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REVIEW ARTICLE

Ab s t r ac t
Accurate prediction of patient outcomes in intensive care units (ICUs) is crucial for enhancing 
clinical decision-making, patient care, and resource allocation. Traditional scoring systems like 
Acute Physiology and Chronic Health Evaluation (APACHE), Simplified Acute Physiology Score 
(SAPS), and Sequential Organ Failure Assessment (SOFA), while valuable, fall short of fully capturing 
the complexities of critically ill patients. Advances in machine learning (ML) enable the analysis 
of high-dimensional data, including electronic health records (EHRs), physiological parameters, 
and genomic information, providing a more comprehensive approach to outcome prediction.
This review aims to assess the impact of ML techniques, including deep learning (DL), ensemble 
machine learning (EML), and reinforcement learning (RL), in improving ICU outcome predictions, 
particularly in identifying high-risk patients and enabling proactive interventions.
Machine learning models have shown superiority over traditional systems, enabling more accurate 
identification of critical patients. However, implementing ML in ICU settings comes with challenges, 
including data quality, model interpretability, ethical concerns, and workflow integration. 
Collaborative efforts between clinicians, data scientists, and multidisciplinary teams, supported 
by shared databases like Medical Information Mart for Intensive Care (MIMIC), are essential for 
developing generalizable ML models that work across diverse healthcare environments.
Future research should focus on improving real-time prediction using wearable technology and 
personalized risk assessments to further individualize ICU care. Ethical considerations, particularly 
data privacy and model transparency, must be addressed as ML becomes more integrated into 
critical care.
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2.	 What impact do predictive models have 
on ICU resource optimization?

3.	 What challenges exist in implementing 
AI-driven prediction models in ICU settings?

This review highlights advancements, 
limitations, and practical considerations in 
adopting AI for ICU outcome prediction.

Me t h o d s

This narrative review was conducted to 
synthesize existing literature on the role 
of ML and AI in predicting ICU outcomes 
and optimizing resource management. A 
comprehensive literature search and analysis 
were performed, focusing on studies that 
assessed the application of ML/AI models 
in ICU settings. The methodology aimed to 
provide a structured and detailed review 
of advancements in AI-driven ICU outcome 
prediction.

A narrative synthesis was conducted 
to compare AI/ML models with traditional 
systems, emphasizing improvements, 
challenges, and ethical considerations. 
Recommendations for future research were 
drawn based on these comparisons. The 
search covered the period from 2016 to 
2024, focusing on publications in English 
across databases such as PubMed, Embase, 

In t r o d u c t i o n

Optimizing intensive care unit (ICU) 
resource allocation is essential for 

improving patient outcomes and efficiency. 
Traditional models like APACHE, SAPS, 
and SOFA estimate mortality but offer 
static snapshots, often limited by data 
inconsistencies and hospital-specif ic 
variations.1 These models, while valuable, 
may not fully capture the rapidly changing 
nature of critical illness, leading to delayed 
or suboptimal decision-making.

Machine learning (ML) provides a more 
dynamic alternative by analyzing complex 
time-series data to identif y nonlinear 
patterns, enabling real-time proactive 
predictions. This is crucial in ICU settings 
where patient conditions change quickly. 
Studies demonstrate ML’s potential, such 
as Komorowski et  al .’s reinforcement 
learning algorithms, which optimized 
sepsis treatment and reduced mortality 
by 20%. Additionally, ML models can 
predict respiratory failure early, prompting 
timely interventions and improving patient 
outcomes.2,3

This review explores how ML addresses 
the limitations of traditional models by 
identifying high-risk patients, preventing 
unnecessary ICU admissions, optimizing 
resource use, and enhancing intervention 
pre cis ion .  H owever,  chal lenges l ike 
data quality, model interpretability, and 
integration into clinical workflows remain 
significant, with generalizability across 
diverse populations also critical.  The 
literature search used keywords like “AI in 
ICU” and “ICU mortality prediction models” 
across platforms like Google and PubMed 
Central.

Ob j e c t i v e s

The primary objective of this narrative review 
is to explore the role of artificial intelligence 
(AI) and ML in predicting ICU mortality 
and improving resource management. 
Specifically, it will address the following key 
questions:

1.	 How do AI models compare to traditional 
scoring systems in predicting ICU 
outcomes?
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c a r e ,  r e d u c i n g  c o m p l i c a t i o n s  a n d 
improving recovery rates. By identifying 
high-risk patients early, predictive models 
support intensive monitoring and timely 
interventions, improving overall patient 
outcomes.20,21

Artificial intelligence and ML technologies 
have emerged as powerful tools in healthcare, 
with significant potential for improving 
patient care, risk stratification, and resource 
allocation in ICU admissions.

