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The application of generative Al technology for content creation is causing a
major shift in the health sector. This study investigates the creation of procedural
content especially suited for healthcare applications using generative Al. The
automatic production of varied, intricate, and contextually relevant material is
made possible by procedural content generation (PCG). This technology can be
used in a number of health-related fields, including clinical decision support
systems, patient education, and medical training. The study examines the
methodologies, tools, and algorithms used in generative Al to produce procedural
content, highlighting the benefits of such approaches, including the
personalization of content, scalability, and improved accuracy. It also addresses
the challenges associated with ensuring the reliability, ethical considerations, and
regulatory compliance of Al-generated content in healthcare. By analyzing
current applications and exploring future potential, this paper aims to demonstrate
how generative Al can revolutionize the creation of procedural content,
enhancing healthcare delivery, training, and patient outcomes.
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1. Introduction

Artificial intelligence (Al) has been used into many aspects of medical practice, research, and
teaching, leading to tremendous breakthroughs in the healthcare sector. One of the most
transformative applications of Al in healthcare is procedural content generation (PCG), a
process where generative Al systems autonomously create content tailored to specific needs.
This innovation is particularly valuable in domains such as medical training, clinical decision
support, patient education, and healthcare communication, where high-quality, personalized
content is essential for effective learning and practice. Generative Al, through its ability to
understand complex datasets, simulate medical scenarios, and generate realistic, context-
relevant content, provides a powerful tool for creating training materials, instructional guides,
virtual simulations, and even dynamic patient interaction content. The automated generation
of procedural content not only enhances the scalability and efficiency of content creation but
also ensures that it can be continuously updated to reflect the latest medical knowledge, best
practices, and regulatory changes.

This paper explores the role of generative Al in the healthcare domain, focusing on its
applications in procedural content creation. By utilizing cutting-edge machine learning
methods like natural language processing and deep learning, Al systems can craft highly
relevant and context-specific content, aiding medical professionals, educators, and patients in
understanding complex medical procedures, diagnoses, and treatment protocols. However,
while the potential of Al-generated content in healthcare is vast, it also introduces significant
challenges, including ethical concerns, quality control, and adherence to legal and regulatory
standards.

Procedural Content Generation (PCG)

The practice of producing content algorithmically, frequently with the use of generative
techniques, as opposed to by hand is known as procedural content generation, or PCG. In the
context of the health domain, PCG involves the automated creation of medical, educational,
or clinical content, such as training simulations, treatment protocols, patient education
materials, and dynamic clinical scenarios, all generated by Al models. This process is
especially valuable in healthcare, where the need for scalable, personalized, and up-to-date
content is critical. Al-driven PCG can generate diverse medical scenarios and patient cases for
medical professionals to practice on, offering a range of symptoms, diagnoses, and responses
that might be difficult to manually simulate. This can be used in virtual environments or
simulations, providing realistic, interactive training for medical students and practitioners. Al
can generate educational materials tailored to specific patient conditions, treatment plans, and
recovery procedures. These materials can be personalized based on patient demographics,
medical history, and comprehension levels, enhancing engagement and understanding.

PCG can be used to create dynamic decision trees or treatment plans based on patient-specific
information and the most recent medical guidelines. When it comes to diagnosing or treating
patients, this guarantees that medical professionals have access to current, contextually
appropriate information. Generative Al can help automate the creation of reports, summaries,
or discharge instructions, saving time for healthcare professionals while ensuring consistency
and accuracy in communication with patients and other stakeholders. Al systems can generate
content quickly and in large volumes, addressing the growing demand for healthcare materials,

Nanotechnology Perceptions Vol. 20 No.7 (2024)



1635 Ramesh Safare et al. Procedurals Content Generation using Generative...

especially in educational settings. Al models can tailor content to individual needs, ensuring
that the materials are relevant and easy to understand for the target audience, whether it's
medical professionals or patients. Generative Al allows for the continuous updating of content
to reflect the latest medical research, guidelines, and practices. Reducing the manual effort
involved in creating training scenarios or educational content can lower costs and increase the
accessibility of quality resources.

