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Abstract

Generative artificial intelligence (Al), particularly large language models (LLMs) and multimodal systems, is emerging as a
potentially important innovation in intensive care medicine. The intensive care unit (ICU) is a data-dense, high-acuity setting
where rapid and accurate decisions are critical. These models can translate complex multimodal data into interpretable and
clinically actionable insights across diagnostic, prognostic, and documentation workflows. This review outlines six key do-
mains in which generative Al is currently being explored for its potential to reshape critical care: clinical decision support; clini-
cal documentation automation (Al scribe, voice-to-note); predictive analytics, including sepsis and acute respiratory distress
syndrome prediction, acute kidney injury management, ventilator liberation readiness, delirium monitoring, and continuous
renal replacement therapy optimization; ICU data summarization and multimodal monitoring; synthetic data generation; and
legal and ethical governance. In clinical decision support, hybrid models that integrate time-series monitoring data with LLMs
can contextualize alerts, generate diagnostic suggestions, and offer treatment plans with explainable reasoning. Documenta-
tion tools that leverage ambient listening and voice-to-note Al can streamline progress notes and discharge summaries, thereby
reducing clinician workload. In predictive analytics, LLMs enhance model performance by augmenting sparse electronic health
record data and translating outputs into interpretable narratives. Synthetic data generation enables algorithm development
and training, particularly for rare events, while protecting patient privacy. However, the realism and ethical deployment of
such data require rigorous validation. Widespread implementation of generative Al will require careful attention to challenges
related to trust, validation, bias, liability, and regulatory compliance. The use of these tools must remain under clinician super-
vision to ensure transparency and accountability. With responsible deployment, generative Al may augment ICU workflows,
improve outcomes, and reduce clinician burden, potentially becoming an indispensable component of critical care delivery.

Introduction of intensive care medicine.”> The intensive care unit (ICU) pre-
sents a uniquely challenging environment defined by its constant
high acuity, overwhelming data volume, and the need for rapid,
high-consequence clinical decisions.? In this setting, generative
Al offers capabilities that extend far beyond conventional data
analysis. These systems can integrate diverse data streams, includ-
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Generative artificial intelligence (Al), especially large language
models (LLMs) and multimodal foundation models, is rapidly
emerging as a promising tool with the potential to reshape aspects
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Distinctive Capabilities of Generative Al
in Clinical Medicine
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Fig. 1. Distinctive capabilities of generative Al in clinical medicine and
critical care. lllustrates unique functions of LLMs including multimodal
data integration, chain-of-thought reasoning, predictive analytics, and
clinical documentation automation. Al, artificial intelligence; LLM, large
language model.

duce challenges that require careful governance.'>!3 Key considera-
tions include safety, bias, transparency, regulatory compliance, and
optimal models of human—AlI collaboration.!#!8 This review sum-
marizes the current applications of generative Al in intensive care
across multiple domains, including clinical decision support, knowl-
edge management, education, documentation automation, predictive
analytics, synthetic data generation, and legal and ethical oversight.b
This synthesis draws on evolving evidence and initial clinical im-
plementation to provide a comprehensive perspective on integrating
generative Al into critical care practice.

Generative Al and LLMs in medicine

Generative Al represents a significant leap forward in the broader
evolution of AL'%?" Earlier phases focused on symbolic reasoning
and deep learning.>*!% The current era, driven by foundation models
such as GPT-4o0 (OpenAl), Claude 3.5 Sonnet (Anthropic), Gemini
1.5 Pro (Google DeepMind), and Meta Llama 3, introduces models
capable of few-shot learning, chain-of-thought reasoning, and seam-
less multimodal integration.?’ These models combine large-scale
natural language processing, unsupervised pretraining, reinforce-
ment learning from human feedback, and retrieval-augmented gen-
eration (RAG) to perform complex clinical reasoning and generate
meaningful outputs directly from unstructured data.?!-»2

In clinical medicine, several features distinguish generative Al
from earlier approaches (Fig. 1).!%2 These include: 1) the abil-
ity to interpret ambiguous or incomplete clinical scenarios that
often challenge rule-based systems, 2) generation of structured
documentation directly from narrative inputs, 3) assistance with
complex diagnostic reasoning across multiple organ systems, 4)
production of individualized, evidence-informed therapeutic rec-
ommendations, and 5) integration of multimodal data sources,
such as text, laboratory data, imaging, physiologic monitoring, and
genomics, into coherent clinical insights.

Advanced prompt engineering strategies for critical care ap-
plications

Effective clinical use of LLMs in critical care depends on domain-
specific prompting strategies that optimize output quality, safety,
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and clinical relevance.?? Several prompting frameworks are criti-
cal for ICU applications (Table 1). These include: (1) zero-shot
and few-shot prompting generate structured clinical summaries
without prior fine-tuning (Supplementary Table 1); (2) chain-of-
thought prompting supports stepwise diagnostic reasoning, such
as in hypoxemia evaluation, shock classification, or acid-base
interpretation; (3) role prompting simulates expert consultant
recommendations tailored to specific subspecialties such as in-
tensivist, infectious disease, or nephrology input; (4) multimodal
prompting enables the interpretation of integrated data sources,
including laboratory data, physiologic waveforms, ventilator pa-
rameters, and imaging findings; and (5) context-enriched prompt-
ing incorporates longitudinal patient trajectories, ventilator set-
tings, hemodynamic trends, sedation levels, and patient-specific
goals of care.

