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a b s t r a c t 

The advent of chat generative pre-trained transformer (ChatGPT) and large language models (LLMs) has revolu- 

tionized natural language processing (NLP). These models possess unprecedented capabilities in understanding 

and generating human-like language. This breakthrough holds significant promise for critical care medicine, 

where unstructured data and complex clinical information are abundant. Key applications of LLMs in this field 

include administrative support through automated documentation and patient chart summarization; clinical deci- 

sion support by assisting in diagnostics and treatment planning; personalized communication to enhance patient 

and family understanding; and improving data quality by extracting insights from unstructured clinical notes. 

Despite these opportunities, challenges such as the risk of generating inaccurate or biased information “halluci- 

nations ”, ethical considerations, and the need for clinician artificial intelligence (AI) literacy must be addressed. 

Integrating LLMs with traditional machine learning models – an approach known as Hybrid AI – combines the 

strengths of both technologies while mitigating their limitations. Careful implementation, regulatory compliance, 

and ongoing validation are essential to ensure that LLMs enhance patient care rather than hinder it. LLMs have 

the potential to transform critical care practices, but integrating them requires caution. Responsible use and 

thorough clinician training are crucial to fully realize their benefits. 
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ntroduction 

The introduction of chat generative pre-trained transformer

ChatGPT) has sparked an unprecedented interest in the possi-

ilities of natural language processing (NLP), a subfield of ar-

ificial intelligence (AI). For the first time, we witness systems

hat are capable of processing data and generating highly ac-

urate human-like outputs. Unlike traditional machine learning

ML) models, which are typically designed for single, narrow

asks, large language models (LLMs) excel in their ability to

erform multiple diverse functions within a single framework.

his versatility enables applications ranging from natural lan-

uage understanding to multimodal data processing. As these

ystems are becoming increasingly powerful, this breakthrough

romises significant implications for any discipline, medical or
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on-medical. For critical care, these developments could open

ew possibilities for enhancing patient care and clinical work-

ows. The rapid pace of advancement in this field raises the

uestion if these developments will transform the landscape of

ritical care. Therefore, this article aims to set out the history,

urrent applications, limitations, and future prospects of LLMs

or critical care medicine. 

istory of LLMs 

As the name suggests, LLMs are characterized by their sizes.

oth in terms of the massive datasets they are trained on, as well

s the extensive number of numerical parameters (often billions)

hat are involved to process and generate human language in a

ultitude of languages. As language contains information, after
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i  
raining, these parameters seem to encode extensive knowledge.

ost LLMs rely on a deep learning network architecture known

s transformers , which were introduced in a revolutionary paper

y Vaswani et al. [1] in 2019. This marked the start of a rapidly

volving set of highly proficient and scalable NLP models.[ 2 ] 

ost notably, this resulted in the introduction of ChatGPT in

ovember 2022,[ 3 ] a novel way of interacting with the under-

ying transformer LLM for public users, who had not yet been

amiliar with this technology. Since then, the technology has fur-

her evolved and is seeing more and more useful applications,

eyond mere chatting with an AI chatbot, such as AI-powered

utomation. For example, LLMs are used for large-scale doc-

ment processing, automated data extraction, summarization,

ontent creation, and enhancing search engine capabilities. In

ddition to processing text, transformers can be set up to pro-

ess multi-modal input, such as images, sensory data, or lab

esults.[ 4 , 5 ] Even more, some of the most recent LLMs are capa-

le of outputting audio based on real-time audio input, rather

han text in-text out. As a result, it is possible to communicate

ith AI as if the user is communicating through the phone.[ 6 ] 

hile still in its early stages, this opens new doors for more in-

eractive ways of utilizing LLMs. 

