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Background and Purpose: Various fall risk factors have been reported. Since most of the information is static, it is
suitable for assessing which cases have a high risk of falls, but not for assessing what situations have a high risk
of falls. We searched for dynamic risk factors by machine learning analysis.

Materials and Methods: We analyzed 188 lung cancer cases with falls and 211 lung cancer cases without falls. The
fall group was clustered using the pulse rate, body temperature, white blood cell count, platelet count, hemoglobin
value, total protein amount value, LDH value, CRP value, and D-dimer value. The proportion of cases with the
characteristics seen in these subgroups was compared between the fall group and the non-fall group.

Results: Five subgroups were detected. Two had no specific features, one had high white blood cell and platelet
counts, one had low total protein and low hemoglobin and high D-dimer levels, and one had low total protein and
low hemoglobin levels and high pulse rate. There was a significant difference in the proportion of cases with these
characteristics between the fall group and the non-fall group.

Discussion: Complex risk factors that have not been reported will be detected using machine learning.
Keywords: fall risk, incident report, artificial intelligence, unsupervised learning
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