These advanced prompting strategies provide essential support
that enables generative Al to operate effectively in the complex,
data-intensive ICU environment while also helping to minimize
clinical risk.

Potential applications of generative Al in critical care

The following sections highlight key domains where generative Al
may enhance critical care delivery. These applications encompass
both bedside clinical decision-making and broader system-level
functions, showcasing the unique ability of generative models to
integrate diverse data sources, synthesize evolving information,
and support high-acuity care. For each domain, we summarize cur-
rent capabilities, emerging use cases, and potential clinical impli-
cations within the intensive care setting.

Clinical decision support in the ICU

Clinical decision support is one of the most transformative appli-
cations of generative Al in the ICU. Traditional rule-based sys-
tems rely on predefined algorithms and limited structured data
inputs.?*?3 In contrast, generative Al models, particularly LLMs,
are capable of processing unstructured and semi-structured clinical
data, including free-text progress notes, laboratory trends, consult-
ant narratives, imaging reports, and longitudinal patient records.?
These models synthesize heterogeneous information sources to
generate patient-specific, context-aware clinical recommendations
that are both interpretable and actionable. In this role, generative
Al serves as a form of Al medical consultant, augmenting clinical
reasoning by integrating multimodal data and producing diagnos-
tic suggestions, risk stratifications, and treatment considerations in
complex or uncertain cases.

Several studies have demonstrated that advanced generative Al
models, such as GPT-4, can match or exceed clinician-level perfor-
mance when applied to complex diagnostic vignettes, particularly
in rare, atypical, or diagnostically challenging scenarios.?*26:27
This capability goes beyond isolated data retrieval, enabling inte-
grated clinical synthesis that informs both diagnostic formulation
and management decisions.

A key advancement enabled by generative Al is the integra-
tion of multimodal data streams (Table 2). Generative multimodal
Al systems have the potential to support a broad range of critical
care applications by integrating diverse structured and unstruc-
tured data sources. For instance, in sepsis detection, these models
may combine vital signs, laboratory values, medication orders,
nursing notes, and clinical documentation using RAG to produce
individualized risk assessments and accompanying narrative ex-
planations.®*® By contrast, proposed applications such as ventila-
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Table 1. Prompting techniques and example prompts for generative Al applications in intensive care medicine

Prompting technique  Description

Example of prompt

Provides instructions without
examples or prior context

Zero-shot prompting

Few-shot prompting Uses a few examples to guide

model reasoning

Chain-of-thought
prompting

Enables stepwise logical reasoning

Role prompting Assigns an expert iden-

tity to the model

Multimodal prompting Integrates data beyond text

(labs, imaging, waveforms)

Context-enriched
prompting

Incorporates longitudinal and
real-time patient data

Guideline-constrained
prompting

Embeds clinical protocols into
outputs

Safety-constrained
prompting

Applies safety bounda-
ries to outputs

“List possible causes of acute kidney injury in a 65-year-old ICU patient
with hypotension and rising creatinine”

“Given these cases of prerenal AKI and ATN, classify the following
patient’s AKI phenotype based on labs and volume status”

“Step through the differential for a patient with metabolic acidosis:
pH 7.22, bicarbonate 12, AG 20, lactate 5”

“You are a nephrologist. Recommend CRRT prescription for a hemody-
namically unstable patient with hyperkalemia and volume overload”

“Analyze this patient’s ultrasound, CVP, and MAP trends
to suggest fluid management during CRRT”

“Given 24-hour labs, hourly urine output, and vasopressor doses,
recommend CRRT adjustments for ongoing hemodynamic instability”

“Provide hyperkalemia treatment following KDIGO guide-
lines for a patient with K+ 6.8 and ECG changes”

“Avoid correcting serum sodium by more than 8 mmol/L per 24 hours in
hyponatremia management”

AG, anion gap; AKI, acute kidney injury; ATN, acute tubular necrosis; CRRT, continuous renal replacement therapy; CVP, central venous pressure; ECG, electrocardiogram; ICU,
intensive care unit; KDIGO, Kidney Disease: Improving Global Outcomes; MAP, mean arterial pressure.

tor weaning, delirium monitoring, and acute respiratory distress
syndrome (ARDS) phenotyping remain conceptual only, with no
clinical trial validation to date. These concepts envision multi-
modal systems, synthesizing ventilator waveforms, chest imag-
ing, arterial blood gas measurements, progress notes, and nursing
documentation to generate readiness assessments, delirium status
reports, or ARDS subphenotype classifications. For acute kidney
injury, generative Al models may integrate laboratory data, urine
output, medication exposures, hemodynamic variables, and imag-

ing findings to generate individualized risk estimates and suggest
management options. In the evaluation of code status and goals of
care, LLMs may synthesize prior clinical documentation, advance
directives, and family discussions to generate patient-centered
summaries. Collectively, these generative Al systems represent a
potential advance in real-time, data-driven clinical reasoning, of-
fering the possibility of enhancing diagnostic accuracy, improving
care consistency, and reducing cognitive workload in the complex
ICU environment.*?8

Table 2. Integration of generative multimodal Al mechanisms across key critical care scenarios with clinical translation

