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Abstract: The rapid development of specific-purpose Large Language Models (LLMs), such as Med-PaLM,
MEDITRON-70B, and Med-Gemini, has significantly impacted healthcare, offering unprecedented capabilities
in clinical decision support, diagnostics, and personalized health monitoring. This paper reviews the
advancements in medicine-specific LLMs, the integration of Retrieval-Augmented Generation (RAG) and
prompt engineering, and their applications in improving diagnostic accuracy and educational utility. Despite
the potential, these technologies present challenges, including bias, hallucinations, and the need for robust
safety protocols. The paper also discusses the regulatory and ethical considerations necessary for integrating
these models into mainstream healthcare. By examining current studies and developments, this paper aims to
provide a comprehensive overview of the state of LLMs in medicine and highlight the future directions for
research and application. The study concludes that while LLMs hold immense potential, their safe and effective
integration into clinical practice requires rigorous testing, ongoing evaluation, and continuous collaboration
among stakeholders.
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1. Introduction

In July 2024, twenty months after the initial public launch of OpenAl’s ChatGPT in November
2022, Gartner, the firm behind the well-known Hype Cycle methodology, declared in a new research
report that generative Al has passed the ‘peak of inflated expectations’ and is moving into the ‘trough
of disillusionment.” This phase is expected to lead to the ‘slope of enlightenment,” ultimately resulting
in a “plateau of productivity’ as the technology matures, becomes mainstream, and its real-world
benefits begin to materialize [1]. Applications utilizing generative Al and large language models
(LLMs) in patient management, such as diagnosis, are considered SaMD/AlIaMD (software as a
medical device/Al as a medical device) and fall under established MDR (medical device regulation)
provisions. However, as of August 2024, no application of this nature has been approved by
regulatory bodies like the FDA (Food and Drug Administration, US), MHRA (Medicines and
Healthcare products Regulatory Agency, UK), EMA (European Medicines Agency, EU), or
corresponding agencies worldwide.

While these tools show promise in certain scenarios, such as assisting in difficult diagnoses [2],
the current generation of generative Al and LLMs, including medically trained models such as
Google's Med-PaLM 2 [3], are not yet ready for mainstream clinical use. Passing a medical licensing
exam with high scores [4]—something that these models can accomplish—does not equate to
readiness for safe use in routine patient care [5-7]. This is due to several key limitations inherent in
the technology.

One of the most significant issues is the phenomenon of Al "hallucinations,” where the models
generate plausible sounding but factually incorrect or nonsensical information. A recent study by
Aljamaan et al. developed a Reference Hallucination Score specifically for medical Al chatbots,
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highlighting the significance of accurately detecting and mitigating hallucinations to ensure the
reliability and safety of these tools in clinical environments [8]. This issue of hallucinations, combined
with the often inconsistent, unpredictable, and fluctuating (stochastic) performance of these models,
and their proneness to bias, underscores their lack of real human-like intelligence. These models
operate on vast amounts of data but lack the nuanced understanding and contextual awareness that
human practitioners possess. As a result, their unregulated use in critical medical settings could lead
to dangerous oversights or errors.

For these tools to be safely and effectively integrated into mainstream healthcare, substantial
technological advancements are necessary. These advancements, a number of which will be briefly
presented later in this article, would need to address the current limitations and ensure that Al
models can reliably support clinical decision-making without introducing undue risk.

Despite these challenges and the current lack of regulatory approvals, some early clinician
adopters are already using these tools in practice. This premature adoption is particularly concerning
given the potential for critical information oversight —such as missing a patient's drug allergies due
to an Al error [7]. The dangers of such oversights have led to growing calls from within the medical
community for stringent regulations to govern the use of Al in healthcare. For instance, there have
been increasing demands for clear guidelines and rules to prevent medical mistakes caused by Al,
highlighting the urgent need for a regulatory framework that ensures patient safety while enabling
innovation [9,10].

This article extends upon our previous review [11] and highlights recent advancements from
August 2023. By examining the potential advantages, challenges, and ethical considerations of
applying generative Al models in medicine and healthcare, this study aims to contribute to the
ongoing dialogue on harnessing Al's capabilities responsibly for the betterment of medical practice
and patient well-being.

2. Background: A Brief Technology Overview

In this section, we explore the foundational concepts, advancements, and applications of Natural
Language Processing (NLP) in healthcare, highlighting the transformative impact of Generative Pre-
trained Transformer (GPT) models and related technologies.

Natural Language Processing (NLP) aims to enable machines to comprehend, interpret, and
generate human language meaningfully and contextually. Tasks within NLP span language
translation, sentiment analysis, speech recognition, text summarization, and question answering,
each bridging human communication with computational understanding. In healthcare, NLP has
been potentially transformative, extracting valuable insights from vast amounts of unstructured
clinical data, such as Electronic Health Records (EHRs), medical literature, and patient-generated
content. It excels, though not without some limitations, in converting unstructured clinical notes into
structured data, identifying medical conditions, medications, and lab tests through named entity
recognition, and detecting adverse drug events by analyzing identified drugs and their interactions.
Additionally, NLP models can contribute to early disease detection, facilitating timely interventions
and improving patient outcomes.

