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Abstract

Background & aim: The intensive care unit (ICU) is among the most critical hospital departments, requiring rapid and
precise decision-making based on vast amounts of data. Artificial intelligence (Al), by providing advanced analytical
tools, is playing an increasingly prominent role in enhancing diagnostic, therapeutic, and management processes in this
setting. The primary aim of this review article is to present a systematic classification of different types of Al and their
associated statistical methods, with a focus on their applications in critical care. This classification is intended to
facilitate a clearer and more practical understanding of these technologies within the ICU.

Methods: This narrative review was designed and conducted in accordance with established standards for narrative
review articles. The research process was structured into four main phases. First, a comprehensive literature search was
performed across major scientific databases, including PubMed, Scopus, Web of Science, and IEEE Xplore. The search
strategy employed a combination of keywords related to artificial intelligence, intensive care, machine learning, early
diagnosis, and resource management in critical care, along with their English equivalents. The search was limited to
articles published between 2010 and 2024. In the second phase, clear inclusion and exclusion criteria were established.
Cohort studies, clinical trials, meta-analyses, and review articles focusing on the application of artificial intelligence in
intensive care were included. Animal studies, non-systematic case reports, and articles without full-text availability
were excluded. During the data extraction and analysis phase, key information from each study was collected, including
the type of artificial intelligence approach (symbolic Al, machine learning, deep learning, fuzzy systems), the specific
models used (neural networks, support vector machines, decision trees), the domain of application (diagnosis, risk
prediction, treatment management), and measures of effectiveness (accuracy, sensitivity, improvement in clinical
outcomes). The final phase involved the development of an analytical framework based on two main axes: first, the
classification of Al approaches by capability, distinguishing between rule-based systems (symbolic Al) and data-driven
systems (deep learning); and second, a performance-based classification encompassing diagnostic applications (such as
radiological image analysis), predictive modeling (risk models), and decision-making (optimization of treatment
protocols). Specialized models were further evaluated for their practical utility in intensive care settings, including the
use of convolutional neural networks for physiological data analysis and fuzzy systems for resource management.
Ultimately, the findings were organized in a comparative matrix structured by model type, domain of application, and
level of supporting evidence. Interdisciplinary overlaps, such as the integration of reinforcement learning with clinical
decision support systems, were also identified. This methodology was developed in accordance with best practices for
narrative reviews, emphasizing transparency and rigor in reporting.

Results: The results of this review indicate that Al in critical care encompasses a wide range of approaches, including
symbolic Al, machine learning (supervised, unsupervised, and reinforcement learning), deep learning, evolutionary Al,
fuzzy systems, and swarm intelligence. Each of these approaches, utilizing specific statistical methods, offers unique
capabilities in areas such as early disease detection, risk prediction, treatment optimization, and resource management.
Conclusion: While the proposed classification can enhance understanding of Al applications in critical care, it is
important to note that these categories are not always mutually exclusive, and there is overlap between different
approaches. The choice of the appropriate Al method and corresponding statistical technique depends on the specific
characteristics of the problem and the available data. Nevertheless, a thorough understanding of Al types and their
statistical foundations enables critical care professionals to take effective steps toward improving care quality and
patient outcomes. The intersection of Al and critical care opens new horizons for advancing patient health and
improving therapeutic results. Al, with its broad spectrum of approaches and techniques, holds transformative potential
for critical care. Deep knowledge of these methods empowers specialists to select optimal strategies for improving
patient health. The integration of Al and critical care is set to reshape the future of medicine. Responsible development
requires attention to ethical challenges and ensuring equitable use of these technologies.
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Introduction

Artificial Intelligence as an advanced and
multifaceted branch of computer science has
played a pivotal role in recent years in
enhancing the processes of diagnosis,
treatment, and patient management within the
domain of intensive care. This field
encompasses a diverse array of approaches and
techniques, each leveraging specific statistical
methods to provide unique capabilities [1].
This article presents a comprehensive and
systematic taxonomy of various types of
artificial intelligence alongside the
corresponding  statistical ~ methodologies,
aiming to facilitate a deeper and more practical
understanding of this technology in the context
of intensive care.

