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Abstract
Artificial General Intelligence (AGI) has garnered worldwide attention

as a transformative technology, thanks to the emergence of groundbreak-
ing Large AI Models (LAMs), including Large Language Models, Large
Vision Models, and Large Multi-Modal Models. AGI represents an ambi-
tious endeavor to replicate human intelligence within computer systems,
making it a pivotal technology poised to revolutionize Medical Training.
Fueled by recent advancements in large pre-trained models, AGI signifies
a remarkable stride in empowering machines to perform tasks demand-
ing human-level intelligence. These tasks encompass reasoning, problem-
solving, decision-making, and even the comprehension of human emotions
and social interactions. This work conducts a comprehensive exploration
of AGI, elucidating its fundamental concepts, capabilities, scope, and
transformative potential in the realm of Medical Education and Train-
ing. It specifically delves into Medical Simulation Environments, Interac-
tive Virtual Labs, Humanoid Robots in Medical Education, Continuing
Medical Education (CME), Personalized Learning Pathways, Intelligent
Tutoring Systems, Natural Language Processing for Medical Texts, Clin-
ical Decision Support, and Automated Assessment Tools. The exami-
nation encompasses a thorough analysis of the prospective advantages,
challenges, limitations, risks, and ethical considerations that AGI poses
to Medical education and training programs, as well as its implications for
Medical educators. The development of AGI necessitates fostering inter-
disciplinary collaboration between educators and AI engineers to propel
research and application endeavors in this transformative field.

Keywords: Artificial General Intelligence (AGI), Large AI Models (LAMs),
Large Language Models (LLMs), Large Vision Models (LVMs), Large Multi-
modal Models (LMMs), Medical Education and Training.

1 Introduction

Medical education and training, with their traditional reliance on lectures, text-
books, and clinical rotations, have long been the bedrock for shaping health-
care professionals. While these conventional approaches hold undeniable value,
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their limitations, including challenges related to scalability, customization, and
real-time feedback, have become increasingly evident. In light of the exponen-
tial growth in the capabilities of Artificial General Intelligence (AGI), critical
questions have emerged concerning the fundamental nature of human learning
and the pressing need to adapt traditional educational paradigms (Zhai, 2022).
Moreover, as AGI continues its pervasive influence across various sectors, it be-
comes paramount to explore how educational systems can seamlessly integrate
this technology. The ultimate aim is to equip students with the essential skills
required to excel in an era increasingly defined by automation (Zhai, 2023a).
Of particular concern are the challenges faced by healthcare professionals, in-
cluding physicians. Foremost among these challenges is the lightning-fast pace
of knowledge renewal in the healthcare field. Medical students now grapple
with a fivefold increase in knowledge within their very first year, an immense
pressure that strains already rigorous curricula. The resulting drop in the rate
of knowledge mastery is a source of concern. Furthermore, the post-COVID-19
era has cast uncertainty over the availability of offline practice courses, a mat-
ter of particular concern for clinical students. In this context, the development
and application of healthcare knowledge may encounter unforeseen obstacles,
emphasizing the urgency of innovative solutions (Grunhut, 2021). In this pa-
per, I will systematically explore three crucial domains where AGI is poised to
exert a significant influence: Medical Simulation Environments, Personalized
Learning Pathways, Intelligent Tutoring Systems, Natural Language Processing
for Medical Texts, Clinical Decision Support, Humanoid Robots in Medical Ed-
ucation, Interactive Virtual Labs, Continuing Medical Education (CME), and
Automated Assessment Tools. By doing so, I aim to provide a coherent and
insightful analysis of AGI’s potential to reshape the landscape of medical edu-
cation and training.

2 AGI

Recent years have witnessed remarkable advancements in artificial intelligence
(AI), owing much to developments in key areas such as machine learning (deep
learning), computer vision, and natural language processing (Norvig and Rus-
sell, 2016; Goodfellow et al., 2016). AI technologies have seamlessly permeated
various facets of daily life, including e-commerce, healthcare, transportation,
manufacturing, media, entertainment, and education. However, it is crucial to
note that the majority of these applications primarily employ narrow or spe-
cialized AI, designed for executing specific tasks with exceptional skill, often
outperforming humans within well-defined domains (Bostrom, 2014; Lake et
al., 2017). Yet, the quest to create Artificial General Intelligence (AGI) remains
a formidable challenge (Goertzel et al., 2014). The vision for AGI is to empower
computers with the ability to comprehend, acquire knowledge, and perform any
intellectual task at a level commensurate with human capability. This aspira-
tion centers on developing systems with a deep understanding of the human
condition, functionally mirroring human intelligence (Voss, 2007).
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Of particular note are the far-reaching implications of AGI for society, ethics,
and politics, giving rise to a myriad of questions, challenges, and opportunities.
One of these opportunities is the potential to revolutionize the planning and
execution of teaching and learning activities in the field of education. Given
the ongoing advancements in AI and the growing interest in AGI systems, it is
imperative to examine how AGI can reshape the landscape of Medical education
and training in the era of Artificial General Intelligence. This exploration is
paramount as we stand on the cusp of a transformative era in the integration
of AI in education and its potential ramifications.

2.1 AGI in the Modern Era: The Development of Large
AI Models

Artificial General Intelligence (AGI) represents a pinnacle in machine intelli-
gence, characterized by its human-like cognitive abilities. In essence, an AGI
agent possesses the capacity to comprehend, learn, and execute any intellectual
task within the realm of human capability (Legg et al., 2007). This stands
in sharp contrast to narrow or limited AI, designed for excellence in specific
tasks or domains, whereas AGI systems aim to replicate the general-purpose
problem-solving abilities of humans (Wang, 2019). AGI distinguishes itself from
limited AI in several pivotal ways, underlining its overarching goal of achieving
human-like intelligence in AI systems. One of these distinguishing features is its
autonomy, enabling AGI to function independently, make judgments, and take
actions without continuous human supervision. This level of autonomy equips
AGI to navigate complex, dynamic scenarios and adapt to unforeseen conditions
(Zhai et al., 2021).

