3.58
Usability 2.34 2.40 1.03 2.33
Cost-Effectiveness 2.44 243 1.01 2.31
Blood Vessels Anatomical Detail 1.88 2.78 1.13 2.22
Aesthetic Quality 3.14 3.48 1.04 243
Usability 1.62 2.40 1.01 1.72
Cost-Effectiveness 1.55 2.43 1.01 1.62
Nerves Anatomical Detail 1.55 2.29 1.05 1.85
Aesthetic Quality 2.56 3.07 1.01 2.24
Usability 1.35 1.65 1.01 1.34

Cost-Effectiveness 1.27 141 1.01 1.29
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W Midjourney [ DALL-E3 Stable Diffusion 20 [l Gemini Ultra 1.0

Anatomical Detail Aesthetic Quality Usability Cost-Effectiveness

Evaluation Criterion

W Midjouney [ DALL-E3 Stable Diffusion 2.0 [ Gemini Ultra 1.0
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Anatomical Detail Aesthetic Quality Usability Cost-Effectiveness
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Figure 5. Subgroup analysis of Al model performance across anatomical layers.

e  Surface Anatomy: Midjourney v6.0 performed best in anatomical detail with a score
of 3.78, while DALL-E 3 was strongest in aesthetic quality with a score of 3.98 and
cost-effectiveness with a score of 3.51 (Figure 5a).

e Bones: Midjourney v6.0 outperformed other models in all criteria, with a score of
3.28 for anatomical detail, 4.27 for aesthetic quality, 2.99 for usability, and 2.98 for
cost-effectiveness (Figure 5b).
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e Blood Vessels and Nerves: DALL-E 3 outperformed other models, including anatomi-
cal detail (2.78), aesthetic quality (3.48), usability (2.4), and cost-effectiveness (2.43) but
the generated images were still not suitable for educational purposes due to anatomical
inaccuracies (Figure 5c,e).

e  Muscles: DALL-E 3 was better in anatomical detail with a score of 2.78 and usability
with a score of 2.40, while Midjourney v6.0 was stronger in aesthetic quality with
a score of 3.83 (Figure 5d).

Despite DALL-E 3’s superior performance compared to other models, the generated
illustrations are still not considered usable for educational purposes because the depicted
nerves and vessels do not follow anatomically accurate courses. Sample of illustrations
representing frontal view and lateral view are represented in Figures 6 and 7.

oy “We are working to
| improve Gemini's ability

5 I | to generate images of
SURFACE =1 A ! i | /A peaple. We expect this
ANATOMY by o A ) feature to return soon
g A ) and will notify you in
A - release updates when it
does.”

BONES

MUSCLES

BLOOD
VESSELS

NERVES

Figure 6. Comparison of Al-generated frontal view anatomical layers in oil painting style.

4.2. Inter-Rater Reliability Analysis

The inter-rater reliability analysis revealed a high degree of overall agreement among
reviewers (ICC = 0.858, 95% CI). The agreement was also high while assessing individual
Al models and metrics. The results of the inter-rater reliability analysis are provided in
Table 3:

Table 3. Agreement by reviewers in their rating is represented by Interclass Correlation Coeffi-
cients (ICC).

Level of Analysis Al Model/Metric ICC 95% Confidence Interval
Overall Agreement All Models/Metrics 0.858 [0.851, 0.866]
Agreement by Model Midjourney v6.0 0.825 [0.806, 0.843]
DALL-E 3 0.805 [0.784, 0.825]
Stable Diffusion 2.0 0.707 [0.675, 0.737]

Gemini Ultra 1.0 0.776 [0.748, 0.802]
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Table 3. Cont.

Level of Analysis Al Model/Metric ICC 95% Confidence Interval
Agreement by Metric Anatomical Detail 0.852 [0.836, 0.868]
Aesthetic Quality 0.852 [0.835, 0.867]
Usability 0.838 [0.820, 0.855]
Cost-Effectiveness 0.836 [0.817, 0.853]
suReacE z oty
ANATOMY %5 feature to return soon

and will notify you in
o updates when it

BONES

MUSCLES

BLOOD
VESSELS

NERVES

Figure 7. Comparison of Al-generated lateral view anatomical layers in oil painting style.