Mac h i n e Le a r n i n g 
In n ovat i o n s i n In t e n s i v e 
Ca r e Un i t Ou tco m e 
Pr e d i c t i o n

Machine learning is revolutionizing ICUs 
by offering advanced tools for predicting 
patient outcomes. In healthcare, ML involves 
training algorithms to recognize patterns from 
large datasets, allowing computers to make 
accurate predictions based on historical data. 
This transformative technology is particularly 
beneficial in ICU settings, where timely 
decisions are critical.

In an ICU, a vast amount of data is 
collected, such as patient demographics, 
physiological measurements, lab results, and 
treatment history. ML models process this 
complex data to identify patterns that may 
be missed by traditional statistical methods. 
These models are trained on historical data 
to learn from past cases, and as more data 
becomes available, the predictions become 
increasingly precise.

Conventional scoring systems like 
APACHE, SAPS, and SOFA are used to evaluate 
patient severity, but they rely on static 
data inputs and predefined variables. ML 
models, on the other hand, can process 
larger and more complex datasets, enabling 
dynamic predictions that adapt to real-time 
changes in patient conditions. This ability to 
integrate multiple variables and detect subtle 
patterns makes ML particularly valuable in ICU 
outcome prediction.

Several studies have demonstrated 
the effectiveness of ML in ICU mortality 
prediction. Marafino et al.,22 Pirracchio et al.,23 
and Weissman et  al.2 used ML models to 
predict inhospital mortality based on clinical 
data. Marafino et  al.22 focused on nursing 
notes from the first 24 hours of ICU admission, 
while Weissman et al.2 combined structured 
and unstructured data from the first 48 hours. 
Awad et  al.24 took a different approach, 
predicting mortality within the first 6 hours 
of ICU admission. Rajkomar et al.25 developed 
a deep learning (DL) model that achieved an 
AUC-ROC score of 0.95 for inhospital mortality, 

Impact of Outcome Prediction 
on Resource Allocation and 
Management
Optimizing the allocation of resources within 
the ICU presents a pivotal challenge due to 
constraints such as limited bed availability, 
specialized personnel, and equipment.

In modern healthcare, predictive analytics 
significantly impact resource allocation and 
management in the ICU, enhancing both 
patient outcomes and operational efficiency.

Prioritizing Intensive Care Unit Beds
Predictive models enable healthcare providers 
in proactive bed allocation by forecasting 
patient needs based on the severity of 
conditions and anticipated monitoring 
requirements. This helps prioritize ICU 
admissions, minimize treatment delays, 
reduce adverse events, and ensure timely 
interventions for high-risk patients.12,13

Optimizing Staffing Levels
Predictive analytics enable hospitals to adjust 
staffing schedules based on anticipated 
admissions and patient acuity levels. By 
matching staffing to demand, hospitals can 
ensure that adequate and skilled staff are 
available during peak periods, preventing 
burnout and ensuring optimal patient care.14,15 
It also ensures that experienced specialists are 
available when necessary, further enhancing 
patient outcomes.

Managing Equipment Usage
By forecasting equipment needs, predictive 
models optimize the use of critical ICU 
resources like ventilators and monitors, 
reducing idle time and maintenance costs. 
This ensures the right equipment is available 
for patients in need, preventing shortages 
and reducing overuse, which enhances 
operational efficiency and care quality.12,9,16

Reducing Healthcare Costs
Predictive models help lower costs by 
preventing unnecessary ICU admissions 
and reducing the overuse of expensive 
equipment. Early intervention for conditions 
like sepsis reduces ICU stays and avoids costly 
treatments. Moreover, identifying patients 
unlikely to benefit from aggressive treatment 
prevents futile interventions, leading to 
cost savings. Accurate prediction of high-
risk readmission patients enables targeted 
postdischarge plans, preventing expensive 
readmissions and leading to substantial cost 
savings.17–19

Enhancing Patient Outcomes
Accurate outcome prediction ensures 
that patients receive timely, appropriate 

Cochrane Library, and Google Scholar. The 
search strategy utilized a combination 
of Medical Subject Headings (MeSH) and 
free-text terms, including “ICU mortality 
prediction,” “ML in outcome prediction,” 
“artificial intelligence in ICU,” “predictive 
models,” “ ICU resource optimization,” 
and “healthcare analy tics .”  Inclusion 
criteria encompassed all relevant study 
designs, including randomized controlled 
trials, cohort studies (retrospective and 
prospective), case-control studies, and 
narrative reviews.

