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be hindered or possibly lead to patient harm and unin-
tended consequences.

Despite the need to support overwhelmed ICUs fac-
ing staff shortages, increasing case complexity, and ris-
ing costs, most AI tools remain poorly validated and 
untested in real settings. [3, 45]

To address this gap, we issue a call to action for the 
critical care community: the integration of AI into the 
ICU must follow a pragmatic, clinically informed, and 
risk-aware framework. [6–8] As a result of a multidisci-
plinary consensus process with a panel of intensivists, AI 
researchers, data scientists and experts, this paper offers 

  Introduction
Artificial intelligence (AI) is rapidly entering critical 
care, where it holds the potential to improve diagnostic 
accuracy and prognostication, streamline intensive care 
unit (ICU) workflows, and enable personalized care. 
[1, 2] Without a structured approach to implementa-
tion, evaluation, and control, this transformation may 
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Abstract
Artificial Intelligence (AI) is rapidly transforming the landscape of critical care, offering opportunities for enhanced 
diagnostic precision and personalized patient management. However, its integration into ICU clinical practice 
presents significant challenges related to equity, transparency, and the patient-clinician relationship. To address 
these concerns, a multidisciplinary team of experts was established to assess the current state and future trajectory 
of AI in critical care. This consensus identified key challenges and proposed actionable recommendations to guide 
AI implementation in this high-stakes field. Here we present a call to action for the critical care community, to 
bridge the gap between AI advancements and the need for humanized, patient-centred care. Our goal is to ensure 
a smooth transition to personalized medicine while, (1) maintaining equitable and unbiased decision-making, (2) 
fostering the development of a collaborative research network across ICUs, emergency departments, and operating 
rooms to promote data sharing and harmonization, and (3) addressing the necessary educational and regulatory 
shifts required for responsible AI deployment. AI integration into critical care demands coordinated efforts among 
clinicians, patients, industry leaders, and regulators to ensure patient safety and maximize societal benefit. The 
recommendations outlined here provide a foundation for the ethical and effective implementation of AI in critical 
care medicine.
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concrete recommendations to guide the safe, effective, 
and meaningful adoption of AI into critical care.

Methods
The consensus presented in this manuscript emerged 
through expert discussions, rather than formal grading 
or voting on evidence, in recognition that AI in critical 
care is a rapidly evolving field where many critical ques-
tions remain unanswered. Participants were selected by 
the consensus chairs (MC, AB, FT, and JLV) based on 
their recognized contributions to AI in critical care to 
ensure representation from both clinical end-users and 
AI developers. Discussions were iterative with deliberate 
engagement across domains, refining recommendations 
through critical examination of real-world challenges, 
current research, and regulatory landscapes.

While not purely based on traditional evidence grad-
ing, this manuscript reflects a rigorous, expert-driven 
synthesis of key barriers and opportunities for AI in criti-
cal care, aiming to bridge existing knowledge gaps and 
provide actionable guidance in a rapidly evolving field. 
To guide physicians in this complex and rapidly evolving 
arena [9], some of the current taxonomy and classifica-
tions are reported in Fig. 1.

Main barriers and challenges for AI integration in critical 
care
The main barriers to AI implementation in critical care 
determined by the expert consensus are presented in this 
section. These unresolved and evolving challenges have 
prompted us to develop a series of recommendations to 
physicians and other healthcare workers, patients, and 
societal stakeholders, emphasizing the principles we 

believe should guide the advancement of AI in health-
care. Challenges and principles are divided into four 
main areas, 1) human-centric AI; 2) Recommendation 
for clinician training on AI use; 3) standardization of data 
models and networks and 4) AI governance. These are 
summarized in Fig. 2 and discussed in more detail in the 
next paragraphs.

The development and maintenance of AI applications 
in medicine require enormous computational power, 
infrastructure, funding and technical expertise. Con-
sequently, AI development is led by major technology 
companies whose goals may not always align with those 
of patients or healthcare systems [10, 11]. The rapid dif-
fusion of new AI models contrasts sharply with the evi-
dence-based culture of medicine. This raises concerns 
about the deployment of insufficiently validated clinical 
models. [12]

Moreover, many models are developed using datasets 
that underrepresent vulnerable populations, leading to 
algorithmic bias. [13] AI models may lack both temporal 
validity (when applied to new data in a different time) and 
geographic validity (when applied across different institu-
tions or regions). Variability in temporal or geographi-
cal disease patterns including demographics, healthcare 
infrastructure, and the design of Electronic Health 
Records (EHR) further complicates generalizability.