Clinical scenario

Generative Al multimodal mechanism

Sepsis detection

Ventilator weaning

Delirium monitoring

AKI prediction and
management

Code status and goals-
of-care assessment

ARDS detection
and phenotyping

Multimodal generative Al integrates structured data (vital signs, labs, orders) with unstructured data (nursing
notes, progress notes) using LLMs with RAG. The model generates patient-specific risk scores combined with
narrative explanations (e.g., “Sepsis risk elevated due to rising lactate and hypotension”)

Multimodal generative Al integrates ventilator waveform data, radiographic imaging (CXR), and blood gases,
combined with textual clinical narratives. Generative Al produces weaning-readiness summaries, such as “Pa-
tient meeting ventilator liberation criteria; minimal secretions; ABG normalized”

Multimodal generative Al integrates audio inputs (patient voice), nursing documentation, medication records,
and clinical notes. The system synthesizes real-time narrative assessments of delirium presence, subtype, and
potential contributing factors to assist in clinical management and handoff documentation

Multimodal generative Al integrates labs (creatinine, electrolytes), urine output, medications, hemodynam-
ics, and imaging (ultrasound). Generative Al produces both predictive risk scores and actionable management
narratives (“Recommend reduction in nephrotoxic exposure and fluid re-evaluation”)

LLMs with RAG can synthesize prior notes, advance directives, family discussions, and demographics to auto-
generate goals-of-care summaries (“Patient previously expressed preference for comfort-oriented care if me-
chanical ventilation required”)

Multimodal generative Al integrates SpO, waveform analysis, ABG trends, chest X-rays (processed via vision
transformers), and ventilator data. The generative system classifies ARDS subphenotypes and produces man-
agement suggestions (“ARDS with hyperinflammatory phenotype; recommend conservative fluid manage-
ment and prone positioning”)

Al, artificial intelligence; ABG, arterial blood gas; AKI, acute kidney injury; ARDS, acute respiratory distress syndrome; CXR, chest radiograph; LLM, large language model; RAG,
retrieval-augmented generation; SpO,, peripheral capillary oxygen saturation.
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Knowledge management and evidence synthesis in critical care

In parallel with patient-specific decision support, generative Al
also enables advanced knowledge management functions that sup-
port clinical reasoning, research, and hypothesis generation in the
ICU. Tools such as OpenEvidence employ RAG architectures to
synthesize large bodies of biomedical literature into focused, ev-
idence-based summaries relevant to specific clinical questions.?
These systems integrate structured databases (e.g., PubMed, clini-
cal trial registries, guideline repositories) with unstructured text
sources, allowing clinicians to rapidly access up-to-date evidence
while formulating differential diagnoses, evaluating complex cas-
es, or considering novel therapeutic approaches.?’

In the context of rare or diagnostically challenging ICU pres-
entations, knowledge management platforms powered by genera-
tive Al can dynamically generate literature syntheses that highlight
potential etiologies, diagnostic strategies, and therapeutic options
drawn from current medical knowledge.?® Moreover, these systems
facilitate hypothesis generation for clinical research by identifying
knowledge gaps, aggregating related studies, and summarizing
emerging evidence across diverse domains. Such Al-augmented
knowledge curation reduces the time burden of manual literature
review and supports continuous learning at the point of care, par-
ticularly in rapidly evolving fields like critical care.

The integration of patient-specific data synthesis and global
knowledge management represents a dual capability of generative
Al, simultaneously enhancing bedside decision-making while in-
forming clinician education and research development within the
ICU environment.

Education and training

Generative Al offers novel capabilities to support education,
training, and cognitive skill development for intensive care pro-
viders.3*3! In contrast to traditional didactic learning modalities,
Al-enabled educational tools offer dynamic, personalized, and
context-aware learning experiences tailored to the evolving needs
of ICU clinicians and trainees.?’

One application involves automated curriculum development
and educational content generation.?® Generative Al models can
synthesize recent literature and clinical guidelines to develop up-
to-date learning modules, journal club summaries, and continuing
education materials for critical care fellows and staff. These Al-
generated resources facilitate the rapid dissemination of evolv-
ing knowledge, enabling clinicians to stay current with emerging
evidence while minimizing the time burden of manual literature
review.3!

Generative models also support scenario-based training through
the creation of Al-generated clinical vignettes and simulation cas-
es. By utilizing structured and unstructured ICU data, Al systems
can produce diverse, high-fidelity patient scenarios that replicate
complex clinical situations for trainees to manage.3! These syn-
thetic cases allow for the safe practice of diagnostic reasoning,
therapeutic decision-making, and team-based communication in
a controlled learning environment. Furthermore, adaptive learn-
ing platforms may use real-time performance feedback to tailor
the difficulty, complexity, and instructional focus based on each
learner’s progress, thereby optimizing educational outcomes. In
addition, generative Al-powered virtual teaching assistants may
support asynchronous learning by answering trainee questions,
providing evidence-based clarifications, and guiding clinical rea-
soning exercises. This Al-augmented mentorship can complement
traditional faculty supervision, particularly in resource-limited or
high-volume training environments.