Additionally, AGI possesses the ability for general-purpose learning, enabling
it to reason and learn across diverse domains. Unlike limited AI, which is con-
fined to specific areas of competence, AGI accumulates knowledge and abili-
ties in a versatile manner, allowing it to solve problems and undertake activ-
ities spanning multiple domains (Lake et al., 2017). Moreover, AGI exhibits
adaptability, mirroring the capacity for change and growth in response to new
knowledge and evolving circumstances. Like humans, AGI systems can modify
their behavior and gain experience, a trait that contributes to their human-
like learning capabilities (Kahneman, 2011). Another distinctive characteristic
is goal orientation, which empowers AGI systems to set and pursue objectives
while strategically planning for the future. This trait reflects AGI’s awareness of
the consequences and ramifications of its actions, indicating a level of intention
and purpose (Legg et al., 2007). Achieving AGI involves a multidisciplinary
approach, encompassing fields such as computer science, cognitive psychology,
neurology, and philosophy (Goertzel et al., 2014). To realize AGI, researchers
must delve into the underlying principles of human cognition and replicate these
processes in computers while enhancing the processing power of AI systems. As
researchers continue to grapple with the challenge of AGI, they are investigat-
ing the creation of intelligent AI systems. Notably, Large AI models (LAMs),
including Large Language Models (GPT), Large Vision Models (ImageNet-1K),

3



and Large Multi-Modal Models (LVLMs), have recently showcased remarkable
proficiency in language and vision understanding, generation, and reasoning.
They demonstrate a higher degree of general intelligence compared to previ-
ous AI models, leading many to consider them as preliminary versions of AGI
systems.

Large Language Models: Shaping the Future of Medicine, In re-
cent times, Large Language Models (LLMs) and their applications, including
notable examples like ChatGPT, have gained significant popularity. Within the
medical community, there’s a growing interest in harnessing off-the-shelf LLMs
offered by technology companies. New users are posing an essential question:
How will LLMs and the chatbots driven by them transform the landscape of
medicine (Kumar et al., 2023)? Perhaps, instead of merely considering the in-
fluence of LLMs on medicine, we should turn the question around: How can the
intended medical applications guide the training of LLMs and the chatbots or
other applications they power? At their core, language models learn the proba-
bilities of word sequences from vast text corpora. For example, given sentences
like ”Where are we going” and ”Where are we at,” the probability of the word
”going” following the first three words ”where are we” is 0.5. Large Language
Models (LLMs) essentially scale up this learning process to an enormous extent,
resulting in models with billions of parameters. In 2017, Vaswani et al. (2017)
introduced a type of deep neural network known as a ”transformer,” which
demonstrated the capacity to learn LLMs that excelled in language translation
tasks. This breakthrough spurred the creation of numerous language models,
as reviewed by Zhao et al. (2023). While these models are initially trained to
predict the next word in a sentence, they exhibit a remarkable capability for
tasks beyond prediction. This intrinsic versatility enables them to tackle diverse
applications in medicine, including passing medical licensing exams, simplify-
ing radiology reports, extracting drug names from physician’s notes, responding
to patient queries, summarizing medical dialogues, and even composing histo-
ries and physical assessments (Lee P et al., 2023). Among these applications,
ChatGPT stands out as one of the most popular, employing an LLM known
as a ”generative pre-trained transformer” (GPT, versions 3.5 or 4.0) to pro-
cess and generate text in response to input. LLMs, as elucidated by Izacard
et al. (2023) and Raffel et al. (2021), exhibit three distinct characteristics:
Parameter-wise Scalability: These models can readily scale up to billions of
learnable parameters. Data-wise Training: They draw from large volumes of
unlabelled data for pre-training, often involving millions or even billions of data
points. Paradigm-wise Learning: LLMs undergo an initial phase of pre-training
through weakly- or self-supervised learning methods like masked language mod-
eling (Devlin et al., 2018) and next-token prediction (O., 2023). Subsequently,
they are fine-tuned and adapted for various downstream tasks such as question
answering and dialogue, where they exhibit impressive performance. Recent
strides in LLMs reveal their remarkable capabilities as zero-shot, one-shot, and
few-shot learners. They can extract, summarize, translate, and generate textual
information with minimal or even no prompt or fine-tuning samples (O., 2023).
Furthermore, LLMs demonstrate impressive reasoning capabilities, which can be
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further enhanced through prompt engineering techniques like Chain-of-Thought
prompting (Schuurmans et al., 2022).

Large Vision Models: Revolutionizing Medical Imaging, In recent
years, the field of medical imaging has undergone a profound transformation,
thanks to the remarkable progress of deep learning. This revolution has funda-
mentally changed how we analyze and interpret medical images, offering new
horizons for healthcare practices. Various deep learning models, notably Con-
volutional Neural Networks (CNNs) (Ronneberger et al., 2015; Khan et al.,
2018) and Vision Transformers (ViTs) (Dosovitskiy et al., 2020), have emerged
as powerful tools, demonstrating exceptional success across a wide spectrum
of tasks, including medical image reconstruction, segmentation, and classifica-
tion. These models are not just theoretical novelties; they have found practical
applications in assisting radiologists and clinicians in critical functions such as
the identification of abnormalities, localization of tumors, and quantification of
disease progression (Khan et al., 2018). A noteworthy recent development in
the realm of medical imaging is the emergence of large vision models, exem-
plified by the Segment Anything (SAM) model (Kirillov et al., 2023). These
models hold great promise for propelling advances in the medical imaging field,
ultimately contributing to improved patient outcomes and more efficient health-
care practices. ViTs and CNNs represent two major architectural families within
Large Vision Models (LVMs). Vision Transformers, originating from pioneering
works like ViT (Dosovitskiy et al., 2021) and iGPT (Child et al., 2020), success-
fully transplanted transformer architectures from natural language processing
to computer vision with minimal modification. However, they incurred a signif-
icant computational complexity, particularly quadratic to the image size. Later,
models like TNT (Wu et al., 2021) and the Swin Transformer (Liu et al., 2023)
were introduced to better adapt transformers to visual data. Recently, models
like ViT-G/14 (Zhai et al., 2022), SwinV2-G (Lin et al., 2022), and ViT-22B
(Mustafa et al., 2023) have substantially scaled up vision transformers using
a range of training techniques to achieve state-of-the-art accuracy on various
benchmarks. While Vision Transformers seem to be gaining momentum com-
pared to CNNs in developing Large Vision Models, it’s essential to note that
the latest works, such as ConvNeXt (Liu et al., 2020) and InternImage (Chen et
al., 2023), have redesigned CNN architectures with insights from ViTs, achiev-
ing state-of-the-art accuracy on datasets like ImageNet. This contradicts the
notion that CNNs are inherently inferior to ViTs. Moreover, recent efforts like
CoAtNet (Z. Dai et al., 2021) and ConViT (S. d’Ascoli et al.) have sought
to merge CNNs and ViTs, creating innovative hybrid architectures. Notably,
ViT-22B is currently the largest vision model in existence, surpassing the scale
of the most advanced CNNs to date (InternImage). However, it still lags be-
hind the contemporary Large Language Models in terms of scale. In terms of
architectural scaling, it’s crucial to recognize that simply increasing the model’s
depth by adding more layers vertically may not be the most optimal strategy, as
indicated by prior research (Kolesnikov et al., 2020). Therefore, a line of studies
(Chen et al., 2023; Tan et al., 2019) has investigated the rules for effective scal-
ing. Scaling up model size is often coupled with larger-scale pre-training and
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efficient parallelism to enhance performance. Importantly, Large Vision Models
extend their transformative capabilities to fundamental computer vision tasks
beyond classification. A significant breakthrough in the segmentation task has
been achieved with the Segment Anything (SAM) model (Kirillov et al., 2023).
SAM comprises a ViT-H image encoder, a prompt encoder, and a transformer-
based mask decoder, which predicts object masks. SAM’s remarkable zero-shot
generalization ability enables it to segment previously unseen objects and im-
ages. To train SAM, the construction of the largest segmentation dataset to
date, SA-1B, featuring over 1 billion masks, represents a notable milestone in
this field.