LMs in Healthcare 

As LLMs excel at processing unstructured data, they are po-

entially well-suited to healthcare settings. Clinical notes, pa-

ient histories, and medical literature are abundant in health-

are and, until recently, were not effectively accessible through

raditional data science methods. Because LLMs are trained in a

iverse set of various languages, they contain a massive amount

f inherent general knowledge. However, as medical jargon is

 subset of various languages, it could be argued that general-

urpose LLMs might not be completely capable of capturing

ertain intricacies in medicine. The understanding of nuanced

linical language, treatment guidelines, and rare medical condi-

ions often requires specialized contextual knowledge that early

eneral-purpose LLMs seemed to lack. To mitigate this limita-

ion of general-purpose LLMs, specialist LLMs were tailored for

ealthcare by specifically training them on medical texts, in-

luding clinical guidelines, medical literature, and patient notes.

 notable example includes Med-PaLM Multimodal (Med-PaLM

),[ 7 ] which was introduced in July of 2023 by Google. It is

 single model that is capable of performing a multitude of

asks, including medical question answering, image interpreta-

ion, and radiology report generation. Impressively, it has shown

o reach near state-of-the-art performance on all 14 tasks in-

luded in their benchmark. It is however important to note

hat general-purpose LLMs are advancing at a pace that exceeds

he development of specialized healthcare models, with impres-

ive results for healthcare applications. For example, the GPT-

 model passes the United States Medical Licensing Examina-

ion (USMLE) with an overall average score of 86.7%.[ 8 ] Sim-

lar scores have been seen in more specialized fields such as

ephrology[ 9 ] and Oncology.[ 10 ] 

se Cases 

The use cases for critical care, and healthcare in general, are

yriad. To illustrate this, a major electronic health record (EHR)

endor is currently working on 60 different AI implementations
114
or their EHR system, including LLM-based implementations,

ome of which are already commercially available.[ 11 ] LLM ap-

lications can be categorized into their intended use (e.g., ad-

inistrative support, clinical decision support [CDS], personal-

zing communication, logistical aid, and improving data quality)

nd the intended end user (e.g., clinician, patient, manager, and

esearcher). From both a legal and implementation standpoint,

or each LLM application, it is important to have a clear notion

f its intended use and the intended end user. More importantly

or each application validation and effects due to various biases

nd maintenance of the aforementioned must be clear. We will

ow discuss various LLM applications that could be of potential

alue in critical care medicine. 

dministrative support 

LLMs show significant potential in reducing the adminis-

rative workload for clinicians by streamlining and optimiz-

ng workflow processes. The following examples illustrate how

LMs can aid clinicians in their administrative tasks. First,

y processing patient data and clinical notes almost instantly,

LMs can generate concise and accurate summaries of patient

tays.[ 12 ] A recent study (that has not yet been peer reviewed)

hows that LLM-generated summaries were non-inferior to

hysician-written summaries in terms of completeness and cor-

ectness while being 28 times faster than the clinician.[ 13 ] Clin-

cal note summarization can be expanded by adding labora-

ory results, radiology reports, and vitals. Therefore, patient

hart summarization can be particularly advantageous for pro-

onged patient stays with cluttered documentation. This en-

ures that essential yet scattered information from the patient

hart is collected in one summary and communicated effec-

ively to subsequent healthcare providers. Another useful LLM

pplication is LLM-based chart search, where information can

e quickly extracted by answering specific queries by health-

are professionals.[ 14 ] For instance, a clinician may need a rapid

verview of a patient’s recent lab results, medication changes, or

otable events during their hospital stay. By querying the LLM,

he clinician can retrieve this information immediately, which

an be extremely valuable in urgent critical care situations. Fur-

hermore, LLMs seem to be particularly useful in reducing the

dministrative burden for clinicians when combined with audio

ecordings and a transcription service.[ 15 ] This is called ambi-

nt listening . In the intensive care unit (ICU), a plethora of po-

ential use cases can be considered valuable, for example, dur-

ng rounds, during family conversations, or during multidisci-

linary meetings. The first stage of ambient listening maturation

n clinical practice would be automatic structured documenta-

ion. The second stage would be to combine this technology with

utomatic administrative actions or ordering.[ 16 ] When ambi-

nt listening technology is implemented in clinical practice, it is

aramount that it is thoroughly clinically tested and validated,

nd that the clinician is always obliged to review and confirm

he prepared notes and orders before they are made part of the

atient chart. 

