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Motivation Graph Construction

* Predictive models can be use to identify patterns that can act as bio-
markers for different neuropathological conditions.

Experiments

Implementation detalls

» To demonstrate this idea, we study performance variation across a » We use Kipf et al.’s GCNN code, in Tensorflow: 3 layers of 16 units each.

» Choice of graph construction is crucial for success of graph based
predictive modeling.

* Autism Spectrum Disorder (ASD): Prediction improves significantly by
including meta features such as social-cultural traits, in addition to imaging
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» Challenge: In practice, such graphs can be uncertain, contain missing location imaging features.

links, or be random in the worst case — Can impact prediction significantly.
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