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Abstract

The field of critical care medicine is confronting dual challenges posed by the exponential growth
of clinical data and the substantial cognitive burden on healthcare professionals. The rapid ad-
vancement of artificial intelligence (AI) technology offers a novel paradigm to address this predic-
ament. This review systematically summarizes the latest progress in Al applications within critical
care nursing, early warning systems based on continuous vital signs monitoring, full-cycle
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intelligent management of sepsis, and intelligent decision support for mechanical ventilation. Cur-
rent evidence demonstrates that machine learning models, by integrating electronic health records,
continuous physiological waveforms, and laboratory data, significantly outperform conventional
scoring systems in predicting adverse events such as clinical deterioration, sepsis, and cardiac ar-
rest, with the capability of providing early warnings hours to tens of hours in advance. The integra-
tion of wearable devices with Al further extends monitoring boundaries, enabling hospital-wide
coverage from intensive care units to general wards. Regarding sepsis management, Al applications
have expanded beyond early recognition to encompass phenotyping classification, complication
prediction, and prognostic assessment, thereby furnishing evidence for individualized therapeutic
strategies. In the domain of mechanical ventilation, Al focuses on demand prediction, weaning eval-
uation, and real-time decision assistance, aiming to optimize ventilation protocols and alleviate
clinical workload.
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