Cheungpasitporn W. et al: Generative Al in critical care medicine

Documentation and electronic health record (EHR) automation

Clinical documentation remains a substantial contributor to clini-
cian workload in the ICU.3? The complexity of ICU care requires
frequent documentation of progress notes, multidisciplinary care
plans, handoffs, and discharge summaries. Generative Al offers
the potential to reduce this burden by automating aspects of docu-
mentation and streamlining data synthesis.3*-3%

In outpatient and general inpatient settings, ambient Al scribe
technologies, such as Nuance Dragon Ambient eXperience and
Abridge,’¥35 have demonstrated the ability to transcribe clinician-
patient conversations and automatically populate structured fields
in the electronic health record (EHR). These systems allow clini-
cians to focus on patient care while improving note completeness
and timeliness. Early reports suggest that such tools can reduce
administrative workload and improve provider satisfaction.33-3%

However, their application in the ICU is more limited. Many
critically ill patients are sedated, mechanically ventilated, or oth-
erwise unable to participate in verbal interactions.’? As a result,
the use of real-time ambient voice capture is inherently restricted
in this setting.’® Nevertheless, generative Al remains applicable to
other components of ICU documentation (Supplementary Table 2).
Models can synthesize structured and unstructured data sources,
including laboratory values, physiologic monitoring, imaging re-
ports, and consult notes, to generate daily progress notes, multi-
day ICU summaries, and discharge documentation.® Automated
generation of structured handoff reports, such as SBAR (Situa-
tion, Background, Assessment, Recommendation) and I-PASS
templates, may also improve transitions of care. In addition, gen-
erative Al models may assist with clinical coding by extracting
relevant diagnoses, procedures, and billing elements from clinical
documentation, potentially improving revenue capture and reduc-
ing the need for coder queries. Summaries can also be tailored; for
example, an Al might generate a focused handoff note highlighting
changes in the last 12 hours or a patient and family communication
note translating medical jargon into lay language.” Importantly,
these Al-generated outputs remain subject to clinician review and
final approval.

Generative Al for EHR integration and critical care workflow
optimization

In critical care, the application of generative Al extends beyond
documentation into active clinical workflow integration.!> LLM-
embedded EHR interfaces enable clinicians to query complex
patient data in real time using natural language, facilitating rapid
clinical decision-making.

One principal application is context-aware data retrieval. An in-
tensivist may, for example, query: “Has this patient developed hy-
potension over the past 24 hours?” The LLM analyzes structured
and unstructured data, including nursing flowsheets, physiologic
monitoring trends, laboratory results, ventilator settings, and clini-
cal narratives, to generate a targeted response. This represents a
notable departure from traditional keyword-based search methods
to multimodal, conversational data synthesis. Such tools may be
particularly valuable in time-sensitive scenarios, including acute
hemodynamic deterioration or pre-rounding clinical assessments,
where the rapid integration of heterogeneous data is essential (Sup-
plementary Fig. 1).

In parallel, generative Al is being evaluated for prospective task
automation within intensive care workflows. Ambient listening
systems may capture multidisciplinary team discussions (e.g., “If’
hypotension persists, initiate vasopressin and repeat chest radiog-
raphy in the morning”), with the Al autonomously generating cor-
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responding draft orders, imaging requests, and documentation for
clinician review. This represents an evolution from passive tran-
scription toward actionable documentation, in which expressed
clinical intent is translated into structured orders under physician
oversight. While still investigational, these systems have the poten-
tial to reduce clinician cognitive load, streamline task execution,
and enhance workflow efficiency in high-acuity environments.’3¢

Generative Al in sepsis prediction and early warning systems

Predictive analytics have long been employed in ICUs to anticipate
clinical deterioration, using scoring systems and machine learning
algorithms to identify early signs of sepsis, shock, respiratory fail-
ure, and other critical events.’” Generative Al is advancing these
applications through two primary mechanisms: 1) by enabling
models that learn from complex, high-dimensional data to generate
individualized risk estimates and 2) by enhancing interpretability
through narrative-based, context-aware outputs that augment clini-
cal decision-making.'%-?

An emerging application involves real-time physiologic moni-
toring systems that not only detect abnormal trends but also trans-
late these into actionable clinical narratives. These platforms
integrate streaming data from bedside monitors, EHRs, and labo-
ratory systems to generate timely, interpretable alerts that facili-
tate early intervention. For example, generative Al systems can
continuously analyze temporal trends in vital signs, laboratory
results, and medication administrations to identify subtle patterns
indicative of impending clinical deterioration. Rather than issuing
generic threshold-based alarms, these systems provide narrative,
context-sensitive recommendations, such as “Progressive increase
in lactate levels and heart rate since 04:00; suggest evaluating for
evolving shock state.”

Unlike conventional alert systems that rely on fixed thresholds
and generate generic alarms, these narrative, context-sensitive rec-
ommendations provide clinicians with an interpretable synthesis of
complex data streams, facilitating earlier evaluation and targeted
intervention. The integration of predictive analytics with genera-
tive Al-enabled interpretability represents a significant advance in
the development of next-generation decision support systems for
critical care.383?

