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Using machine learning to construct and verify
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Aim: Hospitals have to implement infection prevention measures so that patients can be cared for safely. However,
it is unrealistic to expect nurses and doctors to be constantly on their guard against possible sources of infection in
addition to their daily workload. We therefore considered the possibility of implementing a system that can assist in
the judgment of infectious diseases by predicting the probability of infectious diseases developing in each patient
based on previous electronic medical chart information. In this study, we focused on code A09 (Diarrhea and
gastroenteritis of presumed infectious origin) of the International Statistical Classification of Diseases and Related
Health Problems (ICD-10), and we constructed and verified a model for judging A09 based on information
obtainable from SS-MIX |1 data output from electronic medical charts.

Method: From the electronic medical chart information of 219,253 patients who were admitted to hospital during
the period from April 18, 2011 to June 22, 2016, we randomly selected 178,535 cases to train the discrimination
model (training group: 3,749 AQ09 patients), and we used the remaining 44,467 cases (verification group: 1,012 A09
patients) to verify the performance of the discrimination model. The input data used for discrimination included
anonymized basic patient details and medical records of previous visits to the hospital as in-patients and out-patients
(other than A09). Machine learning and discrimination was performed together with NEC Nexsolutions using NEC’s
RAPID machine learning software.

Results: Using the verification group, we calculated the A09 infection probability of patients based on the input data,
and recorded a positive match in cases with a probability of 0.5 or more. Out of the 1,012 cases of A09 infection,
804 were judged to be positive matches (sensitivity 79.4%), and out of 43,455 non-infected cases, 5,893 were
judged to be positive (false positive rate 13.6%). Also, when using a cut-off value for which the false positive rate
was 5% (P=0.899), the sensitivity was 52.3%.

Discussion: We have shown that it is possible to support routine infection control by calculating the probability of
infectious disease. In the future, we aim to achieve greater precision by adding additional information such as
medication history, and we will investigate the costs of implementing infection control measures such as isolating
patients according to the probability of infection.

Keywords: Machine learning, A09, Infectious disease, SS-MIX IT.
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