Among the notable developments in NLP are the Generative Pre-trained Transformer (GPT)
models developed by OpenAl. These models leverage the transformer architecture introduced by
Vaswani et al. in 2017, which excels in processing sequential data, especially text, using self-attention
mechanisms. Self-attention allows the model to understand the importance of and relationships
between words in a sentence, improving contextual language understanding and semantic
comprehension [12]. The evolution of GPT models has been rapid, beginning with GPT-1 in June
2018, demonstrating the potential of pre-training large-scale Transformer models on extensive text
data [13]. GPT-2 followed in February 2019 with 1.5 billion parameters, raising concerns about
generating human-like text, including fake news [14]. GPT-3, released in June 2020, significantly
advanced the field with 175 billion parameters, showing unparalleled language generation
capabilities [15]. GPT-4, introduced in March 2023, further improved performance and included
multimodal capabilities, accepting both image and text inputs [16].


https://doi.org/10.20944/preprints202409.0311.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 September 2024 d0i:10.20944/preprints202409.0311.v1

There are many general-purpose models on offer today, including Llama 2 [17], GPT-40 (omni
with voice mode) [18], LangChain [19], Claude [20], and Mistral [21], among others. Generative Al's
capabilities extend beyond text to produce synthetic content such as images, videos, and audio. Tools
such as Image FX [22] and DALL-E [23] use language prompts to generate images (Figure 1). GPT-
4V is capable of handling multimodal inputs such as both text and images for tasks like visual
description and object localization [24]. These models can create visuals to aid in conveying
information, which can make them valuable in clinical and public health scenarios requiring rapid
and clear communication.

Prompt engineering is crucial for optimizing the performance of generative Al models. It
involves designing and refining input prompts to elicit the most accurate and relevant responses
from the models. Effective prompt engineering can significantly enhance the usability and reliability
of Al systems in healthcare settings [25]. Retrieval-Augmented Generation (RAG) represents another
advancement in Al, enhancing the capabilities of LLMs by integrating external knowledge retrieval
mechanisms [26]. RAG combines retrieval-based models, which fetch relevant documents or data,
with generative models like GPT-3 and GPT-4, which generate coherent responses based on retrieved
information. This approach addresses some limitations of pure generative models, such as
hallucinations, by grounding responses in real, retrieved data [27]. Techniques like semantic entropy
analysis also help detect and reduce hallucinations, increasing the reliability of LLMs in clinical
applications [28]. Additionally, the recently introduced "Thermometer” method offers a novel
approach to preventing Al models from becoming overly confident in incorrect answers by
continuously evaluating their confidence levels across different predictions. This method helps in
reducing overconfidence-related errors, making Al models more reliable and safer for clinical use
[29].

The rapid advancement of GPT models and the integration of technologies like multimodal
content generation, prompt engineering, and RAG carry the potential of reshaping healthcare
communication and decision-making. However, the integration of Al in healthcare raises ethical and
safety considerations. Chatbots, while potentially beneficial for patient communication, must be
carefully managed to ensure they contribute positively to medical practice and patient well-being,
and prevent any harmful outcomes. For instance, there is a risk that chatbots could mislead
individuals with depression, potentially exacerbating their condition [30]. Ensuring the ethical and
safe deployment of Al involves rigorous evaluation, transparent communication of limitations, and
continuous monitoring to prevent misuse and harm. These issues are discussed in detail later in this

paper.
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Here is the illustration showcasing the various uses and applications of generative Al and large

language models (LLMs) in medicine and healthcare. The image highlights key areas such as drug
discovery, medical imaging, personalized medicine, virtual health assistants, Al-driven diagnostics,
robotic surgery, and Al in mental health. The infographic-style design makes it easy to understand

how Al is transforming different aspects of healthcare.
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Figure 1. Al-generated image and text description in response to the prompt “generate an image
illustrating the different generative Al and LLM uses and applications in medicine and healthcare.”
Note the malformed and misspelled text towards the top right part of the image (it was probably
meant to read “personalized medicine”). This is a common observation with current models.
Generator: OpenAl's DALL-E 3, September 1, 2024; Requestor: Maged N. Kamel Boulos; License:
Public Domain (CCO0).

3. Applications and Implications of Generative AI and LLMs in Medicine

This paper is meant as an incremental update to our original 2023 review [11]. As such, many of
the applications, application examples, and issues discussed in the previous review will not be
repeated here. For a more comprehensive overview of the subject, interested readers are advised to
consult both papers together as one extended text.

3.1. Can We Trust Generative AlI? Is It Clinically Safe and Reliable?

The integration of generative Al in healthcare offers transformative potential, from streamlining
clinical tasks and improving diagnostic accuracy to providing health insights and aiding in disease
prediction. However, as rightly noted by Hager et al. [6], LLMs are not yet ready for autonomous
clinical decision-making. Significant concerns have been raised regarding LLM output quality
variability, bias, ethical issues, and the need for robust regulatory frameworks, all of which must be
satisfactorily addressed to ensure the safe and effective use of these technologies [6].