Specific high-risk conditions such as sepsis and ARDS have
become major targets for generative Al-based predictive mod-
eling.**! Generative models are capable of capturing the complex
temporal interplay among physiologic signals, laboratory mark-
ers, and clinical context that often precede the onset of sepsis. For
example, diffusion-based generative models have been applied to
anomaly detection in time-series data by reconstructing expected
physiologic trajectories and identifying subtle deviations that may
signal early clinical deterioration.*’ In parallel, LLMs may aug-
ment conventional risk scores by synthesizing quantitative predic-
tions with clinical narratives. An LLM may receive output from
a sepsis risk model and generate a context-enriched alert: “7The
model predicts high sepsis risk in 12 hours; note that the patient’s
wound has been oozing and WBC count is trending upward, con-
sistent with early infection” (Fig. 2). This hybrid framework, which
combines predictive modeling with generative narrative synthesis,
may offer clinicians more actionable and interpretable insights
than numerical risk estimates alone, thereby enhancing situational
awareness and supporting timely clinical intervention.

Real-world barriers to implementation

Despite promising applications, the widespread deployment of
generative Al in ICUs faces several real-world barriers. Techni-
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Generative Al for Sepsis Risk Prediction
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Fig. 2. Hybrid LLM and predictive analytics system for early sepsis detec-
tion and ICU outcome prediction with narrative synthesis. Demonstrates
integration of structured physiologic data, laboratory values, and clinical
notes for sepsis risk prediction and interpretability. Al, artificial intelligence;
ICU, intensive care unit; LLM, large language model; WBC, white blood cell.

cally, integration into fragmented EHR systems remains challeng-
ing, with interoperability gaps, limited infrastructure for real-time
multimodal data streaming, and concerns about reliability during
downtime or system errors. From the human perspective, clinician
acceptance is influenced by trust in Al outputs, workload implica-
tions, and medico-legal accountability. Without adequate training
and demonstration of clear clinical value, adoption may remain
limited. Financially, the costs of procuring, maintaining, and up-
dating Al systems, particularly those requiring secure high-per-
formance computing environments, can be prohibitive for many
institutions. Reimbursement pathways for Al-augmented care are
still evolving, which further complicates sustainability. Together,
these barriers highlight the need for careful pilot testing, transpar-
ent cost-benefit evaluations, and robust implementation science
frameworks before large-scale adoption.

Generative Al for data augmentation and predictive model
optimization in critical care

An emerging application of generative Al in critical care involves
augmenting the underlying data inputs used for predictive mod-
eling. Traditional machine learning models that rely on EHR data
are frequently constrained by data sparsity, irregular documenta-
tion intervals, and missing information, particularly among un-
derserved populations with limited clinical documentation. LLMs
offer novel capabilities to address these challenges by generating
synthetic clinical content that enhances longitudinal data continu-
ity and improves predictive model performance.*

One approach employs LLMs to impute missing data across
temporal gaps in patient records. In many intensive care settings,
formal documentation occurs intermittently, leaving extended
periods without explicit narrative updates on clinical status. Re-
cent studies have demonstrated that prompting LLMs to generate
plausible interim progress notes, based on prior clinical context,
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can construct more continuous patient trajectories.*> Incorporat-
ing these synthetic narratives into one-year mortality prediction
models has been associated with improved model discrimination.
Importantly, the inclusion of generated text narrowed performance
gaps between patients with extensive versus sparse documentation,
suggesting that such generative augmentation may mitigate biases
arising from differential documentation density and improve fair-
ness across patient subgroups.*3

In addition to temporal imputation, LLMs have been applied
as feature engineering tools to distill complex unstructured nar-
ratives into concise, prognostically relevant summaries.** In one
investigation of ICU readmission and length-of-stay prediction,*3
daily LLM-generated summaries capturing key complications and
clinical events were used as structured inputs for downstream pre-
dictive models.*3 The incorporation of these generative features
resulted in substantial improvement in both discrimination and
precision-recall performance, outperforming models trained solely
on conventional structured EHR data. In this capacity, generative
models convert unstructured documentation into clinically salient
features that may be otherwise inaccessible through standard pre-
processing methods.

These data augmentation strategies represent a distinct para-
digm in critical care data science. Rather than functioning solely
as documentation tools or real-time decision aids, generative mod-
els actively reconstruct incomplete patient trajectories, thereby im-
proving both the completeness and equity of predictive analytics.?
This evolving role positions generative Al as a critical component
in dataset optimization, model calibration, and bias reduction, par-
ticularly as predictive algorithms are increasingly deployed to in-
form high-stakes clinical decision-making in the ICU.

Synthetic data generation and simulation for critical care
research and development

Generative Al offers a novel capability to create fully synthetic
ICU datasets that resemble real-world patient data but do not cor-
respond to actual individuals.® This approach has particular rel-
evance in critical care, where acquiring large, high-quality datasets
for algorithm development, clinical research, or systems testing
is often limited by privacy constraints, institutional data access,
and the rarity of certain clinical events. Synthetic ICU data may
include artificial time-series signals, laboratory trajectories, wave-
forms, imaging data, and even entire simulated patient records that
approximate the complexity of true clinical cases.

