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Abstract

Electronic Health Records (EHRs) are crucial for research. However, they contain real patient details and there are privacy
concerns. Even with de-identified data, there's a risk of patient re-identification through malicious actions. To solve this problem,
research generating synthetic data which is similar to actual data but without real patient information is important. This paper
introduces a model that can process both time-invariant and time-dependent variables in EHR data. We train a random forest
model using the generated synthetic data to predict patient mortality and observe the results. This shows that synthetic data can
solve privacy concerns and still be valuable for medical research.
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