A number of studies have shown that generative Al cannot reliably extract and summarize
information from unstructured clinical notes, e.g., [31,32], and guidance is being issued by concerned
bodies for that purpose; for example, the Royal Australian College of General Practitioners (RACGP)
guidance on using Al scribes in practice [34] and the Australian Health Practitioner Regulation
Agency (Ahpra) and National Boards guidance on meeting professional obligations when using Al
in healthcare [35]. The RACGP guidance reminds general practitioners that they are liable for errors
within patient health records even if they were generated by an Al scribe and that they must obtain
patient consent to use an Al scribe in the consultation. Ahpra's guidance clearly states that
“practitioners must apply human judgment to any output of AL”
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In an effort to address the challenge of “faithfulness hallucinations” in Al-generated medical
summaries, Mendel Al, a US-based startup specializing in healthcare Al, in collaboration with UMass
Ambherst, used Hypercube, a tool for the automated detection of LLM hallucinations, to mitigate the
high costs and time associated with a completely manual review of LLM-generated medical record
summaries. Hypercube integrates medical knowledge bases, symbolic reasoning and NLP to detect
hallucinations, allowing for an initial automated detection step before human expert review. If left
undetected, these hallucinations can pose significant clinical risks to patients, and lead to
misdiagnoses and inappropriate treatments [32].

The remainder of this subsection explores the regulatory, ethical, and practical challenges
associated with implementing generative Al in clinical settings and public health, emphasizing the
importance of comprehensive standards, human oversight, and collaboration among stakeholders.

3.1.1. Regulation, Regulatory Frameworks, and Ethics

Goodman et al. underscored the potential of LLM-generated summaries to streamline clinical
tasks and reduce physician burnout. However, significant concerns were raised regarding their
variability, potential for bias, and the lack of US FDA oversight. The authors emphasized the
necessity for comprehensive standards, rigorous testing, and regulatory clarifications to ensure the
safe and effective use of LLMs in clinical settings. It was pointed out that LLMs can exhibit
sycophancy bias, tailoring responses to perceived user expectations, which may lead to confirmation
biases in clinical decision-making. Additionally, small errors in summaries, such as adding words
not present in the original data, can significantly impact clinical outcomes. The authors advocated for
comprehensive standards and careful prompt engineering to mitigate these issues and ensure the
safe use of LLMs in clinical environments [35].

Bharel et al. highlighted the critical importance of ethical considerations and robust regulatory
frameworks for the safe and effective implementation of Al in public health. It called for
comprehensive guidelines to address issues such as data privacy, bias, and accountability in Al-
driven healthcare solutions. Moreover, it stressed the need for collaboration between policymakers,
healthcare professionals, and Al developers to create regulations that ensure transparency and public
trust in Al technologies [36].

The regulatory landscape for Al as a medical device (AlaMD) [37] is evolving, with some voices
questioning the suitability of current regulatory frameworks. Google MedLM [38], for example, poses
unique regulatory challenges (for any clinical application based on it) as it may be classified as
software of unknown provenance (SoUP), complicating its path to approval [39]. Future clinical
solutions incorporating Google MedLM and similar developments will need to meet stringent
regulatory requirements set by agencies worldwide, potentially necessitating new or updated
regulatory paradigms [40]. These concerns are echoed in recent discussions about the need to update
regulatory frameworks that were originally optimized for earlier generations of Al. Howell et al.
describe three epochs of Al with fundamentally different capabilities and risks: AI 1.0 or rule-
based/symbolic Al, Al 2.0 or deep learning models, and Al 3.0 covering foundation models and
generative Al [41]. As of 7 August 2024, the US FDA has approved 950 SaMDs that fall under Al
1.0/AI 2.0 but none that belong to AI 3.0 [42].

Blumenthal and Patel argue that the current approaches to assuring Al safety and efficacy are
optimized for older forms of Al and that the regulation of clinical generative Al may require the
development of new regulatory paradigms that can specifically address the complexities of LLMs
[40]. It is noteworthy that the two articles by Blumenthal and Patel [40] and Howell et al. [41], whilst
representing important contributions to the ongoing debate on the subject of medical generative Al
regulation, feature Google employees among their authors. Caution should be exercised against
potential conflicts of interest, especially when influential companies like Google are involved in
shaping new regulation. This is not to say that these companies should not be involved in formulating
new regulation. They should be included as a key (but not sole) stakeholder, and their contribution
is vital, as without these companies and their very costly generative Al infrastructure and research,
we would not have gotten to where we are today (e.g., [43]). However, it should always be
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remembered that current regulation focuses on claims, efficacy and safety —principles that do not
and should never change across Al generations. Any new clinical generative Al regulation should
not attempt to “dilute” existing quality and safety principles and standards in any way, but should
rather evolve to maintain or improve upon the high standards that SaMD/AIaMD regulation adheres
to today. Reform is inevitable and more agile regulatory changes are coming [37] that can better
address the complexities of generative Al and the fast pace of developments in this field, protect
patients, and encourage responsible innovation.

Blumenthal and Patel [40] are joined by Derraz et al., who similarly argue that current regulatory
frameworks are a “de facto blocker to Al-based personalized medicine” and that new regulatory
thinking and approaches are necessary to overcome this situation [44]. In the same vein, Freyer et al.
call for a new regulatory framework that recognizes the capabilities and limitations of generative Al
applications, but stress that this should be done while also enforcing existing regulations [45].

In August 2024, the UNESCO published its “Consultation Paper on Al Regulation - Emerging
Approaches Across the World” in which it described nine non-mutually-exclusive regulatory
approaches [46]. Medical Al regulatory frameworks (current and future) in different countries will
often combine two or more of these approaches:

1. Principles-based approach: Offers core principles guiding the ethical and responsible creation
and use of Al systems, emphasizing human-centered processes and respect for human rights.

