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Determining the Efficacy of Drugs based on
Analyzing Stochastic Structure under Personal Drug History
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To improve the cost-effectiveness of medical care, we are setting a goal to develop the Al-programmed system that makes
out prescriptions. It is not possible for the system to know how a doctor selects an appropriate effect-efficacy for a patient at
the time of writing a prescription. We studied to determine the efficacy of drugs having diverse potencies by only personal
drug history, using the hybrid method of Probabilistic Latent Semantics Analysis (PLSA) and Nonnegative Matrix

Factorization (NMF).
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