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> Introduction » Results

Disease progression models have successfully been used with longitudinal data in the field of neurodegenerative
diseases. In particular mixed-effect models recover the natural history of the disease at a population level but are
also aple to uncover individual heterogeneity. However these models usually have a hard time coping with the
addition of a treatment. A treatment can be purely symptomatic or disease-modifying. We propose a method to
learn the first kind of treatment effect and apply it to dopaminergic treatment in Parkinson, which is known to be
symptomatic. The goal is to be able to predict how a patient is likely to answer to treatment at a certain point in
. . . . . Results:
time. Our method uses a Bayesian mixed-effect model as baseline and learns the treatment effect as an additive . .
 Values are low due to inherent noise In the
effect to the model output. data
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> Method > Data (from PPMI*)
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the treatment and testing which covariates influence treatment effect.

‘Data used in the preparation of this work were obtained from the Parkinson’'s Progression Markers Initiative (PPMI) database (www.ppmi-info.org/access-data-specimens/download-data)