By generating fully artificial datasets, researchers can over-
come data scarcity and enrich model training in domains where
limited real-world examples exist.* For instance, uncommon ICU
events such as ARDS, cardiac tamponade, or specific drug-related
adverse events may not occur with sufficient frequency at a single
institution to support robust model development (Supplementary
Fig. 2). Generative adversarial networks (GANs), diffusion mod-
els, and variational autoencoders have been applied to create syn-
thetic patient cohorts for these scenarios. In one study, a GAN was
trained to generate synthetic ICU time-series data, which, when
added to limited real-world training sets, improved model perfor-
mance in predicting vasopressor requirements and the need for
mechanical ventilation. This synthetic expansion allows models to
learn nuanced patterns of disease progression that would otherwise
be underrepresented in small datasets.

Beyond predictive model development, synthetic data enables
simulation-based evaluation of clinical interventions and care poli-
cies in a no-risk environment (Supplementary Fig. 2).4¢ Virtual pa-
tient populations can be generated to simulate the application of
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novel therapeutic strategies or care pathways, facilitating hypoth-
esis generation and informing the design of prospective trials.*
Bayesian network-based models and autoencoders have been used
to simulate multi-organ ICU trajectories, enabling researchers to
explore the potential benefits and harms of specific management
strategies before clinical deployment.*’

Synthetic EHR datasets also play an important role in the de-
velopment, validation, and security testing of health information
technology infrastructure.*® Before integrating new ICU software
platforms or clinical decision support systems into live environ-
ments, engineers can utilize fully synthetic patient records to con-
duct functionality and safety testing without compromising patient
privacy.*8

Multiple generative architectures contribute to the produc-
tion of synthetic ICU data.*®* GANs and variational autoencoders
are commonly used for structured and time-series data, whereas
LLMs have shown notable capabilities in generating both struc-
tured clinical data and synthetic clinical text. In few-shot learn-
ing scenarios, LLMs presented with limited sample patient records
have produced synthetic datasets that closely mirror real-world
distributions of laboratory values, vital signs, and comorbidity
profiles. Furthermore, LLMs can generate simulated clinical nar-
ratives such as progress notes, consultation summaries, and dis-
charge documentation. These synthetic text corpora are valuable
for developing natural language processing algorithms, enabling
systems to train and validate on a broader range of writing styles,
terminologies, and clinical scenarios than typically found in lim-
ited institutional datasets.*® While synthetic data generation does
not replace prospective clinical studies, these fully artificial data-
sets provide valuable complementary resources for model devel-
opment, systems testing, educational simulation, and exploratory
research in critical care (Supplementary Fig. 3).48

Generative Al for ICU data summarization and real-time moni-
toring

Continuous, high-dimensional data across multiple domains, in-
cluding physiologic waveforms, vital signs, ventilator parameters,
laboratory results, and medication administration records, are
generated in the ICU setting.?? Synthesizing these complex data
streams into actionable clinical insights in real time remains a
persistent cognitive challenge for ICU clinicians. Generative Al,
particularly LLMs and emerging multimodal architectures, offers
novel capabilities to transform raw physiologic and laboratory
data into coherent, human-readable narratives that may enhance
situational awareness, reduce cognitive burden, and support timely
clinical decision-making.2?

In contrast to clinical decision support systems, where genera-
tive Al functions as an Al medical agent that offers diagnostic or
therapeutic recommendations, ICU data summarization serves a
complementary role as an Al clinical reporter. In this role, genera-
tive models continuously monitor evolving physiologic data, inte-
grating multiple structured inputs to produce concise, temporally
contextualized narrative assessments of patient status. For exam-
ple, an LLM-based system monitoring hemodynamics may gener-
ate: “Over the past six hours, mean arterial pressure decreased
from 75 to 60 mm Hg, requiring norepinephrine escalation from
5 to 15 ug/min. Heart rate increased from 90 to 120 beats per
minute, while urine output declined, and lactate levels rose, con-
sistent with worsening hypoperfusion” (Fig. 3). These synthesized
outputs transform complex temporal trajectories into concise, in-
terpretable summaries, enabling clinicians to track evolving physi-
ological patterns rather than interpret isolated data points.
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“Over the past six hours, mean arterial pressure decreased from 75 to 60 mm Hg, requiring norepinephrine
escalation from 5 to 15 pg/min. Heart rate increased from 90 to 120 beats per minute, while urine output
declined and lactate levels rose, consistent with worsening hypoperfusion.”

(aY)

Clinician

O Human oversight

Situation awareness

Clinical handoff support

Fig. 3. Generative Al system for ICU data summarization and real-time multimodal monitoring. Example of transforming high-dimensional vital signs,
laboratory trends, and ventilator parameters into human-readable clinical narratives. Al, artificial intelligence; ICU, intensive care unit; LLM, large lan-

guage model.

Recent studies have demonstrated the feasibility of using trans-
former-based architectures to encode time-series data for LLM-
driven interpretation.*’ These approaches convert streaming physi-
ologic measurements into temporally ordered text or embeddings
that can be processed by language models, enabling the generation
of narrative summaries that reflect both current values and their
clinical trajectories.** Some prototypes incorporate waveform
segmentation and anomaly detection, allowing real-time interpre-
tation of respiratory patterns, cardiac arrhythmias, and ventilator
waveforms within a unified generative framework.5%5!

Legal, ethical, and regulatory considerations

The integration of generative Al into intensive care introduces
complex legal, ethical, and regulatory challenges.!®2? Despite
early promise, these opportunities coexist with substantial risks
that must be addressed before broad adoption. In a setting where
clinical decisions carry immediate life-or-death consequences, is-
sues related to transparency, safety, accountability, and fairness are
paramount. Several domains require particular attention.