DS 

In addition to optimizing workflows, LLMs show potential

n assisting clinicians with medical reasoning, where they sug-
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est differential diagnoses, diagnostic tests, or treatment op-

ions based on physician input. LLMs have been shown to per-

orm similarly to physicians in diagnostic accuracy and clini-

al reasoning,[ 17 ] or even outperform clinicians in making rare

nd complex diagnoses.[ 18 ] These capabilities can extend to

roviding diagnostic insights by integrating patient data and

edical knowledge, offering treatment suggestions aligned with

vidence-based guidelines, and supporting prognostic predic-

ions. When using AI for CDS, a concern with typical deep learn-

ng models is that they are often perceived as black box models

ue to their inherent complex architecture that compromises

xplainability.[ 19 ] However, LLMs can be prompted to provide

easoning to make the output interpretable,[ 20 ] which may re-

uce these concerns by enhancing transparency in the model’s

esponses. 

However, it must be noted that when an LLM is used to assist

n diagnosing or treatment, it could be considered a medical de-

ice, and therefore, could fall under specific legislation such as

he Food and Drug Administration (FDA) in the United States or

he Medical Device Regulation (MDR) in Europe. This prohibits

he tool’s use until it has passed a comprehensive evaluation

o confirm it meets specific quality standards, including clinical

roof of safety and efficacy, which often necessitates random-

zed controlled trials (RCTs). This requirement limits the rapid

doption of LLMs for CDS in healthcare. Additionally, when us-

ng publicly accessible LLMs such as ChatGPT with medical data,

t could result in data leakage and therefore, breaching doctor-

atient confidentiality. Therefore, caution is advised. 

ersonalized communication 

LLM-based chatbots have the capability to adapt their

anguage to the specific user’s needs. Notably, their output

as demonstrated a level of empathy that exceeds that of

linicians.[ 21 , 22 ] These tools could therefore be utilized to im-

rove patient communication and understanding, for example,

y translating medical jargon into layman’s terms and adapt-

ng the language as needed, based on the input of the user. An

xample of this is the generation of a supplemental discharge

ummary in patient-friendly language.[ 23 ] Additionally, their in-

eractive nature allows patients to ask questions, further en-

ancing their understanding of complex medical information. In

ealthcare, such adaptability could significantly enhance health

iteracy among patients. In critical care, specifically, patients

nd families often experience a lack of clarity in communica-

ion regarding diagnosis and prognosis[ 24 ] by their healthcare

roviders and express a need for more detailed and understand-

ble communication. LLM-based chatbots could offer a solution

y providing clear and accessible explanations of complex med-

cal information, in an interactive way. 

ogistical aid 

LLMs in the ICU can also be useful outside of individual pa-

ient care. Outside of healthcare, LLMs have been used for com-

lex supply chain management by using agents.[ 25 ] Agents are

utonomous software entities capable of performing complex

ultimodal tasks independently or collaboratively within a sys-

em. Although actual use in healthcare is still limited, the poten-

ial for LLM-based agents in critical care logistics could be signif-
115
cant. For instance, LLM-based agents could be used to dynami-

ally predict ICU bed availability, coordinate the distribution of

upplies such as medication, and adjust staffing levels based on

atient acuity and forecasted demand. Traditional ML models

re typically designed for narrow tasks, have limited adaptabil-

ty, and often require retraining. In contrast, LLM-based agents

re more flexible and are able to handle diverse and multimodal

asks in real time potentially making them better suited for the

ynamic ICU environment. However, no studies have yet been

erformed on the application of LLM-based agents in critical

are. 

