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Application of artificial intelligence in the diagnosis and treatment of sepsis:

innovations, challenges,and clinical practice
Peng Jiachen,Xu Fang
(Department of Critical Care Medicine , The First Affiliated Hospital of Chongqing Medical University)

[Abstract] The management of sepsis remains a critical challenge hindering the improvement of clinical diagnosis and treatment in
critical care medicine, with the core issue of the inadequacy of individualized treatment strategies due to its high heterogeneity. The ap-
plication of artificial intelligence (AI) provides a new direction for addressing this challenge. This article reviews the definition of sep-
sis and the current status of sepsis diagnosis and treatment, analyzes the innovative role of Al in promoting sepsis management and re-
lated challenges, and explores the future directions and prospects of Al-empowered sepsis management. This article posits that promot-
ing interdisciplinary collaboration among clinical medicine, biology, data science, and computer science, and leveraging Al tools to
integrate multi—omics and multi—dimensional data for implementing enrichment strategies to decipher the biological heterogeneity of
sepsis, constitute a crucial prerequisite for advancing precision medicine. It also represents an innovative approach to meet the de-
mands for early diagnosis, treatment, and precise management of sepsis.
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