Large multi-modal models, such as Large Vision-Language Models (LVLMs),
have shown remarkable success in various tasks, expanding their influence into
the realm of vision-language understanding (Zhe Gan et al, 2022). This success
has spawned a line of research dedicated to exploring the potential of LVLMs,
with a focus on both contrastive learning (Alec Radford et al, 2021, Xiyang Dai
et al, 2021, Chao Jia et al, 2021, Chunyuan L et al, 2022) and generative model-
ing (Danny Driess et al, 2023, Jean-Baptiste Alayrac et al, 2022, Jianfeng Wang
et al, 2022, and Liu et al, 2023). Remarkably, Liu et al, 2023, have demonstrated
that LVLMs exhibit exceptional zero-shot Optical Character Recognition (OCR)
performance without explicit training on OCR-specific data. This finding un-
derscores the critical importance of understanding the capabilities of LVLMs
in handling text-related visual tasks, considering their unique ability to extract
contextual information from various data sources, including text and images.
One noteworthy example of a generative pre-trained LVLM is GPT-4 (OpenAI,
2023), which has showcased exceptional visual comprehension and reasoning
abilities. While GPT-4 has achieved near-human performance on professional
and academic benchmarks, detailed technical specifications of the model remain
undisclosed. However, the primary focus of this discussion revolves around a
specific category of LVLMs: Large Vision Language Models (LVLMs) that ven-
ture beyond vision and language. Typically, LVLMs employ a dual-stream ar-
chitecture, where input text and images undergo separate encoding processes
to extract relevant features. For representation learning, the features from dif-
ferent modalities are either aligned through contrastive learning (A. Radford et
al, 2021 and Chen et al, 2021) or fused into a unified representation using an
additional encoder (V. Goswami et al., 2022 and Wang et al., 2023). The en-
tire model, encompassing both unimodal and multimodal encoders, undergoes
pre-training on large-scale image-text datasets and is subsequently fine-tuned
for specific tasks or used for zero-shot tasks without further fine-tuning. Pre-
training objectives may involve a combination of multi-modal and unimodal
tasks, with common multi-modal tasks encompassing image-text contrastive
learning, image-text matching, autoregressive modeling, masked modeling, and
image-grounded text generation.

Recent studies suggest that scaling up unimodal encoders and engaging in
multi-objective pre-training across both uni- and multi-modalities can signifi-
cantly enhance multi-modal representation learning. LVLMs have recently made
substantial progress in text-to-image generation, employing two main method-
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ologies: autoregressive models (Goh et al., 2021 and Nichol et al., 2022) and
diffusion models (Nichol et al., 2022 and Saharia et al., 2022). Autoregres-
sive models concatenate tokens from text and images to predict the next item
in a sequence, while diffusion models perturb images with random noise and
then progressively denoise them to restore the original image, with text descrip-
tions integrated into the process. It’s common to reuse predefined LVLM and
LVLM architectures or their pre-trained parameters as encoders, with the scale
of these encoders significantly influencing the quality of generation and lan-
guage understanding. Furthermore, Large Vision-Language Models (LVLMs)
have made substantial strides in text-to-image generation, image-grounded text
generation, and joint generation, primarily due to increased data, computa-
tional resources, and the number of model parameters (Nichol et al, 2021, Chen
et al, 2022, Suganthan et al, 2022). Notably, GPT-4 (OpenAI, 2023), after fine-
tuning and human feedback alignment, demonstrates the capability to engage
in conversations with human users and supports visual inputs.

3 The Potential of AGI in Transforming Future
Medical Education and Training

Artificial General Intelligence (AGI) holds the promise of revolutionizing the
landscape of education by redefining how teaching, learning, and assessment are
approached. AGI-driven educational systems can leverage their broad cognitive
abilities and adaptability to gain a deep understanding of individual students,
cater to their specific learning requirements, and craft personalized educational
experiences (Mohammed and ‘Nell’ Watson, 2019). This transformation is not
limited to traditional education, and the realm of medical education stands
to benefit as well. Cutting-edge Language and Medical Models (LAMs), such
as GPT-4 (O, 2023) and Med PaLM 2 (K. Singhal, T. Tu, J. Gottweis et al,
2023), have demonstrated impressive performance by achieving scores of over
86% in the United States Medical Licensing Examination (USMLE). These mod-
els exhibit a robust knowledge spectrum and reasonable proficiency in areas like
bioethics, clinical reasoning, and medical management. The generative capabil-
ities of LAMs open up exciting opportunities for enhancing medical education.
These models can augment students’ learning experiences by providing addi-
tional insights through AI-generated content, as highlighted in (T. H. Kung,
M. Cheatham, and A. Medenilla et al, 2023). A well-informed and socially
adept LAM can act as a companion learning assistant, offering prompt answers
to medical queries and simplifying complex medical terminology and practices.
For instance, the latest GPT-4 model (O, 2023) can serve as a Socratic tutor,
guiding students to discover answers independently, representing a pivotal step
in the practical adoption of LAMs in education, as their instructional methods
can be tailored to meet specific needs. Furthermore, LLMs, like ChatGPT (H.
Dai, Z. Liu, W. Liao et al, 2023), with their sentence paraphrasing abilities, can
assist students with dyslexia in their learning. However, legitimate concerns
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regarding the misuse of LAMs, such as plagiarism, need to be addressed. A
pilot study conducted by (Mitchell et al, 2023) introduced a zero-shot detector
named DetectGPT, capable of distinguishing between human-written and LLM-
generated text. This research initiative may lead to the development of reliable
tools to verify content sources and mitigate the potential drawbacks of LAMs in
education. For educators in the field of medical training, LAMs offer the poten-
tial to create innovative teaching materials, diverse instructional formats, and
alternative modes of content delivery. Drawing from the rich history of medical
education, LAMs can assist in crafting personalized and precise course materials
tailored to individual students’ needs. Moreover, LAMs can bridge geograph-
ical gaps by enabling remote medical education, thus extending educational
opportunities to students residing in resource-poor regions or from underprivi-
leged backgrounds. Additionally, LAMs can play a crucial role in grading and
scoring systems in medical education, such as assessing the surgical skills of a
surgeon operating a surgical robot. In clinical training, including nurse training,
domain-knowledgeable LAMs can serve as valuable assistants or trainers, ensur-
ing the quality and consistency of training, particularly in repetitive and routine
medical courses. In summary, AGI’s ability to understand and generate human-
like language offers the potential to create educational systems that facilitate
peer-to-peer learning and emulate real-life human interactions. These systems
encourage critical thinking and problem-solving skills (Rosenschein and Zlotkin,
1994). As AGI technologies continue to evolve, further research is expected to
delve into their practical applications in the classroom. This section has synthe-
sized ideas from various articles and research papers to underscore the immense
potential of AGI in reshaping medical education and preparing students for a
rapidly evolving world. Key concepts explored include contributions to Med-
ical Simulation Environments, Interactive Virtual Labs, Humanoid Robots in
Medical Education, Continuing Medical Education (CME), Personalized Learn-
ing Pathways, Intelligent Tutoring Systems, Natural Language Processing for
Medical Texts, Clinical Decision Support, and Automated Assessment Tools,
all aimed at improving educational outcomes for medical students.