Healthcare Content Automation

Healthcare Content Automation refers to the use of technology, particularly artificial
intelligence (Al), to automatically generate, manage, and deliver healthcare-related content.
This encompasses a wide range of activities including the creation of medical documentation,
patient education materials, clinical decision support systems, virtual health assistants, and
training resources. The goal of content automation in healthcare is to improve efficiency,
accuracy, and accessibility while reducing the time and manual effort typically required in
content creation and management. Al and natural language processing (NLP) technologies can
automatically generate patient records, progress notes, discharge summaries, and other forms
of documentation based on clinician input, diagnostic data, and treatment plans. This reduces
the burden on healthcare professionals and ensures documentation is accurate and up-to-date.

Al can assist in generating diagnostic reports, lab results, imaging interpretations, and other
clinical documents, based on data from patient interactions, test results, and historical health
information. Al systems can automatically generate educational materials tailored to an
individual’s health conditions, treatment plans, and lifestyle. For example, patients with
diabetes can receive personalized guides on managing their condition, including dietary tips,
exercise plans, and medication information. Automated generation of interactive materials,
such as educational videos, infographics, or quizzes, helps patients better understand their
health conditions, improve adherence to treatment, and make informed decisions about their
care.

Healthcare content automation can generate dynamic clinical decision support tools based on
real-time patient data, medical guidelines, and best practices. These resources help medical
professionals make evidence-based decisions, which raises care quality and lowers errors. Al
systems can automatically generate treatment recommendations by processing patient data and
comparing it with the latest research and medical standards. This assists clinicians in choosing
the best course of action for patient care. Al can generate diverse medical scenarios,
simulations, and case studies for training purposes. These can be customized based on the
learner’s skill level and area of expertise, offering medical professionals the opportunity to
practice decision-making and clinical procedures in a virtual environment. Al-driven
platforms can dynamically adjust training content based on the progress and performance of
learners, ensuring that training is effective and aligned with real-world healthcare challenges.

2. PROCEDURALS CONTENT GENERATION USING GENERATIVE Al

Generative Al-based procedural content generation (PCG) is the automatic production of
material, especially structured and complicated data, utilizing Al and machine learning
techniques. Without requiring human input for every new production, PCG enables the
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creation of a wide range of material in a variety of industries, particularly healthcare. This
includes dynamic simulations, medical procedures, and patient-specific training tools.
Generative Al methods like deep learning, natural language processing (NLP), and
reinforcement learning power this process because they can recognize patterns in data, model
scenarios, and produce contextually relevant material using what they've learned. In the
healthcare domain, PCG using generative Al can provide highly personalized, context-aware,
and scalable content across multiple segments, including medical education, patient care, and
clinical decision support. The benefits of this approach include the reduction of time and
resources for content creation, enhanced personalization for better patient outcomes, and
improved training and simulation for medical professionals.

Generative Al can create diverse and realistic medical scenarios for training purposes,
including varied patient conditions, treatments, and outcomes. For instance, a generative
model could create a new set of patient symptoms and medical histories, helping medical
professionals practice diagnosis and decision-making in dynamic environments. Al can
generate complex, interactive virtual training environments, where medical students or
professionals can practice surgery, diagnosis, and other clinical skills in a controlled, virtual
setting. This helps learners hone their skills in realistic, but risk-free scenarios. Al is able to
produce teaching resources that are customized for each patient's unique medical background,
current health, and course of treatment. This could include customized leaflets, videos, or
interactive content that explains complex medical procedures, medication regimens, or
recovery plans. Generative Al can create interactive platforms where patients can engage with
content based on their personal health journey. This includes quizzes, health tracking, and Al-
powered recommendations for lifestyle changes.

