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the mortality risk of sepsis patients in the Intensive Care Unit (ICU) and analyze

Abstract: To effective
the factors affecting outc paper proposes a mortality risk prediction model for sepsis patients to provide
scientific reference f

(Medical Information M:

revention and mortality risk control of sepsis patients. In this study, the MIMIC- [l
or Intensive Care [I) database is used as the data source, from which patients who meet the
requirements are selected. Bayesian network model is used to train relevant features to predict the mortality risk of
sepsis patients. With a sample size of 2 352 sepsis patients, the model, using patient mortality as the ultimate outcome,
demonstrates a risk prediction accuracy of 78.7%, surpassing the logistic regression model (72.3%) and the Decision
Tree model (71.0% ). The Bayesian network model, compared to other models, exhibits higher credibility, accurately
predicting the mortality risk of sepsis patients. The interpretability of the model can assist medical staff in clinical
decision-making and realize a more rational and scientific allocation of medical resources.
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Fig. 2 Bayesian network structure of sepsis based on
Hill-Climbing algorithm
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Tab.2 Conditional

IHEXERFHHER
obability table of related factors affecting the

rognosis of sepsis

a' PIT SpO, Temp K —Wﬁ?ﬂi
HEAE - BETT
SHORE O OFW OREW ORW 0.006 0.994
S CEE ORW ORW O ORW R OIEW 0.155 0.845
wooRE O REORW O ORW OERW W 0.364 0.636
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SEORE O ORWORWOEW W IEW 0.552 0.448
REORE ORE ORW OEF E® RE 0479 0.521
REORE ORE RE OE¥ E® IE® 0.687 0.313
R ORE ORE O OEW R¥ O OFE RE 0376 0.624
REORE O OR® O OEW O RBE ¥ OIEW 099 0.010
R ORE O ORE O OEW R¥ OEE RE 0.500  0.500
SEORE O ORWOEW R OIEW  IEW  0.500  0.500
SEOORE O ORWOEW  IEW &% ®E 0529 0.471
R ORE ORE OEW E¥ HE¥ E® 0.650 0.350
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IER IEW EW RE OIEW ®%  OIEW 0.861  0.139
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EHOER OEW RW OIE¥ EW  EW 0.891 0.109
EHOEE OE® OIEW R¥ O OFE ORE 0.99  0.006
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Fig. 3 Risk inference of sepsis for research subjects
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Fig. 4 Comparison of Bayesian networks with other models
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