3.1 Medical Simulation Environments and Interactive Vir-
tual Labs

Simulation-based learning has long been a highly effective approach for impart-
ing clinical skills to both medical students and professionals. However, the inte-
gration of Artificial General Intelligence (AGI) takes this educational method to
a new level by creating immersive and highly realistic virtual patient scenarios.
These simulations can replicate a diverse range of medical conditions, provid-
ing learners with a secure and controlled environment to practice diagnostics,
treatment strategies, and decision-making processes. In the realm of medical
and healthcare education, simulated training plays an essential role in enabling
students to acquire the necessary skills and practice those skills for their future
careers. High-fidelity simulators are integral to this type of training. Typically,
two common types of simulated patients are employed to gauge students’ skills –

8



stationary manikins and human simulated patients. Stationary manikins, while
useful, have limitations as they cannot emulate human movements or respond
to trainees’ instructions. On the other hand, human-simulated patients, despite
their advantages, often struggle to perfectly imitate real patients, leading to less
effective and efficient simulations (Chen et al).

The use of technology, in general, has been a tremendous asset to the field
of medicine, particularly in the context of education and training. Recent ed-
ucational methodologies emphasize interactive technologies like Virtual Reality
(VR) and Augmented Reality (AR). These technologies serve the dual purpose
of supporting the education and training of healthcare professionals as well as
assisting them during surgical procedures (Zorzal et al, 2020). Simultaneously,
gamification has emerged as a valuable tool, incorporating elements of logic
and game mechanics into the pedagogical process to make learning more en-
gaging and challenging. Gamification, as described by Ogawa et al. (2015),
involves the application of game elements in non-game contexts. Basten (2017)
emphasizes that gamification can motivate learning in contexts different from
electronic games, which have become increasingly popular in recent decades.
Gamified applications have been deployed to tackle a wide range of learning
challenges. In a systematic literature review conducted by Gentry et al. (2019),
the effectiveness of gamification in healthcare professional education was evalu-
ated in comparison to traditional learning methods. The results of this review
indicate that gamification, particularly when used in conjunction with VR for
realistic simulation, outperforms traditional learning in terms of skill acquisi-
tion, with evidence of moderate to high certainty. Virtual Reality, in particular,
has been instrumental in creating immersive surgical simulations that offer stu-
dents the opportunity to practice and refine their techniques within a secure
and controlled environment. In the field of surgery and medicine, VR has been
harnessed to craft lifelike simulations of various surgical and medical procedures.
This empowers students to gain invaluable experience and enhance their clini-
cal decision-making skills without subjecting them to the risks associated with
real-life procedures.

Within virtual training labs, the fusion of Machine Learning/Deep Learn-
ing and Virtual Reality has been widely adopted. Machine Learning and Deep
Learning techniques enable personalized learning experiences by analyzing stu-
dent performance data and identifying areas that require improvement. Mean-
while, Virtual Reality provides an immersive platform for training simulations,
allowing students to hone their skills without risk (Fatima et al, 2023). In
essence, the integration of AGI and advanced technologies in medical education
is reshaping the way clinical skills are acquired and honed. By incorporating
highly realistic simulations and interactive training methods, future medical pro-
fessionals are better prepared for the complexities of their field while minimizing
risks to real patients and medical infrastructure.
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3.2 Humanoid Robots in Medical Education

In the ever-evolving landscape of medical education, robots have emerged as
invaluable tools for providing effective simulated training. Educators have in-
creasingly harnessed the capabilities of robots to simulate critical actions and
support medical and clinical training (Chen et al). This shift is largely driven by
the pressing need for qualified nurses in an era of an aging population. Simulator
robots, in particular, have gained prominence in nursing training, particularly
in the context of patient transfer. These robots are designed to mimic patient
limb movements, aiding nursing students in acquiring essential nursing skills.
Furthermore, researchers have delved into the realm of robots’ ability to ex-
press emotions and experience pain, emulating human-like responses through
visual-based feedback. For instance, in a notable example described by (Lee
et al, 2021), a robot’s pain level was quantified using fuzzy logic and displayed
in real-time using a projector and a three-dimensional facial mask during nurs-
ing training. This approach enhances the realism of training scenarios and of-
fers a more immersive learning experience. Emotion expression through robots
extends beyond pain simulation. Embodied conversational agents, capable of
engaging in natural interactions with humans through dialog and non-verbal
expressions, have been employed to provide problem-solving skill training and
emotional support for caregivers, as outlined by (Bickmore and Gruber et al,
2010). These human-friendly systems and AI robots are becoming increasingly
integral to precision education. They enable personalized and natural interac-
tions within real-life physical environments, promoting practical demonstrations
and hands-on experiences, as emphasized by (Chen et al., 2020b). In practice,
the use of AI robots in precision education has yielded substantial benefits. For
example, a quasi-experimental design, as demonstrated by (Zhong et al, 2020),
involved 84 junior high school students and showcased the effectiveness of both
virtual and physical robots in enhancing students’ higher-order thinking skills
and reducing cognitive load. The advantages of AI robots in precision education,
as highlighted by (Edwards et al., 2018), encompass several key facets:

Facilitating One-to-One Learning: AI robots adapt instruction and
communication to individual learners’ knowledge levels and learning styles, cre-
ating a more personalized learning experience.

Transforming Teacher Roles: AI robots shift the role of educators from
traditional instructors to overseers responsible for designing and selecting machine-
oriented instruction, monitoring learner progress, and providing pastoral sup-
port.

Turning Abstract Concepts into Real-World Problems: AI robots
help translate abstract concepts into practical, real-world problems tailored to
individual learning needs, promoting comprehensive learning experiences where
learners apply theoretical knowledge in practical settings.

Supporting Individualized Pace: AI robots enable students to learn at
their own pace using personalized materials, through interactive experimental
learning, either individually or collaboratively.