2. Standards-based approach: Transfers state regulatory authority to organizations that develop
technical standards to interpret and enforce mandatory rules.

3. Agile and experimentalist approach: Creates adaptable regulatory frameworks, like sandboxes,
that allow businesses to test new AI models and tools under flexible regulations with
government oversight.

4.  Facilitating and enabling approach: Fosters an environment that promotes the development and
use of ethical and human rights-compliant Al by all stakeholders.

5. Adapting existing laws approach: Updates sector-specific and general laws to improve the
current regulatory system for Al

6. Access to information and transparency mandates approach: Mandates transparency measures
to ensure public access to basic information about Al systems.

7.  Risk-based approach: Implements requirements based on the risk levels associated with using
Al in various contexts.

8. Rights-based approach: Sets obligations to protect individuals’ rights and freedoms when using
Al

9. Liability approach: Establishes accountability and penalties for the misuse of Al systems.

Schmidt et al. compiled a collection of 141 binding policies applicable to Al in healthcare and
population health in the EU and 10 European countries. They concluded that specific Al regulation
is still nascent, and that the combination in place today of existing data, technology, innovation, and
health and human rights policies is already providing a baseline regulatory framework for Al in
health, but needs additional work to address specific regulatory challenges [47].

The European Union’s Al Act, which came into force on 1st August 2024 [48], introduces an
additional regulatory layer requiring manufacturers to address Al-specific risks and ethical
considerations in any medical application or device incorporating AI or machine learning
functionalities. This act underscores the importance of aligning with both standard medical device
regulations (MDR) and the new Al Act-specific requirements to ensure the safe and effective
deployment of Al technologies in healthcare [49,50]. It is worth noting that the EU Al Act was the
subject of strong lobbying efforts by big tech companies and EU member states to weaken much of
its power through an overreliance on self-regulation and self-certification among other things [51].

The evaluation of Al-based clinical interventions is closely related to their regulation. Evaluation
provides much of the evidence required by the governing regulatory frameworks to secure
regulatory body approval for the mainstream use of these interventions. However, executing the
ideal clinical trial for an Al-based intervention has always proved challenging, and because of this,
we have hundreds of medical algorithms (non-generative-Al-based) that received approval on the
basis of limited clinical data, which is far from ideal. The testing and evaluation of such interventions
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is inherently tricky; for example, a perfectly good algorithm can fail if clinicians (or patients) ignore
its suggestions. Other evaluation challenges include Al bias and informed patient consent [52].
Generative Al algorithms are no exception.

This situation has led Coiera and Fraile-Navarro to propose a shift in the focus of generative Al
evaluation from reliance on ‘premarket assessment’ to ‘real-world postmarket surveillance’. They
argue that traditional scientific methods may not be sufficient to evaluate generative Al, and that
viewing it as a cybersocial ecosystem rather than as a specific technology may help with its global
performance analysis, such as evaluating resilience and sustainability under changing conditions or
tasks [53].

With the fast pace of generative Al and LLM developments, the continual mapping ongoing
research on their applications in medicine and healthcare has become necessary to inform and
regularly update the corresponding ethical frameworks, ensuring that these technologies are adopted
responsibly and effectively. Ong et al. discussed the benefits of LLMs in medical research, education,
and clinical tasks, emphasizing the associated challenges and ethical concerns, including data
privacy, cognitive and automation biases, and accountability. They went on to propose a bioethical
framework based on the principles of beneficence, nonmaleficence, autonomy, and justice to ensure
responsible use of LLMs in medicine. They highlighted the importance of human oversight,
transparency, and the need for regulations to mitigate risks while harnessing the benefits of these
advanced Al technologies [54,55].

Haltaufderheide and Ranisch conducted a systematic review on the ethics of ChatGPT and other
LLMs in medicine, identifying four broad LLM application categories (covering health professionals
and researchers, patient support, clinical applications, and public health) and a number of recurring
ethical issues related to epistemic values (reliability, transparency, hallucinations), therapeutic
relationships, and privacy, among others. They also noted the recurrent calls for ethical guidance and
human oversight in this area, and proposed shifting the focus of the ethical guidance discussion
towards establishing clear definitions of acceptable human oversight in various applications, taking
into account the diversity of settings, risks, and performance standards that are involved [56].

3.1.2. Bias and Harm

The use of LLMs in healthcare offers significant benefits but also raises concerns about bias and
potential harm. Several studies have explored the performance and biases of LLMs compared to
human clinicians.

Levkovich et al. compared ChatGPT-3.5 and ChatGPT-4 with primary care physicians in
diagnosing and treating depression. Key findings include that ChatGPT models recommended
psychotherapy for mild depression in over 95% of cases, significantly more than primary care
physicians, and showed no significant gender or socioeconomic biases, unlike primary care
physicians. ChatGPT favored antidepressants alone more often, while physicians preferred
combining antidepressants with anxiolytics/hypnotics. This study suggested that ChatGPT aligns
well with clinical guidelines and reduces biases, but further research is needed to ensure Al reliability
and safety in clinical settings [57].

While some studies like the one above suggest that ChatGPT may exhibit more powerful and
less biased capabilities compared with humans, the potential harms of LLMs must be addressed.
Omiye et al. examined whether four LLMs (Bard, ChatGPT, Claude, GPT-4) spread harmful race-
based medical content. They found that all LLMs tested showed instances of promoting outdated
race-based medical practices, and their responses varied with question phrasing. This inconsistency
and propagation of debunked racist medical ideas highlight the need for caution in their clinical use
and call for further evaluation and adjustments [58].