4.3. Results of Cephalometric Analysis

The mean cephalometric measurements from the generated images were compared
to reference values. DALL-E 3 aligned closest with reference values for Upper Facial
Index (47.77 vs. 48.40), Facial Convexity Angle (171.00 vs. 170.96), and Cephalic Index
(80.86 vs. 80.00). Midjourney v6.0 matched the reference Facial Index (86.63 vs. 86.22).
Stable Diffusion 2.0 showed greater differences across all measurements, and Gemini Ultra
1.0’s analysis was limited to the Cephalic Index. The complete results are presented in
Table 4.

Table 4. Results of Cephalometric Analysis.

Facial Index Upper Facial Index Facial Convexity Angle Cephalic Index

Reference Image 86.22 48.40 170.96 80.00
Midjourney v6.0 86.63 47.65 173.40 84.33
DALL E-3 90.38 47.77 171.00 80.86
Stable Diffusion 2.0 93.37 52.96 176.10 75.89

Gemini Ultra 1.0 N/A N/A N/A 90.57
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5. Discussion
5.1. Performance Evaluation and Comparative Analysis

Quantitative analysis revealed mixed performance across the evaluated models.
DALL-E 3 led in anatomical detail (2.79 &+ 1.15) and usability, while Midjourney v6.0
performed best in aesthetic quality (3.53 & 1.3) and cost-effectiveness. Importantly, the
analysis of variance (ANOVA) and Post-hoc Tukey test demonstrated statistically signifi-
cant differences between the four Al models in their performance across all four evaluation
criteria: anatomical detail, aesthetic quality, usability, and cost-effectiveness (all p < 0.005).
Both models achieved sub-optimal scores for educational use, with particular difficulties
in depicting crucial anatomical features like foramina, suture lines, and neurovascular
structures. Midjourney V6.0 produced hyperrealistic, visually pleasing, and increasingly
anatomically detailed images that can be useful for visualizing surface anatomy, though
users should always verify accuracy with established medical resources (Figure 8).

Midjourney v6.0 Excels in Creating Hyper-realistic Surface Anatomy

Figure 8. Surface Anatomy results from Midjourney.

Gemini’s strict content filters prevented generation of human surface anatomy [40],
though it performed well with superior, inferior, and midsagittal views. Stable Diffusion
2.0 significantly underperformed, often producing histology-like images instead of clear
anatomical structures.

All models generated images rapidly (<1 min) but required substantial refinement to
approach medical education standards. Midjourney v6.0’s strength in aesthetics stemmed
from its artistic training focus, while DALL-E 3’s broader training data enabled better
handling of complex anatomical structures.

The high degree of agreement demonstrated in the inter-rater reliability analysis
(ICC = 0.858, 95% Confidence Interval) indicates consistency among reviewers in assessing
Al-generated illustrations. This consistency supports the validity of the study’s evaluation
criteria and methodology, suggesting that the criteria were clear and well-defined. The reli-
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ability of the ratings strengthens the generalizability of the findings, increasing confidence
that similar results could be obtained with a different group of reviewers. Furthermore,
the high ICC reduces the potential impact of individual reviewer biases, demonstrating
a relatively objective evaluation process. Nevertheless, the challenge of achieving consis-
tent reproduction of sequential illustrations complicates the assessment of these models’
practical utility.

5.2. The Role of Al in Anatomy Education

Recent research has highlighted the potential applications of Alin the field of anatomy
education and learning. Several studies have investigated the capabilities of language
models in comprehending and explaining complex anatomical concepts and structures. In
a series of examinations, ChatGPT has demonstrated a strong understanding of anatomical
concepts and structures, consistently outperforming medical students [15]. Al has been
shown to enhance medical education by assessing and reinforcing anatomical knowledge
and generating personalized questions, clinical scenarios, and simulations tailored to
individual learners. Moreover, research has been conducted to assess ChatGPT’s ability to
answer questions and solve clinical scenarios related to head and neck surgery. Notably, it
has also been evaluated for its adherence to clinical guidelines in craniofacial plastic and
reconstructive surgeries, such as rhinoplasty and eyelid surgery, demonstrating a high
degree of adherence to established best practices and providing valuable insights and
recommendations [16,41,42].