Finally, the use of AI raises ethical concerns, includ-
ing trust in algorithmic recommendations and the risk of 
weakening the human connection at the core of medical 
practice, which is the millenary relation between physi-
cians and patients. [14]

Fig. 1  Taxonomy of AI in critical care
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Recommendations
Here we report recommendations, divided in four 
domains. Figure  3 reports a summary of five represen-
tative AI use cases in critical care—ranging from wave-
form analysis to personalized clinician training—mapped 
across these four domains.

Strive for human-centric and ethical AI utilization in 
healthcare
Alongside its significant potential benefit, the risk of AI 
misuse cannot be underestimated. AI algorithms may be 
harmful when prematurely deployed without adequate 
control [9, 15–17]. In addition to the regulatory frame-
works that have been established to maintain control 
(presented in Sect."Governance and regulation for AI in 
Critical Care") [18, 19] we advocate for clinicians to be 
involved in this process and provide guidance.

Develop human-centric AI in healthcare  AI devel-
opment in medicine and healthcare should maintain a 
human-centric perspective, promote empathetic care, 

and increase the time allocated to patient-physician com-
munication and interaction. For example, the use of AI to 
replace humans in time-consuming or bureaucratic tasks 
such as documentation and transfers of care [20–22]. It 
could craft clinical notes, ensuring critical information 
is accurately captured in health records while reducing 
administrative burdens [23].

Establish social contract for AI use in healthcare  There 
is a significant concern that AI may exacerbate societal 
healthcare disparities [24]. When considering AI’s poten-
tial influence on physicians'choices and behaviour, the 
possibility of including or reinforcing biases should be 
examined rigorously to avoid perpetuating existing health 
inequities and unfair data-driven associations [24]. It is 
thus vital to involve patients and societal representatives 
in discussions regarding the vision of the next healthcare 
era, its operations, goals, and limits of action [25]. The 
desirable aim would be to establish a social contract for 
AI in healthcare, to ensure the accountability and trans-
parency of AI in healthcare. A social contract for AI in 

Fig. 2  Recommendations, according to development of standards for networking, data sharing and research, ethical challenges, regulations and societal 
challenges, and clinical practice
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healthcare should define clear roles and responsibili-
ties for all stakeholders—clinicians, patients, developers, 
regulators, and administrators. This includes clinicians 
being equipped to critically evaluate AI tools, develop-
ers ensuring transparency, safety, and clinical relevance, 
and regulators enforcing performance, equity, and post-
deployment monitoring standards. We advocate for hos-
pitals to establish formal oversight mechanisms, such as 
dedicated AI committees, to ensure the safe implemen-
tation of AI systems. Such structures would help formal-
ize shared accountability and ensure that AI deployment 
remains aligned with the core values of fairness, safety, 
and human-centred care.

Prioritize human oversight and ethical governance in 
clinical AI  Since the Hippocratic oath, patient care has 
been based on the doctor-patient connection where clini-
cians bear the ethical responsibility to maximize patient 
benefit while minimizing harm. As AI technologies are 
increasingly integrated into healthcare, their responsibil-
ity must also extend to overseeing its development and 
application. In the ICU, where treatment decisions bal-
ance between individual patient preferences and societal 
consideration, healthcare professionals must lead this 
transition [26]. As intensivists, we should maintain gov-
ernance of this process, ensuring ethical principles and 
scientific rigor guide the development of frameworks to 
measure fairness, assess bias, and establish acceptable 
thresholds for AI uncertainty [6–8].

While AI models are rapidly emerging, most are being 
developed outside the medical community. To better 
align AI development with clinical ethics, we propose 
the incorporation of multidisciplinary boards comprising 
clinicians, patients, ethicists, and technological experts, 
who should be responsible for systematically reviewing 
algorithmic behaviour in critical care, assessing the risks 
of bias, and promoting transparency in decision-mak-
ing processes. In this context, AI development offers an 
opportunity to rethink and advance ethical principles in 
patient care.