Advances in reducing bias are also being made. Singhal et al. discussed the evaluation of Med-
PalLM 2, highlighting its better performance and lower risk of harm compared to its predecessor.
Med-PaLM 2 was tested on adversarial datasets to identify its limitations and potential biases.
Although progress has been made in reducing biases and harmful outputs, further validation and
safety studies are necessary for real-world applications [59].
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Kim et al. evaluated biases in responses from Al chatbots (ChatGPT-4 and Bard) and clinicians.
Their study showed that both AI chatbots and clinicians displayed biases based on patient
demographics, and that ChatGPT and Bard varied in treatment recommendations, sometimes
aligning with or diverging from clinician biases. Specific vignettes showed discrepancies in diagnoses
and treatments, indicating biases in both Al and human decision-making. They concluded that while
Al chatbots can assist in medical decision-making, their responses are not bias-free, necessitating
further research to prevent perpetuating health disparities [60].

3.1.3. Model Explainable Capacity and Performance

Understanding the explainability and performance of Al models in healthcare is crucial for their
reliable and effective use. This subsection delves into the methodologies for visualizing Al model
predictions and compares the triage performance of LLMs and untrained doctors.

A recent study by Lang et al. introduced a novel workflow for understanding the visual signals
in medical images that Al classifiers use for predictions [61]. The approach involves several key steps:
e Train a classifier: Assess whether the medical imagery contains relevant signals for the given

task.

e  StylEx model: Train a StyleGAN-based' image generator guided by the classifier to detect and
visualize critical visual attributes.

e  Attribute visualization: Modify the attributes to create counterfactual visualizations.

e  Expert review: Interdisciplinary experts review these visualizations to form hypotheses about
the underlying mechanisms.

This method was applied across eight prediction tasks and three medical imaging modalities
(retinal fundus photographs, external eye photographs, and chest radiographs). The study identified
attributes capturing clinically known features and unexpected confounders, and new physiologically
plausible attributes that could indicate novel research directions. These findings enhance the
understanding of Al models, improve model assessments, and aid in designing better datasets. The
study concludes by presenting a generative Al-based framework that generates visual explanations
for Al predictions in medical imagery, aiming to improve trust in Al models, facilitate novel scientific
discoveries, and provide a comprehensive understanding of the visual features influencing Al
predictions [61].

While Al explainability is a highly desirable feature, it is not always possible to achieve due to
technology limitations, and Al can still be made useful without it. We should remember in this
context that there are many other things, treatments, and therapies we routinely use in healthcare
today but do not fully understand or cannot fully explain, with reliable evidence, how exactly they
work (mechanism of action), yet we continue using them without waiting for such explanations of
how they work to become available before we can successfully harness them for the benefit of our
patients [62].

Unlike explainability, which might not always be available, understanding the performance of
a given LLM is essential and doable. For example, a recent study by Masanneck et al. compared the
triage performance of LLMs, specifically ChatGPT, and untrained doctors in emergency medicine.
The evaluation used 124 anonymized case vignettes, triaged according to the Manchester Triage
System. The results showed that GPT-4-based ChatGPT model and untrained doctors had substantial
agreement with professional raters, outperforming GPT-3.5-based ChatGPT. The study concluded
that while these LLMs do not yet match professional raters, their performance is comparable to that
of untrained doctors. Future improvements are anticipated with technological advancements and
specific training of these models [63].

3.1.4. Limitations

t StyleGAN is a generative adversarial network (GAN) first introduced by NVIDIA researchers in December 2018.
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The integration of LLMs in clinical decision-making is not without its limitations. Hager et al.
evaluated the performance of a number of Meta Llama 2 LLM derivatives, both generalist (Llama 2
Chat, Open Assistant (OASST), and WizardLM) and medical-domain aligned derivatives (Clinical
Camel and MEDITRON —more on these in subsection 3.4). They used a curated dataset of 2,400
patient cases for their evaluation and identified several key issues [6]:

e Diagnostic accuracy: LLMs performed worse than clinicians in diagnosing diseases and
frequently failed to follow established diagnostic guidelines. This limitation is critical as accurate
diagnosis is the cornerstone of effective medical treatment and patient care.

e Interpretation of data: LLMs struggled with interpreting lab results, following instructions
accurately, and handling varying quantities and orders of information. This issue is particularly
concerning in clinical settings where precise and context-aware interpretation of data is
essential.

¢ Autonomous decision-making: The current capabilities of LLMs are insufficient for autonomous
clinical decision-making without extensive human supervision. This limitation suggests that
while LLMs can assist clinicians, they are not yet ready to replace human decision-making in
critical healthcare environments.

e Integration into clinical workflows: Improvements in fine-tuning and evaluation frameworks
are needed to better integrate LLMs into clinical workflows. This includes developing more
robust training data, improving model transparency, and ensuring that Al-generated
recommendations can be easily understood and validated by human clinicians.

Ando et al. compared the quality of ChatGPT responses to anesthesia-related medical questions
in English and Japanese. They found that English LLM responses were superior in quality to Japanese
responses when assessed by bilingual anesthesia experts [64]. Indeed, generative AI models do not
process or understand natural language the way humans do [65]. Tokenization, the process of
breaking down raw text into smaller units, or tokens, to be processed by an LLM, is a major reason
behind some of the strange LLM outputs and limitations observed today including their worse
performance in non-English languages. Unless there is a significant breakthrough in tokenization, it
appears that new model architectures will be the key to resolving this issue in the future [66].

