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§ Graph Neural Networks have gained popularity in recent times because
of their strong expressive capability with graph-structured data.

§ We propose Relational Graph Neural Networks (RGNN) for analyzing
structural brain connectomes. Our architecture uses the connectome
structure as a prior.

§ Connectome is a comprehensive map of structural and functional
connectivity of neural pathways in the brain.

§ Proposed structure can effectively predict meta-information such as age
and gender, and accurately recover the volumes of different brain
regions.
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Overview of the Proposed Approach

Experiment: Using connectomes from the HCP project [1], we attempt to predict 
region-specific volume statistics.

Region-Specific Volume Estimation

Hypothesis: Structural connectomes carry signatures to predict gender/age [2].

Gender / Age Prediction

RGNN Implementation

Connectome Graph generation from T1 images and probabilistic Tractography
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§ Graph Neural Networks (GNNs) are not suitable to connectome data as
GNNs are built on the assumption of information diffusion on graphs.

§ Connectomes encode neural connections as a relational structure and
does not allow information diffusion.

: Learned representation for node 𝑖 : Connectome edge weight

: Learnable parameters of the kernel

Leveraging relationships in structural connectomes for representation learning

Employs constrained message
passing kernels, with learnable
parameters, on the connectome
edges to obtain node (region)
representations.

Different kernels are used for
different nodes and their
weights are not shared.
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