The rapid advancement of GAI models presents a new opportunity to complement
traditional methods in medical education, offering unique benefits in specific scenarios.
For instance, GAI models can quickly generate visualizations of complex 3D relationships
between anatomical structures, which can be particularly helpful for introductory anatomy
or review purposes. It offers the flexibility to request multiple perspectives of the same
anatomical structure, such as anterior, posterior, or lateral views, as well as the ability to
emphasize specific features like nerve pathways within a muscle or the intricate branching
patterns of blood vessels. This adaptability stands in stark contrast to the static nature of
traditional illustrations found in textbooks, where the viewpoint and features depicted
are fixed. GAI, therefore, provides a more flexible and adaptable approach to visualizing
anatomy, allowing educators to generate visuals that directly address the learning objectives
of a particular lesson or module.

Beyond static images, GAI-generated illustrations hold significant potential for inte-
gration into interactive learning platforms, virtual reality (VR) and augmented reality (AR)
environments, and various other digital educational tools [43,44]. GAI could also be used
to generate visuals that actively respond to student interactions within a learning platform,
such as providing different layers of anatomical detail as a student hover over or clicks on
a particular structure.

The integration of GAI into medical education offers a multitude of potential advan-
tages, particularly in the realm of anatomical illustration. One significant benefit is the
potential for increased student engagement. Dynamic and interactive visuals generated by
GALI can capture student interest and make the learning process more captivating compared
to static images in textbooks. Another key advantage is the potential for the efficient
creation of diverse visual content by educators. Educators can quickly and easily generate
a wide array of illustrations for lectures, presentations, and learning materials without
needing extensive artistic skills or investing significant time.

GALI has the potential to offer stylistic versatility, rapid prototyping, increased accessi-
bility, efficiency, and aesthetically pleasing illustrations. In resource-constrained environ-
ments, especially in developing countries, GAI can provide a cost-effective solution to the
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challenge of creating or acquiring anatomical illustrations. Al-generated images and videos
can also be used for personalized learning materials and aiding in clinical decision-making.

5.3. Technical and Methodological Challenges

Our study implemented iterative prompt refinement to minimize inaccuracies, devel-
oping detailed specifications for anatomical layers, views, and expected features. Despite
these efforts, the models consistently exhibited significant limitations in accurately depict-
ing crucial anatomical features, suggesting insufficient training on specialized anatomical
datasets. As illustrated in Figure 9, these limitations included the following:

e  Abstract Depictions: some images presented overly simplified or stylized representa-
tions of anatomical structures, lacking the necessary detail for medical education;

e  Mixing of Layers: the models often juxtaposed anatomical layers, such as including
flesh and skin on the nose in lateral views of the skull bones or depicting superficial
muscles alongside deep structures;

e  Abnormal Muscle Arrangement, Origins, and Insertions: muscle anatomy was fre-
quently inaccurate, with errors in muscle shape, arrangement, and the depiction of
origins and insertions;

e Challenge in Generating Superior/Inferior Views: the models struggled to accu-
rately generate superior and inferior views, often resulting in distorted or incomplete
representations;

e  Tree Branching of Nerves and Arteries: the depiction of blood vessels and nerves often
lacked a clear course and distribution, sometimes appearing to emerge from the body
and project into the surrounding area like tree branches, rather than following realistic
anatomical pathways;

e  Extra Foramina and Abnormal Sutures: skeletal representations often included extra
foramina or depicted abnormal suture lines, deviating from accurate anatomical structure;

e Shadowing: in some instances, shadowing was unrealistic or obscured anatomical
details, hindering clarity;

e  Abnormal Proportions: images from Stable Diffusion 2.0 exhibited abnormal propor-
tions in the depicted anatomical structures;

e  Challenge in Generating Midsagittal Section Views: the models encountered difficul-
ties in generating accurate midsagittal section views, with structures often appearing
incomplete or misrepresented;

e Labeling Errors: when present, annotations and labels were frequently illegible or
nonsensical in line with previous research [45].

