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Motivation Proposition Medical Data
For the graphical model we propose, the posterior factorizes as:

» Time-series modeling is a ubiquitous task across many domains. We aim o L& » Healthcare records data of 8000 diabetic and pre-diabetic patients.
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to create a powerful non-linear latent variable model of time-series. ., » Infer future lab test values of Alc and glucose in counterfactual scenarios.

» Patient records are a time series of diagnoses, lab tests, surgical proce- . . .  Patient data: age, gender, and ICD-9 diagnoses code depicting comor-
o . . Approximating the Evidence Lower Bound
dures and drug prescriptions that represent observations of underlying

bidities such as heart failure, kidney conditions or obesity:.
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We apply stochastic backpropagation to learn a non-linear q(2t| e, w)

Kalman filter, and use the model to perform q-LR: (7 layer MLP)
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q-RINN: (2 layer MLP + 2 layer RNN)
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