Recommendations for clinician training on AI use
Develop and assess the Human-AI interface  Despite 
some promising results [27, 28], the clinical application of 
AI remains limited [29–31]. The first step toward integra-
tion is to understand how clinicians interact with AI and 
to design systems that complement, rather than disrupt, 
clinical reasoning [32]. This translates into the need for 
specific research on the human-AI interface, where a key 
area of focus is identifying the most effective cognitive 
interface between clinicians and AI systems. On one side, 
physicians may place excessive trust on AI model results, 
possibly overlooking crucial information. For example, in 
sepsis detection an AI algorithm might miss an atypical 
presentation or a tropical infectious disease due to limita-
tions in its training data; if clinicians overly trust the algo-
rithm’s negative output, they may delay initiating a neces-
sary antibiotic. On the other, the behaviour of clinicians 
can influence AI responses in unintended ways. To better 

Fig. 3  Summary of five representative AI use cases in critical care—ranging from waveform analysis to personalized clinician training—mapped across 
these 4 domains
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reflect this interaction, the concept of synergy between 
human and AI has been proposed in the last years, 
emphasizing that AI supports rather than replaces human 
clinicians [33]. This collaboration has been described in 
two forms: human-AI augmentation (when human–AI 
interface enhances clinical performance compared to 
human alone) and human-AI synergy (where the com-
bined performance exceeds that of both the human and 
the AI individually) [34]. To support the introduction of 
AI in clinical practice in intensive care, we propose start-
ing with the concept of human-AI augmentation, which is 
more inclusive and better established according to medi-
cal literature [34]. A straightforward example of the latter 
is the development of interpretable, real-time dashboards 
that synthetize complex multidimensional data into visual 
formats, thereby enhancing clinicians’ situational aware-
ness without overwhelming them.

Improve disease characterization with AI  Traditional 
procedures for classifying patients and labelling diseases 
and syndromes based on a few simple criteria are the basis 
of medical education, but they may fail to grasp the com-
plexity of underlying pathology and lead to suboptimal 
care. In critical care, where patient conditions are com-
plex and rapidly evolving, AI-driven phenotyping plays a 
crucial role by leveraging vast amounts of genetic, radio-
logical, biomarker, and physiological data. AI-based phe-
notyping methods can be broadly categorized into two 
approaches.

One approach involves unsupervised clustering, in 
which patients are grouped based on shared features or 
patterns without prior labelling. Seymour et al. demon-
strated how machine learning can stratify septic patients 
into clinically meaningful subgroups using high-dimen-
sional data, which can subsequently inform risk assess-
ment and prognosis [35]. Another promising possibility 
is the use of supervised or semi-supervised clustering 
techniques, which incorporate known outcomes or par-
tial labelling to enhance the phenotyping of patient sub-
groups [36].

The second approach falls under the causal inference 
framework, where phenotyping is conducted with the 
specific objective of identifying subgroups that benefit 
from a particular intervention due to a causal association. 
This method aims to enhance personalized treatment by 
identifying how treatment effects vary among groups, 
ensuring that therapies are targeted toward patients 
most likely to benefit. For example, machine learning has 
been used to stratify critically ill patients based on their 
response to specific therapeutic interventions, poten-
tially improving clinical outcomes [37]. In a large ICU 
cohort of patients with traumatic brain injury (TBI), 

unsupervised clustering identified six distinct subgroups, 
based on combined neurological and metabolic profiles. 
[38]

These approaches hold significant potential for advanc-
ing acute and critical care by ensuring that AI-driven 
phenotyping is not only descriptive, but also actionable. 
Before integrating these methodologies into clinical 
workflows, we need to make sure clinicians can accept 
the paradigm shift between broad syndromes and spe-
cific sub-phenotypes, ultimately supporting the transi-
tion toward personalized medicine [35, 39–41].

Ensure AI training for responsible use of AI in health-
care  In addition to clinical practice, undergraduate medi-
cal education is also directly influenced by AI transfor-
mation [42] as future workers need to be equipped to 
understand and use these technologies. Providing training 
and knowledge from the start of their education requires 
that all clinicians understand data science and AI's funda-
mental concepts, methods, and limitations, which should 
be included in medical degree core curriculum. This will 
allow clinicians to use and assess AI critically, identify 
biases and limitations, and make well-informed decisions, 
which may ultimately benefit the medical profession's 
identity crisis and provide new careers in data analysis 
and AI research [42].

