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A Multi-Policy Recommendation Model for Antibiotic Use in Sepsis
Based on Reinforcement Learning Framework
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(1. College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China;
2. School of Management Shanxi Medical University, Taiyuan 030001, China)

Abstract: Sepsis is one of the leading causes of human death worldwide, and antibiotics are an important part of sepsis
treatment. In recent years, researchers have considered medical decision-making problems as Markov decision processes and
used reinforcement learning methods for treatment strategy recommendations. In this article we propose a multi-policy rec-
ommendation framework combining value-based and policy-based reinforcement learning methods for antibiotic use in sep-
sis treatment. Different decision regions are defined based on patient characteristic information, and the multi-policy model
provides personalized treatment recommendations. The results show that our multi-policy selection model can achieve a good
prognosis for patients in 80.32% of cases. Through statistical analysis of decision trajectories and drug action selection, our
model can provide reasonable drug recommendations in accordance with clinical practice, and recommend appropriate anti-
biotic combinations to improve patient prognosis.
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Fig.5 Comparison of importance weighted sampling
results for the weighted importance of Q learning,
Policy Gradient, and multi-policy model
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Tab. 3 Statistical analysis of patient after 500 000 training
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Tab.4 Optimal policy selection function parameter set-
tings for ablation experiments
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Fig. 6 Probability of favorable patient prognosis under
the parameter settings of different optimal policy
selection functions
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Fig. 7 Optimal policy selection relying on the choice dis-
tribution of recommended policies by Q learning
and Policy Gradient
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Tab.5 Initial state in the same decision region and the

optimal policy for the choice of the decision rec-
ommended by Q learning
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