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Abstract

B Acute liver failure (ALF) is so rare and serious disease.

B whose lifesaving rate heavily depends on physicians’ experience and expertise. Clustering by dynamic time warping (DTW) using only PT dynamic information

B We found PT% as a biomarker that reflects the patient’s condition from blood - - - - - .
test data. - o0 - - - -

B \We developed a quantitative model to predict future ALF conditions. ;
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Days post-admission

I Acute Liver Failure (ALF): rare and serious disease A binary classification model that predicts which group the patient could be in
at the time of admission
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_ _ _ _ _ I PT% dynamics prediction at the time of admission
I Acute Liver Failure dataset from Kyushu University Hospital
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