Evaluators also noted that the models often failed to accurately render specific foram-
ina, such as the foramen ovale, and struggled to depict muscular attachments accurately,
with frequent inaccuracies in the temporalis muscle’s insertion on the coronoid process. The
path of the facial nerve was inconsistent and often included extraneous branches. Skulls
often had inaccurate suture lines, depicted as continuous lines rather than serrated edges,
and tooth counts frequently deviated from the standard 32 teeth. Furthermore, the models
exhibited a tendency to ‘hallucinate’ non-existent bones or fuse existing ones, with frequent
inaccuracies observed in the depiction of the cervical vertebrae.

These results suggest the text-to-image Al models are currently insufficiently trained
on specialized anatomical datasets [46]. A significant concern is the models’ bias toward
conventionally attractive, thin individuals with lighter skin tones. This observation aligns
with current literature highlighting how Al image generators can perpetuate demographic
stereotypes [47]. The predominance of male figures and limited diversity in ethnicity and
body types reflect inherent biases in the training data.
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Figure 9. Limitations of Al-generated craniofacial anatomy illustrations. Collage created with
Biorender.com ©.

5.4. Ethical Considerations

The use of GAI in medical illustration presents ethical challenges that require careful
attention. Bias in training data or models can perpetuate stereotypes and inaccuracies,
necessitating robust evaluation and debiasing mechanisms [48,49]. Copyright and intel-
lectual property concerns arise when Al generates illustrations based on existing medical
imagery or text. The opacity of Al training data complicates attribution and compliance
with Creative Commons licenses, highlighting the need for clear legal frameworks to
protect creators’ rights [50].

Research has quantitatively demonstrated the underrepresentation of darker skin
tones and women in Al-generated medical and professional imagery [51]. This bias stems
from various sources throughout the Al lifecycle, including skewed training data that often
lacks diversity, algorithmic design that can inadvertently rely on demographic shortcuts,
and human biases present in data labeling and model development [52].

Beyond these immediate concerns, there are long-term ethical implications to consider.
GAI models have the potential to disrupt established practices in medical illustration,
potentially impacting the role of human medical illustrators and requiring a shift in the skills
and expertise required for this field. This disruption could affect the medical illustration
industry as a whole, with implications for various stakeholders. Medical illustrators may
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face job displacement or need to adapt their skills, while medical educators and publishers
might experience cost savings and faster production times but also face potential quality
concerns. Patients could benefit from improved educational materials but also face risks
associated with inaccurate illustrations. The potential economic impact of GAI on the
medical illustration market, including pricing pressures and new business models, also
warrants consideration. There is a need to establish new professional standards and ethical
guidelines for the use of GAI in medical illustration, with professional organizations
playing a crucial role in guiding the responsible adoption of this technology. Al-generated
illustrations also pose a potential threat to the creative expression of human medical
illustrators, with concerns about Al mimicking artists’ styles without proper compensation—
paralleling debates from the rise of photography and digital art. Mechanisms to ensure fair
remuneration for illustrators whose work informs Al models are essential [53]. Lastly, the
risk of propagating inaccurate or misleading anatomical information demands stringent
quality control measures, including expert review and validation, to uphold the accuracy
and integrity of medical education.

5.5. Future Directions

Advancing the quality of Al-generated anatomical illustrations requires robust collab-
oration between Al researchers, medical illustrators, and anatomists to develop specialized
training datasets and assessment frameworks. Given the novelty and rapid evolution
of Al-generated medical illustrations, there is an urgent need for the development of ap-
propriate evaluation scales and verification criteria. Additional training with specialized
image datasets encompassing a wider range of angles is crucial to further enhance the
models’ capabilities. Specialized datasets could encompass collections of medical images
(e.g., CT scans, MRI scans) with expert annotations, datasets of detailed anatomical illustra-
tions from textbooks and atlases, or 3D anatomical models. Models like CephGPT-4 have
demonstrated the potential for accurate analysis of anatomical proportions [54], suggest-
ing that specialized datasets can facilitate precise anatomical representations. Emerging
technologies, including Google’s Imagen 3 for improved text rendering [55] and text-to-3D
models like NVIDIA’s Magic 3D, Dreamfusion [56], and Alpha3D [57], could overcome
2D representation constraints. The recent launch of OpenAl’s Sora Al for text-to-video
conversion opens new possibilities for dynamic anatomical visualization [58].