In addition to undergraduate education, it is essential 
to train experienced physicians, nurses, and other allied 
health professional [43]. The effects of AI on academic 
education are deep and outside the scope of the cur-
rent manuscript.  One promising example is the use of 
AI to support personalized, AI-driven training for clini-
cians—both in clinical education and in understanding 
AI-related concepts [44]. Tools such as chatbots, adap-
tive simulation platforms, and intelligent tutoring sys-
tems can adapt content to students’ learning needs in real 
time, offering a tailored education. This may be applied to 
both clinical training and training in AI domains.

Accepting uncertainty in medical decision-mak-
ing  Uncertainty is an intrinsic part of clinical decision-
making, with which clinicians are familiar and are trained 
to navigate it through experience and intuition. However, 
AI models introduce a new type of uncertainty, which can 
undermine clinicians'trust, especially when models func-
tion as opaque “black boxes” [45–47]. This increases cog-
nitive distance between model and clinical judgment, as 
clinicians don’t know how to interpret it. To bridge this 
gap, explainable AI (XAI) has emerged, providing tools to 
make model predictions more interpretable and, ideally, 
more trustworthy to reduce perceived uncertainty [48].

Yet, we argue that interpretability alone is not enough 
[48].To accelerate AI adoption and trust, we advocate 
that physicians must be trained to interpret outputs 
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under uncertainty—using frameworks like plausibil-
ity, consistency with known biology, and alignment with 
consolidated clinical reasoning—rather than expecting 
full explainability [49].

Standardize and share data while maintaining patient 
privacy
In this section we present key infrastructures for AI 
deployment in critical care [50]. Their costs should be 
seen as investment in patient outcomes, processes effi-
ciency, and reduced operational costs. Retaining data 
ownership within healthcare institutions, and recogniz-
ing patients and providers as stakeholders, allows them to 
benefit from the value their data creates. On the contrary, 
without safeguards clinical data risk becoming propri-
etary products of private companies—which are resold to 
their source institutions rather than serving as a resource 
for their own development—for instance, through the 
development and licensing of synthetic datasets [51].

Standardize data to promote reproducible AI mod-
els  Standardized data collection is essential for creating 
generalizable and reproducible AI models and fostering 
interoperability between different centres and systems. A 
key challenge in acute and critical care is the variability in 
data sources, including EHRs, multi-omics data (genom-
ics, transcriptomics, proteomics, and metabolomics), 
medical imaging (radiology, pathology, and ultrasound), 
and unstructured free-text data from clinical notes and 
reports. These diverse data modalities are crucial for 
developing AI-driven decision-support tools, yet their 
integration is complex due to differences in structure, for-
mat, and quality across healthcare institutions.

For instance, the detection of organ dysfunction in the 
ICU, hemodynamic monitoring collected by different 
devices, respiratory parameters from ventilators by dif-
ferent manufacturers, and variations in local policies and 
regulations all impact EHR data quality, structure, and 
consistency across different centres and clinical trials.

The Observational Medical Outcomes Partnership 
(OMOP) Common Data Model (CDM), which embeds 
standard vocabularies such as LOINC and SNOMED 
CT, continues to gain popularity as a framework for 
structuring healthcare data, enabling cross-centre data 
exchange and model interoperability [52–54]. Similarly, 
Fast Healthcare Interoperability Resources (FHIR) offers 
a flexible, standardized information exchange solution, 
facilitating real-time accessibility of structured data [55].

Hospitals, device and EHR companies must contrib-
ute to the adoption of recognized standards to make sure 
interoperability is not a barrier to AI implementation.

Beyond structured data, AI has the potential to 
enhance data standardization by automatically tagging 
and labelling data sources, tracking provenance, and 

harmonizing data formats across institutions. Leveraging 
AI for these tasks can help mitigate data inconsistencies, 
thereby improving the reliability and scalability of AI-
driven clinical applications.

Prioritize data safety, security, and patient pri-
vacy  Data safety, security and privacy are all needed for 
the application of AI in critical care. Data safety refers to 
the protection of data from accidental loss or system fail-
ure, while data security is related with defensive strate-
gies for malicious attacks including hacking, ransomware, 
or unauthorized data access [56]. In modern hospitals, 
data safety and security will soon become as essential as 
wall oxygen in operating rooms [57, 58]. A corrupted or 
hacked clinical dataset during hospital care could be as 
catastrophic as losing electricity, medications, or oxygen. 
Finally, data privacy focuses on the safeguard of person-
ally information, ensuring that patient data is stored and 
accessed in compliance with legal standards [56].

