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Abstract: To address the reliance of traditional perioperative anesthesia management models on clinical guidelines and
the clinical judgment of anesthesiologists, which causes anesthesiologists to bear a huge workload and decision-making
pressure when faced with massive real-time physiological data, complex individualized patient conditions, and rapidly
changing high-risk scenarios, MorpheusAPI, a multi-agent, intelligent anesthesia platform based on large language mod-
els(LLMs), was proposed. The platform includes an execution model and a shadow model. The execution model integ-
rates five agents for perception, prediction, decision-making, verification and central coordination. It enables efficient
integration of multi-modal data through the model context protocol, the chain-of-thought prompts to enhance risk reas-
oning, and retrieval-augmented generation(RAG) to ensure the reliability of clinical decisions. The anesthesia shadow
model forms a closed loop that continuously optimizes the performance of the execution model. Case studies demon-
strated that the risk prediction response time for the MorpheusAPI system is 0.4 s, the core reasoning delay is 10~15 ms,
the propofol induction dose is successfully optimized to 2.0 mg/(kg-h), and the mean arterial pressure is maintained not
less than 65 mmHg. The results verify the great potential of the model to improve anesthesia safety and efficiency and
provide insights into the design and application of intelligent anesthesia systems.

Keywords: anesthetics; multi-agent systems; large language models; artificial intelligence; intelligent agents; decision
support systems; medical computing; risk assessment
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