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Long-term prognosis after stroke or traumatic brain injury can be elucidated by machine learning algorithms recently. We
propose machine learning (ML) models that predict long-term survival after stroke and TBI based on a combined national health
insurance (NHIS) and its self-run hospital database.
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Of the total patients, 1839 patients were in the LTCI group, while 2950 patients were in the non-LTCI group. The LTCI group was
older (76.1 + 9.4 years old vs. 62.4 *+ 13.6 years old; p <0.001) and had a lower survival rate (52.3% vs. 23.6%; p <0.001) (Table
1). In the LTCI group, the stacking algorithms showed the highest area under the Receiver Operating Characteristic curve (AUC)
value of 0.86. Both RF and XGB had an AUC of 0.83 (Table 2). In the non-LTCI group, XGB showed the highest AUC value at 0.81,
and the RF and stacking algorithms showed AUCs of 0.78 and 0.8, respectively (Table 3).

Table 1. Baseline Characteristics of Entire Patients. Table 2. Machine Learning Performance in the LTCI group.
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Conclusion

ML algorithms applied in this study showed valid and high accuracy and AUC values for predicting long-term survival in patients
with stroke and TBI. This study is relevant because we could utilize various variables by combining the NHIS and its self-run
hospital.
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