Generative Al can create decision trees or treatment guidelines based on up-to-date medical
research, patient data, and the latest healthcare protocols. Al models can simulate treatment
outcomes based on different treatment choices, guiding healthcare providers toward the best
course of action for a specific patient. Generative Al can assist clinicians in diagnosing rare or
complex conditions by generating a comprehensive set of differential diagnoses based on
patient symptoms, lab results, and imaging data. Al can generate patient records, progress
notes, and discharge summaries automatically based on input from clinical systems. By
extracting relevant details from electronic health records (EHRS), Al can generate coherent
and structured documentation, saving time for healthcare providers. Generative models can
help produce structured clinical reports from raw data, such as imaging results or laboratory
tests, improving the efficiency of healthcare professionals and reducing human error in
reporting. Al-powered systems can generate automated, context-sensitive messages for
patients, including appointment reminders, test results, and medication instructions.
Depending on the patient's preferred language, medical background, and course of therapy,
these messages can be tailored.

3. LITERATURE SURVEY ANALYSIS

This review of the literature examines how generative Al approaches are used in different
healthcare domains to generate procedural content (PCG). The automated production of
healthcare content, from patient-specific educational materials to medical training situations,
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has made generative Al models like deep learning, natural language processing (NLP), and
reinforcement learning indispensable. This review looks at the current level of research, new
developments, applications, difficulties, and potential paths for Al-driven procedural content
generation in the healthcare industry. Procedural content generation (PCG) is the term used to
describe the algorithmic production of material, which is frequently complicated situations,
text, visuals, or simulations. With the development of Al and machine learning technology,
PCG—which has historically been utilized in gaming and entertainment—has made its way
into the medical field. Real-time, dynamic content creation has become essential in the
healthcare industry, especially for applications in patient care, medical education,
documentation, and decision support.

Generative Al models are used to create highly detailed and dynamic virtual medical
environments and simulations. This enables the generation of complex, patient-specific
scenarios that medical professionals can interact with in a safe, controlled virtual setting. By
using patient data to generate differential diagnoses, treatment plans, and diagnostic
recommendations, generative Al also significantly contributes to clinical decision-making.
This dynamic content generation helps healthcare providers make evidence-based decisions,
ultimately improving patient outcomes. Generative Al can create patient-specific educational
content, ensuring that patients receive tailored information about their conditions, treatments,
and preventive measures. These materials can be in the form of text, video, interactive
modules, or infographics. Al-driven models are used to automatically generate and maintain
clinical documentation, including medical records, progress notes, and discharge summaries.
These models extract data from patient interactions and medical tests, producing structured
content that saves time for healthcare professionals.

One of the biggest challenges in PCG for healthcare is ensuring the accuracy and reliability of
Al-generated content. Medical content needs to adhere to strict standards and must be error-
free to avoid clinical risks. If the generative model is trained on biased, incomplete, or outdated
datasets, the resulting content may be misleading or harmful. Concerns about data security,
bias in Al models, and privacy are ethical challenges related to the use of Al in healthcare
content creation. Furthermore, when generative Al-generated content results in inaccurate
diagnoses or treatment suggestions, it calls into question who is responsible for what. All
content in the healthcare industry, including those used for clinical decision support, patient
education, and training, must adhere to stringent standards (such as GDPR in the EU and
HIPAA in the US). Ensuring that Al-generated content adheres to these standards is critical to
its adoption in clinical environments.

The creation of hybrid models, in which Al complements human skill rather than replaces it,
is a developing trend. Al can be used to produce content drafts or ideas in the context of
procedural content generation, with human specialists reviewing and improving the finished
product. Future developments in generative Al will likely focus on real-time, adaptive content
creation, where Al can continuously update content based on new data, research, or patient
feedback. This will make it possible for healthcare systems to remain current with the newest
advancements and trends in medicine.
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4. EXISTING APPROACHES

Generative Al has found its way into multiple domains within healthcare, particularly in
creating procedural content such as training simulations, personalized patient information,
clinical decision support, and automated medical documentation. Several key approaches have
been developed to leverage Al’s power for content generation in healthcare. Below are the
prominent approaches and models currently in use or being researched for generating
procedural content in healthcare settings. Two networks—the discriminator and the
generator—make up the deep learning architecture known as Generative Adversarial
Networks (GANS). Content is produced by the generator, and its legitimacy is assessed by the
discriminator. MRIs, CT scans, and X-rays are examples of medical images that are produced
by GANs. Model training, patient condition simulation, and improving medical picture
collections for diagnostics are all possible uses for these images. GANs are also used to
generate synthetic patient data, which can help train Al models without compromising patient
privacy. This approach helps create realistic, anonymized datasets for clinical research and
decision support systems.