Concepts and Significance of the Intensive
Care Unit

The Intensive Care Unit (ICU) represents
one of the most critical departments within a
hospital, dedicated to providing continuous,
specialized, and often invasive or semi-
invasive care to patients in critical or life-
threatening  conditions, including  those
recovering from major and high-risk surgeries
[2, 3]. Patients in the ICU are subject to
constant, around-the-clock monitoring, and the
medical and nursing staff are highly trained
specialists who utilize advanced surveillance
technologies to deliver the highest standard of
clinical care. The paramount importance of
this unit lies in its capacity to significantly
improve survival rates among critically ill
patients and to play a central role in managing
life-threatening diseases [4].

Medical decision-making in the ICU is
inherently complex and sensitive, requiring the
analysis of vast volumes of real-time data. It is
precisely in this setting that artificial
intelligence, with its ability to process large-
scale data, learn from intricate patterns, and
generate precise predictions, can substantially
enhance the quality of care and the
responsiveness of clinical teams [5].
Specialized  Taxonomy of  Artificial
Intelligence and Associated Statistical
Methods in Intensive Care
1. Symbolic Artificial Intelligence (Symbolic
Al): Symbolic Al constitutes the -earliest
approach to developing intelligent systems,
grounded in knowledge representation through
symbols and logical rules. This paradigm

emphasizes inference and reasoning and finds
extensive application in expert systems and
rule-based frameworks [6]. Despite its logical
foundation, the integration of complementary
statistical methods becomes essential in
contexts characterized by uncertainty and
ambiguity to improve accuracy and efficiency.

Relevant Statistical Methods:

o Bayesian Statistics: For belief updating and
uncertainty management based on new
evidence.

o Expert systems: To simulate the decision-
making process of specialists in a specific
field by utilizing a knowledge base and an
inference engine, with the aim of diagnosis,
recommending treatments, and interpreting
clinical data.

2. Machine Learning: Machine learning, a
subfield of Al, enables systems to identify
hidden patterns and enhance their performance
autonomously through data analysis, without
explicit programming [7, 8]. It is broadly
categorized into supervised, unsupervised, and
reinforcement learning, each employing
diverse statistical techniques with extensive
applications in medical data analysis and
intensive care.

e Supervised Learning: Models learn the
relationships between inputs and labeled
outputs, proving highly effective in medical
data  prediction and classification.
Associated Statistical Methods:

o Linear and Logistic Regression: For
guantitative prediction and classification.

o Decision Trees and Random Forests: To
model nonlinear relationships and mitigate
overfitting.

o Support Vector Machines (SVM): For
optimal decision boundary determination.

o Neural Networks: For modeling complex
relationships and  extracting  abstract
features.

e Unsupervised Learning: Enables
discovery of hidden structures and patterns
in unlabeled data, valuable for patient
clustering and dimensionality reduction in
complex medical datasets. Associated
Statistical Methods:

o Clustering algorithms (e.g.,, K-Means,
Hierarchical Clustering).

o Principal Component Analysis (PCA): For
feature  extraction and  complexity
reduction.

J Crit Care Nurs. 2025;17(4):66-80


http://dx.doi.org/10.30491/JCC.17.4.66
http://jccnursing.com/article-1-811-en.html

[ Downloaded from jccnursing.com on 2025-12-19 |

[ DOI: 10.30491/JCC.17.4.66 ]

Arabfard et al /

o Association Rule Mining: To uncover inter-
variable relationships.

e Reinforcement Learning: Based on
system-environment interaction and
reward/punishment  feedback, it s
instrumental in  optimizing sequential
decision-making and clinical decision
support systems. Associated Statistical
Methods:

o Markov Decision Processes (MDP).

Q-Learning and SARSA algorithms.

o Deep Neural Networks for approximating
complex functions.

3. Deep Learning: Deep learning, a subset of
machine learning, utilizes multilayered
deep neural networks to hierarchically and
intricately extract features from data [9-12].
This approach is particularly effective in
processing medical images, audio, and
textual data, especially in analyzing
medical imaging and vital signals. Relevant
Statistical Methods:

o Convolutional Neural Networks (CNN):
For spatial pattern recognition in medical
imaging.

o Recurrent Neural Networks (RNN) and
Long Short-Term Memory (LSTM): For
sequential data processing, such as ECG
signals and medical texts.

o Generative Adversarial Networks (GAN):
For generating high-quality synthetic data
to augment training datasets.