In summary, while generative Al and LLMs hold immense potential to transform healthcare
through enhanced clinical decision-making, improved diagnostic accuracy, and reduced physician
burnout, significant challenges remain. Concerns about bias, variability, and ethical implications
necessitate robust regulatory frameworks and comprehensive standards. Explainability and
performance of AI models must be enhanced through innovative methodologies, and the limitations
of current models need to be addressed through continuous improvements in training and
evaluation. The safe and effective integration of these advanced technologies in healthcare requires
ongoing research, collaboration among stakeholders, and stringent oversight to ensure they
contribute positively to patient care and clinical practice.

3.2. Applications of Prompt Engineering in Medicine

The application of prompt engineering in medicine involves optimizing the input prompts given
to generative Al models to enhance their performance, reliability, and utility in clinical settings.
Prompt engineering is a critical component in ensuring that Al systems like LLMs generate accurate,
relevant, and contextually appropriate responses, particularly in sensitive areas such as healthcare.

A Forbes article [67] discussed the potential risks doctors face when relying on generative Al to
summarize medical notes. While Al can improve efficiency by creating concise summaries of patient
records, it may also lead to critical information being misinterpreted or omitted, jeopardizing patient
care. The article emphasizes the importance of prompt engineering, ongoing research to establish
standards, and ensuring that Al-generated summaries are always reviewed by qualified healthcare
professionals to maintain accuracy and reliability (cf. Rumale et al. [32]).

Effective prompt engineering is crucial for optimizing the performance of generative Al models.
Goodman et al. highlighted the importance of designing and refining input prompts to significantly
enhance the usability and reliability of Al systems in healthcare settings. For example, specific
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prompt strategies can help guide AI models to produce more accurate and relevant responses, which
is vital for clinical decision-making [35].

A recent study by Patel et al. assessed how different prompt engineering techniques influence
GPT-3.5's ability to answer medical questions. The study compared direct prompts, Chain of Thought
(CoT), and modified CoT approaches using 1,000 questions generated by GPT-4 and 95 real USMLE
Step 1 questions. The analysis revealed no significant differences in accuracy among the prompt
types, with success rates of approximately 61.7% for direct prompts, 62.8% for CoT, and 57.4% for
modified CoT on USMLE questions. This finding suggested that while prompt engineering
techniques like CoT are designed to enhance reasoning, they do not significantly impact the model's
performance on medical calculations or clinical scenarios. Consequently, simpler prompting methods
can be as effective as more complex ones, potentially simplifying the integration of Al tools like
ChatGPT into medical education and clinical practice [68].

3.3. Applications of RAG in Medicine

The use of Retrieval-Augmented Generation (RAG) in medicine enhances the capabilities of Al
models by integrating them with domain-specific knowledge bases and user-provided content. This
section explores notable applications of RAG in medical Al, demonstrating how it can improve
diagnostic accuracy, educational utility, and overall user experience.

Aeyeconsult [69] is an ophthalmology chatbot developed using GPT-4, LangChain, and
Pinecone. Ophthalmology textbooks were processed into embeddings and stored in Pinecone,
allowing user queries to be converted, compared to stored embeddings, and answered by GPT-4.
This method ensures that responses are accurate and based on verified sources. Aeyeconsult
provided citations to the sources used to answer user queries, enhancing transparency and trust. In
a comparative study, Aeyeconsult outperformed ChatGPT-4 on the OKAP (Ophthalmic Knowledge
Assessment Program) dataset, achieving 83.4% correct answers compared to 69.2%. Aeyeconsult also
had fewer instances of no answer and multiple answers. Both systems performed best in General
Medicine, with Aeyeconsult achieving 96.2% accuracy. Although Aeyeconsult’s weakest
performance was in Clinical Optics at 68.1%, it still outperformed ChatGPT-4 in this category (45.5%).
These results highlighted the effectiveness of integrating RAG approaches to enhance the
performance of medical chatbots.

NVIDIA’s ‘Chat with RTX' is a free tool for building a custom LLM using a RAG approach. A
recent paper described using it to enhance the educational utility of electronic dermatology textbooks.
The resultant custom dermatology AI chatbot can improve the self-study potential of electronic
textbooks by going beyond standard search and indexing functions. The chatbot is cloud independent
(i.e., runs fully locally on the user’s machine), making it affordable and easy to set up without
requiring high technical expertise whilst protecting copyrighted and other sensitive data (by not
having to upload them to remote servers) and offering more flexibility to users, by allowing them to
run the software in places and situations where there is no Internet connection. The demonstrated
custom Al chatbot can answer dermatology-related queries, generate quizzes, and cite sources from
the imported content, enhancing the learning experience. This approach demonstrates a promising
way to maximize the educational value of digital reference materials in dermatology (and other
medical disciplines), offering a more interactive and intelligent self-study tool. By integrating user-
provided content and leveraging RAG technology, the custom dermatology Al chatbot built with
‘Chat with RTX’ carries the potential of augmenting the accessibility and effectiveness of dermatology
education [70].