On the other hand, Robotics Training offers a hands-on experience for stu-

10



dents to develop their surgical skills and precision. This training is particularly
significant in improving patient outcomes in the field of surgery. Robotics Train-
ing encompasses a range of surgical skills, including those related to robotic-
assisted surgeries. It contributes to enhancing precision and reducing the oc-
currence of surgical errors, thereby ensuring better patient care and outcomes.

3.3 Continuing Medical Education (CME)

The emergence of Artificial General Intelligence (AGI) is poised to revolutionize
communication, information retrieval, and knowledge processing across indus-
tries. Continuing Medical Education (CME) is no exception. Healthcare profes-
sionals are increasingly turning to digital channels for education, and technology
has streamlined the access, interactivity, personalization, and tracking of learn-
ing experiences (ACCME, 2019). The fundamental goal of continuing education
in healthcare is to ensure that professionals can deliver high-quality, evidence-
based care. However, the rapid doubling of medical knowledge every few months
has created a challenge for clinicians to stay updated (Elsevier). Paradoxically,
it takes an average of 17 years for medical knowledge to translate from research
to practice, potentially impacting patient care negatively. The surge in online
learning consumption, as noted by ACCME, indicates a strong preference for
on-demand and personalized learning. AGI holds the potential to revolution-
ize CME, offering healthcare professionals advanced tools and resources to stay
current with evolving medical advancements and guidelines (ACCME, 2019).

Personalized Learning Pathways (Adaptive Learning)
AGI introduces the concept of adaptive learning platforms that personal-

ize medical education content based on individual learner profiles. Personal-
ized learning prioritizes tailoring instruction to the unique needs and abilities
of each student, recognizing their diverse learning preferences, methods, and
goals. Personalized learning can be applied in various medical education set-
tings, from traditional classrooms to online environments. It has the potential
to enhance student engagement, motivation, and learning outcomes by deliver-
ing a more personalized and relevant learning experience. Peng et al. (2019)
define personalized adaptive learning as a ”technology-empowered pedagogy
capable of adapting teaching strategies based on real-time monitoring of learn-
ers’ differences and individual characteristics.” While promising, it necessitates
meticulous planning, continuous assessment, and skilled facilitation to be ef-
fective. Adaptive learning leverages technology to provide an optimal learning
path and tailored content based on each learner’s profile, including their learning
style, pace, and performance (Bajaj et al., 2018). These platforms utilize data
analytics and machine learning techniques to gather information, ultimately de-
livering targeted lessons and assessments. In medical education, personalized
learning pathways have the potential to optimize the allocation of study time
and resources.

Intelligent Tutoring Systems
The profound potential of Artificial General Intelligence (AGI) to reshape

teaching and learning in medical education is exemplified through Intelligent
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Tutoring Systems (ITS). These computer-based educational systems combine
knowledge databases with teaching strategies to make dynamic adjustments
based on learners’ comprehension, strengths, and weaknesses (Cao et al., 2022).
ITS comprises four fundamental components: an expert model, a student model,
pedagogical knowledge, and an interface. The expert model serves as a bench-
mark for expert performance against which the learner’s progress is assessed.
ITS dynamically models the learner’s abilities across different subjects or sce-
narios, adapting pedagogical decisions in real time (Mosa et al., 2018). These
systems have wide-reaching applications across various educational fields, in-
cluding medicine. Accessible tools are available for developing ITS, even for
non-programmers, which can be implemented through web-based and mobile
platforms. Studies indicate that students who utilize intelligent tutoring systems
tend to perform better academically than those relying solely on conventional
educational methods. AGI-driven educational systems, equipped with broad
cognitive capabilities, can cater to individual learning requirements, creating
personalized and effective learning experiences (Mohammed and ’Nell’Watson,
2019). Intelligent Tutoring Systems, leveraging AGI’s general-purpose learning
capabilities, can dynamically adapt the pace, material, and teaching methods
to suit individual students’ progress and preferences, enhancing the learning
environment (Graesser et al., 2005).

3.4 Clinical Decision Support

Clinical Decision Support (CDS) plays a pivotal role in the healthcare do-
main by providing essential information and recommendations to both health-
care professionals and patients precisely when they need it, at the point of care
(Balas EA, et al). The rise in the adoption of electronic health records (EHR)
has ushered in a concurrent increase in the utilization of CDS. Notably, rule-
based CDS alerts have become an integral part of certified EHR systems, offer-
ing patient- and task-specific recommendations (CDS, 2021). These rule-based
CDS alerts hold substantial potential for improving clinical practice (Bright TJ
et al). An exciting development in this field is the integration of artificial in-
telligence (AI) and large AI models (LAMs) to enhance the efficacy of CDS.
In a study by Siru Liu et al., in 2023, CDS logic summaries were provided to
ChatGPT, an AI tool designed for question answering that leverages a large
language model. Human clinician reviewers were tasked with evaluating the
AI-generated suggestions, comparing them with human-generated suggestions
aimed at enhancing the same CDS alerts and rating the suggestions based on cri-
teria such as usefulness, acceptance, relevance, understanding, workflow, bias,
inversion, and redundancy. The results were compelling, suggesting that AI-
generated suggestions could play a vital role in complementing the optimization
of CDS alerts. They have the potential to identify areas for improvement in
alert logic and facilitate the implementation of these improvements. Addition-
ally, AI-generated suggestions could even assist domain experts in formulating
their ideas for enhancing CDS. This approach represents a significant step in
the development of an advanced learning health system (Siru Liu et al, 2023).
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The promise of large language models like ChatGPT, coupled with reinforce-
ment learning from human feedback, offers a powerful tool for enhancing CDS
alert logic and potentially addressing complex clinical logic challenges in various
medical domains. This innovative approach holds the potential to revolutionize
how healthcare professionals make decisions and deliver patient care, marking
a significant advancement in the field of healthcare informatics and CDS.

3.5 Natural Language Processing for Medical Texts

The Acceleration of Natural Language Processing (NLP) in Medical Education.
The application of Natural Language Processing (NLP) in the realm of medical
education has witnessed remarkable acceleration in recent years (Michael et al.,
2018). NLP, in essence, seeks to imbue machines with the ability to interpret
human language, akin to human comprehension. NLP serves to reformat textual
information in a manner that facilitates subsequent analysis through machine
learning or artificial intelligence techniques. This text can originate from a vari-
ety of sources, including clinician documentation, billing records, transcripts of
patient-provider interactions, or even conversations on social media platforms.
NLP effectively transforms this text into a structured data stream, which can
then be combined with data streams from physiological monitoring devices like
cardiac monitors, pulse oximeters, wearables, or laboratory tests. NLP has
already demonstrated significant success in certain aspects of medical decision-
making, offering tools for risk stratification (Agah A., 2014), identification of
postoperative complications following inpatient surgery based on physician notes
(Matheny ME, et al., 2011), and the ability to triage patients through syndrome
identification (Wagner MM, et al., 2005). More recently, NLP models have ad-
vanced significantly in the extraction of meaning from unstructured health data.
As a result, computers are poised to shoulder increasingly repetitive tasks that
were formerly relegated to human experts (Feller et al., 2018), (Mea et al.,
2020). Over the last few years, NLP models have been instrumental in enhanc-
ing sentence-level tasks, with much of this progress made possible through the
utilization of pre-trained models (Devlin et al., 2019). These techniques leverage
the principles of transfer learning and contextual word embedding models, such
as ELMo, ULMFiT, and BERT (Bidirectional Encoder Representations from
Transformers) ( (Devlin et al., 2019).