4. Evolutionary Computation: This category
encompasses two types of artificial
intelligence, which are described below.

4.1. Evolutionary Artificial Intelligence:
Evolutionary Al leverages algorithms
inspired by natural selection and biological
evolution to optimize Al models and
parameters. This approach is applicable in
complex optimization problems and the
design of self-organizing algorithms.
Relevant Statistical Methods:

o Genetic Algorithms: For optimal parameter
space exploration.

e Genetic Programming: For the automated
evolution of programs and algorithms.

4.2. Swarm Intelligence: Swarm intelligence
draws inspiration from the collective
behavior of simple natural systems, such as
ant colonies and bird flocks, to solve
complex optimization problems. This
paradigm is widely used in designing

O

optimization algorithms and efficient
solution searches. Relevant Statistical
Methods:

¢ Ant Colony Optimization (ACO).

o Particle Swarm Optimization (PSO).
Fuzzy Systems: Fuzzy systems are
developed to model uncertain knowledge
and approximate reasoning. Utilizing fuzzy
logic, they can define and manipulate
linguistic variables and fuzzy rules, which
are highly applicable under clinical
uncertainty. Relevant Statistical Methods:

e Fuzzy Logic.

e Fuzzy Rules for inference system
construction.

The Intersection of Artificial Intelligence
and Intensive Care: Opening New
Horizons

The convergence of artificial intelligence
and intensive care has ushered in new horizons
for enhancing patient health and improving
therapeutic outcomes [13]. Within the ICU, Al
serves as a powerful tool to elevate care
quality, enable early  detection of
complications, predict risks, and optimize
therapeutic decisions. By analyzing real-time
patient data—such as vital signs, laboratory
results, and medical imaging—Al systems can
issue early warnings for critical conditions like
delirium, heart failure, or imminent mortality,
thereby affording clinical teams the
opportunity for timely intervention [14]. The
application of machine learning and deep
learning algorithms in the ICU facilitates the
identification of high-risk patients and the
optimal allocation of resources, ultimately
leading to improved clinical outcomes and
reduced mortality rates [15].

Discussion

While the endeavor to formulate a distinct
taxonomy of artificial intelligence approaches
and associated statistical paradigms within the
clinical ambit of intensive care medicine is
laudable in its intent to facilitate
comprehension and accelerate the assimilation
of these nascent technologies, it is paramount
to acknowledge that such classifications are
inherently provisional, and insistence upon a
rigid, inflexible demarcation between them
risks  promulgating a simplistic and
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reductionist portrayal of the complexities
inherent in this domain. Indeed, the profound
transformation unfolding in the detection,
management, and amelioration of therapeutic
outcomes  within intensive care units
encompasses a  seamlessly  integrated,
interconnected, and interwoven realm wherein
significant overlap is observed in the
application, assimilation, and judicious fusion
of diverse statistical algorithms across
disparate categories of artificial intelligence.
As a salient instance, one might cite clustering
algorithms, typically categorized and defined
under the rubric of unsupervised machine

learning; these algorithms possess the latent
potential to fulfill a pivotal and indispensable
role within the architecture and framework of
expert systems predicated upon the symbolic
Al paradigm, and to be deployed in the
orchestration of clinical knowledge and the
extraction of cryptic patterns and latent motifs
from the vast corpus of medical data amassed
in hospital information systems (HIS) and
electronic health records (EHRS).

payesian Statistjeg
Expert Systems

Symbolic

Al

Figure 1: The classification of artificial intelligence can be viewed as pieces of a puzzle that serve as supportive links, bringing
together and underpinning all processes within the field of critical care.

Similarly, reinforcement learning
methodologies, frequently recognized as
instrumental in the optimization of therapeutic
decision-making and resource stewardship
within the ICU milieu, can be synergistically
integrated with fuzzy neural networks to
model the inherent uncertainty and ambiguity
pervading the physiological data of critically
ill patients. For example, in the management
of sepsis, fuzzy inference systems are capable
of leveraging real-time data pertaining to vital
signs (e.g., blood pressure, heart rate,
respiratory rate) and laboratory findings (e.g.,
lactate levels, white blood cell count) to
estimate the probability of patient mortality
and activate early warning alerts to prompt