A promising area to explore is the adaptation of these models in real-time based on
expert feedback. This could involve iterative training processes where user feedback is
directly integrated into the model to refine its output. For example, a user interface within
the image generation tool could allow medical professionals to highlight inaccuracies and
provide specific corrections, with Al-assisted analysis of this feedback to automatically
adjust model parameters. Prompt engineering, the process of crafting effective text prompts
to guide Al image generation, can also be leveraged to improve accuracy and specificity in
real-time. Techniques such as using specific anatomical terminology, specifying desired
views and details, and providing negative prompts can be employed. User feedback can be
invaluable in refining prompt engineering efforts, leading to more effective prompts over
time. Fine-tuning, which involves further training a pre-existing AI model on a specialized
dataset, can also tailor Al models to the specific requirements of medical illustration. User
feedback can guide the fine-tuning process, ensuring that the model learns to generate
images that meet the needs of medical professionals.

Incorporating user feedback from medical professionals who would use these images
in practice is crucial to add an important layer of real-world context and ensure their
practical utility. Methods for gathering user feedback could include surveys, focus groups,
interviews, and pilot studies where medical professionals use the Al-generated images in
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real-world settings (e.g., teaching, patient education) and provide feedback on their experience.
This feedback can then inform further model development and refinement, ensuring that the
generated images meet the specific needs and requirements of their end-users.

To further solidify this path and unlock the full potential of this technology, several
promising avenues merit exploration. First, Human-in-the-Loop Integration could be devel-
oped, where human guidance could be employed for prompt creation, image refinement, or
anomaly detection within the generated illustrations, ensuring the accuracy and realism of
the output [59,60]. Second, Data augmentation techniques, such as flipping, rotating, scal-
ing, and elastic deformation of existing training images, can be used to enhance the training
data and improve the LLMs ability to generate a wider variety of anatomical structures
and views, addressing the challenges we observed in generating accurate superior/inferior
and midsagittal views [61].

Retrieval-augmented generation (RAG) is a promising approach to enhancing the
performance of text-to-image Al models by incorporating external knowledge sources,
such as anatomical databases and expert knowledge, into the image-generation process to
improve the accuracy of anatomical depictions and relationships between structures [62].
Traditional text-to-image models rely solely on their internal knowledge, which may be
incomplete or outdated. RAG addresses this limitation by retrieving relevant information
from external sources, such as databases, websites, or pre-trained models, to augment the
input text prompt and guide the image generation process.

Another avenue worth researching is the influence of demographic-specific prompts
on the generated results. Incorporating age, gender, and race-specific information into
the prompts could potentially yield more diverse and representative anatomical illustra-
tions. Finally, Adversarial training methods could be implemented, where a separate
discriminator model is trained to specifically identify and penalize anatomical inaccu-
racies (e.g., incorrect muscle attachments, inaccurate bone structures) within the LLM’s
generated images. Through this adversarial process, the LLM’s ability to produce highly ac-
curate illustrations would be iteratively refined as the generator and discriminator models
continuously challenge and improve each other [63].

6. Conclusions

Our systematic evaluation of Al models for craniofacial anatomical illustrations re-
vealed significant limitations in current capabilities. While Midjourney v6.0 and DALL-E
3 performed better than competitors (p < 0.05), neither met acceptable medical education
standards. Midjourney v6.0 performed well in aesthetics but lacked anatomical accuracy,
while DALL-E 3 showed marginally better anatomical detail but remained inadequate for
educational use.

Despite rapid generation speeds and Midjourney v6.0’s cost-effectiveness, the ex-
tensive corrections needed to achieve medical accuracy would nullify these advantages.
Our craniofacial proportion analysis confirmed substantial deviations from established
anatomical references across all models.

Future development must balance Al’s speed and artistic capabilities with the strict
requirements for anatomical accuracy and educational utility. Success requires interdisci-
plinary collaboration between Al researchers, medical illustrators, and anatomists, along
with rigorous validation protocols. Until these improvements are achieved, traditional
illustration methods remain essential for maintaining medical education standards.
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