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[Abstract] Sepsis is a critical illness with a high mortality rate, and its early identification and precise management pose
significant challenges in clinical practice. Traditional assessment tools rely on static data and are difficult to meet the requirements of
dynamic disease monitoring and individualized treatment. Artificial intelligence (AI) offers new solutions for early warning, risk
stratification, subtype identification, and treatment decision-making in sepsis by integrating multidimensional clinical data. However,
the clinical translation of Al is still limited by issues such as data quality, model interpretability, and the lack of an effective regulatory
framework. This paper systematically reviews the latest progress of Al in this field: Machine learning and deep learning models can
identify early risks from time-series data to achieve early warning; unsupervised learning helps to analyze the heterogeneity of sepsis
and classify subtypes with different prognoses and treatment responses; in terms of treatment, Al has begun to provide decision-
making support for the precise application of fluid resuscitation, vasoactive drugs, and antibiotics. Future development should focus

on constructing high-quality multicenter datasets, developing interpretable algorithms, and validating their clinical utility through
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prospective studies. Ultimately, a collaborative diagnosis and treatment model centered on doctors with Al as an auxiliary should be

established to improve the prognosis of sepsis patients.

[Key words] artificial intelligence; sepsis; machine learning; early warning; decision support
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