expeditious  clinical  intervention  [16].
Concurrently, reinforcement learning
algorithms can be harnessed to devise

personalized treatment protocols for patients
afflicted with septic shock, such that by
continuously appraising the patient's response
to diverse therapeutic modalities (e.g.,
vasopressor administration, fluid
resuscitation), the optimal therapeutic strategy
is dynamically ascertained based on the
patient's idiosyncratic condition [17].
Conversely, scholarly and academic circles
have remained perennial venues for vigorous
debate and fervent contention concerning the
validity, efficiency, and utility of these
classifications and conceptual divisions.
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Among these discussions, certain forward-
thinking luminaries and preeminent scholars,
drawing upon the latest discoveries and
advancements in the fields of cognitive
neuroscience and neuromorphic computing,
staunchly advocate for a focused and
specialized emphasis on innovative and
cutting-edge approaches grounded in deep
learning —  particularly  the intricate
architectures of convolutional neural networks
(CNNs) and recurrent neural networks
(RNNs), together with their specialized
variants such as long short-term memory
(LSTM) networks and gated recurrent units
(GRUs) — to address the intricate,
multifaceted, and often nonlinear challenges
endemic to intensive care medicine, spanning
from the early and accurate detection of sepsis
via real-time analysis of genomic and
proteomic data to the prediction of cardiac
arrest risk based on the examination of ECG
patterns and other vital signs. These
proponents contend that deep neural networks,
by virtue of their capacity to learn hierarchical
representations of data, are capable of
discerning intricate  patterns that are
imperceptible  to  more  conventional
methodologies. As an example, CNNs can be
deployed to analyze radiographic images of
the chest to detect pneumonia or acute
respiratory distress syndrome [18], whereas
RNNSs can be leveraged to forecast the risk of
developing acute respiratory distress syndrome
in patients with sepsis based on time-series
data of vital signs and laboratory variables
[19]. Adherents to this viewpoint posit the
ability of deep neural networks to
automatically extract salient features from raw
data as a key advantage, as this substantially
mitigates the need for manual feature
engineering, a process that is both time-
consuming and requires domain expertise [20,
21]. However, detractors of this approach
emphasize the black-box nature of deep
learning models and the difficulty in
interpreting their decisions, presenting this as a
formidable challenge to their clinical
application. As a case in point, while a deep
neural network may be capable of accurately
predicting the risk of mortality in patients with
acute respiratory distress syndrome, providing
a lucid and comprehensible explanation to
clinicians as to why the network arrived at

such a prediction can prove exceedingly
arduous.

In contradistinction, another cohort of
specialists, invoking the foundational tenets of
systems thinking and placing substantial
emphasis on the importance of considering all
facets and latent dimensions of a complex
problem, endorse a comprehensive, holistic,
and integrative approach wherein the judicious
combination of multiple distinct artificial
intelligence methods and statistical paradigms
— including fuzzy logic, genetic algorithms,
Bayesian methods, and support vector
machines — is employed to attain optimal,
reliable, and interpretable results. As an
illustration, clinical decision support systems
that leverage the synergy of fuzzy logic for
modeling uncertainty in medical knowledge
and genetic algorithms for optimizing
inference rules can be deployed in the
management of patients with acute respiratory
distress syndrome and the precise titration of
mechanical ventilator parameters [22]. These
systems are capable of automatically
suggesting optimal ventilator settings (such as
tidal volume, inspiratory pressure, and |: E
ratio) by considering diverse factors including
patient age, disease severity, and response to
prior treatments. Bayesian methods can also be
employed to integrate information from
disparate sources, such as genomic, proteomic,
and medical imaging data, to enhance the
accuracy of diagnosis and prognostication in
patients with sepsis [23]. As an example, a
Bayesian model can be used to assess the
probability of a specific infection (such as
infection  due to  methicillin-resistant
Staphylococcus aureus) in a patient with sepsis
based on data pertaining to the patient's
medical history, clinical signs, and the results
of microbiological assays [24]. Critics of this
approach cite the greater complexity and need
for broader domain expertise in designing and
implementing integrative systems as a
drawback.