Other notable RAG-enabled clinical examples include LiVersa, a liver disease-specific LLM [71]
and a recent study by Ye that explored a learning-to-rank approach to enhance RAG-based electronic
medical record (EMR) search engines by tailoring search results to users’ specific search semantics.
Ye’s reported method involves user labeling of relevant documents, refining word similarities using
medical semantic embeddings, and re-ranking new documents based on identified relevant
sentences. The system demonstrated superior performance compared to baseline methods, achieving
higher Precision-at-10 (P@10) scores with minimal labeled data. The approach improved the accuracy
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of RAG models in extracting and explaining complex medical information, such as cancer
progression diagnoses, highlighting the potential of user-tailored learning-to-rank methods to
support clinical practice and improve the reliability of Al-generated medical insights [72].

While RAG technology can reduce a model’s hallucinations by grounding the generated content
in retrieved, verified data, it is not a complete solution to the hallucination problem [73]. RAG
mitigates but does not entirely prevent AI hallucinations. This limitation arises because the
generative component can still synthesize incorrect or misleading content, even when the retrieval
mechanism supplies accurate information. Therefore, while RAG enhances the reliability of LLMs,
continuous improvements in both retrieval methods and generative accuracy are necessary for these
tools to become fully reliable in clinical applications.

3.4. Medicine-Specific LLMs

The development of medicine-specific LLMs has significantly advanced the field of medical Al
offering specialized capabilities for clinical and personal health applications. This subsection reviews
several notable models, their development, performance, and potential implications for healthcare.

Med-PaLM [74], introduced by Google Research in December 2022, laid the groundwork for
specialized medical LLMs. Following this, Med-PaLM 2 [59] was also developed by Google Research,
with the model published in March 2023. Building on its predecessor, Med-PaLM 2 incorporated
medical domain-specific fine-tuning and a novel ensemble refinement prompting strategy to enhance
its medical reasoning capabilities. It achieved state-of-the-art results on several medical question-
answering benchmarks, including a significant improvement over its predecessor. It scored 86.5% on
the MedQA dataset (a multiple-choice question answering based on the United States Medical
Licensing Examination (USMLE)), outperforming previous models by a notable margin. Human
evaluations indicated that Med-PaLM 2’s answers were preferred over physician-generated answers
on multiple axes relevant to clinical utility, such as factuality, reasoning, and low likelihood of harm.
The model also showed substantial improvements in answering complex medical questions and
demonstrated better performance and lower risk of harm compared to its predecessor when tested
on adversarial datasets. Despite these findings, the study cautioned that further validation and safety
studies are necessary before applying the model to real-world settings [59].

Published in November 2023, MEDITRON-70B [75] is an open-source suite of LLMs tailored for
the medical domain, available in two versions with 7 billion and 70 billion parameters. Built on Meta’s
Llama-2, these models are pretrained on a comprehensive medical corpus, including PubMed articles
and medical guidelines. MEDITRON-70B outperforms several state-of-the-art baselines, including
GPT-3.5 and Med-PalLM, showing significant gains in medical reasoning tasks. However, despite its
strong performance, its creators, Chen et al. [75], advised against using MEDITRON in clinical
applications without further testing due to safety concerns.

In April 2024, Google DeepMind introduced the Med-Gemini family of models [76], offering
highly capable multimodal models specialized in medicine. Med-Gemini models achieve state-of-
the-art performance on 10 out of 14 medical benchmarks, including a 91.1% accuracy on the MedQA
(USMLE) benchmark, surpassing previous models like Med-PaLM 2. These models excel in handling
complex medical tasks involving text, images, and long-context data, outperforming GPT-4V in
several benchmarks. Med-Gemini demonstrates practical applications in generating medical
summaries, referral letters, and engaging in multimodal medical dialogues. The models have shown
potential to assist in clinical decision-making, medical education, and research, although further
rigorous evaluation is needed before deployment in real-world clinical settings.

Introduced in June 2024, Google’s Personal Health Large Language Model (PH-LLM) [77] is a
version of Gemini fine-tuned for text understanding and reasoning over numerical time-series
personal health data, particularly focusing on sleep and fitness applications. This model integrates
mobile and wearable device data, often neglected in clinical settings, for continuous and longitudinal
personal health monitoring. PH-LLM was evaluated on three benchmark datasets for personalized
insights and recommendations, expert domain knowledge, and prediction of self-reported sleep
quality outcomes. Working with domain experts, its creators developed 857 case studies in sleep and
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fitness to demonstrate model’s capabilities. The model performed comparably to human experts in
fitness and showed significant improvements in sleep insights after fine-tuning, achieving 79% on
sleep medicine exams and 88% on fitness exams, surpassing human expert average scores. This
underscores the potential of integrating wearable device data into Al models for personalized health
recommendations and monitoring, although further development and evaluation are necessary for
application in safety-critical personal health domains.

Around the same time in June 2024, the Personal Health Insights Agent (PHIA) was introduced,
also by Google researchers [78]. PHIA is an agent system leveraging LLM capabilities for analyzing
and interpreting wearable health data to generate personalized health insights. Utilizing iterative
reasoning, code generation, and web search, PHIA addresses personal health queries effectively. This
model was evaluated using two benchmark datasets comprising over 4,000 health insights questions
for objective and open-ended evaluation. Human and expert evaluations demonstrated PHIA’s
accuracy in addressing factual and open-ended health queries, outperforming standard LLM
baselines. It accurately addressed over 84% of factual numerical questions and more than 83% of
crowdsourced open-ended questions, providing personalized health insights that can serve as an aid
to individuals in interpreting their wearable data and potentially improving their health behaviors.
The results highlight the potential for LLM agents to advance behavioral health, making personalized
wellness regimens more accessible.