mproving data quality 

Due to the high amount of monitoring and high frequency

f measurements that is inherent to the ICU, there is a high

mount of structured data continuously being produced in crit-

cal care. While this abundance of data has already been shown

o enable big data research, there remains a large portion of

nused high-quality data in the form of unstructured patient

otes. These notes contain intricacies that are not available in

tructured data, such as detailed patient history, diagnostic re-

orts, and treatment plans. In addition, subtle changes in a pa-

ient’s condition may not be sufficiently captured in structured

ata alone. Furthermore, these notes can give important con-

ext in interpreting the structured data.[ 26 ] Until now, there

as no viable way to make use of this data in a way that is

anageable and scalable. With the advent of LLMs, this may

hange, as LLMs have the capacity to process and extract po-

entially relevant elements from these notes efficiently and at

cale. When this data is effectively used, the implications for re-

earch and personalized medicine are considerable. By integrat-

ng data from unstructured notes, predictive models could more

ffectively alert potential adverse events that may otherwise go

nnoticed.[ 27 ] Furthermore, by utilizing LLMs to improve data

egistration and quality, this would provide feedback on the pre-

ictive AI models already utilized in the ICU. Therefore, this

ould then also improve the accuracy of discriminative ML, such

s prediction models and classifiers. Additionally, LLMs can be

arnessed for data harmonization across institutions, enabling

ig data research at scale.[ 28 ] Indirectly, these improvements in

ata research can enhance the capacity to deliver personalized

edicine. 

imitations and Considerations 

Although LLMs have a high potential to have a transforma-

ive impact on the workflow of critical care in the short term,

here remain caveats that should be taken into account that are

alid throughout healthcare. Despite its potential, it is impor-

ant to recognize that this technology is new, and as with any

ew advancement, its implications for clinical practice remain

argely speculative. The added benefit of LLMs in current medi-

al practice is yet to be established as clinical validation studies

re lacking. The absence of peer-reviewed evidence that demon-

trates the efficacy of LLMs in clinical practice, along with cur-

ent limitations, underscores that implementation in a high-risk

nvironment such as healthcare and critical care in particular

hould be approached with caution and careful consideration. 
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Figure 1. LLMs or hybrid AI support critical care by assisting clinicians, patients, managers, and researchers. Key uses include administrative support, decision- 

making aid, personalized communication, logistical planning, and data quality enhancement. 

AI: Artificial intelligence; LLMs: Large language models. 
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t  
A notable concern is the tendency of LLMs to generate fabri-

ated responses with confidence, often termed “hallucinations. ”

LMs can hallucinate because they generate responses based on

earned response patterns rather than validated factual knowl-

dge. When generating, they predict the probability of the

ext word in a sequence, using the probabilities that were de-

ived from the training data. While being exposed to a massive

mount of text data from various resources, including books and

nternet pages, they may still generate plausible-sounding but

alse information when generating content addressing topics for

hich the model’s training data offers limited representation.

hile this is particularly concerning for healthcare, where false

utputs can have serious implications, hallucinations can be

itigated using techniques such as retrieval augmented genera-

ion (RAG), where LLMs are combined with external knowledge

ases. By letting LLMs query and analyze these external sources

n real-time and formulating responses solely based on the in-

ormation retrieved from the external knowledge base, they are

ot only able to generate output that is more accurate but also

roperly referenced. In healthcare, these sources can be institu-

ional protocols, international guidelines, or scientific medical

iterature. While such techniques may significantly reduce hallu-

inations, they remain a valid concern that healthcare providers

hould be aware of. Extensive testing, clinical validation, and

ontinuous monitoring are necessary to verify reliability before

nd during deployment. 

Another limitation of LLMs that is paramount to consider is

hat there may exist a tendency of these models to produce bi-

sed output.[ 29 ] These are the result of imbalances or existing bi-

ses in the training data that the model learns from.[ 30 ] For mod-

ls such as GPT-4 that have not fully disclosed model character-

stics, the extent of imbalance is difficult to assess due to a lack of

ransparency about training data.[ 31 ] A study by Zack et al.[ 30 ] 

valuated racial or gender biases in healthcare for the GPT-4

odel. They found that the LLM propagated or even amplified

ocietal biases. When GPT-4 was prompted to produce clinical
116
ignettes, they found that the LLM consistently stereotyped de-

ographic presentations for a multitude of diseases. Also, when

enerating differential diagnoses, it included diagnoses that re-

ected stereotypes associated with specific ethnicities and gen-

ers. Furthermore, their results showed that there was an as-

ociation between demographic characteristics and recommen-

ations for relatively expensive procedures. These results indi-

ate that using these models for CDS could lead to inequities

n care and potentially skew clinical judgment, ultimately pos-

ng significant risks to patient safety. For the clinician, caution

nd careful interpretation of outputs are advised. However, as

hese produced biases may not be immediately evident to the

linician, adequate oversight and mitigation strategies are cru-

ial. These could include correcting for bias during the training

rocess, fine-tuning models with representative clinical data, in-

orporating bias detection mechanisms, and conducting ongoing

ias audits on model outputs. 

