©
2016 2018

Classification process for medical data combined with order information and text
information in hospital information system for estimation of patient background

HATAKEYAMA, Yutaka
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We constructed the classification methods for patient data in hospital
information system combined with order information and text information which is processed by latent
topic model in order to obtain the characteristics for patient in each cluster. The classification
results show that it is easy to explain the background of each patient based on the feature of input
text information.
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