The Potential of AGI-Powered NLP in Medical Education Harnessing AGI-
powered Natural Language Processing holds the promise of revolutionizing the
analysis of medical textbooks, research papers, and clinical case studies. This
transformative capability is poised to create intelligent summarization tools and
streamline the extraction of crucial information for educational purposes. AGI-
powered NLP systems exhibit a unique proficiency in dissecting complex medical
texts, spanning from scholarly articles to clinical case reports, with remarkable
precision. These systems navigate through medical literature with exceptional
efficiency, unraveling intricate terminology, and consistently distilling relevant
information. In this regard, they outpace human capabilities significantly.
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3.6 Automated Assessment Tools

AI-based techniques have been developed to fully or partially automate parts
of the traditional assessment practice. AI can generate assessment tasks, find
appropriate peers to grade work, and automatically score student work. These
techniques offload tasks from humans to AI and help to make assessment prac-
tices more feasible to maintain (Z. Swiecki et al., ). One of the critical compo-
nents of assessment design is the task used to elicit evidence to support claims
about learning. In recent years, a handful of studies have been proposed to ap-
ply AI techniques to automate the generation of such assessment tasks, such as
multiple-choice questions and open-answer questions. Typically, these studies
are built upon AI techniques driven by deep neural networks. For instance, Jia,
Zhou, Sun, and Wu (2020) proposed to improve the quality of the generated
questions in a two-step manner: the representation of input text is derived by
applying a Rough Answer and Key Sentence Tagging scheme, and then the in-
put representation is further used by an Answer-guided Graph Convolutional
Network to capture the inter-sentences and intra-sentence relations for question
generation. The success of such approaches often relies on the availability of
large-scale and relevant datasets used to train those deep neural network mod-
els. When using these datasets to train a question generator, the source docu-
ment related to each question (e.g., the transcript of a lecture video or a piece
of reading material) often contains multiple sentences, and not every sentence is
question-worthy. This suggests that the question-worthy sentences in an article
should be first identified before we use them as input to the question generator.
Driven by these findings, Chen, Yang, and Gasevic (2019) investigated the effec-
tiveness of a total of nine sentence selection strategies in question generation and
found that the stochastic graph-based method, LexRank, gave the most robust
performance across multiple datasets. While automated question generation can
be a powerful tool for making assessment design more feasible for educators be-
cause Traditional assessment practice has tended to focus on judging an artefact
produced by the learner, such as an essay, a laboratory report or a completed
examination sheet. The main reason it has been difficult, if not impossible, to
track learning processes is that it is very time and resource-intensive. Constant
monitoring of progress and the ongoing collection of indicators that allow infer-
ences of cognitive and metacognitive processes are required. These can include
self-report, behavioural, psychophysiological and other data. Collecting and
analysing these data to date has been arduous, requiring specialised equipment,
laboratories and analysis. Building of AGI-powered automated assessment tools
can play a pivotal role in improving the quality and objectivity of assessments
in medical education. These tools can be provide several benefits: Objective
Evaluation: By minimizing human biases and subjectivity, AGI ensures that
learners are evaluated fairly and objectively. Assessments are based on actual
competencies rather than external factors, ensuring a level playing field for all.
Individualized Feedback: Automated assessment tools offer personalized feed-
back to learners. They identify areas for improvement and recommend targeted
activities, creating tailored learning pathways for each individual. Quality Im-
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provement: These tools provide instructors and educational institutions with
data-driven insights into the effectiveness of teaching methodologies and course
materials. This information enables continuous improvement, resulting in better
educational experiences.

4 Challenges, Limitations, and Risks

The integration of Artificial General Intelligence (AGI) into medical education
and training is undoubtedly promising, but it comes with its own set of chal-
lenges, limitations, and associated risks.

4.1 Data

One of the primary concerns when dealing with AGI in medical education and
training is data privacy. Large language models (LLMs) have demonstrated an
exceptional capacity to memorize their training data (N. Carlini et al, 2021).
Even more concerning is the potential to extract sensitive information from this
memorized data through direct prompts (N. Carlini et al, 2021), (C. Zhang et
al, 2022). While measures have been taken to address these concerns, such as
fine-tuning LLMs to avoid answering certain prompts (Li et al, 2023), it has
been revealed that this mitigation can be circumvented using cleverly crafted
prompts known as ”jailbreaking.”

Furthermore, the issue of membership inference attacks has been identified
(R. Shokri et al, 2017), and it has been observed that LLMs can inadvertently
leak personal information (Huang et al, 2022). Notably, GPT-4 has the potential
to be exploited to identify private individuals and associate personal information
like geographic locations and phone numbers (OpenAI, 2023). Users’ interac-
tions with LLM-integrated applications may inadvertently lead to data leaks,
raising serious privacy concerns. OpenAI’s data policy in 2023 indicated that
they store user-provided data for ChatGPT and model training. Unfortunately,
this stored personal information can be unintentionally leaked due to a ”chat
history” bug (OpenAI, 2023) or, more alarmingly, through deliberate indirect
prompt injection attacks (S. Mishra et al, 2023).

Medical Data Utilization
The utilization of medical data in AGI models presents unique challenges

related to data privacy and compliance with regulatory bodies (Li et al., 2023).
One potential solution could be the implementation of local LLMs within health-
care facilities. This approach may help mitigate privacy concerns while still
enabling models to learn from a wide range of clinical data.

Data Accessibility
Accessing medical data for AGI models involves not only technical challenges

but also legal and ethical complexities (Feudtner et al, 2020). Balancing the
necessity of data access for model training and operation against the privacy
rights of patients and healthcare providers is a complex and delicate task.

Preparation and Curation of Healthcare Data
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A significant challenge in AGI applications within healthcare is the need for
both image and corresponding text data. Comprehensive datasets similar to the
MIMIC series are essential for effective LLM training in healthcare applications
(Johnson et al, 2016). However, such datasets are limited in availability, making
their curation and preparation a critical hurdle.

Data Imbalance
Real-world clinical data often exhibits imbalances, with certain conditions,

demographics, or other variables being disproportionately represented (Jiang
et al., 2022), (Ghosh et al, 2022). This data imbalance poses a challenge for
models that rely on balanced, representative data to ensure robust and unbiased
outputs.