Additionally, as a requirement in Article 4 of the EU Artificial

ntelligence Act[ 32 ] for implementation in practice, it is man-

ated that those involved in the application and use of AI sys-

ems in healthcare – such as clinicians – are sufficiently trained

n AI (AI literacy) to ensure safe and effective use. Training must

e aligned with the technical expertise, experience, and clinical

nvironments of healthcare professionals. Specific training pro-

rams in AI for healthcare providers could help them use LLMs

esponsibly, understand their limits, and follow best practices

or safe use. 

There are many other significant caveats to consider, includ-

ng the potential generation of harmful content,[ 31 ] privacy con-

erns, EHR integration challenges, cost of resources, environ-

ental footprint, and regulatory standards. Due to these chal-

enges, a level of caution is required when utilizing LLMs. More-

ver, it is important to note that, contrary to typical ML models,

LMs are not deterministic by design. They generate responses

sing probabilistic sampling methods rather than selecting only

he single most likely outcome. This design choice allows them
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o avoid repetitive or overly rigid answers by exploring a range

f plausible responses learned from patterns in training data.

owever, this sampling-driven variation can lead to differing

nterpretations from similar inputs. This probabilistic nature of

LMs mandates that providers and deployers of these tools need

o continuously monitor output and process user feedback to ad-

ress unexpected or inappropriate responses. Furthermore, with

ach update of the LLMs, clinical validation per use case should

e repeated. This requires tremendous diligence when imple-

enting LLMs into critical care. Healthcare deployers (i.e. hos-

itals) need to have a long-term vision and governance strategy

n place to aid in the safe implementation of LLMs in healthcare.

ybrid AI 

Hybrid AI is an emerging trend in healthcare that combines

he strengths of probabilistic generative AI with deterministic

L models while mitigating their respective limitations. In this

pproach, ML models handle the complex tasks of analyzing

ymptoms, diagnostic tests, and patient history to facilitate ac-

urate diagnoses. Simultaneously, LLMs could translate these

esults into clear, comprehensible language and provide addi-

ional medical information. This could furthermore be expanded

ith an interactive component, enabling the user to ask ques-

ions. By creating synergy between different AI models, the Hy-

rid AI approach aims to enhance decision-making accuracy,

mprove communication, and mitigate issues like hallucinations

nd bias, ultimately resulting in more reliable and transparent

atient care. 

onclusion 

The introduction of LLMs in healthcare is showing vast

romise for various applications for the clinician, such as admin-

strative support and CDS, for the patients, such as personalized

ommunication and improving health literacy, for logistics and

ata quality. Their immediate impact is likely to be seen in re-

ucing the administrative burden for the clinician ( Figure 1 ).

owever, as LLMs are becoming more and more capable, the

rospect of LLMs serving as interactive virtual medical experts,

nalyzing data in real time, and providing insights while con-

idering the latest clinical guidelines and research may not be

imited to science fiction in the coming future. While their po-

ential is clear, there remain challenges that cannot be over-

ooked. Validation studies are essential to ensure the accuracy

nd reliability of LLMs in various clinical scenarios, and training

ealthcare staff to effectively use LLMs is essential to mitigate

otential harmful responses. Hybrid AI might combine the best

f both worlds, using traditional ML for CDS combined with the

LP capabilities and adaptability of generative AI for improving

xplainability, compiling scattered information from the patient

hart, and retrieving the latest medical information from various

alidated sources. LLMs therefore show vast promise in allowing

ealthcare providers to focus more on what matters: providing

are. 

eclaration of Generative AI and AI-Assisted Technologies 

n the Writing Process 

During the preparation of this work, the author(s) used

hatGPT-4o in order to improve readability and language. Af-
117
er using this tool/service, the author(s) reviewed and edited the

ontent as needed and take(s) full responsibility for the content

f the publication. 
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