In a randomized study assessing the differential diagnosis (DDx) accuracy for 302 NEJM (New
England Journal of Medicine) Clinicopathological Conference (CPC) series case reports, a specialized
LLM (Google Med-PaLM 2) was compared with 20 physicians (US board-certified internists with a
median of 9 years of experience). Each case report was assessed by two clinicians randomized to one
of two assistive arms: search engines and standard medical resources, or LLM assistance in addition
to these tools. Clinicians in both groups also provided a baseline, unassisted DDx prior to using their
assigned tools. The study revealed that Med-PaLM 2 performed better on its own than unassisted
clinicians. Additionally, when comparing the two groups of assisted clinicians, those supported by
Med-PaLM 2 achieved a higher DDx quality score, highlighting the growing potential of LLMs in
supporting complex medical decision-making tasks [79].

4. Discussion

The development of medicine-specific Large Language Models (LLMs) such as Med-PalLM,
MEDITRON-70B, Med-Gemini, PH-LLM, and PHIA showcases the rapid advancements and
potential of these models to enhance healthcare delivery and personalized health monitoring. These
models demonstrate significant improvements in medical reasoning, diagnostic accuracy, and
practical applications, offering new possibilities for clinical decision support, patient communication,
and educational tools.

The integration of Retrieval-Augmented Generation (RAG) and prompt engineering in medical
applications, as demonstrated by tools like Aeyeconsult [69] and the custom dermatology Al chatbot
built using NVIDIA’s ‘Chat with RTX’ [70], further enhances the capabilities of Al models by
combining generative Al with domain-specific knowledge bases. These advancements improve
diagnostic accuracy, educational utility, and user experience by providing precise, contextually
relevant answers and interactive learning tools.

However, despite these promising developments, significant challenges remain. The risks
associated with bias, hallucinations, and ethical concerns necessitate ongoing research and the
establishment of robust safety protocols to ensure the responsible use of Al in medicine. Additionally,
the regulatory landscape must evolve to keep pace with these advancements, ensuring that Al tools
meet the high standards required for clinical use while safeguarding patient safety and privacy.

To sum up, while generative Al and LLMs hold immense potential to transform healthcare, their
successful integration into clinical practice and personal health management will require continuous
collaboration among stakeholders, including regulatory bodies, patients/patient advocates,
healthcare professionals, industry representatives, the academia, government partners, and
international organizations (e.g., IMDREF, the International Medical Device Regulators Forum, and
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ICH, the International Council for Harmonization of Technical Requirements for Pharmaceuticals for
Human Use) [80]. Success will also be dependent on rigorous testing and a commitment to addressing
the ethical and regulatory challenges that lie ahead. The future of Al in medicine is bright, but will
require careful stewardship to realize its full potential in improving patient care and healthcare
outcomes.

It should be noted that, while this paper attempted to cover as much topic breadth (bird's-eye
view) as possible, as an incremental update to our 2023 review on the same subject [11], there are
additional innovative applications of generative Al and LLM technology in healthcare that we were
not able to discuss without making this paper unduly long. Among these, a few notable applications
stand out that deserve mentioning, albeit very briefly, before concluding this review. They include
Huma'’s cloud generative Al builder, which automates or semi-automates the generation and coding
of new healthcare applications from text inputs, demonstrating the potential of Al to streamline app
development processes [81]. Another application worth noting is the integration of Brain-Computer
Interface (BCI) technology with ChatGPT by Synchron, which offers a glimpse into the future of
assistive technologies, where generative AI could help users with neurological impairments
communicate and control devices more effectively [82-84]. Finally, generative Al is also being used
in the development of health digital twins [85], as well as in drug discovery [86] and drug
repurposing [87].

5. Conclusion

The applications of generative Al in medicine and healthcare have come a long way since the
initial public launch in November 2022 of OpenAl’s ChatGPT, a general-purpose LLM. ChatGPT and
other general-purpose LLMs have greatly and rapidly improved afterwards, and continue to do so,
with OpenAl said to be working on a new approach and LLM (codenamed ‘Strawberry” and ‘Orion’
respectively [88]) that will have the ability to do more complex reasoning and context-sensitive
solving instead of just mere pattern recognition and word prediction. Furthermore, the medical and
healthcare arena witnessed the release of specific-purpose and narrow-focus (medically-trained)
LLMs (such as Google Med-PaLM), and the adoption of promising methods such as retrieval-
augmented generation and more robust applications involving clusters of multiple specialized LLMs
working together (as seen in Hippocratic Al [89]), all of which are intended to improve the efficacy
and reliability of generative Al applications in medicine.

As we move beyond the initial hype surrounding generative Al in medicine and healthcare (the
‘peak of inflated expectations’), we realize there is still a long way to go to properly regulate these
applications and better mitigate or overcome their current limitations in order to make them ready
for safe mainstream clinical use and ultimately reach their ‘plateau of productivity’.

To supplement this article, given the fast pace of developments in this area, we have made
publicly available a Web page at [90] featuring a regularly updated archive of Web pointers to
handpicked news, posts and articles about generative Al in medicine and healthcare.
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