In navigating these challenges and limitations, it is imperative to strike a bal-
ance between harnessing the potential of AGI in medical education and training
while safeguarding patient privacy, ensuring data access complies with regula-
tions, and addressing data-related complexities effectively.

4.2 Fairness and Bias in Algorithms
The critical issue of fairness has emerged as a significant concern within

machine learning (ML) research communities, and it holds vital importance for
ensuring the stability and unbiased nature of downstream predictions. Recent
studies have emphasized that language models can inadvertently amplify and
perpetuate biases, primarily because they are trained on historical data (Ope-
nAI, 2023), (Shah, D.S., H.A. Schwartz, and D. Hovy, 2020). In healthcare, this
concern is especially relevant, as these biases can unintentionally perpetuate in-
equalities and have profound consequences. A study has even demonstrated that
text generated by GPT-3 can capture social bias (Abid, A., M. Farooqi, and J.
Zou et al, 2021). While there is a considerable body of research on fairness in
ML and natural language processing (NLP) in general, addressing gender and
racial bias, the biomedical domain remains relatively unexplored in this context.
This limitation is partly due to the lack of demographic information in many
medical datasets, owing to privacy concerns in healthcare practices. Biased and
unfair models within the biomedical and health domain can lead to detrimental
outcomes and adversely impact the quality of patient treatment (Obermeyer,
Z., et al, 2019), (Sourlos, et al, 2022), and (Vyas et al, 2023).

It’s important to note that large language models (LLMs) are data-driven,
and they can inherit biases present in the training data. Regrettably, biases are
prevalent not only in healthcare delivery (K. M. Lee et al, 2015) but also in the
data collected throughout the process (Z. Obermeyer et al, 2019), (D. Cirillo
et al, 2020), and (D. S. Char, 2018). Machine learning models trained on such
data can inadvertently reproduce human biases related to race (Z. Obermeyer
et al, 2019), gender, politics (J. Rutkowski et al, 2023), and more. Additionally,
LLMs introduce language bias, as their training data is often dominated by a
few languages (T. Y. Zhuo et al, 2023).

When it comes to Artificial General Intelligence (AGI), it’s widely recognized
that AGI models have the potential to amplify existing societal inequalities and
biases present in the training data (Bommasani et al., 2021; Touvron et al.,
2023). This risk arises because AGI models, after training on large and poten-
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tially biased internet-scale data, transfer their inherently biased model represen-
tations to various downstream tasks. Improper modeling decisions, unbalanced
training or adaptation data, and model compression methods can all contribute
to these biases. Additionally, existing foundation models like ChatGPT and
GPT-4 may exhibit geographic and temporal biases, favoring data-rich regions
and current facts (Mai et al., 2023).

Addressing data bias and its impact on AGI model bias is a critical ethical
concern, particularly when considering the use of AGI for educational purposes.
Careful consideration and mitigation of these biases are imperative to ensure
the responsible and equitable deployment of AGI in education and healthcare.

4.2 Ethical and Legal Issues/Concerns

4.3 Ethics

Ethics, as a fundamental compass of human behavior, has its roots deep in phi-
losophy (Janowicz, 2023). It’s encapsulated by Jonas’ ethic of responsibility, a
reformation of Kant’s initial categorical imperative. This perspective posits that
our actions should be geared toward ensuring that their effects are compatible
with the preservation of genuine human life (Jonas, 1984). In the realm of sci-
ence and research, ethics encompasses a wide spectrum of moral considerations.
These considerations permeate all aspects of professional and scientific activities,
including research, publication, data collection, data analysis, model develop-
ment, and model evaluation (Nelson et al., 2022). As Janowicz (Janowicz, 2023)
aptly points out, ethics is relevant to nearly every domain of study, transcending
fields like biology, medicine, cognitive science, and social science. With the ad-
vent of new technology and methodologies, various branches of domain-specific
ethics have emerged, such as BioEthics, GeoEthics, and AI Ethics (Gazzaniga,
2005; Peppoloni and Di Capua, 2015; Goodchild, 2021; Jobin et al., 2019).

4.4 AGI Ethics and Their Implications in Medical Educa-
tion and Training

Recent years have witnessed continuous debates regarding the legal and ethical
concerns of using AI in medicine and healthcare (N. et al., 2022). The surge
of interest in Large Language Models (LLMs) like ChatGPT has prompted
discussions on the ethical and legal aspects of their use in medical research and
practices (Sallam et al, 2023), (J., et al, 2023).

To address these concerns, there’s a growing consensus on the need for a
robust legal framework that encompasses transparency, equity, privacy, and ac-
countability. Such a framework is envisioned to ensure the safe development,
validation, deployment, and continuous monitoring of LLMs, taking into account
their inherent limitations and associated risks (M. et al., 2023). The ethical im-
plications of deploying large vision models in healthcare are multifaceted. Issues
like data privacy, patient consent, and potential biases in these models require
careful consideration. Large vision models rely heavily on extensive datasets for
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training, which raises concerns about the privacy and security of patient infor-
mation, as well as vulnerabilities of healthcare systems to cybersecurity threats
like backdoor attacks (Shi et al,2023), (Yuan et al, 2023). Implementing strict
data governance policies, anonymization techniques (Liu et al., 2023), and ad-
herence to regulatory frameworks such as HIPAA are paramount to safeguarding
patient privacy. Additionally, addressing and mitigating biases present in the
training data (Liu et al., 2023), (Cirillo et al., 2020) is crucial. These biases, if
left unaddressed, could inadvertently translate into disparities in healthcare out-
comes. Ensuring fair and equitable deployment of these models across diverse
patient populations is imperative.

As AI applications continue to expand into various aspects of our lives, eth-
ical issues have risen to the forefront of the AI community’s attention. Respon-
sible machine learning principles have been advocated to guide AI technologists
in the development of AI models. These principles aim to minimize the risks
associated with AI technology and maximize its benefits to the public, all while
ensuring the ethical and responsible development of AI models. These princi-
ples include human augmentation, bias evaluation, explainability by justifica-
tion, reproducible operations, displacement strategy, practical accuracy, trust
by privacy, and data risk awareness. They provide a framework for the ethical
development of AI, with applications in diverse fields, including biomedicine and
geospatial technology (for Ethical AI and Learning).

5 Discussion

The extensive implications of integrating Artificial General Intelligence (AGI)
and Large AI Models (LAMs) into medical education and training, building
upon the preceding sections. It delves into the opportunities, challenges, and
ethical concerns inherent in this integration, offering a comprehensive perspec-
tive on the transformative potential and the necessary precautions.