Implementing AI that prioritizes these three pillars will 
be critical for resilient digital infrastructure in healthcare. 
A possible option for the medical community is to sup-
port open-source modes to increase transparency and 
reduce dependence on proprietary algorithms, and pos-
sibly enable better control of safety and privacy issues 
within the distributed systems [59]. However, sustaining 
open-source innovation requires appropriate incentives, 
such as public or dedicated research funding, academic 
recognition, and regulatory support to ensure high-qual-
ity development and long-term viability [60]. Without 
such strategies, the role of open-source models will be 
reduced, with the risk of ceding a larger part of control of 
clinical decision-making to commercial algorithms.

Develop rigorous AI research methodology  We believe 
AI research should be held to the same methodological 
standards of other areas of medical research. Achieving 
this will require greater accountability from peer review-
ers and scientific journals to ensure rigor, transparency, 
and clinical relevance.

Furthermore, advancing AI in ICU research requires 
a transformation in the necessary underlying infrastruc-
ture, particularly when considering high-frequency data 
collection and the integration of complex, multimodal 
patient information, detailed in the sections below. In 
this context, the gap in data resolution between highly 
monitored environments such as ICUs and standard 
wards become apparent. The ICU provides a high level of 
data granularity due to high resolution monitoring sys-
tems, capable of capturing the rapid changes in a patient's 
physiological status [61]. Consequently, the integration of 
this new source of high-volume, rapidly changing physi-
ological data into medical research and clinical prac-
tice could give rise to “physiolomics”, a proposed term 
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to describe this domain, that could become as crucial 
as genomics, proteomics and other “-omics” fields in 
advancing personalized medicine.

AI will change how clinical research is performed, 
improving evidence-based medicine and conducting 
randomized clinical trials (RCTs) [62]. Instead of using 
large, heterogeneous trial populations, AI might help 
researchers design and enrol tailored patient subgroups 
for precise RCTs [63, 64]. These precision methods could 
solve the problem of negative critical care trials related 
to inhomogeneities in the population and significant con-
founding effects. AI could thus improve RCTs by allow-
ing the enrolment of very subtle subgroups of patients 
with hundreds of specific inclusion criteria over dozens 
of centres, a task impossible to perform by humans in 
real-time practice, improving trial efficiency in enrolling 
enriched populations [65–67]. In the TBI example cited, 
conducting an RCT on the six AI-identified endotypes—
such as patients with moderate GCS but severe metabolic 
derangement—would be unfeasible without AI stratifica-
tion [38]. This underscores AI’s potential to enable preci-
sion trial designs in critical care.

There are multiple domains for interaction between 
AI and RCT, though a comprehensive review is beyond 
the scope of this paper. These include trial emulation to 
identify patient populations that may benefit most from 
an intervention, screening for the most promising drugs 
for interventions, detecting heterogeneity of treatment 
effects, and automated screening to improve the effi-
ciency and cost of clinical trials.

Ensuring that AI models are clinically effective, repro-
ducible, and generalizable requires adherence to rigor-
ous methodological standards, particularly in critical 
care where patient heterogeneity, real-time decision-
making, and high-frequency data collection pose unique 
challenges. Several established reporting and validation 
frameworks already provide guidance for improving AI 
research in ICU settings. While these frameworks are not 
specific to the ICU environment, we believe these should 
be rapidly disseminated into the critical care commu-
nity through dedicated initiatives, courses and scientific 
societies.

For predictive models, the TRIPOD-AI extension of 
the TRIPOD guidelines focuses on transparent report-
ing for clinical prediction models with specific empha-
sis on calibration, internal and external validation, and 
fairness [68]. PROBAST-AI framework complements 
this by offering a structured tool to assess risk of bias 
and applicability in prediction model studies [69]. CON-
SORT-AI extends the CONSORT framework to include 
AI-specific elements such as algorithm transparency 
and reproducibility for interventional trials with AI [70], 
while STARD-AI provides a framework for reporting AI-
based diagnostic accuracy studies [71]. Together, these 

guidelines encompass several issues related to transpar-
ency, reproducibility, fairness, external validation, and 
human oversight—principles that must be considered 
foundational for any trustworthy AI research in health-
care. Despite the availability of these frameworks, many 
ICU studies involving AI methods still fail to meet these 
standards, leading to concerns about inadequate external 
validation and generalizability [68, 72, 73].

