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Artificial intelligence (AI) as a novel tool to advance the 
field of medicine has rapidly become a subject of great 
interest and intense debate, leading many stakeholders 
to prospect on the future role of these technologies and 
relative responsibilities in decision-making [1–5]. Fur-
thermore, the complexity of some AI algorithms, their 
lack of transparency and a widespread lack of prospec-
tive validation may serve to dishearten physicians. In this 
short piece, I will attempt to define what are some of the 
most common AI techniques with applications to inten-
sive care, then I’ll discuss what barriers to implementa-
tion exist and why us, doctors, have not been superseded 
by robot-physicians.

Intensive care applications of artificial intelligence
The computer scientist Marvin Minsky, one of the 
fathers of AI, defined the field as “the science of mak-
ing machines do things that would require intelligence 
if done by men”. AI has many potential applications in 
medicine, including automated radiology reporting, 
predictive analytics, knowledge representation, surgi-
cal robotics, medical education, drug discovery, among 
others [1–5]. These technologies hold the promises of 
helping clinicians make better and more personalised 
decisions, boosting workflow and reducing healthcare 
expenditures [1, 3–5]. In the ICU, applications of AI are 
mainly limited to machine learning—a collection of data 
analysis and modelling techniques aiming at generating 
knowledge from data. Machine learning algorithms typi-
cally fall into three categories: supervised, unsupervised 
and reinforcement learning (Fig. 1).

Supervised learning relies on labelled data for model 
training and is focused on predictive tasks such as 

estimating a patient’s risk of mortality, readmission, 
length of stay, or diagnosing early deterioration or sep-
sis [1, 6, 7]. A vast overlap exists between biostatistics 
and machine learning, so one could argue that we have 
actually been using some form of AI for a long time. For 
example, many risk prediction scores (PRISM, APACHE, 
etc.) are all supervised models that are already used in 
clinical practice.

Figure 1 includes indications on the technology readi-
ness level (TRL) of the methods. TRL is a scale of the 
maturity of technologies, originally invented by NASA 
but now widely adopted by many institutions as inno-
vation policy tools [8]. The TRL of most supervised 
learning models published in intensive care medicine 
ranges from 4 (a component validated in laboratory) to 
7 (mature system adequately validated in the real world), 
even though the majority of the published models have 
never been tested or deployed in clinical practice, what 
we could refer to as an “implementation bottleneck”.

Next, unsupervised learning enables the discovery of 
latent structure or subclasses in a dataset. In medicine, 
this appears useful to define patient subgroups and phe-
notypes, which may be distinct from traditional sub-
groups [9]. These tools may also help making sense of 
“omics” data [1, 10]. For instance, Antcliffe analysed tran-
scriptomics to define two “sepsis response signatures” 
associated with different steroid response [10]. While the 
potential of these technologies in “precision medicine” 
or to inform clinical trial design [2, 11] is vast, no pro-
spectively validated application exists to this day, to the 
best of my knowledge. Arguably, most of these tools are 
TRL 6 at best (“System adequacy validated in simulated 
environment”).

The final class of machine learning algorithms is rein-
forcement learning, where a virtual agent is trained to 
learn an optimal set of rules in order to maximise some 
reward [12, 13]. Researchers have made a parallel with 
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medicine and attempted to deploy these algorithms to 
solve clinical questions [13, 14]. This branch of machine 
learning is arguably the most immature, so the TRL of 
these algorithms remains low, of 3 (“proof-of-concept 
demonstrated analytically and/or experimentally”) to 4 
(laboratory-validated). More examples of applications of 
machine learning are referenced in the Supplementary 
Material.

Barriers to implementation
While AI has already deeply transformed many indus-
tries (retail, transportation, finance, etc.), healthcare is 
still lagging behind for a number of reasons [1–3]. First, 
the technological challenges are huge: setting up large 
databases, dealing with issues of interoperability and 
incomplete, spurious and artefacted data in order to build 
these complex models and turning them into bedside 
tools is inherently very difficult [2, 3]. Next, proprietary, 
legal, ethical and privacy issues need to be addressed [2]. 
Medicine is a high-risk environment, where deploying 

inaccurate or poorly calibrated algorithms would be 
unacceptable [13]. Institutions are trying to set up the 
correct regulatory framework, for example in the UK 
with the governmental report “Algorithms in decision-
making” [15]. Finally, the successful deployment of such 
tools requires the trust and buy-in of all stakeholders [1, 
2].

Clinicians will be mostly interested in scrutinising the 
explainability of a model (can the working of the algo-
rithm be understood by humans?) and its generalisabil-
ity (is the model usable in a given population?) [1, 13]. 
Explainability has been enforced for algorithms with 
human impact by the European General Data Protec-
tion Regulation (GDPR) since May 2018. The debate of 
whether it is acceptable to use non-transparent algo-
rithms for patient care is ongoing [1]. Regarding gener-
alisability, the same principle as any clinical trial applies 
to machine learning: a model is only applicable to the 
population on which it was built, and external valida-
tion (in another dataset or cohort, ideally from a different 

Fig. 1  The three classes of machine learning algorithms, with examples of applications in intensive care. Technology readiness level (TRL) refers 
to the maturity of a technology [8]. TRL 3: proof-of-concept demonstrated analytically and/or experimentally; TRL 4: component validated in the 
laboratory; TRL 6: system adequacy validated in simulated environment; TRL 7: mature system adequately validated in the real world
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organisation or country) enhances greatly the robustness 
of a proposed method.

It is, however, reassuring to observe that these hurdles 
have begun to fall, and that innovations are starting to 
trickle down into clinical practice. In fact, some medical 
specialties where applications of supervised learning are 
more achievable and of lower risk—such as radiology or 
pathology—have already been impacted by AI. The US 
Food and Drug Administration has now approved over a 
dozen products solving medical tasks with AI [1].

Computer versus human intelligence
I agree with Eric Topol, when he stated: “Human health 
is too precious—relegating it to machines, except for 
routine matters with minimal risk, seems especially 
far-fetched” [1]. I would argue that concerns around 
AI taking over the jobs of physicians can be dispelled. 
Awareness, multi-tasking, flexibility and communication 
skills are human capabilities that no AI has achieved or 
seem likely to achieve anytime soon. Instead, I foresee 
that AI will remain in the co-pilot seat, improving our 
workflow and instilling more rationality into our prac-
tice. In particular, I am hopeful that significant develop-
ments are pending in the fields of real-time prediction of 
adverse events (patient deterioration, acute kidney injury, 
etc.), personalised drug dosing (antibiotics, etc.) and vir-
tual scribes to help manage patient notes. Healthcare 
will not become fully automatized. A more realistic and 
achievable vision is represented by AI-driven decision 
support systems embedded in healthcare, capable of sug-
gesting more optimal decisions (with confidence inter-
vals) and reducing the daunting uncertainty we face in 
nearly every decision we make.
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