Di s c u s s i o n

The Role of Accurate Outcome 
Prediction in Intensive Care Unit 
Patient Care
Accurate outcome prediction in the ICU 
is crucial for improving patient care and 
resource management. Mortality rates 
in ICUs range from 10 to 50% in high-risk 
groups, making timely predictions essential 
for enhancing clinical decision-making and 
optimizing treatments.4,5 Early identification 
of patients at risk of deterioration helps 
prioritize inter ventions and improves 
communication with families regarding 
prognosis  and end - of- l i fe  decis ions . 
Traditional scoring systems like APACHE, 
SAPS, and SOFA have been widely used for 
mortality prediction based on clinical and 
physiological parameters.1,6 However, these 
models are static and rely on a limited set 
of variables, often missing the complex, 
dynamic changes occurring in critically ill 
patients.6 Studies show that the predictive 
accuracy of models like APACHE IV declines 
over time, achieving about 75% accuracy in 
some cohorts.7 Furthermore, these models 
may not account for changing conditions 
during an ICU stay, potentially leading to 
delayed interventions or misjudging patient 
trajectories.8

Artificial intelligence-based ML models 
offer a more dynamic and personalized 
approach by processing large amounts 
of real-time patient data from electronic 
health records (EHRs), lab results, and vital 
signs, leading to higher predictive accuracy 
of 85 to 90%.9 Additionally, AI can integrate 
nontraditional data, such as medical imaging 
and genomics, to further enhance prediction 
capabilities.10 During the COVID-19 pandemic, 
AI models were effectively used to predict 
patient deterioration based on respiratory 
metrics and biomarkers, achieving pooled 
sensitivity of 93% and specificity of 94%, 
with an AUC of 0.98.11 These results highlight 
the potential of AI in improving ICU outcome 
prediction.
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clinician involvement in model design 
ensures better workflow integration and 
trust.49 –51 Inclusive datasets capturing 
d i v e r s e  p a t i e n t  c h a r a c t e r i s t i c s  a n d 
techniques like multivariate imputation 
enhance model  accurac y and t imely 
inter ventions.47,4 8, 50, 51 Clinicians must 
understand how algorithms improve 
patient care within workflows. An accessible 
AI curriculum for medical students and 
clinicians can foster critical appraisal and 
safe use of AI tools.

Generalization and Validation
Machine learning models often struggle 
to generalize across dif ferent patient 
populations. Overfitting, where models 
perform well on training data but fail with 
new data, is a key issue. External validation is 
necessary but rare, and the use of multi-center 
databases raises privacy concerns. Class 
imbalance, particularly in mortality cases, 
skews performance, affecting critical care 
predictions. Underrepresentation of ethnic 
minorities impacts model accuracy.20,43 
Addressing imbalances in mortality data 
and including underrepresented groups 
are essential for reliable, equitable ML 
applications across diverse healthcare 
settings.20,52

Ethical and Legal Considerations
Data privacy and consent are major ethical 
issues in AI-based healthcare. High-profile 
cases like NHS’s data sharing with DeepMind 
and Google’s Project Nightingale show the 
risks of using patient data without consent.53–

55 Biases in training data can lead to unequal 
treatments, and frameworks like the Personal 
Data Protection Bill, 2019, aim to protect 
patient privacy.53–56

Integration with Clinical Workflow
To be effective in ICUs, ML models must 
fit seamlessly into existing workflows. ICU 
settings require real-time data processing, 
and the model’s output should be actionable. 
Ensur in g th es e m o d e ls  wo r k  across 
both advanced hospitals and resource-
limited settings is key to their widespread 
adoption.43,52

Feature Engineering and Selection
Intensive care unit data is dynamic, making 
feature engineering challenging. Identifying 
relevant variables and capturing time-
sensitive data requires advanced techniques. 
Measurement errors and self-reporting 
inaccuracies also introduce biases, which must 
be corrected to ensure fairness, which requires 
deep domain knowledge and advanced 
analytical techniques.43,52,57

ranges between 0.86 and 0.87. Zahid et al.’s 
self-normalizing neural network (SNN) 
slightly outperformed Pirracchio et  al.’s23 
super learner model (AUC-ROC 0.86 vs 
0.85). However, DL models, though highly 
accurate, are often criticized for their lack of 
interpretability. This has prompted efforts to 
improve transparency, as demonstrated by 
Caicedo-Torres et al.38 and Sha et al.,39 who 
employed visualization techniques to make 
the predictions more understandable for 
clinicians.

In addition to model development, ML 
innovations have extended to real-time 
monitoring and EHRs.40 This allows predictive 
models to be continuously updated as 
patient conditions change. Another exciting 
development is the use of natural language 
processing (NLP) to analyze unstructured 
clinical notes. By incorporating NLP, Shickel 
et  al. significantly enhanced the accuracy 
of ICU outcome predictions.41 Challenges 
with data availability and the absence of AKI 
prognostic markers in MIMIC datasets were 
pointed out by He et al.42

Despite these limitations, the increasing 
availabil i t y of  high- qualit y data and 
advancements in model interpretability are 
paving the way for ML to have a profound 
impact on ICU care.