Beyond prediction models, critical care-specific guide-
lines proposed in recent literature offer targeted recom-
mendations for evaluating AI tools in ICU environments, 
particularly regarding data heterogeneity, patient safety, 
and integration with clinical workflows. Moving forward, 
AI research in critical care must align with these estab-
lished frameworks and adopt higher methodological 
standards, such as pre-registered AI trials, prospective 
validation in diverse ICU populations, and standardized 
benchmarks for algorithmic performance.

Encourage collaborative AI models  Centralizing data 
collection from multiple ICUs, or federating them into 
structured networks, enhances external validity and reli-
ability by enabling a scale of data volume that would be 
unattainable for individual institutions alone [74]. ICUs 
are at the forefront of data sharing efforts, offering sev-
eral publicly available datasets for use by the research 
community [75]. There are several strategies to build col-
laborative databases. Networking refers to collaborative 
research consortia [76] that align protocols and pool clini-
cal research data across institutions. Federated learning, 
by contrast, involves a decentralized approach where data 
are stored locally and only models or weights are shared 
between centres [77]. Finally, centralized approaches, 
such as the Epic Cosmos initiative, leverage de-identified 
data collected from EHR and stored on a central server 
providing access to large patient populations for research 
and quality improvement purposes across the health-
care system [78]. Federated learning is gaining traction 
in Europe, where data privacy regulations have a more 
risk-averse approach to AI development, thus favouring 
decentralized models [79]. In contrast, centralized learn-
ing approaches like Epic Cosmos are more common in the 
United States, where there is a more risk-tolerant envi-
ronment which favours large-scale data aggregation.

In parallel, the use of synthetic data is emerging as a 
complementary strategy to enable data sharing while pre-
serving patient privacy. Synthetic datasets are artificially 
generated to reflect the characteristics of real patient 
data and can be used to train and test models without 
exposing sensitive information [80]. The availability of 
large-scale data, may also support the creation of digital 
twins. Digital twins, or virtual simulations that mirror an 
individual’s biological and clinical state and rely on high-
volume, high-fidelity datasets, may allow for predictive 
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modelling and virtual testing of interventions before bed-
side application and improve safety of interventions.

The ICU community should advocate for the diffusion 
of further initiatives to extended collaborative AI models 
at national and international level.

Governance and regulation for AI in Critical Care
Despite growing regulatory efforts, AI regulation remains 
one of the greatest hurdles to clinical implementation, 
particularly in high-stakes environments like critical 
care, as regulatory governance, surveillance, and evalu-
ation of model performance are not only conceptually 
difficult, but also require a large operational effort across 
diverse healthcare settings. The recent European Union 
AI Act introduced a risk-based regulatory framework, 
classifying medical AI as high-risk and requiring strin-
gent compliance with transparency, human oversight, 
and post-market monitoring [18]. While these regula-
tory efforts provide foundational guidance, critical care 
AI presents unique challenges requiring specialized 
oversight.

By integrating regulatory, professional, and institu-
tional oversight, AI governance in critical care can move 
beyond theoretical discussions toward actionable policies 
that balance technological innovation with patient safety 
[73, 81, 82].

Grant collaboration between public and private sec-
tor  Given the complexity and significant economic, 
human, and computational resources needed to develop 
a large generative AI model, physicians and regulators 
should promote partnerships among healthcare institu-
tions, technology companies, and governmental bodies 
to support the research, development, and deployment of 
AI-enabled care solutions [83]. Beyond regulatory agen-
cies, professional societies and institutional governance 
structures must assume a more active role. Organiza-
tions such as Society of Critical Care Medicine (SCCM), 
European Society of Intensive Care Medicine (ESICM), 
and regulatory bodies like the European Medical Agency 
(EMA) should establish specific clinical practice guide-
lines for AI in critical care, including standards for model 
validation, clinician–AI collaboration, and accountability. 
Regulatory bodies should operate at both national and 
supranational levels, with transparent governance involv-
ing multidisciplinary representation—including clini-
cians, data scientists, ethicists, and patient advocates—to 
ensure decisions are both evidence-based and ethically 
grounded. To avoid postponing innovation indefinitely, 
regulation should be adaptive and proportionate, focusing 
on risk-based oversight and continuous post-deployment 
monitoring rather than rigid pre-market restrictions. Fur-
thermore, implementing mandatory reporting require-
ments for AI performance and creating hospital-based 

AI safety committees could offer a structured, practical 
framework to safeguard the ongoing reliability and safety 
of clinical AI applications.