Ultimately, the overarching aim of all these
endeavors, intellectual pursuits, and scholarly
debates is to forge and refine a conceptual
framework—one that is systematic, dynamic,
adaptable, and efficient—for the clinicians,
physicians, and decision-makers operating
within the high-stakes, high-acuity
environment of intensive care. This framework
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should empower them to leverage a profound,
evidence-based, and realistic comprehension
of the inherent potentials, capabilities, and
limitations—both latent and realized—of each
methodological approach and technological
tool. Consequently, they can adeptly deploy
the most suitable, efficacious, and impactful
instruments to elevate the critical processes of
diagnosis, treatment, and management, thereby
taking a firm, lasting, and hopeful stride
toward enhancing the overall state of health,
augmenting the quality of life, and improving
the well-being and comfort of patients
undergoing acute and critical care within the
intensive care unit.

In clearer and more precise terms, the
ultimate objective for researchers should
decidedly not be the entrenchment and
promotion of preordained, static, and
immutable classifications. Rather, the primary
focus must be on facilitating, encouraging, and
fostering innovation, creativity, and divergent
thinking in the application of artificial
intelligence to confront the genuine, palpable,
and quotidian challenges inherent in the
demanding and precarious domain of intensive
care. This emphasis will not only catalyze the
development and implementation of more
efficient and effective methods for resolving
intricate clinical quandaries, but will also
cultivate a propitious context for the rigorous,
accountable, and comprehensive evaluation of
the ethical, legal, and societal ramifications of
the burgeoning deployment of intelligent
systems and machine learning algorithms in
healthcare.

These evaluations are of paramount
importance, as the unethical or inequitable
application of Al harbors the potential to
precipitate discrimination, infringe upon
patient privacy, and erode public trust in the
healthcare system [25]. The salient ethical
challenges in this sphere encompass issues
such as algorithmic bias, the transparency and
interpretability of Al  models, and
accountability for the decisions rendered by
intelligent systems [26]. For instance, should a
diagnostic algorithm for sepsis be trained on
data derived from a specific patient cohort, it
may exhibit suboptimal performance in
detecting the disease in other populations—a
concern  of  heightened relevance in
multicultural and diverse societies, where

genetic and environmental disparities can exert
a significant  influence on  disease
manifestation and presentation. Similarly, if a
predictive model for mortality risk in the ICU
is designed such that its decisions remain
opaque and incomprehensible to clinicians,
their confidence in and adoption of the model
may be attenuated, particularly in scenarios
where Al-driven decisions diverge from
clinical intuition. Furthermore, in the event of
an erroneous decision made by an intelligent
system, assigning legal and ethical culpability
can prove exceedingly complex. To illustrate,
if an Al system erroneously prescribes an
excessive dose of a medication, resulting in
patient harm, determining whether liability
rests with the system developer, the hospital,
or the attending physician can be highly
challenging. Therefore, the development of
appropriate legal and ethical frameworks
governing the utilization of Al in healthcare is
essential to ensure the responsible and
equitable deployment of this technology,
thereby safeguarding patient rights and
upholding public confidence in the healthcare
system. These frameworks should encompass
elements such as requirements pertaining to
algorithmic transparency, mechanisms for
redress of harms stemming from Al-induced
errors, and ethical standards for the collection
and utilization of medical data. In addition,
education and empowerment of healthcare
professionals in the use of Al, along with a
thorough understanding of its inherent
limitations, are of paramount importance.

Conclusion

Despite the existence of challenges in
definitively categorizing and distinguishing
between artificial intelligence (Al) approaches
and related statistical paradigms, their
integration into the high-stakes environment of
the intensive care unit (ICU) holds tremendous
potential to revolutionize clinical care. By
facilitating more precise and expedited data
analysis, empowering more intelligent and
evidence-based decision-making, and
enhancing the quality of clinical care provided
to critically ill patients, these technologies can
significantly improve therapeutic outcomes
and boost survival rates. A comprehensive and
nuanced understanding of the capabilities and
limitations of each Al approach and its
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associated statistical algorithms is essential,
enabling specialists to select the most optimal
and appropriate methods for specific clinical
scenarios, thus making a meaningful and
targeted contribution to improving the health
and well-being of ICU patients.

Given the increasing importance of the
intensive care unit in modern healthcare
systems and the imperative to leverage
innovative technologies to overcome existing
challenges, the convergence of these two
domains presents not only an unavoidable
necessity, but also a unique opportunity to
shape the future of medicine and enhance
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