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Dementia Prediction using LSTM Model based on Life-Log Data
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Abstract

With the average life expectancy in South Korea on the rise, the country is quickly becoming a super-aged
society, leading to a significant increase in dementia cases. Dementia results in a decline in cognitive and physical
abilities and various early symptoms. Identifying these early signs through data collected from daily activities can
help prevent severe dementia. In this study, a deep-learning model was developed to predict dementia in patients
using data from wearable devices. The data was preprocessed into continuous and discrete samples, which were then
integrated and applied to an LSTM model. The model processes sleep and activity data and applies it as a single
integrated dataset to an LSTM model. Additionally, an ensemble model combining Random Forest and LGBM was
also analyzed for comparison. The results showed that the LSTM model achieved the highest prediction accuracy at
92.72%. Future research should focus on integrating various variables and data to improve prediction accuracy and
verify applicability in real clinical environments.
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