NLP models, including transformers like GPT-4 and BERT, have revolutionized the way
procedural content is generated in healthcare, particularly in creating educational materials
and automating medical documentation. NLP can parse vast amounts of medical literature and
patient data to create tailored content. NLP can analyze physician notes, patient interactions,
and clinical records to generate structured documentation automatically. This reduces the
administrative burden on healthcare professionals and ensures accurate, up-to-date medical
records. Al-powered systems can generate personalized educational content for patients, such
as instructional materials about medications, disease management, or post-operative care. Al
can tailor information to be more pertinent and comprehensible by examining a patient's
medical history. Reinforcement Learning (RL) approaches have been applied to procedural
content generation in the form of interactive medical simulations. In these systems, RL agents
learn from interactions within a simulated environment to improve clinical decision-making
and procedure execution. RL can be used for medical training, virtual surgeries, and diagnosis
simulations.

RL-based Al systems can generate realistic surgical procedures or diagnostic scenarios where
medical trainees can practice and improve their skills. The Al continually adapts the difficulty
level based on the learner’s performance, offering an evolving learning experience. RL models
can also generate dynamic clinical decision support systems, where the Al continuously adapts
treatment recommendations based on patient data and the evolving state of the patient’s
condition. Generative Al models, particularly transformer-based models (like GPT-3/4), are
used for generating text-based procedural content for decision support systems. These systems
help clinicians in real-time by offering suggestions based on current patient data, medical
literature, and established treatment protocols. Al can generate diagnostic reports based on
patient data and suggest possible diagnoses, helping clinicians with differential diagnosis.

Knowledge Graphs are used in healthcare to represent relationships between medical concepts,
patient data, and clinical guidelines. These graphs can be leveraged by generative Al systems
to create procedural content based on structured, interconnected medical knowledge. Al
models can generate dynamic clinical decision pathways by utilizing knowledge graphs,
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offering treatment suggestions or diagnostic pathways based on real-time patient data.
Knowledge graphs are also used to create structured clinical documentation, mapping out
symptoms, diagnoses, and treatment options in a format that is understandable and actionable
for healthcare providers. Generative Al is used to simulate virtual patients for both medical
training and research purposes. These Al-generated virtual patients are equipped with detailed
medical histories, symptoms, and responses to treatment, offering a valuable resource for
clinical education.

Generative Al can produce video-based procedural content that demonstrates medical
procedures, patient education, or clinical scenarios. These videos can be dynamic and
interactive, responding to user inputs and evolving based on real-time data. Al can generate
3D video tutorials or simulations of surgical procedures, where learners can interact with the
video by selecting different steps or viewing the procedure from multiple angles. Al-powered
systems can generate video content that explains medical conditions, treatments, and recovery
processes in a personalized manner based on the patient’s medical background.

5. PROPOSED METHOD

The proposed method leverages advanced generative Al techniques to create dynamic,
personalized, and context-sensitive procedural content across various healthcare domains,
such as medical education, clinical decision support, patient communication, and medical
documentation. In order to enhance healthcare delivery, education, and operational efficiency,
this approach integrates a number of Al methodologies, such as Generative Adversarial
Networks (GANSs), Natural Language Processing (NLP), Reinforcement Learning (RL), and
Knowledge Graphs. This ensures that the content is accurate, relevant, and flexible. The first
step in this proposed method involves combining multiple generative Al models tailored for
specific healthcare segments. These models would be integrated into a unified platform to
generate content for education, diagnosis support, clinical procedures, and patient care. Used
to generate synthetic medical data (e.g., images, patient data) for training and research
purposes. GANs would also be employed to simulate complex medical conditions, creating a
diverse range of virtual patients and clinical scenarios.