Transformation of Medical Education and Training: The amalgamation of
AGI and Large AI models (LAMs), including Large Language Models (GPT-
4 and Med PaLM 2), Large Vision Models, and Large Multi-Modal Models
with medical education and training opens doors to a revolution in pedagogical
approaches. LAMs boast substantial knowledge and the capacity to enhance the
educational journey for medical students. They can act as personalized learning
assistants, providing explanations, answering queries, and encouraging peer-to-
peer learning. Furthermore, they diversify teaching formats and extend learning
opportunities to students in remote or underserved areas. With the creation
of virtual patient scenarios driven by AGI, medical simulation environments
reach new heights of realism. These environments offer students a safe space to
practice diagnostics and treatment, thereby honing their clinical skills without
exposing real patients to undue risk.

Simulation and Virtual Labs: The application of AGI and immersive tech-
nologies such as virtual reality and augmented reality significantly advances
the field of medical simulation. These technologies enhance the acquisition of
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clinical skills, reducing the costs and risks associated with real-life procedures.
Furthermore, gamification principles make learning engaging and challenging.
Students can experiment with various scenarios and analyze the outcomes of
their decisions without putting patients, medical infrastructure, or medical per-
sonnel at risk.

Robots in Medical Education: The increased utilization of robots in medical
training, particularly in nursing, showcases the value of AGI-driven technology.
Simulator robots can replicate patient movements and even simulate emotional
responses. They provide students with a consistent and precise learning expe-
rience, filling a crucial role in repetitive training tasks and maintaining high-
quality training.

the future.
Continuing Medical Education (CME): Continuing Medical Education (CME)

stands as a cornerstone in the pursuit of excellence in healthcare practice. With
the integration of AGI into the realm of medical education and training, CME
experiences significant enhancement.AGI offers a dynamic approach to CME,
tailoring the learning experience to the individual needs of healthcare profes-
sionals. Traditional CME often follows a one-size-fits-all model, where all practi-
tioners receive the same information and resources. AGI, however, takes person-
alization to a new level. Personalized Learning Pathways (Adaptive Learning),
AGI opens the door to personalized learning pathways, ushering in a new era of
tailored and effective learning. Conventional educational approaches are often
uniform, offering the same content and resources to all learners. However, every
medical student or practitioner is unique, with distinct strengths, weaknesses,
and preferred learning styles. AGI-driven adaptive learning platforms address
this variability. These platforms delve into individual learner profiles, meticu-
lously collecting data on progress, areas of strength, and, crucially, weaknesses.
This data forms the foundation for highly customized learning journeys. Learn-
ers are guided through content and assessments specifically designed to address
their knowledge gaps.

Intelligent Tutoring Systems (ITS): AGI holds the potential to revolutionize
the creation of Intelligent Tutoring Systems. These adaptive learning platforms
can offer personalized learning experiences that cater to individual students’
progress, preferences, and learning styles. Large Language Models (LLMs) like
GPT-4 contribute to the development of ITS by providing feedback, generating
educational content, and facilitating peer-to-peer learning. As AGI continues to
evolve, its applications in education and other domains expand, offering exciting
possibilities for

Clinical Decision Support (CDS): Clinical decision support systems represent
a significant aspect of AGI integration in healthcare. The optimization of CDS
by AGI models, especially LLMs like ChatGPT, demonstrates the potential to
improve complex clinical logic. This progress can contribute to the development
of advanced learning health systems by enhancing the quality and relevance of
alerts, thus furthering the integration of AGI in medical education.

Natural Language Processing for Medical Texts: In the realm of medical ed-
ucation and training, the advent of Artificial General Intelligence (AGI) brings
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forth a transformative capability in the form of Natural Language Processing
(NLP) for medical texts. This innovative application of AGI leverages the pro-
ficiency of machines in understanding and processing human language to access
and comprehend the vast troves of medical information available. AGI-powered
NLP systems possess the aptitude to dissect complex medical texts, from schol-
arly articles to clinical case reports, with remarkable precision. These systems
can swiftly navigate through medical literature, decipher intricate jargon, and
distill relevant information with a level of efficiency and consistency that sur-
passes human capacity.

Automated Assessment Tools: AGI-powered automated assessment tools
play a pivotal role in improving the quality and objectivity of assessments in
medical education. These tools provide several benefits: Objective Evaluation:
By minimizing human biases and subjectivity, AGI ensures that learners are
evaluated fairly and objectively. Assessments are based on actual competencies
rather than external factors, ensuring a level playing field for all. Individualized
Feedback: Automated assessment tools offer personalized feedback to learners.
They identify areas for improvement and recommend targeted activities, creat-
ing tailored learning pathways for each individual. Quality Improvement: These
tools provide instructors and educational institutions with data-driven insights
into the effectiveness of teaching methodologies and course materials. This
information enables continuous improvement, resulting in better educational
experiences. Challenges, Limitations, and Risks: While AGI offers substantial
benefits, it comes with several challenges. Data privacy is a paramount concern,
as LLMs can memorize training data and potentially expose sensitive informa-
tion. Issues related to data accessibility, data imbalance, and the preparation
of healthcare data add layers of complexity to the integration of AGI in medical
education. Scarce comprehensive datasets and data imbalances pose signifi-
cant hurdles. The amplification of biases by LLMs is another critical concern,
potentially introducing biases into healthcare practices.

Ethical and Legal Concerns: The ethical dimension of AI, particularly in
healthcare, cannot be overlooked. Establishing a robust legal framework is
imperative to ensure transparency, equity, privacy, and accountability in the
development and deployment of LLMs. This is particularly crucial for safe de-
velopment, validation, deployment, and continuous monitoring of LLMs, taking
into account the inherent limitations and risks. Patient data privacy, biases in
training data, and the potential propagation of biases in healthcare outcomes
require focused attention and mitigation.

AGI Ethics and Implications: The ethical considerations surrounding AGI
extend to its potential to amplify societal inequalities and biases. Large language
models can inadvertently perpetuate existing biases and toxicity, leading to
unfair and harmful outcomes. The responsible development of AGI models is
imperative, considering their broader societal implications.
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6 Conclusion

The integration of Artificial General Intelligence (AGI) into medical education
has the potential to transform how healthcare professionals are trained and
updated. AGI-powered tools can enhance learning by providing personalized,
interactive, and adaptive educational experiences. From medical simulations
and virtual labs to intelligent tutoring systems and natural language processing
for medical texts, AGI offers a wide range of applications in medical education.

However, addressing challenges related to data privacy, ethics, resource re-
quirements, and user experience is essential for the successful implementation of
AGI in medical education. Continuous updates, validation, and a commitment
to lifelong learning are also necessary to harness the full potential of AGI in
healthcare training.

As AGI technology continues to advance, it is likely to become an integral
part of medical education, ensuring that healthcare professionals are equipped
with the knowledge and skills needed to provide the best possible care to
patients. By leveraging the power of AGI, the future of medical education
holds great promise for improving patient outcomes and advancing the field of
medicine.
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