Ch all   e n g e s i n Impl   e m e n t i n g 
Mac h i n e Le a r n i n g-b a s e d 
Ou tco m e Pr e d i c t i o n

Using ML for predicting patient outcomes in 
ICUs holds great promise but faces several 
challenges. These challenges cover technical, 
ethical, and logistical aspects and need to be 
addressed for the successful integration of ML 
into healthcare.43,44

Data Quality and Availability
Intensive care unit data is complex and 
comes from various sources, leading to 
inconsistencies and errors. Some facilities 
still rely on paper records, making digitization 
di f f icult .  Missing data ,  esp ecial ly  in 
mortality cases, further hampers ML model 
performance.45–48 Additionally, organizations 
are often reluctant to share data, which 
limits the development of effective models. 
Standardizing data formats, such as Fast 
Healthcare Interoperability Resources (FHIR) 
and Critical Care Data Exchange Format 
(CCDEF), could improve data exchange.49

Model Interpretability
Complex ML models, like DL, often lack 
transparency, hindering clinical acceptance. 
Clinicians need interpretable outputs for 
effective integration into practice. Early 

signif icantly outperforming traditional 
models.

In addition to general mortality prediction, 
ML has been applied to disease-specific 
outcomes. Celi et al.26 developed an ML model 
for predicting outcomes in acute kidney injury 
(AKI) patients, while Garcia-Gallo et  al.27 
focused on sepsis patients. These models 
highlight the ability of ML to tailor predictions 
to individual patient profiles, improving the 
precision of clinical interventions.28

Machine learning also plays a crucial role 
in real-time monitoring and clinical decision 
support. Advanced techniques like DL, EML, 
and RL have been successful in predicting 
complex medical outcomes. Liu et  al.29 
developed a logistic regression model to 
predict mortality risk in ICU patients with 
pulmonary tuberculosis. Their model, which 
identified key factors like APACHE II scores 
and C-reactive protein levels, achieved 
sensitivities and specificities of 83.3 and 73.1%, 
respectively.

On the other hand, studies by Hou et al.30 
and Nemati et al.,31 which relied on MIMIC-III (a 
public ICU database), faced challenges related 
to data size and diversity. Nonetheless, these 
models demonstrated the early identification 
of case severity, allowing for better clinical 
decision-making and improved patient 
outcomes.

The COVID-19 pandemic highlighted ML’s 
potential in critical care. ML models predicted 
ICU transfer needs, severe outcomes, and 
inhospital mortality for COVID-19 patients. 
Key factors like lymphocyte percentage, 
lactate dehydrogenase, and creatinine 
levels significantly influenced predictions, 
demonstrating ML’s utility in complex ICU 
care. Despite constraints with small databases, 
the promising results emphasize ML’s crucial 
role in tackling pandemics and enhancing 
ICU care.32

A variety of ML models have been applied 
in ICU settings. Neural networks (NN), for 
instance, excel at recognizing patterns in 
complex data, while decision trees (DT) are 
favored for their interpretability. Support 
vector machines (SVM) and gradient-boosting 
(GB) algorithms have also been used for ICU 
outcome prediction.33 Ensemble machine 
learning (EML), which combines multiple 
models, often performs better than single 
models.34 Johnson et al. demonstrated that a 
combination of random forests (RF) and logistic 
regression (LR) outperformed individual 
models for ICU mortality prediction.35

Recent s tudies have increasingly 
employed deep learning techniques to 
improve prediction accuracy. Hao et  al.,36 
Zahid et  al.,37 and Caicedo-Torres et  al.38 
used deep learning models with accuracy 
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healthcare, potentially significantly enhancing 
patient outcomes and resource management. 
ML’s ability to analyze complex, real-time data 
offers significant advantages over traditional 
scoring systems like APACHE, SAPS, and SOFA, 
facilitating more accurate and personalized 
patient predictions that enhance clinical 
outcomes and resource allocation.

Despite these advancements, challenges 
such as data quality, model interpretability, 
and integration into clinical workflows 
remain barriers to widespread adoption. 
Future research must focus on improving 
data accuracy, ensuring transparency in ML 
models, and establishing robust validation 
methods.

Integrating ML into clinical practice 
could revolutionize ICU care through timely, 
data-driven decision-making, leading 
to reduced unnecessary admissions and 
improved intervention precision. Ultimately, 
by addressing current challenges and 
embracing ongoing advancements, ML has 
the potential to become an indispensable tool 
in critical care, significantly enhancing patient 
outcomes and healthcare delivery.
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With growing high-dimensional data 
availability—genomics, proteomics, lifestyle—
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