One of the key features of this proposed method is the generation of personalized procedural
content based on patient-specific data. Al models can create customized educational material,
diagnostic advice, and treatment plans based on individual patient profiles, including medical
history, demographics, and symptoms. This method proposes the generation of multi-modal
content that combines text, images, videos, and interactive simulations to create a rich,
engaging experience for users—whether they are medical professionals or patients. Using
transformer models like GPT, the system can generate procedural documentation, medical
guidelines, and educational material in natural language. This content is personalized based
on medical records, disease progress, and treatment data. Reinforcement learning-based
models create simulations for medical practitioners to interact with. These may include virtual
surgeries, diagnostic tools, or training simulations where users can make decisions and learn
from Al-driven feedback. The proposed method emphasizes the adaptive nature of the Al
system, enabling it to learn continuously from interactions and improve the relevance and
accuracy of generated content. This adaptation can happen in real-time, ensuring the system
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provides up-to-date information and training.

Secure processing, encryption, and anonymization are used for patient data. To prevent
privacy violations, Al models are trained using de-identified datasets. The system would
comply with data protection regulations such as HIPAA and GDPR. Al models are regularly
audited for bias and fairness, particularly in content generation for diverse patient populations.
This ensures that Al-generated procedural content is equitable and inclusive. A user-friendly
interface allows healthcare professionals, educators, and patients to interact with the Al
system, providing inputs and receiving generated content in various formats. A structured
feedback loop allows healthcare professionals to continuously improve the generated content,
based on their expertise and patient outcomes.
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Al of

u
Synthetic Data Patient Education
.

< .'H_ Text Genar;tian 3.:::‘.:.::- 'j
m VAEs [(+] xi H

| .
2 o % sl
) LLMs [ oy o o W @
S —> .2
e 8 Image Generation |:> - ;: g E
m o Medical Diagnosis. Healthcare
C m % " Administration
() = ed) : =

m ° * “:’i .\ ‘f "-‘ i 2
¢ Q fadry ) TNy

>

Other Data Generation Clinical Documentation ' S

Fig. 1 Applications of generative Al in medical fields

Fig. 1 Applications of generative Al in medical fields. A variety of data modalities, including
text and image data, are generated by generative Al models such as generative adversarial
networks (GANSs) and large language models (LLMs). These data modalities are then utilized
for a variety of purposes, such as drug discovery, medical diagnosis, clinical documentation,
patient education, personalized medicine, healthcare administration, and medical education,
among other use cases.
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Table 1 Generative Al models [20-23]

Generative Al model Description Applications
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Fig. 2 The application of generative Al in healthcare through translation

Fig. 2 Healthcare generative Al's translational path. Careful preparation is required to integrate
generative Al into healthcare services. The proper procedures include preparing for data
collection and computation resources after making sure partners are on board. Then, a
framework for risk reduction governs the use and integration of generative Al in healthcare
information systems. May lower risks and ensure that generative Al is used in healthcare in a
way that is suitable and moral by following each step in this approach (Fig. 2). By encouraging
transparency, accountability, and patient safety, the governance structure maximizes the
potential benefits of generative Al technology.

7. CONCLUSION

A revolutionary development in the methods of medical knowledge, training, patient
education, and clinical decision-making is the use of generative Al into procedural content
generation for the healthcare industry. With the use of state-of-the-art technologies like
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Generative Adversarial Networks (GANs), Natural Language Processing (NLP),
Reinforcement Learning (RL), and Knowledge Graphs, artificial intelligence (Al) has the
potential to completely transform the healthcare industry by producing dynamic, highly
accurate, and personalized content that is suited to the requirements of patients, trainees, and
medical professionals. This proposed method for procedural content generation harnesses the
strengths of generative Al in multiple domains, facilitating the creation of interactive training
simulations, personalized treatment recommendations, real-time clinical decision support, and
patient-specific educational materials. By adopting an adaptive learning approach, the system
can continuously refine its outputs based on user interaction, patient data, and ongoing medical
research, ensuring that generated content remains relevant and aligned with the latest
healthcare practices.
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