Explainability and transparency

Al systems influencing clinical decisions must provide transpar-
ent and interpretable outputs. Clinicians need to understand the ra-
tionale behind Al recommendations to independently assess their
validity. Generative Al models, particularly LLMs, offer improved
explainability by producing chain-of-thought reasoning and citing
sources using RAG techniques. For example, an Al system may
recommend initiating hydrocortisone for septic shock while pro-
viding the underlying clinical criteria and citing relevant guide-
lines. Both the U.S. Food and Drug Administration (FDA) and the
European Union (EU) Al Act emphasize transparency as a prereq-
uisite for clinical use, requiring that clinicians be trained to under-
stand and evaluate Al-generated outputs.’
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Safety and hallucination mitigation

Al hallucinations, instances in which systems generate fabricated
or erroneous information with unwarranted confidence, pose sig-
nificant risks in medicine. Hallucinations may lead to incorrect
diagnoses, inappropriate treatments, or the presentation of false
evidence. Recognizing this risk does not negate Al’s potential
utility; rather, it underscores the need for safeguards. Developers
are employing techniques such as RAG, external knowledge inte-
gration, and post-processing validation. Continuous performance
monitoring, version control upon model updates, and independ-
ent verification of Al outputs are critical safeguards prior to wide-
spread clinical deployment.’

Bias and fairness

Bias in Al systems remains a significant ethical and legal concern,
particularly in critical care settings where vulnerable populations
may be disproportionately affected. Generative Al models trained on
historical data may inadvertently perpetuate or amplify existing dis-
parities related to race, gender, or socioeconomic status. Empirical
studies have documented that LLMs can generate biased differential
diagnoses and management plans based on demographic cues. Ad-
dressing these risks is essential to realizing AI’s potential to improve
equity. Mitigation strategies include diverse and representative train-
ing datasets, bias auditing, subgroup performance evaluations, and
application of fairness constraints during model fine-tuning. Both
the EU Al Act and proposed U.S. regulatory frameworks emphasize
bias detection and correction as regulatory requirements.

Liability and accountability

Determining legal responsibility when Al-generated recommenda-
tions contribute to adverse outcomes remains unresolved. Current
legal frameworks generally hold clinicians accountable as final
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decision-makers. However, as Al tools evolve toward greater au-
tonomy and complexity, the question of shared liability involving
clinicians, institutions, and Al developers is under active legal
debate. Regulatory clarity regarding safe harbors, manufacturer
obligations, and clinician protections will be necessary as genera-
tive Al adoption expands. Hospitals are also advised to update in-
formed consent processes to disclose Al use where appropriate.>?

Regulatory and governance perspectives

Regulatory bodies worldwide are developing frameworks to guide
the safe integration of Al into clinical practice, with notable re-
gional variations.>355 In the United States, the FDA regulates
many clinical Al applications under its medical device framework,
emphasizing safety, effectiveness, and transparency. The Joint
Commission and other accreditation organizations have begun in-
corporating Al oversight into institutional standards. In the EU,
the forthcoming Al Act classifies most healthcare Al systems as
“high-risk,” requiring robust measures for risk management, trans-
parency, and human oversight.>

Asian jurisdictions are also advancing distinct approaches.53
China mandates algorithmic registration and transparency report-
ing, while Singapore has piloted governance sandboxes and imple-
mented a Model AI Governance Framework emphasizing account-
ability and human-in-the-loop safeguards. India has identified
healthcare as a priority in its National Al Strategy and is building
a regulatory structure that seeks to balance innovation with eq-
uity. These initiatives illustrate Asia’s growing role in shaping the
global regulatory landscape.>

In low- and middle-income regions, particularly in Africa and
Southeast Asia, the feasibility of deploying Al depends not only on
regulation but also on infrastructure.> Limited internet connectiv-
ity, low rates of health record digitization, workforce shortages,
and underdeveloped data governance present significant challeng-
es. Yet these settings also offer opportunities for Al to bridge gaps
in access, support limited clinical capacity, and leapfrog traditional
infrastructure. Success will require partnerships that build local ca-
pacity and tailor solutions to resource-limited environments.

Regional emphases differs5: the United States prioritizes
safety and validation, the EU stresses transparency and propor-
tional risk, Asian regulators highlight accountability and algorithm
registration, and resource-limited settings focus on scalability and
affordability. At the institutional level, health systems are forming
multidisciplinary governance committees that include clinicians,
ethicists, data scientists, legal experts, and patient representatives.
These committees oversee performance, audit fairness across pa-
tient subgroups, and support clinician education.> Together, these
regional and institutional efforts underscore the importance of
adaptable regulatory principles and international collaboration to
balance innovation, equity, and accountability in critical care AL

Patient consent and ethical deployment

While generative Al may improve care quality and efficiency, it
raises concerns regarding patient autonomy and trust. Transparent
communication with patients and families about Al’s role in care
decisions may be warranted, particularly for high-stakes recom-
mendations. Informed consent remains challenging in critical care,
where many patients lack decisional capacity. Institutions may
adopt policies that ensure ethical oversight and protect patient in-
terests while enabling responsible innovation.®3?