Address AI divide to improve health equality  The 
adoption of AI may vary significantly across various 
geographic regions, influenced by technological capaci-
ties, (i.e. disparities in access to software or hardware 
resources), and differences in investments and priorities 
between countries. This “AI divide” can separate those 
with high access to AI from those with limited or no 
access, exacerbating social and economic inequalities.

The EU commission has been proposed to act as an 
umbrella to coordinate EU wide strategies to reduce the 
AI divide between European countries, implementing 
coordination and supporting programmes of activities 
[84]. The use of specific programmes, such as Marie-
Curie training networks, is mentioned here to strengthen 
the human capital on AI while developing infrastructures 
and implementing common guidelines and approaches 
across countries.

A recent document from the United Nations also 
addresses the digital divide across different economic 
sectors, recommending education, international cooper-
ation, and technological development for an equitable AI 
resource and infrastructure allocation [85].

Accordingly, the medical community in each country 
should lobby at both national level and international level 
through society and WHO for international collabora-
tions, such as through the development of specific grants 
and research initiatives. Intensivist should require supra-
national approaches to standardized data collection and 
require policies for AI technology and data analysis. Gov-
ernments, UN, WHO, and scientific society should be the 
target of this coordinated effort.

Continuous evaluation of dynamic models and post-
marketing surveillance  A major limitation in current 
regulation is the lack of established pathways for dynamic 
AI models. AI systems in critical care are inherently 
dynamic, evolving as they incorporate new real-world 
data, while most FDA approvals rely on static evalua-
tion. In contrast, the EU AI Act emphasizes continuous 
risk assessment [18]. This approach should be expanded 
globally to enable real-time auditing, validation, and gov-
ernance of AI-driven decision support tools in intensive 
care units, as well as applying to post-market surveil-
lance. The EU AI Act mandates ongoing surveillance of 
high-risk AI systems, a principle that we advocate to be 
adopted internationally to mitigate the risks of AI degra-
dation and bias drift in ICU environments. In practice, 
this requires AI commercial entities to provide post-
marketing surveillance plans and to report serious inci-
dents within a predefined time window (15 days or less) 
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[18]. Companies should also maintain this monitoring as 
the AI systems evolve over time. The implementation of 
these surveillance systems should include standardized 
monitoring protocols, embedded incident reporting tools 
within clinical workflows, participation in performance 
registries, and regular audits. These mechanisms are over-
seen by national Market Surveillance Authorities (MSAs), 
supported by EU-wide guidance and upcoming templates 
to ensure consistent and enforceable oversight of clinical 
AI systems.

Require adequate regulations for AI deployment in 
clinical practice  Deploying AI within complex clinical 
environments like the ICU, acute wards, or even regular 
wards presents a complex challenge [86].

We underline three aspects for adequate regulation: 
first, a rigorous regulatory process for evaluation of safety 
and efficacy before clinical application of AI products. 
A second aspect is related with continuous post-market 
evaluation, which should be mandatory and conducted 
according to other types of medical devices [18].

The third important aspect is liability, identifying who 
should be held accountable if an AI decision or a human 
decision based on AI leads to harm. This relates with the 
necessity for adequate insurance policies. We urge regu-
latory bodies in each country to provide regulations on 
these issues, which are fundamental for AI diffusion.

We also recommend that both patients and clinicians 
request that regulatory bodies in each country update 
current legislation and regulatory pathways, including 
clear rules for insurance policies to anticipate and reduce 
the risk for case laws.

Conclusions
In this paper, we outlined key barriers to the adoption of 
AI in critical care and proposed actionable recommen-
dations across four domains: 1) ensuring human-centric 
and ethical AI use, 2) promoting training for clinical 
application, 3) standardizing data infrastructure while 
safeguarding security and privacy, and 4) strengthen-
ing governance and regulation. These recommendations 
involve all possible healthcare stakeholders, including 
physicians and healthcare providers, patients, industry 
and academic developers, and regulators. Ultimately, 
the AI revolution is not about technological develop-
ment, but about how it will affect human relations with 
patients, their families, and physicians [87].

Physicians may increasingly use AI to support clinical 
decision-making, yet the core values of medical prac-
tice—human connection, empathy, and the patient-phy-
sician relationship—must not be violated. We call on the 
global critical care community to collaborate in shap-
ing this innovative future to ensure that AI integration 

enhances, rather than erodes, the quality of care and 
patient well-being.
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