Institutional oversight and deployment

Most institutions are adopting staged deployment approaches, of-
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ten beginning with pilot studies, research protocols, or quality im-
provement initiatives. Establishing multidisciplinary Al oversight
committees that include clinicians, ethicists, data scientists, legal
experts, and patient representatives is increasingly recommended.
These bodies monitor Al performance, evaluate safety and fair-
ness, guide institutional policy, and support clinician education.

Patient and family perspectives: Trust, consent, and communi-
cation

Critical care is uniquely stressful for patients and families, where
uncertainty and information overload are common. Generative
Al tools can augment communication by transforming complex
medical findings into clear, accessible, and culturally tailored nar-
ratives, thereby reducing misunderstanding and supporting shared
decision-making. For example, Al-generated family updates or
lay-language discharge summaries may improve the comprehen-
sion of ICU care plans. However, patient trust depends on transpar-
ency. Families must be informed when Al contributes to diagnostic
reasoning or prognostic estimates, and clinicians should empha-
size that ultimate responsibility rests with the care team. Consent
processes may need to adapt, particularly for Al tools that directly
inform diagnosis, treatment, or prognosis, by explicitly disclosing
the role of Al in care decisions. In addition, institutions should
consider incorporating patient and family representatives into Al
oversight committees, ensuring that deployment strategies reflect
the perspectives and values of those most affected. By centering
patients and families, generative Al can evolve from being primar-
ily a clinician support tool to a bridge that enhances trust, commu-
nication, and autonomy in critical care.

Future perspectives

Generative Al may, with further validation, help redefine multiple
dimensions of intensive care delivery as it advances toward deeper
clinical integration (Supplementary Table 3). Al agents may eventu-
ally execute complex, multistep workflows such as sepsis bundle
initiation, antimicrobial stewardship, and ventilator liberation proto-
cols by autonomously monitoring physiologic data, initiating early
interventions, and coordinating care pathways under clinician over-
sight.¢ Embedded within EHRs, generative Al models may serve
as clinical co-pilots, providing real-time assistance with documenta-
tion, clinical ordering, and administrative tasks while continuously
synthesizing patient data to support clinical decision-making. Insti-
tution-specific models trained on local protocols and care standards
may further enhance decision support relevance and consistency
across diverse ICU environments. Meanwhile, precision critical care
applications that integrate continuous physiologic monitoring with
genomic, multi-omic, and biomarker data may enable individualized
prognostication and therapeutic tailoring for critically ill patients.
Beyond bedside care, generative Al may advance scientific dis-
covery by generating hypotheses, identifying biomarkers, optimiz-
ing clinical trial design, and synthesizing emerging literature to
accelerate critical care research.!®2? Future integration of diffusion
models, GANs, and RAG-enhanced multimodal Al may enable
real-time continuous renal replacement therapy (CRRT) adjust-
ments, precision ARDS phenotyping and individualized ventilator
strategies, and bias-mitigated sepsis prediction. However, the safe
and effective deployment of these technologies will require ongo-
ing evaluation of transparency, safety, bias mitigation, and regula-
tory compliance. Sustained, multidisciplinary collaboration among
intensivists, data scientists, regulators, ethicists, and patient repre-
sentatives will be essential to ensure that generative Al augments,
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rather than supplants, human clinical judgment. In the high-acuity
ICU setting, where complex decisions must be made rapidly and
under conditions of data overload, responsibly deployed genera-
tive Al has the potential to become a foundational element of next-
generation critical care practice.

Limitations

This review has several limitations. First, as a narrative review,
it does not use a formal systematic search strategy or quantita-
tive evidence synthesis; therefore, relevant studies may have been
missed, and the strength of evidence across applications could not
be formally graded. Second, the field of generative Al is evolving
rapidly, and some cited models, platforms, and regulatory frame-
works may change soon after publication. Third, many proposed
applications in critical care remain conceptual or are supported
primarily by retrospective studies, prototype systems, or early im-
plementation reports rather than prospective clinical trials demon-
strating improvements in patient-centered outcomes. Fourth, the
performance, safety, and generalizability of generative Al tools
may vary across institutions, EHR systems, patient populations,
languages, and resource settings. Finally, ethical, legal, regula-
tory, and workflow considerations remain incompletely resolved.
Accordingly, the applications discussed in this review should be
interpreted as emerging opportunities that require rigorous valida-
tion, prospective evaluation, and ongoing governance before wide-
spread clinical implementation.

Conclusions

Generative Al represents a potential paradigm shift pending rigor-
ous validation and integration, with current evidence supporting
roles in documentation assistance, knowledge synthesis, and pro-
totype EHR integration. Emerging applications such as multimod-
al physiologic monitoring, ventilator liberation support, and syn-
thetic ICU data simulation remain largely speculative and require
further study. With careful oversight, governance, and ethical safe-
guards, generative Al may augment clinician efficiency, improve
patient safety, and enable precision care. Future progress is likely
to leverage diffusion models, GANs, and RAG-enhanced multi-
modal Al, enabling real-time CRRT adjustments, precision ARDS
phenotyping, and bias-mitigated sepsis prediction. Generative Al
will not replace intensivists but will likely become a foundational
co-pilot in high-acuity care, provided rigorous validation and ethi-
cal safeguards are in place.
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